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Abstract

With the end of Dennard scaling and the slowing of Moore’s Law, the performance of
general-purpose processors has plateaued. At the same time, the demand for computing
today is higher than ever. In response to this new reality, computing systems are
transitioning toward highly heterogeneous accelerator-intensive platforms. As system
designers prepare for this new era, the focus is largely on designing individual accelerator
architectures. Unfortunately, much of the surrounding computing stack continues to rely
on legacy processor-centric assumptions. This mismatch introduces new challenges when
attempting to control, scale, and optimize accelerators in modern heterogeneous systems.
To help unleash the potential of accelerators, this thesis aims to provide answers to the
following broad, yet fundamental, question: As computation increasingly moves to
accelerators, how should the architecture of computing systems change?

This thesis is conceptually organized into three parts. Each part revisits a different
legacy processor-centric principle and replaces it with an accelerator-centric alternative,
with the goal of making accelerators easier to control, scale, or optimize.

Accelerators and their CPU hosts often need to interleave their execution, but current
decoupled accelerator interfaces can introduce significant control and data movement
overheads. To eliminate these overheads, the first part of this thesis revisits the view of
accelerators as decoupled devices and proposes unified tightly-coupled host-accelerator
architectures. It first introduces SPADE, a tightly-coupled accelerator for sparse
computations that is integrated into the same die as its CPU host, sharing the cache
subsystem and address translation mechanisms. It then extends this idea to the important
Large Language Model workloads, with DECA, a tightly-coupled accelerator for
decompressing model weights during inference. The first part concludes with ATX, which

generalizes tight coupling beyond individual accelerator designs by introducing the



Near-Core Accelerator abstraction and a set of architectural extensions that allow
accelerators to operate close to the core’s architectural state.

When special-purpose accelerators are distributed across many nodes, their
communication frequently continues to rely on processor-centric algorithms and networking
hardware. With accelerated computation, bottlenecks induced by general-purpose
communication infrastructures become more exposed, and can prevent accelerator-based
systems from scaling. To make accelerators easier to scale, the second part of this thesis
introduces techniques for specializing communication software and hardware. On the
software side, it proposes Two-Fuce, a software algorithm for scheduling communication in
distributed sparse computations by combining collective and one-sided accesses. On the
hardware side, it presents NetSparse, a collection of networking hardware extensions
catered to sparse communication that deliver an order of magnitude better performance for
sparse accelerator clusters.

Finally, as accelerator-based systems become increasingly heterogeneous, manual,
human-based performance engineering becomes increasingly unsustainable. To make
accelerators easier to optimize, the third and final part of this thesis revisits this legacy
optimization approach by proposing automated and reusable techniques for improving the
performance of different heterogeneous architectures. First, it introduces the Roof-Surface
performance model, a 3D extension of the popular Roofline model. The Roof-Surface
model can be used to reason about and optimize the performance of ensembles with many
heterogeneous accelerators at design time. Then, it develops HotT'iles, a static
optimization method for work partitioning in heterogeneous sparse accelerator
architectures. The thesis concludes with Bandit, a lightweight and reusable hardware agent

for runtime performance optimization of general microarchitectural problems.
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Chapter 1 Thesis Overview

1.1 Introduction

For much of computing history, advances in process technology were the primary drivers of
improvements in the performance and energy efficiency of computing systems. Dennard
scaling [1] and Moore’s Law [2] collectively suggested that with time, transistors were
becoming smaller, faster, and more energy efficient. Transistor scaling, in turn, enabled the
continued development of increasingly powerful general-purpose processors.

Today, computing is undergoing a paradigm shift. Dennard scaling has ended and
Moore’s Law has severely slowed down. This slowdown comes at a time when the demand
for computation is higher than ever. A recent report from Lawrence Berkeley National
Laboratory [3] projects that datacenters will account for up to 12% of the total electricity
consumption in the United States. Back in 2018, the corresponding contribution was only
about 2%. The cost of computing is following an exponential trajectory, and today we need
drastically more efficient computing systems.

In response to this new reality, computing is increasingly shifting away from
general-purpose processors and toward a highly heterogeneous ecosystem centered around
hardware accelerators [4], [5]. Accelerators are special-purpose computing architectures
optimized for a particular kernel, application, or application domain. By specializing their
datapaths, control paths, and memory, accelerators offer higher performance and energy
efficiency than general-purpose processors for the particular domains they target. Almost
every major company in the computing industry has introduced custom commercial
accelerator architectures. Notable examples for machine learning include NVIDIA Tensor
Core GPUs [6], [7], [8], Google TPUs [9], [10], Amazon Trainium [11], Meta’s Training and
Inference Accelerator (MTIA) [12], Graphcore’s Intelligence Processing Unit (IPU) [13],
Cerebras’ Wafer-Scale Engine (WSE) [14], and SambaNova’s Reconfigurable Dataflow Unit
(RDU) [15]. Other examples for cloud and datacenter workloads include Intel DSA, TAA,
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QAT, and DLB [16], [17], [18].

As computing systems are transitioning to this new era, the focus has largely been on
designing individual accelerator architectures. This thesis argues that, despite the
significant advances in individual accelerators, much of the surrounding computing stack
continues to rely on legacy processor-centric assumptions. This mismatch introduces novel
and interconnected challenges when attempting to control, scale, and optimize accelerators
in modern heterogeneous systems.

This thesis aims to address these challenges by rethinking different aspects of the design

of modern computing systems from an accelerator-centric perspective.

1.2 Problems

This section describes the challenges associated with controlling, scaling, and optimizing

accelerators and why they are particularly relevant in modern accelerator-intensive systems.

1.2.1 Control and Data Movement Overheads

Accelerators are very effective when computations map well to their specialized hardware.
In practice, however, many applications require some computations not supported by
specialized hardware, or demand more memory than available in specialized architectures.
In such scenarios, programs running on GPUs or accelerators need to fall back to CPU
hosts for assistance [19], [20], [21], [22], [23], [24]. An important example application is the
emerging agentic Al [25], [26]. Unfortunately, interleaving CPU and accelerator phases
often carries substantial control and data movement overheads that decrease the
end-to-end efficiency [24], [27]. One would like an architecture that combines
domain-specific levels of performance with the programmability and flexibility of CPUs

without high coordination or communication costs.
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1.2.2 Scaling Bottlenecks

Accelerators today are deployed at unprecedented scales. Industry reports describe
machine-learning oriented clusters and fleets ranging from thousands to over one hundred
thousand interconnected accelerators [10], [28], [29]. At the same time, planned investments
in Al infrastructure suggest that this scale will keep increasing [30], [31], [32], [33]. In this
emerging landscape, efficient inter-accelerator communication mechanisms are critical.

However, when special-purpose accelerators are distributed across many nodes, their
communication frequently continues to rely on processor-centric algorithms and networking
hardware. As we show later, with accelerated computation, bottlenecks induced by
general-purpose communication infrastructures become more exposed, and can prevent
accelerator-based systems from scaling. Addressing these bottlenecks requires rethinking
both communication software and networking hardware around the demands of

accelerator-intensive systems.

1.2.3 Performance Optimization Complexity

Even today, optimizing the performance of a specific software kernel or hardware
component often requires substantial effort from large teams of engineers. This manual
optimization model is rapidly becoming unsustainable. Beyond their increasing scale,
emerging accelerator-based computing systems are also characterized by increasing
architectural diversity. For example, the Epoch AI Machine Learning Hardware dataset
tracks more than 170 commercially deployed Al accelerators [34]. As new heterogeneous
accelerator architectures emerge at unprecedented rates, they increasingly outpace the
available performance engineering capacity. It is evident that keeping up with the
optimization complexity of modern heterogeneous architectures requires rethinking legacy

manual optimization models.
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1.3 Contributions

To help unlock the full potential of accelerator-based computing, this thesis rethinks
different aspects of the design of modern computing systems from an accelerator-centric
perspective. The thesis is conceptually organized into three parts. Each part revisits a
different legacy processor-centric principle and replaces it with an accelerator-centric
alternative with the goal of making accelerators easier to control, scale, or optimize.

First, the thesis shows how the data movement and control overheads caused by the
traditional decoupled view of accelerators can be reduced through tightly-coupled
host-accelerator architectures. Second, it extends specialization beyond computation to
distributed communication software and hardware in large-scale multi-accelerator systems.
Third, it revisits the manual, human-driven optimization process by introducing automated
and reusable techniques for improving the performance of different heterogeneous
architectures.

This section further details the specific contributions made by this thesis.

1.3.1 Processor-Accelerator Coupling for Reducing Coordination Overheads

The first part of this thesis revisits the view of accelerators as decoupled devices by
proposing tightly-coupled host-accelerator architectures that reduce control and data
movement overheads. We start by presenting two accelerator architectures that are tightly
coupled on the same die with their CPU hosts and share the cache subsystem and address
translation mechanisms: SPADFE, which targets sparse computations, and DECA, which
targets the decompression of Large Language Model (LLM) weights during inference. The
first part concludes with ATX, which generalizes tight coupling beyond SPADE and DECA
by introducing the Near-Core Accelerator abstraction and a set of architectural extensions
that allow accelerators to operate close to the core’s architectural state.

e SPADE [35] (Chapter 3): The widespread use of Sparse Matrix Dense Matrix

Multiplication (SpMM) and Sampled Dense Matrix Dense Matrix Multiplication
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(SDDMM) kernels makes them candidates for hardware acceleration. However, accelerator
design for these kernels faces two main challenges: (1) the overhead of moving data
between CPU and accelerator (often including an address space conversion from the CPU'’s
virtual addresses) and (2) marginal flexibility to leverage the fact that different sparse
input matrices benefit from different variations of the SpMM and SDDMM algorithms.

To address these challenges, we propose SPADE, a new SpMM and SDDMM hardware
accelerator. SPADE avoids data transfers by tightly coupling accelerator processing
elements (PEs) with the cores of a multicore processor, allowing the accelerator to reuse
the CPU memory system and its virtual addresses. SPADE attains flexibility and
programmability by supporting a tile-based ISA—high level enough to eliminate the
overhead of fetching and decoding fine-grained instructions. To prove the SPADE concept,
we have taped-out a simplified SPADE chip. Further, simulations of a SPADE system with
224-1792 PEs show its high performance. A 224-PE SPADE system is on average 2.3 X,
1.3x, and 2.5x faster than a 56-core CPU, a server-class GPU, and an SpMM accelerator,
respectively, without accounting for the host-accelerator data transfer overhead. If such
overhead is taken into account, the 224-PE SPADE system is on average 43.4x and 52.4x
faster than the GPU and the accelerator, respectively. Further, SPADE has a small area
and power footprint.

Impact: SPADE was recognized with an IEEE Micro Top Picks Honorable Mention for
contributing a novel approach to integrate accelerators with the cache hierarchy of CPU
cores and demonstrating it for mixed sparse-dense algebra. Further, it attracted industry
attention from IBM.

e DECA [36] (Chapter 4): To alleviate the memory bandwidth bottleneck in Large
Language Model (LLM) inference workloads, weight matrices are stored in memory in
quantized and sparsified formats. Hence, before tiles of these matrices can be processed by
in-core generalized matrix multiplication (GeMM) hardware engines, they need to be

dequantized and de-sparsified. This is currently performed in software with vector
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operations. Unfortunately, this approach delivers only modest performance.

To address software inefficiencies in such environments, we propose DECA, a new
ML-model decompression accelerator that is tightly-coupled with its CPU host. DECA
offloads tile de-sparsification and dequantization from the CPU, producing ready-to-use
tiles for in-core GeMM engines. Further, expanding on the SPADE integration scheme, we
introduce an ISA extension that enables out-of-order invocation of DECA. With this
extension, accelerator and core computations can interleave and overlap with high
performance. Our evaluation shows that, in a simulated 56-core Xeon 4 server with HBM,
DECA accelerates the execution of compressed GeMMs by up to 4x over the use of
optimized Intel software kernels. Further, DECA reduces the next-token generation time of
Llama-2-70B and OPT-66B by 1.6x-1.9x.

Impact: DECA was developed in collaboration with Intel, and led to the filing of one US
patent with the company.

e ATX [37] (Chapter 5): Integrating accelerators like SPADE and DECA in CPU
multicores combines the benefits of accelerated computation with the flexibility and
programmability of CPUs. CPU-integrated accelerators can be classified into In-Core
Accelerators (ICAs), which typically reside inside the core’s pipeline, and Out-of-Core
Accelerators (OCAs), which are typically attached at the core’s cache subsystem. Both
designs have shortcomings: ICAs can be bottlenecked by the core’s general-purpose
memory access interface, while OCAs’ core-accelerator interface can limit execution overlap
and expose communication overheads.

In Chapter 5, we introduce Near-Core Accelerators (NCAs), a new accelerator
abstraction that aims to combine the advantages of ICAs and OCAs, and address their
shortcomings. Specifically, NCAs have their own read interface to the memory system,
eliminating ICAs’ bottleneck. At the same time, NCAs can be invoked speculatively and
out-of-order, enabling both core-accelerator execution overlap and low-overhead

core-accelerator communication. We also propose the Accelerator Task Extensions (ATX),
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a set of instructions and hardware extensions to support NCAs. With ATX instructions,
CPU cores can speculatively invoke a diverse range of NCAs. ATX includes the Unified
Transfer Engine (UTE), a programmable hardware module that efficiently supplies data to
NCAs and virtualizes the interface between the CPU core and the NCAs. The UTE
interfaces the CPU core with multiple NCAs and the cache subsystem, fetching and
prefetching accelerator data, and scheduling tasks to potentially multiple NCAs
transparently to the CPU core. We evaluate ATX NCAs with a variety of important
kernels from machine learning and scientific computing. We show that ATX NCAs
accelerate these kernels by 1.3-18x over various CPU-integrated accelerator alternatives.
Impact: ATX was developed in collaboration with Intel, attracted significant attention

within the company, and led to the filing of three US patents.

1.3.2 Communication Specialization for Scaling Accelerators

To solve scaling bottlenecks in distributed accelerator-based machines, the second part of
this thesis extends specialization beyond computation, by proposing specialized
communication hardware and software. On the software side, it contributes Two-Fuce, a
communication algorithm that combines coarse-grained collectives and fine-grained
one-sided accesses to accelerate distributed sparse communication. On the hardware side,
it introduces NetSparse, which extends modern networking devices with hardware
extensions catered to the domain of sparsity.

e Two-Face [38] (Chapter 6): Sparse Matrix Dense Matrix Multiplication (SpMM) is
commonly used in applications ranging from scientific computing to graph neural networks.
Typically, when SpMM is executed in a distributed platform, communication costs
dominate. Such costs depend on how communication is scheduled. If it is scheduled in a
sparsity-unaware manner, such as with collectives, execution is often inefficient due to
unnecessary data transfers. On the other hand, if communication is scheduled in a

fine-grained sparsity-aware manner, communicating only the necessary data, execution can

19



also be inefficient due to high software overhead.

We observe that individual sparse matrices often contain regions that are denser and
regions that are sparser. Based on this domain-specific insight, we develop a new
specialized algorithm that uses a preprocessing model to perform collective communication
for the denser regions, and fine-grained, one-sided communication for the sparser regions.
We call the algorithm Two-Face. We show that Two-Face attains an average speedup of
2.11x over prior work when evaluated on a 4096-core supercomputer. Additionally,
Two-Face scales well with the machine size.

e NetSparse [39] (Chapter 7): Many hardware accelerators have been proposed to
accelerate sparse computations. When these accelerators are placed in the nodes of a large
cluster, distributed sparse applications become heavily communication-bound.
Unfortunately, despite the useful insights provided by Two-Face, software-only
communication optimizations remain insufficient for scaling accelerator-based sparse
computations.

In Chapter 7, we introduce novel hardware mechanisms to optimize network
communication in distributed sparse computations. Our proposal, called NetSparse,
consists of four mechanisms. Communication is offloaded to new processing units in the
NIC that support efficient remote indexed gather operations, minimizing host-NIC
communication. Moreover, these units have the ability to identify and eliminate redundant
requests, which minimizes traffic. Further, new hardware modules in the NICs and switches
concatenate multiple requests with the same destination node in a single packet, saving
traffic and header overheads. Finally, switches are augmented with a hardware cache that
stores fetched data from remote racks, making it available to all the nodes in the local rack
on demand. Our evaluation on a simulated 128-node cluster with a SPADE sparse
accelerator in every node running sparse workloads reveals that NetSparse improves
performance substantially. When the cluster uses traditional software-based

communication, the workloads run only 3x faster than on a single-node system; when it is
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augmented with the NetSparse hardware, the workloads run 38x faster than on the
single-node system—attaining more than half of the performance of an ideal system that

has no communication overheads.

1.3.3 Automated and Reusable Techniques for Performance Optimization

The final part of this thesis contributes automated techniques that can be reused for the
performance optimization of different heterogeneous architectures. First, it introduces a 3D
extension of the Roofline model, called the Roof-Surface, that can be used to reason about
the performance bottlenecks in heterogeneous accelerator ensembles at design time. It then
proposes HotTiles, a static work-partitioning method for optimizing the performance of
heterogeneous sparse accelerators. Finally, it contributes Bandit, a lightweight and reusable
hardware agent for runtime performance optimization of general microarchitectural
problems.
e Roof-Surface [36] (Chapter 4): The Roofline model is integral to modern computer
architecture. It captures the optimal performance of a system limited by either its peak
computational throughput or its memory bandwidth. However, in accelerator-intensive
systems, an application may involve multiple heterogeneous compute domains that interact
with one another. In the compressed LLM inference setting described in Chapter 4, the
overall GeMM performance depends on the memory bandwidth and on the interaction
between vector engines and matrix engines—two heterogeneous compute domains with
separate instructions and functional units. Unfortunately, the traditional 2D Roofline
model cannot accurately capture optimal performance in settings where multiple compute
domains cooperatively participate in the computation.

To fill this gap, we propose the Roof-Surface: a novel 3D performance model that
captures how memory resources, vector units, and hardware matrix engines interact to
deliver compressed GeMM performance. We show how this model can guide accelerator

design both qualitatively and quantitatively, by using it to drive the design of our DECA
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accelerator. We then explain how the Roof-Surface can be generalized beyond vector and
matrix engines to model systems with any number of abstract cooperative compute
domains and memory resources. Given the broad influence of the traditional Roofline
model, we believe that the Roof-Surface can help guide the design and optimization of
future accelerator-centric systems.

e HotTiles [40] (Chapter 8): As discussed earlier in this section, in many sparse
matrices, the pattern of nonzeros is nonuniform: nonzeros form dense and sparse regions,
rather than being uniformly distributed across the whole matrix. We refer to this property
as Intra-Matriz Heterogeneity (IMH). Currently, SpMM accelerator designs do not leverage
this heterogeneity. They employ the same processing elements (PEs) for all the regions of a
sparse matrix, resulting in suboptimal acceleration.

To address this limitation, we utilize heterogeneous SpMM accelerator architectures,
which include different types of PEs to exploit IMH. We develop an analytical modeling
framework to predict the performance of different types of accelerator PEs taking into
account IMH. Furthermore, we present a heuristic for partitioning sparse matrices among
heterogeneous PEs. We call our matrix modeling and partitioning method HotTiles. To
evaluate HotTiles, we simulate three different heterogeneous architectures. Each one
consists of two types of workers (i.e., PEs): one suited for compute-bound denser regions
(Hot Worker) and one for memory-bound sparser regions (Cold Worker). Our results show
HotTiles can substantially optimize the performance of heterogeneous sparse accelerators.
Depending on the architecture, heterogeneous execution with HotTiles outperforms
homogeneous execution using only hot or only cold workers by 9.2-16.8x and 1.4-3.7x,
respectively. In addition, HotTiles outperforms the best worker type used on a per-matrix
basis by 1.3-2.5x. Finally, HotTiles outperforms an IMH-unaware heterogeneous execution
strategy by 1.4-2.2x.

e Bandit [41], [42] (Chapter 9): Online Reinforcement Learning (RL) has been

adopted as an effective mechanism in various decision-making problems in
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microarchitecture. Its high adaptability and the ability to learn at runtime are attractive
characteristics in microarchitecture settings. However, although hardware RL agents are
effective, they suffer from two main problems. First, they have high complexity and storage
overhead. This complexity stems from decomposing the environment into a large number
of states and then, for each of these states, bookkeeping many action values. Second, many
RL agents are engineered for a specific application and are not reusable.

In Chapter 9, we tackle both of these shortcomings by designing an RL agent that is
both lightweight and reusable across different microarchitecture decision-making problems.
We find that, in some of these problems, only a small fraction of the action space is useful
in a given time window. We refer to this property as temporal homogeneity in the action
space. Motivated by this property, we design a hardware RL agent based on Multi-Armed
Bandit algorithms, the simplest form of RL. We call our agent Micro-Armed Bandit (or
Bandit for short).

We showcase our agent in two diverse use cases: data prefetching and instruction fetch
in simultaneous multithreaded (SMT) processors. For prefetching, our agent attains similar
performance as the state-of-the-art RL prefetcher Pythia—with the dramatically lower
storage requirement of only 100 bytes. For SMT instruction fetch, our agent outperforms
the Hill Climbing method by 2.2% (geometric mean). In the context of this thesis, Bandit
contributes to the increasingly important goal of reducing manual optimization effort in
heterogeneous architectures by showing that lightweight, reusable online-learning agents
can automate runtime microarchitectural decision-making across diverse use cases.
Impact: Bandit was recognized with an IEEE Micro Top Pick, for making reinforcement
learning modules practical for online microarchitecture tuning. In addition, it spurred

various follow-up research works, and received significant attention from Intel and AMD.
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Chapter 2 General Background on Sparse Computations

In this section, we provide background on sparse computations, which serve as a central
workload across several chapters of this thesis: Chapter 3 presents a tightly-coupled
accelerator design for sparse computations. Chapter 6 and Chapter 7 investigate specialized
software and hardware techniques for scaling sparse computations across the nodes of large
clusters. Finally, Chapter 8 discusses how heterogeneous sparse accelerators can be
optimized.! As sparse computations have received significantly less attention than their
dense counterparts, they provide a useful workload domain for illustrating several of the

accelerator-centric design principles explored in this thesis.

2.1 Sparse Matrices

A matrix is sparse when it contains many zero elements (zeros), or, equivalently, few
non-zero elements (nonzeros). Although there is no formal threshold for how few those
nonzeros should be, in general, their number should be sufficiently small to justify the use
of compressed representations to reduce storage, computation, and/or data movement.

Figure 1(a) shows an example of a matrix with many zeros in a dense representation.
In this representation all elements of the matrix are stored explicitly in memory, regardless
of whether they are zeros or nonzeros. Figures 1(b), 1(c), and 1(d) show the same matrix
stored in compressed representations with different popular compression formats. The
compressed representations of the matrix avoid storing zeros. Instead, only nonzeros are
stored in a wvals array. The coordinates of those nonzeros in the original matrix can be
recovered with the help of additional metadata. Different sparse matrix compression
formats differ in the type of metadata used.

For example, the popular Coordinate (COO) format (Figure 1(b)) utilizes two

metadata arrays for directly storing the coordinates of each nonzero in the original matrix.

ISparsity is also discussed in Chapter 4, and sparse workloads are also used alongside other applications
as benchmarks in Chapter 5 and Chapter 9.
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Figure 1: An example matrix in dense representation and in different sparse compression
formats.

The r_ids array stores the row indices, while the c_ids array stores the column indices.
Another popular format is the Compressed Sparse Row (CSR) format shown in
Figure 1(c). Similarly to the COO format, CSR also uses the c¢_ids array. However, the
r_ids array is replaced by the row_ ptrs array. Instead of storing row indices for each
nonzero, the row_ptrs array stores pointers to the beginning and end of each row in the
vals and c__ids arrays. Specifically, row i begins at index row_ptrsfi] and ends right before
index row_ptrsfi + 1]. Thus, the number of nonzeros in row i is given by row ptrsfi + 1] -
row_ptrsfi]. For example, in Figure 1(c), the row_ptrs array is [0, 1,2, 3,3, 4]: The first
row (row 0) starts at index 0 of the wals array and ends before index 1; the second row
starts at index 1 and ends before index 2; the third row starts at index 2 and ends before
index 3; the fourth row starts at index 3 and ends before index 3 (thus, it is empty); and
the fifth row starts at index 3 and ends before index 4. The final entry of row ptrs is 4,
indicating that the matrix contains four nonzeros in total. We refer to the total number of

nonzeros in a sparse matrix as NN Z.
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Finally, Figure 1(d) shows the same matrix in a bitmask-based compression format.
This format has a single metadata array called bitmask which has a single bit for every
element in the matrix. The bit is 1 if the corresponding element is a nonzero, and 0 if it is
a zero. The bitmask achieves compression because zeros, which would otherwise be stored
using a full data word (e.g., 32 bits), are instead represented by a single bit.

Overall, different compression formats may work best depending on the density level of
the matrix, the structure of nonzeros in the sparse matrix (nonzero pattern), and the
underlying operation or kernel [43]. Typically, bitmask-based representations can achieve
higher storage efficiency for moderately sparse matrices, where storing one bit per matrix
element can be cheaper than storing explicit index metadata for every nonzero. Such
matrices can arise, for example, from pruning machine-learning models [44]. On the other
hand, CSR~ or COO-like representations are typically preferred for highly sparse matrices,
such as those stemming from graph analytics problems [45], [46], because their metadata
scales with the number of nonzeros rather than the total number of matrix elements.

Throughout this thesis, any matrix referred to as sparse is stored in a compressed

format.

2.2 Sparse Computations

Sparse computations are computations involving at least one sparse data structure [47],
48], [49]. In this thesis, we mainly focus on two fundamental sparse kernels: Sparse Matrix
Dense Matrix Multiplication (SpMM) and Sampled Dense Matrix Dense Matrix
Multiplication (SDDMM). These kernels are widely used in domains such as machine
learning [44], [50], [51], [52], parameter estimation [53], image segmentation [54],
atmospheric modeling [55], [56], aerodynamic design [57], matrix factorization [58], and
linear algebra solvers [59], [60], [61], [62]. SpPMM and SDDMM are also key primitives for
many popular Graph Neural Networks (GNNs) [52], [63], [64], [65], [66], [67], [68] and an

integral part of graph learning frameworks such as the Deep Graph Library (DGL) [69]. In
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GNNS5, the message-passing kernels that aggregate information for a vertex from its
neighbors can be implemented with SpMMs. Further, the message-passing kernels that
aggregate information for an edge from its incident vertices can be implemented with
SDDMMs [69], [70].

Figure 2 shows the operation of SpMM (top chart) and of SDDMM (bottom chart).
SpMM takes an input sparse matrix A and an input dense matrix B, and produces an
output dense matrix C'. Both dense matrices have K columns. We refer to K as the dense
matrix row size. Given a nonzero in A (e.g., a), its column index (c_id) is used to index a
row of B and its row index (r_id) is used to index a row of C. Figure 2 illustrates this? for
the nonzero with value a, which has ¢_id=6, and r_id=1. This nonzero triggers an access
for the row indexed by 6 (c_id of a) in B and the row indexed by 1 (r_id of a) in C. In
SpMM, for every nonzero, the corresponding row of B is multiplied by the nonzero value,
and the result is accumulated on the corresponding row of C'. Thus, each nonzero triggers
a SIMD multiply-accumulate operation over rows with K elements. Sparse Matrix Dense
Vector Multiplication (SpMV) is a special case of SpMM when K=1.

SDDMM takes an input sparse matrix A and two input dense matrices (B and the
transposed of C' denoted as CT'), and produces an output sparse matrix D that has the
same nonzero structure as A. Given a nonzero in A, its r_id is used to index a row of B,
and its c¢_id is used to index a row of C*. In SDDMM, for every nonzero, an inner product
is performed between the corresponding dense rows, and the result is multiplied with the
nonzero value, and stored in the corresponding position in D.

To emphasize that the nonzeros drive accesses to rows of the dense matrices in SpMM
and SDDMM, and to simplify visualization, throughout the rest of this thesis we illustrate
these primitives as shown in Figure 3. In this representation, the dense matrix B in SpMM

and the dense matrix CT in SDDMM are shown transposed relative to Figure 2.

2Throughout this thesis, unless stated otherwise, we assume a row-based Gustavson-style dataflow for
SpMM and SDDMM, where the computation proceeds by traversing sparse rows and using each nonzero to
access the corresponding dense rows [71].
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Figure 2: SpMM and SDDMM operation.

In both kernels, one of the dense matrices is accessed using the nonzero r_id and the
other dense matrix using the nonzero c_id. Hence, reuse opportunities for the dense
matrices depend on the structure of the input sparse matrix A: nonzeros with the same
r_id indicate reuse for C' in SpMM and B in SDDMM, while nonzeros with the same c¢_id
indicate reuse for B in SpMM and C7 in SDDMM. The nonzero values are used only for a
single SIMD operation and are not reused. It is evident that the structure of the input
sparse matrix correlates with higher reuse of the rows of the dense matrices. For example,
a denser subregion of A contains more nonzeros within the same row or column, increasing

the reuse of the dense rows indexed by those nonzeros.
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Figure 3: Simplified illustration of SpMM and SDDMM operation used throughout this
thesis.

Many applications execute SpMM and SDDMM repeatedly [72], potentially interleaving
the two kernels [70] and using the output of one iteration as the input to the next iteration.
Across iterations, the structure of the sparse matrices may change (e.g., in graph neural

network applications with sampling [64]).

2.3 Distributed Sparse Computations

Sparse computations frequently involve sparse datasets, such as social networks or
computational genomics graphs, that can have terabyte-scale memory footprints [73] and
high compute demands, requiring execution on large-scale cluster platforms. To that end,
this section provides background on the communication patterns that arise when sparse
computations are distributed across system nodes. These patterns are the optimization

target of Chapter 6 and Chapter 7.

2.3.1 1D Partitioning

When executing SpMM on a distributed system, the sparse and dense matrices should be
partitioned across nodes. Throughout this thesis, we use 1D partitioning, which in prior
work [74] was shown to display good performance for many sparse input matrices. Figure 4

illustrates 1D partitioning for a system consisting of 4 nodes (N0...N3). Elements with the
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Figure 4: SpMM 1D partitioning.

same color belong to the same node. Each node is responsible for the nonzeros in a set of
consecutive rows of A. It additionally hosts a set of consecutive B and C rows as shown in
Figure 4. Since the dense output matrix C' is indexed by the nonzeros’ r_ids, the read and
write accesses to C' are always local. The accesses to the dense input matrix B are often
remote, except for nonzeros with ¢_ids that index to the local portion of B (e.g., nonzeros
with ¢_id equal to 0 or 1 in Node 1). Overall, with this partitioning scheme, remote data
accesses and transfers occur only for B.

SDDMM (right part of Figure 3) exhibits similar communication patterns under 1D
partitioning: accesses to B are local because B is indexed by the nonzero r_id, while
accesses to CT may be remote because C7 is indexed by the nonzero ¢_id. The output

sparse matrix D is also local, since it has the same structure and partitioning as A.

30



(a) SU pattern

NO N1 N2 N3

. @50

® C

NO —1° NO S
N1 5 2 _ N1 C.
N2 . N2 .
. = @0

01234567
A K

(b) SA pattern

Figure 5: Examples of SU and SA patterns.

2.3.2 Sparsity-Unaware (SU) and Sparsity-Aware (SA) Transfers

Distributed sparse computations typically follow one of two communication approaches:
sparsity-unaware (SU) or sparsity-aware (SA) transfers. In the SU approach [74], [75],
data transfers are scheduled as if the computation was dense. The matrix-specific nonzero
pattern is ignored, and all the nodes receive all of the dense input rows regardless of
whether all rows are actually needed by all nodes. As a result, the SU approach leads to
redundant transfers.

Figure 5a illustrates an SU pattern. Each node sends its local rows of B to all of the

other nodes. However, the nonzero structure of the input sparse matrix A in Figure 5b
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shows that this communication is conservative: although NO receives all six remote dense
input rows, it actually needs only one input row from N3.

This pattern can be implemented either with collectives [75] such as AllGather [76],
[77], which fully replicates the dense input, or with shifting algorithms [74] that perform
the transfers iteratively in a cyclic manner. A shifting algorithm consists of a series of
computation and communication steps. Despite the redundant transfers, the SU approach
can typically achieve high utilization of the network’s bandwidth, since it avoids the
software overheads of generating many small network messages.

Figure 5b illustrates an example of the SA approach. In the SA approach, the nonzero
structure of A affects the inter-node data transfer patterns. Each node traverses its local
partition of the sparse matrix A and issues fine-grained read requests for rows of B. For
example, Node NO is responsible for the nonzero a, but the corresponding B row that this
nonzero requires is hosted in N3. Hence, as shown in the figure, NO issues a request to N3
for the row (dashed arrow) and N3 sends the row (solid arrow). Similar requests are issued
for nonzeros ¢ and d, but not for b and e, since the required B rows of the latter are
already local.

The SA transfers are fine-grained — only a single row is transferred instead of all the
rows of a node as in the SU approach. In addition, requests are typically initiated by the
receiver and are asynchronous (i.e., the set of all nodes does not need to synchronize for the
request to be completed). This communication pattern can be implemented with Remote
Direct Memory Access (RDMA) [78]. Although SA eliminates a lot of the redundant
transfers associated with SU, it can suffer significant software overhead to generate many

fine-grained network messages, as we discuss later in Chapter 6 and Chapter 7.
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Chapter 3 Tightly-Coupled Accelerator Architecture for Sparse Computations

3.1 Introduction

Sparse Matrix Dense Matrix Multiplication (SpMM) and Sampled Dense Matrix Dense
Matrix Multiplication (SDDMM) are two fundamental sparse linear algebra kernels
(Section 2.2). The SpMM and SDDMM kernels have very similar computational and
memory access behavior. They have a unique mix of sparse and dense operands that sets
them apart. Indeed, like in other sparse computations, the nonzero structure of the input
sparse matrix determines the kernel characteristics. At the same time, the dense matrices
in SpMM and SDDMM increase the data reuse and arithmetic intensity in the kernel.
However, the data reuse behavior heavily depends on the input sparse matrix structure. As
a result, for some matrices, SpMM and SDDMM can exhibit high locality, benefiting from
fast local memories (e.g., caches), while for other matrices, they can show highly-irregular
accesses and benefit little from fast local memories. In the latter case, main memory
bandwidth becomes the bottleneck. In both cases, a non-negligible fraction of the requests
is typically served by the lower levels of the memory hierarchy, making latency tolerance a
major concern.

In addition, like dense kernels, SpMM and SDDMM can use SIMD execution units
effectively but, unlike dense kernels, they are not easily amenable to spatial processing
element (PE) arrays due to their hard-to-predict sparse matrix-driven memory access
patterns. Overall, SpMM and SDDMM belong to a special category, which has its unique
challenges.

Given the importance of SpMM and SDDMM, there are proposals for hardware
accelerators of one or both kernels (e.g., [79], [80], [81]). The Tensaurus accelerator [80],
which supports SpMM and other kernels, is a specialized array of PEs with access to HBM
memory. It uses a custom compression format to stream sparse data. It provides some

hardware configurability that allows it to support different matrix operations. Sextans [81]
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is an FPGA-based accelerator designed for SpMM. It has an HBM module from which
dense and sparse data is streamed to on-chip scratchpads. Extensor [79] proposes a
technique to eliminate redundant computation in sparse algebra. While very useful in
computations involving more than one sparse matrix, it is less beneficial for SpMM and
SDDMM. More details are presented in Section 3.7.

While these proposals advance the state of the art, the approach they use faces two
main challenges. First, moving data from the CPU to the accelerator and back entails
substantial overhead. Such overhead results from the spatial separation between CPU and
accelerator, and their connection through slow links. Even if the separation could be
overcome, non-GPU accelerators still require an address space conversion (e.g., with a
DMA engine), as their PEs do not support the CPU’s virtual addresses. GPUs support a
mechanism for virtual address sharing with CPUs, although it has limited performance [82],
[83]. Since future applications are likely to benefit from fine-grain interleaving between
CPU and accelerator phases [84], [85], [86], these overheads need to be eliminated.

Second, these designs have only very marginal flexibility and programmability. For
SpMM and SDDMM, they do not support different execution strategies based on the
nonzero structure of the sparse input matrix. It is well known [87], [88] that such structure
determines the flavors of SpMM and SDDMM algorithms that deliver the highest
performance. To be future-proof, SpMM and SDDMM accelerators must be programmable.

In this chapter, we propose a novel hardware accelerator for SpMM and SDDMM that
explicitly focuses on minimizing the overhead of data moves between CPU and accelerator,
and on providing programmability without compromising performance. The accelerator is
called SPADE3

SPADE is an on-chip accelerator integrated on the same die as its host multicore CPU.
SPADE minimizes data transfer overheads by tightly-coupling accelerator processing

elements (PEs) with the cores of the multicore, as if the accelerator PEs were advanced

3SPADE is named after the mix of SPArse and DEnse operands in SpMM and SDDMM.
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functional units. Each core is associated with one or more SPADE PEs, which share the
core’s secondary TLB, L2 cache, and last level cache (LLC). While such a design is
intrusive, it allows the accelerator to reuse the CPU’s memory subsystem and virtual
addresses, forgoing any data move or address space conversion. Moreover, the design is
scalable: larger multicores with higher memory bandwidth become larger,
higher-bandwidth SPADE accelerators.

SPADE attains flexibility and programmability by supporting a special ISA. The ISA
does not use fine-grained instructions, which induce instruction fetch and decode
overheads; instead, it uses high-level tile-based instructions. A core passes these high-level
instructions to the PEs, which break them into micro-operations. The resulting
programmability allows the accelerator to adapt to the diverse sparsity patterns found in
matrices originating from different application domains.

SPADE is designed for high performance. As indicated above, PEs do not have the
overhead of fetching and decoding fine-grained instructions. Moreover, the PE pipeline is
conceived for latency tolerance. Further, the cache subsystem flexibly allows cache
bypassing to reduce cache pollution.

To prove the SPADE concept, we have prototyped and taped-out a simplified four-PE
SPADE chip using TSMC 65nm technology. In addition, we have simulated a SPADE
system with 224-1792 PEs, and shown that SPADE attains high speedups and is scalable.
A 224-PE SPADE system is on average 2.3x, 1.3x, and 2.5x faster than a 56-core Intel Ice
Lake CPU, a server-class NVIDIA V100 GPU, and a scaled-up, idealized version of the
state-of-the-art Sextans SpMM accelerator [81], respectively, without accounting for the
host-accelerator data transfer overhead. If such overhead is taken into account, the 224-PE
SPADE system is on average 43.4x and 52.4x faster than the GPU and the accelerator,
respectively. Furthermore, SPADE has a small area and power footprint.

Overall, this chapter makes the following contributions:

e The SPADE approach to hardware acceleration of SpMM and SDDMM, which attains
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high performance by eliminating data transfer overheads through tightly-coupled host
integration and provides flexibility through a tile-based ISA.

e The SPADE architecture, including a pipeline designed for latency tolerance and a
flexible memory subsystem.

e Demonstration of SPADE with a simulation-based evaluation of its performance.

3.2 Motivation

At this point, we refer the reader to Section 2.2 for the necessary background on the SpMM
and SDDMM operations. Note that in this chapter, we also use the term rMatriz to refer to
matrix C' in SpMM and matrix B in SDDMM as both of those matrices are accessed using
the nonzero r_ids. Similarly, we use the term cMatriz to refer to matrix B in SpMM and
matrix CT in SDDMM, as both of those matrices are accessed using the nonzero ¢ _ids.
Next, we motivate the two main design decisions behind the system presented in this
chapter: tightly-coupled host-accelerator integration and architectural flexibility for diverse

data-reuse behaviors.
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Figure 6: GPU execution times of a single SpMM iteration (including the transfer overhead)
normalized to CPU execution times. Times are broken down into transfer overhead and
kernel execution. The y scale is logarithmic.
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3.2.1 Data Transfer Cost

In most existing accelerator designs, the host memory is separate from the accelerator
memory (e.g., [89], [90]), and explicit data transfer to and from the accelerator memory is
needed to perform the computation and get the results. In sparse computations, the cost of
this data transfer is harder to amortize, since the data reuse in the accelerator is lower
than in dense computations. Non-iterative applications and applications whose data does
not fit in the accelerator memory [91] are especially sensitive to this overhead.

To quantify the overhead of these data transfers, we measured the execution time of a
single SpMM iteration on two machines: (1) a dual-socket Intel Ice Lake CPU server and
(2) an NVIDIA V100 GPU connected to its own host via PCle. The GPU execution time
includes the host-to-device and device-to-host data transfer time, and any address mapping
or translation overhead. In the GPU experiment, we measure time using CUDA events.
Unfortunately, these measurements do not allow us to decouple the address mapping
overhead from the data transfer overhead. Hence, we report the value of the combined
overhead. We execute 10 different matrices from the popular SuiteSparse [73] matrix
collection (which we describe in Table 2 of Section 3.5) and use two different dense matrix
row sizes (K equal to 32 and 128).

Figure 6 shows the execution time of the GPU system normalized to the execution time
of the CPU system. We show bars for each matrix and K value. The bars are broken down
into transfer overhead and kernel execution. We see that, if we just consider the kernel
execution, the GPU is always faster than the CPU. However, if we consider both kernel
execution and transfer overhead, the GPU is always much slower than the CPU. This is
because the transfer overhead accounts, on average, for 97% of the total time.

The above analysis motivates tightly-coupled host-accelerator integration as a way to

mitigate data-transfer costs in sparse computations.
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3.2.2 Versatile Architecture for Data Reuse

Matrix tiling is a well-studied method to enhance data reuse in linear algebra kernels. Tiles
limit the working set size so that it fits in fast local memory. In dense operations, deriving
a good tiling strategy is relatively straightforward. However, in sparse operations, this is
not the case, as the effect of the tile size is strongly affected by the sparsity pattern of the
matrices [87]. In fact, at high sparsity levels, tiling may be useless due to limited reuse
opportunities.

Sparse matrices may display reuse opportunities localized inside tiles (Local Reuse) or
spread across different tiles (Distant Reuse). For an accelerator to be able to support a
wide range of matrices, it needs to provide architectural knobs to exploit different reuse
behaviors. Ideally, it needs to support: (1) tiles of arbitrary size, (2) techniques to control
the concurrent working set of multiple threads in fast shared memories by deliberately
ordering tile execution across threads, and (3) the bypass of different levels of the memory
hierarchy when there are no reuse opportunities. Note that scratchpad-based solutions
enforce strict limitations on tile sizes and are not as versatile as caches.

Accelerators should support these capabilities, and allow programmers to select the
tiling parameters, order tile execution across threads to control the concurrent working set,
and enforce caching selectively. With this support, accelerators can adapt the computation

to the sparsity patterns of the input matrix.

3.3 Overview of the SPADE System

SPADE is built on two principles: attain high performance by eliminating any data move
between CPU and accelerator, and attain flexibility without hurting performance by using
a high-level tile-based ISA for the accelerator.

As hinted in Section 3.2.1, the overhead of moving data from the CPU to the
accelerator and back can be substantial. It results from the spatial separation between

CPU and accelerator, which often implies transfers through the slow PCle bus. It is also
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caused by the fact that non-GPU accelerators do not typically support the CPU’s virtual
addresses, and an address space conversion is required (e.g., with a DMA engine). GPUs
support a mechanism for virtual address sharing with CPUs, although it is inefficient [82],
[83]. Since future applications are likely to benefit from fine-grain interleaving between
CPU and accelerator phases [84], [85], [86], this overhead needs to be eliminated.

SPADE avoids this overhead by tightly-coupling accelerator processing elements (PEs)
with the cores of a multicore. Each core is associated with one or more SPADE PEs, which
share the core’s secondary TLB (STLB), L2 cache, and lower cache hierarchy. While such a
design is intrusive, it allows the accelerator to reuse the CPU’s memory subsystem and
virtual addresses, and forgo any data move or address space conversion.

The second principle driving SPADE’s design is programmability without lowering
performance. Non-programmable accelerators risk obsolescence as the algorithms they
accelerate evolve. For example, graph structures have been evolving, as social networks
create power-law graphs. Such graphs, represented as sparse matrices, change the SpMM
and SDDMM algorithm flavors that perform best. Hence, for programmability, SPADE has
an ISA. However, using fine-grained instructions carries the overheads of instruction
fetching and decoding. To avoid these overheads, SPADE uses a high-level tile-based ISA. A
CPU core passes these instructions to the PEs, which then break the instructions into

micro-operations. The result is programmability and high performance.

3.3.1 Tight Integration with the Host

SPADE is composed of many PEs that execute tiles of SpMM and SDDMM operations, as
required by the instructions supplied by a simple general-purpose core called Control
Processing Element (CPE). The PEs are integrated in the cores of a multicore to be able
to: (1) directly access the cores’ memory system and (2) use the cores’ virtual addresses
and STLBs.

Figure 7 shows the multicore architecture. Each CPU core is associated with a few

39



Core 0

ADE
CPU Core SPADE | pE
PE
1D
L1D LI ND
ST 1, B] [B Core1 aua
B{ |B
| LE
LLC Slice to memory
< On-chip network e
R MEM CTR 0 MEMCTR1 | ===
CPE

Figure 7: Integration of SPADE processing elements (PEs) and the Control Processing
Element (CPE) in a CPU multicore.

(1-4) SPADE PEs which, for energy efficiency, are clocked at a fraction of the core’s
frequency (e.g., 1/4). The PEs share the core’s STLB (like the DMA engines in [92]), the
core’s L2 cache, and the lower cache hierarchy. Each PE has an L1 data cache and, because
many of the sparse data structures do not use caches efficiently, a Bypass Buffer (BBF)
that optionally allows PE accesses to bypass the cache hierarchy. No instruction cache is
needed, as explained later. Overall, this coupling of CPU core and SPADE PE(s) makes
the system scalable: larger multicores with higher memory bandwidth will result in larger,
higher-bandwidth accelerators.

Programs interleave CPU-mode execution sections with SPADE-mode execution
sections. In the former, only CPU cores are active; in the latter, only the SPADE PEs and
the CPE are. Before a SPADE-mode section starts, the pages of the matrix data structures
are pinned in physical memory, so that SPADE PEs do not suffer page faults. SPADE PEs
can suffer TLB misses.

Because SPADE PEs have their own L1 cache and can access data through the BBF,

special cache operations are needed in the transitions between the two modes. Specifically,
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before transitioning from SPADE to CPU mode, the SPADE PEs’ L1 caches are written
back to the L2 caches and invalidated, and the BBFs are written back to main memory and
invalidated.

Similarly, before transitioning from CPU to SPADE mode, two actions are done. First,
the CPU cores’ L1 caches are written back to the L2 caches and invalidated. Second, any
data currently in the cache hierarchy that, in the upcoming SPADE-mode section, could be
accessed by the SPADE PEs through the BBFs needs to be written back to memory and
invalidated from the cache hierarchy. This is to ensure that the accesses through the BBFs
will get the correct data versions and that no stale data will be left in the caches after the
next SPADE-mode section. If the programmer or compiler cannot identify the
aforementioned data, all cached data may need to be written back and invalidated.

The CPE gets the PEs to start, stop, or execute any instruction. To do so, the CPE
uses a mechanism similar to the Intel Architecture MWAIT instruction [93], which enables
a processor to wait for a store operation to an address. Specifically, the CPE has a few
memory-mapped registers for each PE called Input registers. When the CPE writes to one
of the Input registers of a given PE, that PE is informed in hardware, unless notifications
are masked. With this mechanism, the CPE can trigger operations on a PE.

Putting all this together, programs execute as follows. When the CPU cores run, the
PEs are paused. When the program wants to switch from CPU mode to SPADE mode, the
cores perform the selective cache writebacks and invalidations described above, notify the
CPE, and pause. The CPE writes an initialization instruction in the Input registers of all
the PEs, and then the tile-based coarse-grained instructions that each PE needs to execute.
Every time that the CPE writes to an Input register, the corresponding PE is informed.
That PE reads the Input register that contains the instruction and executes the
instruction. As soon as a PE has read an Input register, the CPE is informed, and the
CPE can then overwrite the Input register with a new instruction. After the SpMM or

SDDMM operation completes, the CPE commands the PEs to write back and invalidate
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the L1s and BBFs, and terminate execution. The program then resumes in CPU mode.

3.3.2 Tile ISA and Programming

The instructions that the CPE sends to PEs to execute are SpMM or SDDMM operations
on a tile. Before these instructions are generated, a compiler or a programmer analyzes the
sparse input matrix and decides on a set of good configuration parameters. These
parameters include the size of the tiles of the sparse input matrix (Row Panel Size and
Column Panel Size, as shown in Figure 8(a)), the order of tile execution, and whether PE
accesses to the different data structures should bypass the caches. The row and column
panel sizes chosen determine the layout of the matrix in memory, as shown in the Chapter
Supplement 3.9. Both in the supplementary example and in our evaluation, we use the
COO format.

At run time, a program running on the CPE takes the layout of a tiled matrix and
generates instructions for the PEs. Specifically, assume that we want to perform an SpMM
or SDDMM operation as shown in Figures 8(a) and 8(b). The figures show all the
parameters and, in shaded pattern, the tiles.

The CPE first creates the Initialization instruction, shown in Figure 8(c), which is
passed to all PEs to initialize them. The instruction includes, as arguments: the primitive
type (SpMM or SDDMM); base addresses of the rMatrix and cMatrix; base addresses of
the r_ids, ¢_ids, and vals arrays of the tiled input sparse matrix (shown in Chapter
Supplement 3.9) which, together with the sparse in_ start offset metadata (discussed in
Chapter Supplement 3.9), generate the addresses of the beginning of each tile data; for
SDDMM only, the base address of the vals array of the tiled output sparse matrix; the
cache hierarchy bypass strategy for the row and column matrices (the two choices for each
of them are bypass or no bypass); the size of the indices and vals (which vary depending on
the size of the matrix and the type of the data); and the size of the dense matrix row K

(shown in Figures 8(a) and 8(b)). On reception of this instruction, the PEs store it in
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Figure 8: Matrix operations and instructions supported by SPADE.
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special registers and reconfigure some of their hardware.

After that, the CPE creates Tile instructions that it sends to individual PEs. A tile
instruction, shown in Figure 8(c), specifies the tile to work on. Its arguments are data from
the tiling metadata shown in Chapter Supplement 3.9: the offset of the first nonzero of the
tile in the r_ids, ¢ _ids, and vals arrays of the input sparse matrix; for SDDMM only, the
offset of the first nonzero of the tile in the vals array of the output sparse matrix; and the
number of nonzeros in the tile. The PE that receives this instruction processes the tile.
There are no upper/lower bound constraints on the tile size.

The figure shows three more instructions, Scheduling Barrier, WBé& Invalidate, and

Termination. They are discussed next.
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3.3.3 Tile Scheduling

The CPE freely assigns tiles to the PEs. However, in SpMM, the assignment must respect
one constraint: all the tiles in a row panel should be assigned to the same PE. A row panel
is the set of tiles that span the same set of rows of the matrix, as shown shaded in

Figure 9(a). The reason is that the SpMM operation on two tiles of the same row panel
updates the same rows of the rMatrix. To avoid data races, only one PE processes such
tiles. As an example, Figure 9(a) shows the order of assignment of tiles to two PEs. PE 0
(in white circles) gets the tiles in Row Panel 0 and then those of Row Panel 2; PE 1 (in
black circles) gets the tiles in Row Panel 1 and 3. This assignment restriction does not

apply to SDDMM.
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Figure 9: Tile scheduling without (a) and with (b) barriers.

A schedule like Figure 9(a) maximizes inter-tile rMatrix reuse, but hinders inter-tile
cMatrix reuse. Specifically, consider the tiles assigned to PE 0 only (i.e., those with white
circles), and assume that Tiles labeled 2 and 6 in Figure 9(a) have nonzeros in the same
columns. As PE 0 executes Tile 6, it reuses cMatrix data brought into caches during its
execution of Tile 2. However, this Distant Reuse, as described in Section 3.2.2, can be
missed if the execution of Tiles 3, 4, and 5 evicts the cMatrix data.

When an analysis of the input matrix determines that this reuse of cMatrix data is

important, we want to force a schedule like in Figure 9(b). In the figure, PE 0 and PE 1
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first execute tiles in column panels 0 and 1, and once they are both done, they move to the
next two column panels. Both PEs help each other reuse cMatrix data. This behavior is
attained with the SPADE Scheduling Barrier instruction. The CPE passes Tiles 1, 2, 3,
and 4 in Figure 9(b) to PE 0 and, after PE 0 has read the instruction for Tile 4, the CPE
sends it the barrier instruction. Similarly, after PE 1 has read the instruction for its own
Tile 4, the CPE sends it a barrier. The CPE will not send any new tile instruction to any
PE until both PFEs have read the barrier instruction—signifying that both PEs have
completed their last assigned tile.

A similar procedure is used to terminate a SPADE-mode section. The CPE sends the
WBé&Invalidate instruction to all PEs. When a PE reads it, the PE writes back and
invalidates its L1 cache and BBF, while the CPE sends the Termination instruction to the
PE. When the PE has completed the writebacks and invalidations, it reads the termination
instruction and pauses. When the CPE notices that all PEs have read the termination
instruction, it stops SPADE-mode execution and CPU-mode execution can restart.

Finally, to ensure correctness in the presence of BBFs, there are two data layout
requirements. First, the dense matrix row size (K) must be a multiple of the cache line size
and, therefore, dense rows start at cache line boundaries. Second, in SDDMM, the first
nonzero value of each tile in the output sparse matrix must be at the beginning of a cache
line. To satisfy these conditions, padding may be inserted in the cMatrix, rMatrix, and the

output sparse matrix of SDDMM.

3.3.4 Processing Element Pipeline

The PE pipeline is designed for latency tolerance. It is composed of three logical stages:
sparse front-end, vOp Generator, and dense back-end (Figure 10). We describe each stage

next.

Sparse front-end. This stage receives the tile instruction from the CPE and performs

two functions: issue requests for the sparse matrix data and generate the addresses of the
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Figure 10: SPADE processing element pipeline overview.

dense matrix data. As discussed in Section 3.3.2, the instruction has all the information

needed to load the sparse data. Since the sparse data is not reused, the loads are issued by

a Sparse Data Loader to the BBF and bypass all caches. As the data is received, the

hardware uses the information in the r_ids and c_ids arrays to generate the addresses of

the dense cMatrix and rMatrix rows needed. Specifically, for each value in the wvals array, it

generates a Tuple Operation (tOp) with: {begin address of rMatrix row, begin address of

cMatrix row, value from the vals array}. For SDDMM, there is a fourth field: address of

the entry in the val array of the output matrix that will receive the result.

vOp Generator. The PE operates as a simple out-of-order vector engine and has a

Vector Register File (VRF). Each Vector Register (VR) stores a full cache line. However, a

tOp refers to dense matrix rows, which may extend over multiple cache lines. Hence, the

vOp Generator stage breaks down each tOp into potentially multiple vector-long

operations called Vector Operations (vOps). The two operands of a vOp are cache-line

sized and thus fit in VRs.

Next, for each vOp, the vOp Generator allocates two VRs for the two operands, and

the Dense Data Loader requests the operands from memory. These dense accesses are

directed to either the L1 or the BBF, depending on the cache bypassing strategy chosen. A

vOp includes: {VR ID for the first operand, VR ID for the second operand, value from the

vals array}. In addition, for SDDMM, the vOp also includes a destination VR ID (for the
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scalar output data), and the offset of the output data in the destination VR. Eventually, in
SDDMM, this destination VR will contain scalar outputs from multiple vector operations
that generate the data in the destination memory line. For SpMM, the implicit destination
VR is the VR of the rMatrix input. In all cases, the VRs allocated are tagged with the
memory line addresses requested. Note that, before allocating a register, the hardware
checks the VRF tags to see if the requested data is already in a register from a previous

operation. If so, the data is not requested from memory.

Dense back-end. This stage pushes the newly-generated vOps to the vOp Reservation
Stations. Once the two operands of a vOp are ready, the operation is dispatched to a
pipelined SIMD unit, which executes multiply-accumulate and multiply-reduce operations.
The result is stored in the VRF. Since there are no explicit store instructions, a Write-back

Manager unit periodically writes back the contents of dirty VRs to the memory subsystem.

This pipeline is designed for latency tolerance, maximizing the overlap of memory
accesses with each other and with computation. First, the sparse front-end coalesces and
overlaps read requests to sparse data. Second, the pipeline overlaps sparse data read
requests issued in the front-end with requests issued in the subsequent two stages (dense
data read and write requests and sparse data write requests). Finally, the back-end uses
out-of-order execution, overlapping read and write requests with each other and with

computation.

3.4 Key Architecture Components

In this section, we provide more architectural details.

3.4.1 Detailed Pipeline Analysis

To understand the pipeline better, we explain it with an SpMM example. Figure 11
illustrates, with numbers in circles, the correspondence between the pipeline structures, the

pipeline functionality and the memory accesses. It also shows the processing of the first tile
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of an input matrix in COO format.
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Figure 11: Pipeline structures, pipeline functionality, and memory access behavior.

Tile instruction @. Figure 11 shows the three arrays (r_ids, ¢_ids and vals) of the
sparse matrix. The tile instruction has the offset of the tile (sparse_in_ offset) relative to
the beginning of the arrays (given in an earlier initialization instruction) and the number of
nonzeros (NNZ) of the tile. In our example, these values are 0 and 7. This information is
enough to address all the tile nonzeros.

Loading nonzeros (I). The Sparse Data Loader generates cache-line sized requests for
data from the 3 one-dimensional arrays. We assume that a cache line contains 4 elements.
The figure shows the response for the first request. For as long as there are free entries in

the Sparse Load Queue and the total tile NNZ has not been reached, a new request is
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issued every cycle. In our example, the next request would bring the next four elements of
the arrays. However, because NNZ is 7, only three of the elements of the second request

would be used. No more requests will be issued.

Determining dense addresses and generating tOps @)-@). Elements from the
Sparse Load Queue are popped and tuples of the form (r_id, c¢_id, val) are isolated. In the
figure, we show the first tuple, namely (0, 2, a). The r_id and ¢_id are used to index an
rMatrix row and a cMatrix row, respectively. The base addresses of the dense matrices
(which have been given in an earlier initialization instruction) are incremented by the r_id
and ¢_id displacements. In our example, r id is multiplied with the size of a dense row
(K) and added to the rMatrix base to create the address range rMatrix[0,0:K]; the same is
done with c¢_id to create cMatrix[2,0:K]. The tOp Generator module takes these two

address ranges plus the nonzero value (a) and creates a Tuple Operation (tOp) (Figure 11).

Allocating vector registers and generating vOps @. The core operation of SPADE
is a SIMD operation between a sparse value and dense rMatrix/cMatrix rows. In order for
the SIMD operations to take place, the rMatrix and cMatrix operands must be fetched
from memory and stored in VRs. The pipeline is equipped with a Vector Register File
(VRF) with a Vector Length (VL) equal to the system cache line size. However, a dense
row may extend over multiple cache lines. For this reason, the tOp is broken down into
finer-grained Vector Operations (vOps) whose operands are cache-line sized. In our
example, we assume that the dense row size K extends over 2 cache lines (i.e., K=2*VL).
Hence, 2 vOps are generated from each tOp; one for the first half of the dense rows and one
for the second half of the dense rows.

The vOp Generator module has a VR Tag structure, which records the addresses of the
cache-line-sized data stored in each VR. In our example, the vOp Generator module picks
four empty registers and tags them with the four addresses of the two vOps. As shown in
the figure, rMatrix[0,0:K /2], cMatrix[2,0: K /2], rMatrix[0,K /2:K], and cMatrix[2,K /2:K]
are assigned to VR1, VR2, VR3, and VRA4.
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A desired vOp operand may already be in the register file from a previous operation.
Consequently, before filling an entry in the VR Tag, the vOp Generator checks whether the
address is already in the VR Tag. If so, the vOp Generator picks the corresponding VR for
the vOp. The VR Tag structure is organized as a content-addressable memory (CAM).

There is also an auxiliary VR Status RAM that has additional status bits for each VR.
They indicate if the entry is dirty or unused. They can be updated on a VR access and

allocation/deallocation.

Pushing vOps into the vOp reservation stations (). Once the VRs of vOps have
been allocated, the vOps are pushed to slots in the vOp Reservation Stations for
out-of-order execution. Figure 11 shows the two slots used by vOp1l and vOp2. A vOp
carries additional information beyond the VR ids. It carries the input scalar value (a in our
example) and, not shown in the figure, information that records: (i) inter-vOp
dependencies and (ii) offsets of sub-cache line operands. These offsets are translated to

masks to prevent overwriting unwanted cache-line contents.

Loading dense values ). The Dense Load Queue issues requests for the operands of the
vOps. These are cache-line requests for rMatrix and cMatrix data. If the VRs
corresponding to these addresses already contain the data from a previous operation, no

request is issued to memory.

Dense data arrival and execution (7)-®). The vOps execute out of order. A vOp waits
in a vOp reservation station if an operand has not yet arrived from memory or has a data
dependence with an operand of an earlier vOp. Once the vOp receives all its operands and
its dependencies are resolved, the vOp is dispatched for execution in the pipelined SIMD.
Data dependence tracking between vOps is simple for SpMM and SDDMM. Consider

SpMM first. A vOp can only write to an rMatrix cache line and, furthermore, it must read
the line first. Moreover, when the vOp Generator module accesses the VR Tag for a vOp,
it marks that the selected VR will be both read and then written. As a result, the only

data dependence that can exist between two different vOps is RAW—i.e., the second vOp
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will read the value that the first vOp will write. The dependence is detected and recorded
when the vOp Generator accesses the VR Tag for the second vOp.

With this design, the pipeline may process vOps out of program order. This is not a
problem because the accumulation operation of SpMM is associative. The same argument

is true for SDDMM, except that the output is a single scalar rather than a vector.

Writing data back to memory (9. SPADE does not have explicit store instructions.
vOps simply update the VRF. Hence, dirty VRs must be written back to memory in the
background to free-up VRs to allocate new operands. Two extreme approaches are: (1) to
write back a VR as soon as it gets dirty and (2) to write back VRs only when the VRF is
all filled with dirty VRs. Unfortunately, the first approach causes an excessive number of
stores to the memory subsystem, and the second one places writebacks in the critical path.
Therefore, SPADE has a Write-back Manager unit in the pipeline that uses an
intermediate approach: it initiates writebacks when the fraction of VRs that are dirty

exceeds a certain threshold, and stops when the fraction falls below a second threshold.

3.4.2 Cache Bypassing

The ability of SPADE to provide a flexible cache hierarchy, with the capability to bypass
the caches is important. The reason is that different input matrices can use the cache
hierarchy very differently. To understand the choices, consider the different data structures
in an SpMM and SDDMM operation.

For the input sparse matrix data, since each tuple is read once, used for a single tOp,
and never reused again, it is best to bypass all caches and avoid polluting them.

When it comes to the rMatrix data, recall that individual rMatrix rows are reused only
by a single PE to avoid data races. Since L2 caches and lower-level caches are shared by
multiple PEs, one needs to be careful to cache rMatrix data, lest it pollute the caches for
other PEs. Consequently, we identify three cases, depending on the pattern of nonzeros in

the sparse input matrix and the size and order of tiles processed by a PE, as determined by
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barriers.

First, if the VRs have high reuse in the VRF, then caching the rMatrix does not offer
significant benefits and, therefore, it is best to bypass the caches. Second, if the size and
schedule of tiles is such that the distance between reusing rMatrix lines is very large, then
VR reuse in the VRF will be low, and it is best to cache the lines, so they can still be in
the caches when needed. The third case is like the second one except that the working set
of reused rMatrix lines is small at any time, while the overall footprint of rMatrix lines is
large. Caching all the rMatrix lines would pollute the caches for small gains. Hence, we
augment the BBF with a small Victim Cache. The few rMatrix lines in the working set
bypass the caches and use the victim cache in the BBF.

For the cMatrix data, caching is the best choice. The reason is that, inside a tile, data
is processed in row order. As a result, the VRs in the VRF rarely have good reuse. Finally,
for the output sparse matrix of SDDMM, cache bypass is most beneficial. The reasons are
that bypassing eliminates cache pollution and, in addition, the output sparse matrix has

high reuse in the VRF, as the vOps that access a given output cache line are bunched up.

3.5 Methodology

A. Architectures: Table 1 lists the architecture parameters of the simulated SPADE
accelerator and its host CPU multicore. The latter is modeled after a dual-socket Intel Ice
Lake server with 28 cores per socket. Its architectural details are taken from the

literature [94], [95]. The SPADE PEs cycle at only 0.8GHz and, for hardware simplicity,
only issue one tOp and vOp every cycle. A PE has 64 physical vector registers. As soon as
25% of them are dirty, the writeback manager starts writing them back until only 15% are
dirty. Four PEs share the L2 of a CPU core. Neither L2 nor the LLC are partitioned. We
evaluate SPADE with cycle-level simulations using SST [96]. To simulate DRAM, we
integrate DRAMsim3 [97] in SST.

As baseline machines to compare to SPADE, we use a CPU, a GPU, and the
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Table 1: Microarchitecture of SPADE and its host CPU multicore system, modeled after a
2-socket Ice Lake with 56 cores total.

‘ Ice Lake

| SPADE

Frequency

2.6/3.5GHz (base/turbo)

0.8GHz

Issue width

5 uOp / cycle

1 vOp / cycle

Load queue size

128 entries

32 (dense) + 6 (sparse)

ROB size 352 entries N/A

Store queue size 72 entries 8 entries

Physical vector registers 224 64 (WB thres: 0.25, 0.15)

SIMD FP units 3 1 (single precision)

Integer units yes no (hardwired address calculation)

Frontend—Backend interface

Allocation queue; 140 entries

tOp queue; 16 entries

000 execution support

160 scheduler entries

32 vOp res. station entries

Phys. register allocation

Register alias table

VR tag CAM

Speculative execution

yes: shadow RAT etc.

no

Frontend complexity

High: L1I, branch predictor, etc.

Low: simple address calculation

L1D size Core: 48KB; Total: 2.625 MB PE: 32KB; Total: 7.2MB

L1T size Core: 32KB; Total: 1.75 MB -

BBF - PE: 32 entries; 64B /entry; Total: 0.45MB
Victim cache - PE: 16KB; 2-way; 64B/entry; Total: 3.6MB
L2 size Core: 1.25 MB; Total: 70 MB 1.25 MB per 4 PEs; Total: 70 MB

LLC size Core: 1.5 MB; Total: 84 MB 1.5 MB per 4 PEs; Total: 84 MB

# of cores or PEs in 2 sockets

56

224

Total DRAM Bandwidth

max theoretical: 410GB/s

max theoretical: 410GB/s

state-of-the-art Sextans SpMM accelerator [81], which is an FPGA-based accelerator

connected to its host through PCle. The CPU baseline platform is the dual-socket Intel Ice
Lake server described above. The GPU baseline platform is a server-class NVIDIA V100
connected to its host through PCle, with 16GB of global memory and 900GB/s achievable
global memory bandwidth. We simulate Sextans using SST and DRAMsim3. For fairness,
we scale-up Sextans by using 16 PE groups (PEGs), each with 16 PEs clocked at 0.8 GHz.
Each PE is equipped with 16 Processing Units (PUs). We scale-up the capacity of the
on-chip scratchpads to 170MB (which is more than the total capacity of the SPADE cache
subsystem). We additionally: (1) do not take into account AXI-related FPGA limitations,
(2) disregard intra-PEG load imbalance, and (3) idealize the Sextans computation engine
by only accounting for the time needed for memory accesses. Finally, we compress the
sparse data so that each {row_id, col id, val} tuple consumes 8B, and implement the

address interleaving used by the authors. Although SPADE could also benefit from such
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optimizations, we do not employ them for SPADE.

B. Benchmarks: We use 10 large graphs from SuiteSparse [73] coming from different
domains (Table 2). We present our evaluation for two different dense row sizes (K=32 and
K=128). We group matrices based on whether they benefit from tiling or scheduling
barriers. If they always benefit from them, we say the matrices have a high Restructuring
Utility (RU); if they sometimes benefit from them (e.g., in only one of SpMM or SDDMM,
or only for K=128), we say they have a medium RU; for the remaining matrices, we say

that they have a low RU. Table 2 shows the RU of the matrices.

Table 2: Benchmark graphs evaluated.

Graph (Short Name) Domain Nodes | Edges | Density | Restructuring
(MilL.) | (Mill.) | (Order) | Utility (RU)
asia_osm (ASI) Road graph 11.9 25.4 1077 Low
com-LiveJournal (LIV) Social network 4.0 69.4 1076 Medium
com-Orkut (ORK) Social network 3.1 234.4 10-° High
coPapersCiteseer (PAP) Citation graph 0.4 32.1 1074 Medium
delaunay n24 (DEL) Geometry problem 16.8 100.7 1077 Low
kron_ g500-logn20 (KRO) Synthetic graph 1.0 89.2 107° High
mycielskianl7 (MYC) Mathematics (fractals) 0.1 100.2 1072 High
packing-500x100x100-b050 (PAC) | Numerical simulations 2.1 35.0 107° Low
road_usa (ROA) Highway graph 23.9 57.7 1077 Low
Serena (SER) Environmental science 14 64.1 107° Medium

C. Software kernels for the baseline machines: For the Ice Lake server, we use the
Inspector-Executor (IE) kernel from Intel’s MKL [98] library for SpMM. We believe that
MKL IE already employs optimizations such as tiled execution. Since MKL does not
include an SDDMM kernel, we use the SDDMM implementation from TACO [99] (similar
to prior work [79]). TACO does not include an input-aware kernel. The kernels were
compiled using the 2022.2.1 version of Intel oneAPI DPC++/C++ compiler. For the
GPU, we use the SpMM kernel from NVIDIA’s cuSPARSE library [100], and the SDDMM
kernel from dgSPARSE [101] using CUDA 11.6. We profiled both the transfer time and the
kernel execution time.

In our baselines, we use the CSR format for high performance. In SPADE, we use the

COO format. This is conservative, since SPADE could also benefit from CSR’s reduced
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memory footprint.

D. Chip prototype: We prototyped in a chip a simplified SPADE design called
miniSPADE and taped it out using TSMC 65nm technology. Each miniSPADE die (Figure
12) consists of 4 in-order SPADE PEs. Each PE is equipped with a bypass buffer (BBF)

and an L1 cache. The die also includes a shared L2 cache and a memory buffer.

Figure 12: The miniSPADE die.

At 65nm, the die size is 1.75mm x 1.00 mm, dominated mainly by SRAM for the caches
and memory buffer. At 200MHz, the power consumption of the die is 30mW. Due to the
simplified PE design and the large feature size, miniSPADE is not a fully representative
depiction of the actual envisioned system. However, it serves as a proof-of-concept for

various SPADE features (e.g., front-end, tOps, vOps, and cache bypassing).

E. Area and power estimation: To estimate the area and power of SPADE, we model
the L1D, BBF, victim cache, and all the pipeline memory structures (CAMs, RAMs, and
registers) using CACTI [102] targeting 32nm. For the single-precision FP SIMD unit, we
use the numbers from [103]. Our synthesis of miniSPADE suggests that additional logic
(e.g., multiplexers and finite state machines) account for less than 5% of the miniSPADE
pipeline area. Thus, for SPADE, we conservatively assume that the additional logic
accounts for 20% of its pipeline area and power. Since Ice Lake uses 10nm technology, we

scale both the power and area of SPADE down to 10nm by using the scaling factors
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from [104]. Finally, we use CACTTI to estimate the L2 and LLC power consumption and
DRAMsim3 for the DRAM.

3.6 Evaluation

A. Performance comparison to CPU and GPU: We consider three SPADE variants:
SPADE Base, SPADE Opt, and SPADE2 Base. The SPADE Base variant does not use any
flexibility knobs: sparse matrix tiles always have a row panel size equal to 256 rows and a
column panel size equal to the total number of columns in the matrix; the rMatrix and
cMatrix data is accessed without bypassing caches; and there are no scheduling barriers.
To configure SPADE Opt, we test: (1) three different tile row panel sizes and three
column panel sizes; (2) accesses to rMatrix that bypass or do not bypass the cache
hierarchy; and (3) for the medium-sized column panels that we test, not inserting or
inserting scheduling barriers to limit the LLC working set. For the small and large column
panels, we do not use scheduling barriers. The parameters tested are shown in Table 3. For
the MYC sparse matrix, which has a very small number of rows, we also test a row panel
size of 16 to mitigate load imbalance. Although SPADE supports a large space of different
parameter settings, we limit our analysis to these. Then, we set SPADE Opt to be, for
each individual matrix, the version with the best-performing parameter settings that we

tried. SPADE Opt is the proposed system variant in this thesis.

Table 3: Parameters examined to set SPADE Opt.

Dense Row | Row Panel | Column Panel rMatrix Caching | Scheduling

Sizes (RP) Sizes | (CP) Sizes Strategies Barriers

K=32 64, 256, 1024 | 8192, 524288, all columns | No bypass, bypass | No, yes for CP=524288
K=128 64, 256, 1024 | 2048, 131072, all__columns | No bypass, bypass | No, yes for CP=131072

SPADE2 Base is a scaled-up version of SPADE Base with double PE count, DRAM
bandwidth, LLC size, and link latencies.
Figure 13 shows the speed-up of the server-class GPU (assuming zero host-device data

transfer overhead), SPADE Base, SPADE Opt, and SPADE2 Base over the baseline CPU
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Figure 13: Speedup of the SPADE variants and the GPU (ignoring data transfers) over the
CPU. Matrices are grouped into low, medium, and high Restructuring Utility (RU).
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server. For matrices that do not fit in the GPU memory (i.e., DEL and ROA for K=128)
we assume a GPU speedup over the CPU of 1.

As shown in Figure 13, the speedups of SPADE Base, and the effectiveness of SPADE’s
flexibility as demonstrated by SPADE Opt, vary for each matrix category. First, for low
RU matrices, the SPADE Base speedups are lower. This is because matrices in this
category show limited reuse opportunities and, therefore, the SPADE Base speedup mainly
stems from better utilization of the available memory bandwidth. In addition, we see that
the benefit of SPADE Opt’s flexibility is smaller. The reason is that SPADE Base with
very large tiles is already a good fit for this category. Furthermore, without accounting for
the host-device data transfer, the GPU is faster than SPADE Opt, due to having an
achievable memory bandwidth (900GB/s) that is much higher than the maximum observed
bandwidth of SPADE Opt (304GB/s). Although SPADE2 Base only has a bandwidth of
600GB/s, it is competitive with the GPU baseline.

For high and medium RU matrices, both the SPADE Base speedup and the flexibility
benefits of SPADE Opt are higher. A sizable portion of the requests are served from caches
with low-latency and without introducing DRAM bandwidth pressure. The SPADE PEs
can utilize this pattern, by being able to satisfy a larger number of requests from the
caches while long-latency main memory ones are pending, hence hiding the latency of the
latter. By using the flexibility knobs, SPADE Opt outperforms the GPU for most matrices
in these categories. The speedups of SPADE2 Base are higher.

Overall, on average across all the environments shown in Figure 13, SPADE Base,
SPADE Opt, and SPADE2 Base are 1.67x, 2.32x, and 3.52x faster, respectively, than the
CPU. The corresponding speedups over the GPU are 1.03x, 1.34x, and 2.00x. The
performance gap between SPADE Opt and SPADE Base reveals that flexibility is a key
feature for an SpMM/SDDMM accelerator. Further, the performance of SPADE2 Base
suggests that our system is scalable. Our evaluation reveals that SPADE is a superior

architecture in comparison to GPUs even if host-to-device data transfers and address
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remapping overheads are ignored. If these overheads are taken into account (Figure 6),
SPADE Opt is 43.4x faster than the GPU.

SpMM K=32

Link Latency = 60 ns
CFGO Bl CFG1 [E=1 CFG2 Bl CFG3 EX=1 CFG4 A CFG5

Requests Execution
accesses accesses per cycle time

Link Latency = 480 ns

Metric normalized
to CFGO LL=60ns

Requests Execution
accesses accesses per cycle time

Link Latency = 960 ns

Requests Execution
accesses accesses per cycle time

Figure 14: Impact of progressively adding system features to SPADE system configurations.

B. Pipeline analysis: To provide further insight into the effect of some of the system
optimizations, we perform an optimization analysis for SpMM with K=32. We evaluate 5
different SPADE system configurations by progressively adding system features. Table 4
presents the configurations.

Since SPADE is built for high latency tolerance, we evaluate each of the SPADE
configurations for three different link latencies. Specifically, we consider the average

round-trip latency of an access from the PE to a memory controller, without including the
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Table 4: Evaluated SPADE configurations.
SPADE features included
CFGO: | Tile instructions, 3-entry sparse load queue, overlap of sparse and dense re-
quests, 16 vOps RS entries, 56 SPADE PEs at 3.2GHz
CFG1: | CFGO with 32 vOps RS entries
CFG2: | CFG1 with 224 SPADE PEs at 0.8GHz
CFG3: | CFG2 with 6-entry sparse load queue
CFG4: | CFG3 + sparse data bypasses the cache hierarchy (= SPADE Base)
CFG5: | CFG4 + flexible execution (= SPADE Opt)

latencies to access the memory or any of the caches on the way. We call this time the link
latency (LL). We set this LL to 60ns (default for our SPADE architecture), 480ns, and
960ns. For CFGb5, we only evaluate LL=60ns to reduce the number of experiments
required. For each configuration and LL value, Figure 14 shows the number of DRAM
accesses, the number of LLC accesses, the average number of requests that the pipelines
collectively issue per cycle, and the execution time. The figure shows the geometric mean
of the metrics across all the matrices, normalized to CFGO for 60ns LL.

Compare the different configurations for a given LL. A high number of requests per
cycle indicates active pipelines. It can mean either enhanced latency tolerance or decreased
latency due to better utilization of the caches. If an increase in requests per cycle is not
accompanied by a decrease in DRAM and/or LLC accesses, it is an indicator of increased
latency tolerance.

From the figure, we see that the optimizations progressively applied in CFG1, CFG2,
and CFG3 result in an increased number of requests per cycle being generated without the
LLC or DRAM accesses decreasing. Hence, they increase latency tolerance. CFG4 and
CFGH5 increase the number of requests per cycle while decreasing the LLC and DRAM
accesses, and thus decrease the average request latency. We also see that the reduction in

execution time induced by the progressive optimizations increases as LL increases.

C. Evaluation of flexibility knobs: We now show how the different flexibility knobs of
SPADE benefit different sparse matrices. Recall that the knobs are: different tile sizes,

cache bypassing or not, and scheduling barriers or not. First, we perform a sensitivity
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analysis of how the tile row panel (RP) and column panel (CP) sizes affect the execution
time. We disable bypassing and insert no barrier. Figure 15 shows the results for three
matrices. It shows the execution times normalized to the execution time of the
worst-performing setting. Thus, lower values and darker colors are better. We observe that
KRO, which belongs in the High RU category, benefits from tiles with a small CP and a
large RP since, in this way, cMatrix reuse opportunities can be maximized. On the other
hand, DEL, which has low RU, benefits from tiles with a CP that extends over all of the
columns. Finally, for MYC, which has a small number of rows, the selection of small RPs

mitigates load imbalance.
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Figure 15: Execution time of SpMM with K=32 for different tile column/row panel sizes,
normalized to the worst parameter setting. Lower numbers and darker colors are better.

Table 5 examines the impact of applying scheduling barriers. It shows the percentage
change in execution time of the setting with medium RP and CP sizes and no cache
bypassing when we apply barriers. Positive numbers are slowdowns. We observe that the
effect of barriers is matrix-dependent. It can either increase the execution time (by up to
80.5% in ASI SpMM128 — i.e., SpMM with K=128) or reduce it (by up to 57.1% in ORK
SpMM with K=128).

Table 6 examines the impact of applying cache bypassing for the rMatrix. For each
benchmark, we pick the setting of tile RP and CP sizes and scheduling barriers that
delivered the best performance. On top of this setting, we apply cache bypassing. The

table shows the percentage change in execution time when we apply cache bypassing.
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Table 5: Percentage change in execution time by applying scheduling barriers. Positive
numbers are slowdowns.
ASI DEL PAC ROA | LIV PAP SER | ORK KRO MYC
Low RU Low RU Low RU Low RU Med. RU Med. RU Med. RU High RU High RU High RU
SpMM32 22.8 411 43 317 | 242 0 1 -29.6  -12.6 0
SDDMM32 9 6.5 0.6 5 -15 0 06 | -48.3 -1.2 0
SpMM128 80.5 76.6 12.8 56.2 34 47.7 94 |-57.1 -37 0
SDDMM128 | 19.6 37.8 82 229 | -16.9 13.2 -3.8 | -B3.7  -36.9 0

Positive numbers are slowdowns. We observe that, for most of the benchmarks, rMatrix

cache bypassing is beneficial. It can reduce the execution time by up to 32.9% in ORK

SpMM with K=128. However, it can also slow down the execution. For example, in KRO

SpMM with K=32, cache bypassing leads to a 169.2% increase in execution time. Recall

from Figure 15 that KRO benefits from a large row panel. Unfortunately, this row panel

size overflows the victim cache in the BBF, leading to many main memory spills.

Table 6: Percentage change in execution time by bypassing the caches for the rMatrix.
Positive numbers are slowdowns.

ASI DEL PAC ROA| LIV PAP SER | ORK KRO MYC

Low RU Low RU Low RU Low RU Med. RU Med. RU Med. RU High RU High RU High RU
SpMM32 -7 -6.7 42  -23 -0.8 13.9 -1.8 | -17.2 169.2 0.7
SDDMM32 -3.2 0.1 0.3 -1.2 -6.8 0.2 -0.1 -7 0.2 0.1
SpMM128 -99 -104 -9 -122| -0.7 =71 -144 | -329 -6.3 -1.9
SbDbMM128 | -45 -0.3 -1.1 -19 | -13.2 -6.3 -12.8 | -187 -84 -2.7

Overall, the input-dependent impact of tiling, scheduling barriers, and cache bypassing

justifies our emphasis on flexibility.

D. Overhead of mode transitions:

SPADE mode sections, it will repeatedly suffer mode transition overheads. We have

When execution repeatedly interleaves CPU and

measured such overheads for our benchmarks. The transition from SPADE to CPU mode

involves writing back the PEs’ L1 caches to the L2s, writing back the BBFs and victim

caches to memory, and invalidating L1s, BBFs, and victim caches. For our benchmarks,

this overhead is on average 0.2% of the SPADE mode duration.

The overhead of the transition from CPU to SPADE mode is generally application
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dependent. We assume an execution that repeatedly interleaves CPU sections and SPADE
PEs executing SpMM, or CPU sections and SPADE PEs executing SDDMM. We
additionally assume that the CPU updates a dense matrix that will be an input for
SPADE (i.e., cMatrix for SpMM and rMatrix or cMatrix for SDDMM); this is a reasonable
assumption for social network GNN applications. For SpMM, all that is needed is to write
back and invalidate the CPU’s L1 caches. There is no action to take for the two structures
that SPADE PEs will access through the BBFs (rMatrix and input sparse matrix): the
rMatrix is not accessed by the CPU and the input sparse matrix is only read. For
SDDMM, the transition needs to write back and invalidate the CPU’s L1 caches and write
back and invalidate the rMatrix from the caches. This is because, of the three structures
that SPADE PEs access through the BBFs (the rMatrix and the input and output sparse
matrices), only the rMatrix is a potential concern: the sparse output matrix is not accessed
by the CPU and the input sparse matrix is only read. For our benchmarks, these transition
overheads are negligible for SpMM and on average 3.4% of the SPADE mode duration for
SDDMM. Overall, transition overheads are small.

In all of our experiments, when computing the execution time of an application on
SPADE, we have included two overheads: the start-up overhead due to caches starting
empty rather than warmed-up and the termination overhead, which is the above overhead
of transitioning from SPADE to CPU mode. For our benchmarks, the start-up overhead is
on average 0.9% of the SPADE mode duration.

E. Scalability: We perform a strong scaling analysis of SPADE. Figure 16 shows the
speedup of different SPADE system sizes over the baseline 224-PE SPADE (as described in
Table 1), which has the default link latency of 60ns. SPADE2 Base, SPADE4 Base, and
SPADES Base are scaled-up versions with 2x, 4x, and 8x the PE count, DRAM bandwidth,
LLC size, and link latency. For reference, the figure also shows bars with linear scaling.
SPADE scales well in most benchmarks. The exceptions are MYC and KRO, which

have few sparse matrix rows; load imbalance hinders their strong scaling. Superlinear
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Figure 16: Scaling analysis of SPADE.

speed-up is observed in some cases due to the increase in LLC size. We repeated this

experiment for K=128 and for SDDMM, and observed similar results.

F. Performance comparison to an ideal Sextans accelerator: Sextans [81] is a
high-performance FPGA-based accelerator for SpMM. Like other accelerators, it does not
address the cost of host—device data transfers. It adopts a one-size-fits-all execution model
based on data streaming and sequentially-batched phases, which has some similarities with
applying scheduling barriers in SPADE. Its execution model suffers from multiple reads to
sparse data when the dense row size K increases. It can also lead to multiple accesses to
the dense input for large matrices (e.g., ROA, DEL and ASI) when the dense output does
not fit on the Sextans scratchpad.

We simulate Sextans and compare it to SPADE. As discussed in Section 3.5.A, we
idealize many parts of the Sextans architecture in our simulation and disregard the host
data transfer cost. For these reasons we call it ideal Sextans. Note that by removing the
FPGA-related limitations, our Sextans version achieves a maximum memory bandwidth
utilization of 50%, which is significantly higher than the 15% reported in [81].

Figure 17 shows the bandwidth utilization, DRAM accesses, and speedup of SPADE

Opt, all normalized to Sextans (for SpMM K=32). SPADE Opt issues many concurrent
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requests for both sparse and dense data, across different matrix regions. This results in a
40% higher average bandwidth utilization. In addition, by supporting different parameter
settings on a per-matrix basis, SPADE eliminates redundant memory accesses, issuing 32%
fewer memory accesses (up to 73% for ROA). Moreover, thanks to SPADE Opt’s decoupled
and flexible design, SPADE Opt is much faster than ideal Sextans. Its average speedup is a
significant 2.4x (and a maximum of 5.1x). Ideal Sextans performs marginally better only
for ORK and LIV (10% and 3%). Recall from Table 5 that these matrices benefit from
barriers, which resemble the Sextans execution strategy.

SpMM K=32

w

- EE Bandwidth Utilization
Memory accesses
Bl Speedup

I

Metric normalized to Sextans
UJ
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- Htitﬁif i |
0 \
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Figure 17: Bandwidth utilization, DRAM accesses, and speedup of SPADE Opt, all normal-
ized to ideal Sextans.

For K=128, it can be shown that SPADE Opt’s average speedup is 2.6x. Sextans does
not support SDDMM. Finally, including the PCle data transfer overhead for Sextans, the

average SPADE Opt speedup is 52.4x (for a single SpMM iteration).

G. Area and power evaluation: Augmenting a dual-socket Ice Lake [95] with the
SPADE PEs, L1 caches, BBFs, and victim caches adds a very small area and power
overhead. This is because, compared to the 5-issue speculative Xeon core, a SPADE PE
has a simple, single-issue pipeline (Table 1). Further, the PE L1 and victim cache have a
single port and low associativity. Using the tools of Section 3.5.E, we estimate that the 224
SPADE PEs with their L1s, BBFs, and victim caches consume 20.3W and take 24.64mm?
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Figure 18: Breakdown of the power consumed in SPADE-mode execution for SpMM and
K=32.

at 10nm. Compared to a dual-socket Ice Lake server that has a TDP of 470W and a
combined die size of 1000 mm? [105], the SPADE power is 4.3% of the host TDP, and its
area is 2.5% of the host area.

In SPADE-mode execution, the server disables the Xeon cores and L1 caches, and the
SPADE PEs use the server’s memory subsystem. In this environment, Figure 18 breaks
down the power consumed into the fraction spent by the 224 SPADE PEs, L1s, BBFs, and
victim caches; by the L2 caches; by the LLC; and by the DRAM. We conservatively assume
that the PE pipelines operate with maximum dynamic power. We see that the SPADE
PEs, L1s, BBFs, and victim caches consume on average only 14% of the total power. The
power dissipated in the lower levels of the cache hierarchy is also low because the sparse
matrix and (sometimes) the rMatrix bypass the caches. Finally, DRAM power accounts for

more than 50% of the total power.

3.7 Related work

A. SpMM/SDDMM accelerators: Several accelerators have been proposed for either
both or one of SpMM and SDDMM [79], [80], [81]. Extensor [79] proposes a technique to
eliminate redundant computation in sparse algebra. This technique only yields significant

benefits in kernels where more than one matrix is sparse (e.g., Sparse Matrix Sparse Matrix

66



multiplication). For SpMM and SDDMM, Extensor’s speedups are lower and they mainly
stem from placing specialized units closer to memory. Tensaurus [80] relies on a custom
compression format to ensure streaming accesses of sparse data, a specialized PE array,
and HBM. Sextans [81] was described in Section 3.6.F. Recently, the scalability of SpMM
was investigated in PIUMA, which is an architecture designed by Intel for graph analytics
at scale [91], [106]. Thanks to the huge capacity of the PIUMA memory pool, the number
of data moves from host CPU to PIUMA is minimized.

These prior works do not provide a solution for fine-grained interleaving between host
and accelerator phases. For example, Tensaurus and Sextans assume that the matrices
already reside in the accelerator’s HBM and do not account for the low bandwidth of
host-device data transfers. In addition, none of these works offers knobs for flexible
execution catered to the unique characteristics of SpMM and SDDMM .

B. GNN and sparse Deep Neural Network (DNN) accelerators: There are
several accelerator and software optimization proposals for accelerating GNNs [70], [92],
[107], [108], [109], [110], [111], [112], [113], [114], [115], [116], [117], [118]. They often focus
on overlapping the memory intensive SpMM with compute-intensive dense matrix
multiplications. However, these approaches are not applicable to accelerate SpMM and
SDDMM as stand-alone primitives. Accelerators [119], [120], [121] and CPU extensions
such as SAVE [122] and VEGETA [123] have been proposed to increase the utilization of
the compute units in sparse DNN applications. Although these approaches are effective for
the low sparsity levels of DNNs (10%-90%), for the high sparsity levels of real world graphs
(Table 2), the memory subsystem becomes the bottleneck. In order to accommodate such
sparsity levels, SPADE interacts with the memory subsystem in an efficient and flexible
manner.

C. Eliminating host-accelerator transfer overhead: In some architectures such as
the Qualcomm Snapdragon [124], the GPU and CPU are integrated in the same SoC and

share the datapath and memory. Although this approach may be viable for mobile devices
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or desktops, integrating a server-class CPU (e.g., a 500mm? Ice Lake) with a server-class
GPU (e.g., a 815mm? V100 [125]) in the same die is currently impractical. Instead,
combining the small area footprint of SPADE with the reuse of the area-hungry lower
levels of the CPU caches is a more attractive alternative. Recently, NVIDIA introduced
Grace/Hopper [126], where GPUs are able to access the host CPU main memory through
the high-bandwidth NVLink interconnect. Although such high-bandwidth interconnects
can alleviate much of the CPU-GPU data transfer penalty [127], it is still unknown
whether this new approach will completely eliminate the inefficiencies of prior CPU-GPU
virtual address space sharing methods [82], [83]. With SPADE, we show a way to eliminate
both overheads that does not require precious high-performance network resources. Finally,
our evaluation reveals that even in the ideal case when both data transfer and address
remapping overheads are eliminated in GPUs and accelerators, SPADE still outperforms
both GPUs and accelerators (Figures 13 and 17). Recent trends towards built-in HBM in
high-end CPU servers [128] are only going to increase the performance benefits of SPADE.
D. Flexible accelerators: Motivated by the importance of flexibility in graph and sparse
linear algebra algorithms, researchers have developed accelerators that can be reconfigured
to support different algorithm variants or dataflows [129], [130], [131], [132], compression
formats [133], data-dependent execution patterns [134], or that use heterogeneity [135] as a
flexibility enabler. Transmuter [136] is a CGRA-based architecture that reconfigures its
memory type and dataflow to accommodate kernels of varying arithmetic intensity.
SPADE supports flexibility through a tile-based ISA, providing flexibility knobs tailored to
the unique characteristics of SpMM /SDDMM.

E. Flexible execution strategies in CPU/GPU systems: Input-aware techniques
such as enhancing locality through reordering [87], [137], [138], [139], improving
load-balancing [101] through row partitioning, or selecting the appropriate execution
strategy based on machine learning [88], [140] improve SpMM and SDDMM performance in
CPUs and GPUs. These techniques are orthogonal to SPADE.
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3.8 Conclusion

This chapter proposed SPADE, a hardware accelerator for SpMM and SDDMM. SPADE
avoids data transfer overheads by tightly-coupling accelerator PEs with the cores of a
multicore processor, allowing the accelerator to reuse the cores” memory system and virtual
addresses. SPADE attains flexibility and programmability by supporting a tile-based ISA.
A simulated 224-PE SPADE system is on average 2.3x, 1.3x, and 2.5x faster than a 56-core
CPU, a server-class GPU, and a state-of-the-art SpMM accelerator, respectively, without
accounting for the host-accelerator data transfer overhead. If such overhead is taken into
account, the 224-PE SPADE system is on average 43.4x and 52.4x faster than the GPU
and the accelerator, respectively. Further, SPADE has a small area and power footprint.
Besides SpMM and SDDMM, SPADE can already support Sparse Matrix Vector
Multiplication (SpMV) and Sampled Dense Vector-Dense Vector Multiplication (SDDVV).
We believe that, with lightweight modifications, it can support a richer set of primitives

(e.g., TTV, TTM, and MTTKRP [99]).

3.9 Chapter Supplement: A Tiled Sparse Matrix

This section shows the tiled sparse matrix representation that we use. Figure 19(a) shows a
4x4 sparse matrix, represented with the three conventional arrays in COO format.

Figure 19(b) shows the representation of the matrix when tiled with a row panel size and a
column panel size equal to two. The entries of the r_ids, ¢_ids, and vals arrays have been
reordered, consolidating the per-tile entries together. In addition, we have the tiling
metadata: offsets of the beginning of each tile (sparse_in_start_offset); number of
nonzeros in each tile (tile. NNZ); for SDDMM only, the offsets of the beginning of each tile
in the output sparse matrix (sparse_out_start_offset, necessary because output tiles have
to be aligned to cache lines); and which row panels each tile belongs to
(tile_row_panel_id), needed so that all the tiles in a panel row are executed by the same

PE to avoid data races in SpMM.
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Chapter 4 Tightly-Coupled Accelerator Architecture and Performance Model

for Compressed Large Language Models

4.1 Introduction

Large Language Models (LLMs) are an important Machine Learning (ML) workload,
excelling at tasks such as chatbots, translation, text summarization, and content

creation [141], [142], [143], [144]. LLMs use transformers [145] and mainly consist of
multi-head attention and fully connected (FC) layers. The largest models contain trillions
of parameters (weights) in the FC layers [146], [147]. During inference, the batch sizes are
typically small and weights have low reuse—stressing the memory bandwidth of modern
platforms [148].

GPUs are regarded as the standard platform for LLM inference because of their high
compute and memory bandwidth. However, recent advances introduced by Intel Xeon 4
servers (codenamed Sapphire Rapids (SPR)) [149], make CPUs an attractive option for
LLM inference. Such processors are equipped with an in-core generalized matrix
multiplication (GeMM) engine called TMUL [150]. The TMUL serves the same purpose as
the GPU Tensor Cores [151]. It is programmed with the AMX ISA extensions [150] to
perform GeMMs on matrix tiles. The result is an order of magnitude increase in GeMM
computational throughput compared to relying solely on vector SIMD units. Further, SPR
servers can be equipped with High Bandwidth Memory (HBM), increasing the available
memory bandwidth by 3-4x over their DDR-based counterparts.

In SPR CPUs, we observe that, similar to GPUs [148], LLM inference is
memory-bandwidth bound. The large GeMMs in the FC layers account for more than 90%
of the next token generation time for Llama-2-70B [152]. Such GeMMs have low arithmetic
intensity and require loading a large number of weights from main memory. To a large
extent, accelerating LLM inference on CPUs means speeding-up these large GeMMs.

Compressing deep neural network (DNN) models [153], [154] with techniques such as
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low-bit weight quantization [155] and sparsification/pruning [156], [157], [158] can improve
GeMM performance. The amount of data that needs to be loaded from memory is reduced,
leading to significant speedups in memory-bound kernels. Sadly, like systolic arrays [10]
and Tensor Cores [157], the TMUL cannot handle arbitrary quantization schemes or sparse
patterns. It expects well-formed dense input tiles (i.e., zero values must be included),
either in BF16 [159] or INTS8 format.

To benefit from both model compression and TMUL GeMM throughput, Intel has
recently introduced specialized kernels in the libxsmm framework [160]. Libxsmm uses a
sequence of vector instructions (AVX) to read compressed tiles from memory, de-sparsify
and/or dequantize them, and feed them to the TMUL AMX unit. This cooperative
processing mode involves two different computational domains (vector and matrix), each
with its own instructions (AVX and AMX), and functional units (SIMD units and TMUL).

We profiled the performance of the libxsmm kernels for different quantized and
sparsified workloads. Our analysis shows that, although these kernels are very effective for
moderately compressed GeMM data and with the relatively low-bandwidth DDR memory,
their performance degrades with HBM. This degradation cannot be explained using a
traditional two-dimensional (2D) roofline performance model [161] that only considers the
memory bandwidth and the TMUL throughput as bounding factors.

To understand how to effectively accelerate kernels involving three different resources
(memory, matrix, and vector resources), we introduce a novel three-dimensional (3D)
performance model that we call Roof-Surface. This model constructs a roof-surface
separating achievable from non-achievable performance. It offers greater performance
explainability than its traditional 2D roofline counterpart, accurately attributing the
libxsmm performance limitation to the AVX vector decompression sequence. The
Roof-Surface model suggests that overcoming the decompression inefficiencies would
require a prohibitive scaling of CPU core resources.

To address this problem, this chapter proposes DECA, a new ML model decompression
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accelerator tightly coupled with its CPU host. DECA offloads tile de-sparsification and
dequantization from the CPU, producing ready-to-use tiles for the TMUL. DECA can be
programmed to handle quantized number formats with any number of bits between 1 and
8, supports any level of unstructured sparsity, and supports group quantization [155]. The
DECA microarchitecture performs decompression by utilizing a pipeline with advanced
vector operations. Importantly, we use the Roof-Surface model to: (1) make decisions
about the vector pipeline microarchitecture and (2) perform design space exploration and
derive a well-balanced DECA design.

We also observe that if CPU cores use regular memory-mapped load/store instructions
to communicate with DECA, the communication latency gets exposed and hurts
performance. Consequently, we introduce a new ISA extension to CPU cores that hides the
CPU-DECA communication latency by invoking DECA out-of-order. We call this
extension Tile External Preprocess and Load (TEPL).

Our evaluation for two different low-bit quantization formats (BF8 and MXFP4) and
different unstructured sparsity levels shows that DECA is very effective. In a simulated
56-core SPR with HBM, DECA accelerates the execution of compressed GeMMs by up to
4x over the optimized Intel libxsmm software kernels. In addition, by speeding-up the FC
layers, DECA reduces the next-token generation time of Llama-2-70B and OPT-66B [162]
by 1.6x—1.9x over the software-only solution, and by 2.5x—3.3x over the uncompressed
baseline model.

This chapter’s contributions are:

e The Roof-Surface 3-D performance model that models the interaction between vector
units, matrix units, and memory. Its use extends beyond CPUs and LLM decompression.
e The DECA tightly-coupled accelerator, designed to accelerate the de-sparsification and
dequantization of compressed ML models.

e The Tile External Preprocess € Load (TEPL) extension that enables out-of-order

invocation of DECA.
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e A simulation-based evaluation of the performance of DECA for compressed GeMMs and

LLM inference.

4.2 Background
4.2.1 LLM Inference

Large Language Models (LLMs) consist of different layers, such as Embedding layers,
Fully-Connected (FC) layers, and Attention layers [145]. LLM inference has two
phases [163]. The first one encodes the input tokens and generates the first token (prompt
phase). The second one generates the next output tokens (generation phase). In this
chapter, we focus on executing the low arithmetic-intensity generation phase efficiently
since, for many practical use cases, it dominates the end-to-end LLM inference time [148].
GPUs are regarded as the standard platform for LLM inference [163], [164] because of
their high compute and memory bandwidth. However, there has been increasing research
and industrial interest in making CPUs better at machine learning (ML), by either
incorporating extensions or small accelerators on the CPU die [17], [92], [122], [123], [165],
[166]. In particular, recent advances such as HBM and in-core GeMM engines [149] make
CPUs attractive for LLM inference. For this reason, in this chapter, we focus on LLM
inference on modern CPU servers. We mainly target batch sizes from 1 to 16, which are
typical in local interactive inference. Larger batch sizes in CPUs increase the inference

latency without proportional gains in throughput (Chapter Supplement 4.12.1).

4.2.2 Model Compression

For low arithmetic-intensity LLM FC layers, compressing the weight matrices reduces data
movement and, therefore, can directly improve performance in both GPUs and CPUs.
There are two main ways to compress an ML model [44], [158], [167]:

e Quantization involves storing weights in a lower-bit format, e.g., FP8 or FP4 instead of

FP16. Multiple quantization schemes exist [168], [169], [170], [171]. Some of them
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additionally split weights in groups and introduce a per-group scaling factor (i.e., group
quantization) to achieve higher accuracy. In this chapter, we evaluate two types of weight
quantization: BF8 (8-bit brain floating point) and MXFP4 [172]. The latter uses a 4-bit
floating point and group quantization with a shared scaling factor for every 32 weights.
MXFP4 has been shown to not degrade LLM accuracy [172].
e Sparsification consists of eliminating (i.e., pruning) weights that do not contribute
much to the model’s accuracy [156], [173], [174]. Unstructured sparsity does not impose
restrictions on which weights can be removed, while structured sparsity requires the
sparsity to follow a certain pattern. The former achieves higher accuracy for the same
sparsity level [175], [176]. In this chapter, we assume unstructured sparsity, and use a
bitmask-based sparse format to avoid storing zeros (Section 2.1). To reconstruct the
position of the nonzeros in the original weight matrix, the bitmask has as many bits as the
number of elements in the matrix, where the ‘1’ bits indicate the location of the nonzeros.
The nonzero values are stored consecutively in an array (nonzero array). Recently
proposed LLM weight pruning methods such as SparseGPT [176] have achieved
unstructured sparsity levels of up to 60-70% without significant loss in accuracy. For
traditional ML models like ResNet50 [177], sparsity of up to 95% is easy to achieve [178].

Models may be both sparse and quantized [167]. Let us define the density factor d as
the fraction of weights that are nonzeros. Then, starting from a dense BF16 model, a ) bit
quantized model with density factor of d reduces the model size by a factor of
16/(Q x d + 1), where the ‘1’ comes from the bitmask bit. We refer to this factor as the
compression factor—as we assume that the footprint of activations is negligible. Later, to
decompress a sparse and quantized model, one must read the compressed weights, the
bitmasks, and the scaling factors (if group quantization is used). These three data
structures are stored as separate arrays in memory.

The compression process is executed offline (e.g., after training). In this chapter, we

assume an already compressed model that we want to use online for inference.
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4.2.3 Matrix Extensions

There are several hardware extensions to improve the efficiency of matrix multiplication on
CPUs [179], [180], [181], [182]. In this work, we use Intel’s Advanced Matrix Extensions
(AMX) [179]. AMX extends a core’s registers with 8 matrix registers, called T'ile Registers.
Each one can hold up to 16 rows, with 64 bytes of data per row that can be interpreted as
32 2-byte elements (BF16) or 64 1-byte elements (INTS8). Each tile register can contain up
to 1 KB of data.

Each core has the tile registers and a matrix multiplication (TMUL) unit. To
load/store data to/from the tile registers, AMX includes tload/tstore instructions. The
TMUL multiplies tiles in the tile registers. For example, assume that an LLM generation
phase uses a batch size of N <16 and BF16. A tile register can contain a weight tile W
with M = 16 rows and K = 32 columns. Another tile register can contain an activation
tile A with N rows and K = 32 columns. The TMUL can then perform the operation
A x WT, to produce an NxM output tile. A TMUL operation can be launched every 16
cycles, regardless of the N value. It performs a total of N x K x M = N x 32 x 16 = 512N
fused multiply-adds (FMAs)—or equivalently 32N FMAs per cycle. For N>16, the TMUL
throughput saturates at 512 FMAs per cycle, since the activation tile can hold no more

than 16 rows. Any mention of FLOPs in this chapter refers to FMAs.

4.2.4 GeMM Decompression

The TMUL does not handle sparse data and, similar to other GeMM engines [10], [151],
can only handle data in very specific data formats (i.e., BF16 and INTS8). If a GeMM
contains compressed weights, decompression is needed to produce tiles that conform to the
TMUL requirements. Unlike compression, decompression is performed online. Thus, it can
impact performance. Figure 20a shows the process of offline compression of weights and
their online decompression.

To partially hide the decompression overhead and attain high performance in
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Figure 20: Weight compression/decompression workflow and corresponding compressed
GeMM kernel pseudocode.

compressed GeMM kernels, Intel recently introduced a software solution integrated in the
Libxsmm framework [160]. As shown in Figure 20b, the solution involves a decompression
sequence handled using AVX vector operations, and a GeMM operation executed using
AMX matrix operations. Libxsmm adopts a smart method to overlap the execution of the
two: software allocates a double software buffer, and tries to keep it in the L1 cache. The
output of the AVX decompression sequence for tile Ti+1 is written in one of the two
software buffers. At the same time, AMX instructions load data from the other software
buffer that contains 7%, which has been previously decompressed by the AVX sequence.
The execution of AMX and AVX instructions overlap in the pipeline, while dependencies
are naturally honored.

The decompression sequence uses vector operations such as permutes for the
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decompression, and masked vector expands to insert zeros in the appropriate positions of
the nonzero array. Although we omit the specifics, the first takeaway is that decompression
is done using AVX, utilizing a different "domain” (i.e., separate instructions and functional
units) than AMX. The second takeaway is that the AVX dynamic instructions vastly
outnumber the AMX ones, since AMX uses tile-sized operands (1KB), while AVX operates
on cache-line sized ones (64B, one tile row). Overall, dozens of dynamic AVX instructions
are needed per AMX instruction. As a result, the decompression loop increases the total

dynamic instructions of the kernel by more than an order of magnitude.

4.3 Motivation
4.3.1 GeMDMs in FC Layers Dominate Inference

Table 7 shows the fraction of the “next-token” time spent in the GeMMs of the different
Fully Connected (FC) layers of Llama-2-70B [152] on an SPR server with either DDR5 or
HBM. We show results for an uncompressed model with BF16 weights, with different
numbers of input tokens and batch sizes (N). The rest of the time is spent on kernels such
as attention, for which weight compression does not apply. We see that the time spent in
such GeMMs is over 95% for DDR5 and 85-90% for HBM. Hence, accelerating these

GeMMs can greatly improve the next-token time.

Table 7: Contribution of FC layer GeMMs to next-token time.
Memory DDR (260GB/s) | HBM (850GB/s)
Input Tokens 32 128 32 128
Batch size (N): 1 | 97.4% 97.5% | 89.8% 89.5%
4 | 97.3% 97.1% | 89.4% 88.9%
16 | 96.6% 95.5% | 88.3% 85.9%
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4.3.2 GeMMs in FC Layers are Bandwidth Bound

We show the roofline models for one of the large GeMMs of the FC layers in Llama-2-70B
for an SPR with either DDR5 (Figure 21a) or HBM (Figure 21b), and N=16. We use the
TMUL FLOPS limit (Section 4.2.3) for the maximum achievable GeMM FLOPS in the
compute-bound area. Further, when calculating the Arithmetic Intensity (AI) in FLOPs
per memory byte, we only consider the footprint of the weight matrices. We neglect the
footprint of the activation matrices because it is much smaller than the one of the weight
matrices for small values of N. In both graphs, the leftmost circle labeled as ‘BF16’ is our
baseline uncompressed execution. We see that this execution is memory-bandwidth bound
in both cases due to a low Al. This motivates model compression, to reduce the amount of

data that needs to be read from memory.
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Figure 21: Traditional rooflines for a GeMM with N = 16.
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4.3.3 Compressed GeMMs can be Inefficient

The other data points in Figure 21 represent compressed models with 4-bit quantization
(MXFP4) or with 8-bit quantization (BF8) with density levels (i.e., the fraction of
nonzeros) ranging from 5% to 100%. For example, BF8 20% is for BF8 and density 20%.
As the compression factor increases, the amount of data fetched from memory decreases,
and the Al goes up. As a result, the circles move to the right. For each design point, we
show two circles: one at the Observed performance, and one on the roofline for the same
Al We call the latter Optimal performance.

We see that, as we increase the compression factor, the Observed and Optimal points
increasingly diverge. In the DDR5 graph, the divergence appears at BF8 5%. However, in
the HBM graph, all the compressed models are below their Optimal performance; at
BF8 5%, the ratio between Optimal and Observed performance is 5.25x. This means that
performance is limited by some inefficiency that is not captured by the roofline model. By
manual profiling, we find that the root cause is the overhead of the AVX decompress
instruction sequence. Effectively, the AVX SIMD processing units of the cores are unable
to keep up with the memory bandwidth and/or the throughput of TMUL.

Given the importance of LLM workloads, some form of hardware support to minimize
the decompression overhead could be justified. However, one has to be cautious when
making changes in the resource-constrained CPU setting. The roofline model does not tell
us the required vector throughput improvement needed for the kernels to shift from being
bounded by vector processing to being bounded by memory or matrix computation. There
is a danger of constructing hardware solutions that are either underprovisioned or
overprovisioned. To avoid this danger, we need a new model that can guide the system

design to efficiently eliminate the decompression overhead in compressed GeMMs.
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4.4 The Roof-Surface Model

To guide the system design for kernels that involve matrix, vector, and memory operations,
we develop a new performance model that captures their interaction. This model is called

Roof-Surface and has a three-dimensional (3D) visualization.

4.4.1 The 3D Roof-Surface Performance Model

When multiple interacting factors can affect performance, the slowest factor ends up
determining the performance. In our case, the factors are memory, vector, and matrix
operations. To understand which one is the slowest, we should first express how fast (1)
memory can provide compressed tiles (MEM), (2) vector hardware can process compressed

tiles (VEC), and (3) matrix hardware can process decompressed tiles (MTX).

Memory can provide compressed tiles at a rate of M BW /Bytes,;;. tiles per second,
where M BW is the memory bandwidth in bytes per second and Bytes,,;, is the number of
bytes in a compressed tile. Since a compressed weight tile will be used for a single TMUL
matrix operation, we refer to 1/Bytes,;;. as the matriX-to-Memory arithmetic intensity or
Al It expresses how many matrix operations can be executed per byte loaded from
memory, and it is very similar to the traditional arithmetic intensity used in the rooflines of
Figure 21. The main difference is that its units are matrix operations per byte and not
FLOPs per byte. In our setting, compression schemes with higher compression factors
(Section 4.2.2) have a higher Aly,,. Overall, the MEM rate in compressed tiles per second
is MBW x Alx,,.

The Vector Hardware decompresses tiles at a rate of VOS/VO,;;., where VOS is the
number of vector operations per second that can be executed by the architecture, and
VO, is the number of vector operations needed per tile. VOS' is the vector throughput
and is an architecture-dependent parameter. For example, for our SPR system, it is given

by the product of the processor frequency (f), the number of cores (¢), and the number of
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SIMD units per core. VO, is a kernel-dependent parameter. Since only the weight
matrix in a GeMM needs to be decompressed, VO,;,, effectively expresses how many vector
operations are needed per matrix operation. We refer to 1/V0O,;;, as the matriX-to-Vector
arithmetic intensity or Alyy, since it expresses how many matrix operations can be

executed per vector operation. Overall, the VEC rate in tiles per second is VOS * Al .

The Matrix Hardware can perform MOS matrix operations per second. MOS depends
on the architecture and not on the kernel. For example, in SPR systems, it is given by
f % ¢/16, since each core has a TMUL that can perform a tile multiplication every 16

cycles. Overall, the MTX rate in tiles per second is simply MOS.

The Final Performance is determined by the lowest tile processing rate among the three
rates considered. Specifically, the number of tiles per second (TPS) that the architecture

can process is:

TPS = min{ MBW x Al ,;,VOS x Al x,, MOS} (1)

We can easily get the rate of FLOPs per second (FLOPS) by recalling from

Section 4.2.3 that a TMUL tile operation corresponds to 512xN FMAs. Thus:

FLOPS =512+ N s min{ M BW % Al y,;,VOS % Al x,, MOS} (2)

We call this equation the Roof-Surface equation. Any of the three terms inside the min
clause can be the one limiting performance. For a given architecture (i.e., fixed MBW,
VOS, and MOS), there are two kernel-dependent variables inside the min clause: Aly,,
and Alyy . These are the kernel’s “signature”—if two kernels have the same signature,
they have the same projected performance. In contrast, in the roofline model, the kernel
signature is just one variable: the traditional FLOP-to-memory Al. Now, the illustration of
the performance model can no longer be done in the two dimensions of Figure 21: FLOPS

as a function of FLOP-to-memory Al Instead, we need three dimensions: FLOPS (z
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Figure 22: The 3D Roof-Surface model (N=16).

dimension) as function of the Aly,, (x dimension) and Ay (y dimension).

Figure 22 shows the result of plotting Equation 2 (for N=4 HBM) in three dimensions
to form the Roof-Surface plot. A Roof-Surface plot has three regions, depicted in different
colors. In each of the regions, a different term of the Roof-Surface Equation is the smallest
one, and thus bounds performance. The operation points below the MTX-bound
subsurface are bound by the MTX factor, the ones below the MEM-bound subsurface are
bound by the MEM factor, and the ones below the VEC-bound subsurface are bound by
the VEC factor. Kernel performance is depicted by points in the 3D space. The achievable
performance is bounded by the overall surface, rather than by a line like in the roofline

model. For this reason, we call the model Roof-Surface. Points above the overall surface
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are not achievable.

Figure 22 shows four points that correspond to the observed performance of different

compression schemes. We see that the MXFP4 and BF8 5% points are very near to the

top of the corresponding tangent triangles (i.e., almost exactly on the VEC-bound

subsurface). This visually reveals that they are bounded by vector operations. The other

two points, namely BF16_30% and BF16_10%, are primarily bounded by memory

bandwidth and vector operations, respectively. However, since these points are slightly

below the roof surface, for these kernels, non-plotted factors such as memory latency or

cache latency are also leaving some performance on the table.

Table 8: Performance limits predicted by the roofline (R-L) and Roof-Surface (R-S) models,
and the real measured performance for kernels with different compressions in TFLOPS.

MXFP4 BFS8 BF8_ 50% | BF8_ 30% | BF8_20% | BF8_10%
R-L 25.2 13.3 21.2 31.2 40.8 99.2
R-S 11.5 13.3 16.1 16.1 16.1 16.1
Real 10.6 10.0 13.0 13.5 13.6 13.5

BF8_5% | BF16_50% | BF16_30% | BF16_20% | BF16_10% | BF16_ 5%
R-L 70 11.8 18.4 25.2 40.8 59.2
R-S 16.1 11.8 18.4 23.0 23.0 23.0
Real 13.7 9.2 12.3 15.4 16.3 16.75

To gain further insight, Table 8 shows, for kernels with different compression schemes,

the performance limits predicted by the roofline model (R-L) and the Roof-Surface model

(R-S), and the real measured performance. We see that, for almost all kernels, the

Roof-Surface produces relatively accurate performance bounds, while the roofline is often

way off. For kernels BF8, BF16_50%, and BF16_ 30%, the performance bounds predicted
by R-L and R-S are the same. The reason is that these kernels are classified as

MEM-bound by both models.

4.4.2 The 2D Bounding Region Diagram

We now introduce a 2D representation of the Roof-Surface plot that is easier to visualize.

We call it the Bounding Region Diagram (BORD). BORD is the projection of the roof
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surface on the xy plane. A BORD does not depict FLOPS information, but identifies

which one of the plotted factors bounds the performance of a given kernel.
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Figure 23: Bounding Region Diagrams (BORD). The batch size is N=16.

Figures 23a, 23b, and 23c show the BORD for some variants of the SPR architecture.
In the general case, a BORD divides the plane in three regions, bound by memory, vector,
or memory operations. As shown in Figure 23a, the equations of the lines separating the
three regions are: y = (MBW /VOS) xx, x = MOS/MBW  and y = MOS/VOS.

The BORD in Figure 23a corresponds to SPR with HBM. The figure shows the
positions of different compressed GeMM kernels that use BF16 or BF8 with different
density levels, or MXFP4. Some of the BF8 and MXFP4 points were shown in Figure 21b.
We observe that the vast majority of kernels are VEC-bound. To reach the performance of
the roofline in Figure 21b, these points must be pushed away from the VEC-bound region.

Figure 23b shows the BORD for SPR with DDR, which has a smaller MBW value.
Now, the area of the MEM-bound region increases. The MTX-bound region is no longer
visible for the Aly,, and Al value ranges plotted in the BORD. The BORD also shows
that all of our kernels except BF8 10% and BF8 5% are in the MEM-bound area. This
explains why most of the kernels in Figure 21a reach the roofline.

Finally, Figure 23c shows the BORD when we take the HBM SPR variant and increase

the vector throughput (VOS) by 4x, in an attempt to eliminate the vector bottleneck.
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When compared to Figure 23a, we see that the area of the VEC-bound region decreases
and the MEM-bound region covers more kernels. However, even a 4x VOS increase is not
enough to make all kernels not VEC-bound.

We find that, in the HBM SPR variant of Figure 23a, over 95% of the dynamic
instructions of the cores typically perform tile decompression, and that cores are already
using 40-80% of their commit slots. Hence, increasing the VOS by 4x would require not
only a 4x increase in the number of SIMD AVX units, but also a prohibitive increase in the
core’s superscalar width [183]. Alternatively, increasing the SIMD AVX vector width by at
least 4x is also undesirable, as it requires significant pipeline changes (e.g., redesigning
wider versions of all the vector instructions, adding new register files, etc.). Further,
feeding the core with vectors so large would require, at a minimum, increasing the number
of ports in the L1 cache. This would in turn hurt the L1 access latency and the core’s cycle
time, affecting the core’s performance for general-purpose workloads. We further evaluate
the limitations of traditional CPU scaling in Section 4.8.

Chapter Supplement 4.12.2 shows the effect of the batch size on the Roof-Surface, while

Section 4.9 discusses how the Roof-Surface generalizes to other use-cases or architectures.

4.5 DECA Overview and TEPL Instructions

The previous analysis reveals that, to hide the decompression overheads with a conventional
solution, one would need a very expensive scaling of the resources of a general-purpose
core. This motivates us to propose DECA, a tightly-coupled decompression accelerator for
ML models. DECA offloads vector processing for decompression from the cores. In this
section, we describe DECA’s integration and then introduce a new mechanism and ISA

extensions for efficiently overlapping the operation of CPU cores and DECA accelerators.
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4.5.1 DECA Placement & System Integration

We envision each CPU core to have an associated DECA accelerator, as shown in

Figure 24. At a high level, DECA has a processing element (PE), control registers, and tile
output (TOut) registers. It has a memory-mapped interface that allows the core to write
commands and read data. The core uses privileged stores to the control registers to
configure the PE to perform decompression of tiles with a given quantization scheme and
with or without sparsity. These stores also fill some look-up tables (LUTs) that DECA

employs for efficient dequantization (Section 4.6).
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Figure 24: DECA placement next to a core.

The DECA PE reads a compressed tile from memory, processes it, and then writes the
decompressed tile to the TOut registers. Then, the CPU core reads the TOut registers and
uses the data to execute the GeMM using AMX instructions. The PE accesses memory
through the L2, issuing both regular loads (but never stores) and prefetch requests,
generated by a prefetcher integrated in the PE. DECA shares the L2 TLB with the core
like prior work [92], [165] and, therefore, uses the virtual space of the CPU core.

CPU writes to the L1 propagate to DECA with the mechanism used for a 2-core cluster
with a shared L2 [184]. CPU writes to L1 change the cache line’s state at the inclusive 1.2,

so if DECA tries to read a line written by the CPU, the updated copy will be moved from
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the CPU’s L1, to the L2, and eventually to DECA.

DECA can potentially be used by multiple processes. One way to handle this would be
to save and restore the DECA state on context switches. Alternatively, we propose that
DECA retains its state across context switches and only when a new process attempts to
use DECA, a trap to the OS saves the state and reconfigures DECA. Further, in the case of
SMT, the OS ensures that only one thread per core has DECA access, and traps otherwise.
Linear algebra kernels are typically able to saturate a core with a single hyperthread, and

thus Intel advises against using SMT in combination with the TMUL [185].

4.5.2 DECA-Core Cooperative Tile Processing

To execute compressed GeMMs with high performance, we introduce a mechanism that
overlaps vector operations in DECA with AMX operations in a CPU core using hardware
double buffering. The design is shown in Figure 25. DECA has two Loader modules and
two TOut registers. A Loader reads a compressed tile from the memory system, which
includes three data structures: the data, a bitmask, and scaling factors. A Loader can also
issue prefetches to load a tile in advance.

The journey of a tile involves DECA loading it into a Loader (D1 in Figure 25),
decompressing it in the DECA vector pipeline (D2), and storing it in a TOut register (D3).
Then, the core reads it (C1), uses it to perform the AMX operation (C2), and prompts a
Loader (C3) to initiate the fetching of the next tile by passing the starting address and the
length of the three data structures of the tile. As shown in the figure, the double buffers
enable overlapping of the operations on two tiles. While the core is reading and processing
Tile i-1, DECA reads, processes, and writes out Tile 7. After the core finishes i-1, it
triggers the fetching of Tile i+1.

We explore two options for a CPU core to communicate with DECA. The first one uses
regular stores to the memory-mapped DECA interface; the second uses ISA extensions that

we describe in Section 4.5.3. Using the first approach, Figure 26a shows the pseudocode of
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Figure 25: DECA-CPU core cooperative tile processing.

the core as it processes tiles as shown in Figure 25. The key instructions are those in Lines
4-6. The core uses T'Load (an AMX instruction) to load tile 7, ; from a DECA TOut
register into a tile register TReg; (Line 4). It then uses this tile in a TComp instruction (an
AMX instruction that performs a GeMM), saving the output in a tile register TReg, (Line
5). Finally, it writes the metadata for tile T;,; (shown as M, ;) to a memory-mapped
register in DECA’s Loader2 using a plain store. The write prompts Loader2 to initiate the

fetch of tile 7, ;. In parallel with Lines 4-6, DECA is decompressing T;.

1 ... 1 ...
2 DECA;4.1 < ST M; 2 TReg; <« TEPL M, ;
3 Fence 3 TRegy < TComp TReg;
4 TReg; < TLoad T, ; 4 TReg; < TEPL V;
8 DEGE, s T, o S Theg! © TERL M, o
ldr2 < i+1 eg, < i+1
7 Fencer ’ 7 TRegy < TComp ZTRegl
8 TReg; < TLoad T; S
9 TRe < TComp TRe
10 .. g2 ,,,,,,, P & (b) CPU pseudocode for TEPL-based DECA

invocation. The architectural tile registers TReg,
and TReg, are renamed to different physical tile
registers in each iteration.

(a) CPU core pseudocode for store-based
DECA invocation.

Figure 26: CPU-side pseudocode for store-based and TEPL-based DECA invocation.

89



Figure 26a also shows a piece of the previous iteration (Line 2) and of the subsequent
iteration (Lines 8-9). To prevent incorrect memory operation reordering, we add a memory
fence per iteration. Specifically, the load of tile T} (Line 8) should not execute before the
metadata for T} is written to the control register in DECA’s Loaderl (Line 2), which resets
TOut Register 1 and initiates the tile fetch from memory. Since these two instructions do
not depend on each other, we place a fence in Line 3. There is a fence in each iteration.

Unfortunately, this approach is likely to deliver limited performance for two reasons.
First, each iteration has a fence that prevents cross-iteration overlap. Second, within an
iteration, no instruction overlaps: the instructions in Lines 4 and 5 have a true dependence,
and the store in Line 6 can only perform the update when it is at the head of the reorder
buffer (ROB). The execution of all instructions is serialized, as if the core was in-order. As
a result, in every iteration, the latency of the communication between core and DECA

(both the load and the store) is fully exposed.

4.5.3 ISA Support for Out-of-Order Invocation

To reinstate out-of-order execution and hide the core-DECA communication, we propose a
different approach that relies on an extension to the CPU AMX ISA. We call the extension
Tile External Preprocess and Load (TEPL). The main idea is to eliminate the per-iteration
fence in Figure 26a by combining, in hardware, the instructions in Lines 2 and 8 into a
single instruction. This instruction updates the control register of a loader with metadata,
triggering a tile fetch, and only returns to the core when DECA has decompressed the tile
and stored it in a core tile register (e.g., TReg;).

A TEPL instruction takes as arguments a core source register with the metadata for a
tile, and a core destination tile register. During the execution of the instruction, the
metadata in the core source register is transferred to DECA to initiate decompression and
the instruction completes when the decompressed tile is received by the core destination

tile register. In this design, the maximum number of TEPL instructions that can execute
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concurrently is equal to the total number of DECA Loaders (i.e., two). A structural hazard
prevents more TEPLs from executing, since each DECA loader is able to handle only one
tile at a time.

With this design, the code in Figure 26a is rewritten as Figure 26b. Fences are removed
and an iteration has only two instructions (Lines 4, 5). There are no register dependencies
between the iterations because TReg; and TReg, are renamed. However, a structural
hazard causes the TEPL in Line 6 to stall until one of the two previous TEPLs completes.

A context switch can only occur in between two instructions. Hence, the DECA state
that needs to be saved and restored when a new process attempts to use DECA is only the
DECA control registers and LUTs, and not any tile data.

To support these instructions, the core has a TEPL Queue, and two TEPL execution
ports, each leading to a DECA loader. A TEPL instruction is deposited into both the ROB
and the TEPL Queue. When the TEPL source register is available and there is a free
TEPL execution port, the TEPL is issued to DECA.

To attain high performance, TEPLs are issued to DECA as soon as possible—they do
not wait until they reach the ROB head. Hence, like a load instruction, they execute
speculatively and out-of-order. Invoking DECA speculatively is always safe, as DECA does
not update memory state. If the core needs to flush the pipeline (e.g., on a branch
misprediction or exception) while a TEPL instruction is outstanding, the core sends a
squash signal to DECA. At that point, DECA aborts any tile operation in progress, no
matter the state it is in. The core may safely reissue the same TEPL. For a TEPL to
commit, it needs to both (1) finish its execution on DECA and write the output to the
CPU core’s physical tile register and (2) be at the head of the CPU core’s ROB.

If DECA reads a cache line and then a core updates the line, DECA does not receive an
invalidation from the L2. This is not a concern because DECA uses read-only weights,
which are not updated by CPU cores during LLM inference. In the uncommon case that

CPU cores update data that can potentially be accessed by a TEPL, we place a fence
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before the TEPL, to ensure that the TEPL reads the updated data.
Overall, this design hides the communication between the core and DECA. The core

executes without fences and overlaps the operation on multiple tiles.

4.6 DECA Microarchitecture

We now describe the microarchitecture that enables DECA to sustain high decompression
performance and, at the same time, support a rich set of compression schemes. For
simplicity, in the rest of the chapter, we assume that DECA’s output tile is in BF16

format. DECA can be trivially configured to produce INTS8 output tiles.

4.6.1 DECA Microarchitecture

Figure 27 displays the DECA PE microarchitecture. To understand it, we describe its

multiple components.
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Figure 27: DECA PE microarchitecture.
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1. Accessing Memory. DECA has two Loaders, each composed of a Load Unit (LDU)
and a prefetcher. The LDU accesses memory to read a tile’s compressed weights, bitmask,
and scaling factors. The base memory addresses and lengths of these structures are part of
the metadata provided by the CPU on DECA invocation. When a requested cache line
arrives from memory, depending on which of the three types of data it contains, it is placed
in the Sparse Quantized Queue (SQQ), Bitmask Queue, or Scale Factor Queue.

2. Prefetcher. The prefetcher (PF) observes the address bases and lengths used for a tile,
and predicts the ones for future tiles. The PF then generates prefetch requests that will
bring this data to the L2 cache. Since DECA operates on virtual addresses, it uses the L2
TLB for address translation for prefetches, similar to normal DECA loads. The DECA PE
does not have any prefetch buffers, since the prefetched data stays at the L2 and only
moves to DECA through demand loads. Instead, the DECA PE reuses the L2 prefetch
buffers/MSHRs. The existing L2 prefetcher only issues prefetches on behalf of the CPU
core. The PF aggressiveness (i.e., how many tiles ahead are prefetched) is configurable.

3. Pipeline Stages. The pipeline is split into three stages, responsible for dequantization,
expansion (i.e., de-sparsification) and scaling. To enable pipelining, each stage has its own
output register, namely the SD, DD, and TOut registers in the figure. The Dequantization
stage reads values from the SQQ, dequantizes them using an array of L Lookup Tables
(LUT Array), and writes dequantized BF16 values to the Sparse Dequantized (SD) register.
These values are potentially sparse—stored contiguously with zero values skipped.

The Expansion stage de-sparsifies data by inserting zeros in the positions indicated by
the bitmask. This operation is done using a crossbar (XBAR) that is controlled using
expansion indices. The latter are generated from the bitmask using the Parallel Prefix Sum
circuitry. The result is written to the Dense Dequantized (DD) register, which has dense
(i.e., with explicit zeros) dequantized data.

Finally, if group quantization is used, the Scaling stage applies appropriate scaling to

the BF16 values by multiplying them with the scaling factors. It then writes the final
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values to the T'Out register.

4. Duplicated Modules. A DECA PE contains two Loaders and two TOut registers to
enable the overlapping of DECA and CPU operation. Hence, as shown in Figure 27, the
PE replicates LDU, PF, the input queues (SQQ, Bitmask queue, and Scale Factor queue),
and TOut. One Loader can be loading data while the pipeline is processing data that was
provided by the other Loader. The POPCNT and Parallel Prefix Sum circuitry process the
bitmask by mainly performing additions of 1-bit data; they are also duplicated so their
latency can be hidden. The rest of the pipeline is not duplicated and is used by one
Loader-TOut pair at a time.

5. Vector Operations (vOps). It takes multiple cycles to generate a decompressed tile,
which always contains 512 BF16 elements. This is because the pipeline generates output
chunks of W elements (e.g., 32 in our design) at a time, each using one DECA Vector
Operation (vOp). In the absence of pipeline bubbles, a new chunk is generated every cycle.
A vOp reads data from the SQQ), executes in the pipeline stages, and finally writes the
chunk of W elements to a TOut. vOps exploit pipelining: when a vOp enters the
Expansion stage, the next vOp can enter the Dequantization stage. The vOps are
processed in order, and can enter the pipeline as long as (1) their input has arrived from
memory and (2) the first pipeline stage is free.

Without sparsity, a vOp reads W elements from the SQQ. With sparsity, less than W
elements are needed, since the SQQ does not contain zero values. We refer to the elements
that a given vOp needs to read from the SQQ as the vOp’s window ( Wnd). To determine
the size of a Wnd, the POPCNT circuitry counts the number of “1s” in the bitmask, and
determines the end of the current Wnd and the start of the next Wnd. The latter is the
next SQQ position from which data will be read into the pipeline.

6. LUT Array Organization. The DECA dequantization stage supports quantized
numbers of 8 bits or less, which can represent a maximum of 256 different values. For this

reason, each of the L LUTs in the LUT array stores 256 BF16 values. Dequantizing an
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8-bit value corresponds to a lookup using the 8-bit value as the LUT address to read a
BF16 dequantized value. DECA contains L LUTs to allow for parallel dequantization of
multiple values.

In addition, each LUT is internally divided into 4 smaller sub-LUTs, each one with a
read port and 64 entries. If the quantized data bitwidth is 6 bits or less, the 4 "small”
LUTs can be used in parallel to enable 4 reads from one 256-entry "big” LUT. For less than
6-bit quantization, some of the LUT entries are redundant and are not used at runtime.

7. Bubbles and the Roof-Surface. We set the number of "big” LUTs to L < W to
limit DECA’s area. If the Wnd of a vOp is larger than L elements, the vOp occupies the
Dequantization stage for more than one cycle. This injects one or more bubbles in the
pipeline, which reduce the vOp throughput. For example, the Wnd of a dense 8-bit
quantization scheme is W and, therefore, a vOp will always require W /L cycles for
dequantization. Although setting L < W limits the DECA throughput for dense
quantization schemes, this is not a major concern. The reason is that dense schemes like
BF8_100% and MXFP4 require less vector throughput (i.e., VOS) in order to escape the
vector (VEC) region. This can be seen in the BORDs of Figure 23.

On the other hand, sparser schemes require a higher VOS to escape the VEC-bound
region. Luckily, this is naturally achieved by the DECA pipeline: the probability that the
Wnd of a vOp is larger than L decreases with sparsity. Thus, fewer bubbles are introduced
for sparse schemes, naturally achieving higher throughput than their dense counterparts for
the same L. The same behavior is achieved for lower bitwidth schemes because they can
perform more than L reads in parallel from the LUT array.

8. Generality and Performance. DECA supports quantization formats of 8 bits and
lower, group quantization, and unstructured sparsity, which cover most current and likely
future model compression schemes. DECA’s design is flexible, since by changing the values
in its LUT array and/or using different scale factors, it enables the support for a rich set of

formats without redesigning the hardware. Additionally, individual stages can be skipped if
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they are unneeded (e.g., quantization without sparsity). In terms of performance, the main
benefit of DECA is that it replaces multiple vector (AVX) instructions by a single vOp
that performs the whole decompression—dequantization, expansion, and scaling—for W
elements. The decreased vOp count increases the Al (Section 4.4), moving the points

away from the VEC region.

4.6.2 Quantitative Microarchitecture Design

We now show how DECA’s W and L relate to the Roof-Surface model quantitatively.
Consider Equation 2. We should express how the parameters in the equation depend on W
and L. Of all the parameters, only Alyy depends on W and L. Indeed, VOS is fixed to
c* 1% f, since each of the ¢ CPU cores has one DECA PE that completes at most one vOp
per cycle and operates at the core frequency f. On the other hand, the Al  of different
kernels depends on DECA’s W and L parameters. To calculate Alyy,, we need to add-up
the number of vOps that are needed per tile plus the number of bubbles that are generated
per tile.t

The number of vOps per tile is #vOps = 512/W, since each tile has 512 elements and
a single vOp produces W elements. We express the number of bubbles per tile as
#bbl = #vOps * bpv, where bpv is the number of bubbles per vOp. Since bubbles can only
be generated due to insufficient resources in the Dequantization stage, we use L, to denote
the maximum number of elements that DECA can dequantize in a cycle. L, is equal to L
for 8-bit quantization schemes, 2 % L for 7-bit, and 4 % L for 6-bit and below. Without
sparsity, bpv = ceil(W /L,) — 1. With sparsity, the bubble generation is not deterministic,
as it depends on the number of nonzeros in a compressed tile. For a matrix of density d, if
we assume that nonzeros are uniformly distributed, then the number of nonzeros in W

consecutive matrix elements is a binomial distribution with parameters W, d. We compute

“Note that to calculate the ATy, for decompression with a CPU core instead of with DECA, we also have
to take into account CPU core bubbles (e.g., due to dependencies between AVX operations and operation
latencies).
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the expected number of bubbles as:

w
bpv = Zij k-P(kL,< NNZ < (k+1)L,)

= Z (k+1)Lyi;W,d) — F(kL,; W, d)]

where F'(i; W, d) is the binomial cumulative distribution function. Finally, the Al is
given by 1/[#vOps * (1 + bpv)].

Intuitively, given a DECA architecture with a given W and L, a certain kernel
introduces an average number of bubbles per decompressed tile equal to #vOps * bpv. As
one tunes the architecture by modifying W or L, the number of bubbles may increase or
decrease, pushing the kernel in the Roof-Surface plot down or up, respectively, and moving
it closer to or farther away from the VEC-bound region, respectively. Consequently, we can
use the Roof-Surface model to perform an analytical Design Space Exploration (DSE). We
can plot the BORDs of different (W, L) pairs and pick the design that pushes all the
kernels out of the VEC-bound area at the minimum DECA hardware cost. In

Section 4.8.2, we perform such a DSE.

4.7 Methodology

1. Simulation and System Parameters. To evaluate our work, we simulate a 56-core
server with SPR-like parameters using an in-house simulator based on Sniper [186]. We
evaluate a DDR5-based and an HBM-based memory with about 260GB/s and 850GB/s
achievable memory bandwidth, respectively. We extend the simulator so each core has: (1)
a DECA PE, and (2) an 8-entry TEPL Queue and ports to support TEPLSs in the core
pipeline. Both cores and DECA PEs run at 2.5GHz. Our baseline DECA PE is
dimensioned with W=32 and L=8, but we also evaluate other options in Section 4.8.2.

2. Software and DECA Control Code Generation. As our software baseline, we use
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the Intel libxsmm kernels that overlap weight decompression and GeMM execution
(Section 4.2.4). To invoke DECA, we modify the libxsmm JIT compiler by replacing the
AVX decompression sequence with TEPL instructions.

To evaluate the effectiveness of DECA for compressed GeMMs in isolation, we
implement a large cascade of Fully Connected (FC) layers (without other types of layers)
and use Parlooper [187] for loop parallelization. The weight matrices in these layers have
~250M parameters, similar to the large FC layers of Llama-2-70B. Libxsmm and Parlooper
are integrated in the Intel Tensor Processing Primitives (TPP) Framework [188], which
supports end-to-end Llama-2 and OPT inference on CPUs. Hence, we use TPP as is for
software-only LLM inference, and by invoking the TEPL-augmented libxsmm kernels for
inference with DECA. We test batch sizes (N) of 1-64.

3. Compression Schemes. We evaluate the BF16, BF8, and MXFP4 compression
schemes, which we refer to as Q16, Q8, and Q4, respectively. We limit the compression
schemes to these because these are the ones supported by libxsmm. We also evaluate
unstructured sparsity with weight density ranging from 50% to 5% for Q16 (only sparsity)
and Q8 (quantization plus sparsity). The Q4 sparse kernels are not currently supported by
our libxsmm-Parlooper-TPP stack, so we cannot directly evaluate them. For end-to-end
Llama-2-70B and OPT-66B inference, the uncompressed dense Q16 baseline, Q16 with 50%
density (Q16_50%), and dense Q8 do not fit in the 64GB of HBM. Hence, we simulate a

larger HBM capacity for those schemes.

Table 9: Key DECA structure types, sizes, and port counts.

Structure Type | Total | Entry # Rd # Wr | # per
Size Size Ports Ports PE
SQQ SRAM | 2KB 648 1 1 2
TOut Reg SRAM | 2KB 64B 1 1 2
Bitmask Queue Regs 64B 4B 1 1 2
Scale Factor Queue | Regs 64B 2B 1 1 2
LDU CAM | 256B 8B 1 (+1 search) 1 2
Big LUT SRAM | 512B 2B 4 1 L=8
SD/DD Reg Regs 64B 64B 1 1 1
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4. Area and Power. We estimate the area and power of our DECA design with W=32
and L=8. Table 9 shows the key DECA structures. The key for the LDU CAM enters
through the search port. The design also includes 64 32-bit parallel prefix adders for
Parallel Prefix Sum / POPCNT, 32 BF16 multipliers for scaling, and a triangular crossbar
with 32 I/O ports, where each port is 2B wide.

To estimate the area of the SRAM/CAM structures (e.g., LDU and SQQ) and registers,
we use CACTI [102]. For the crossbar, BF16 multipliers, and adders, we use numbers
from [189], [190], and [191], respectively. We then use [104] to scale down the numbers to
7nm. Overall, we estimate the total area for 56 DECA PEs to be ~2.51 mm?2. Of this
area, the LDUs, SQQs, Bitmask queues, Scale Factor queues, and TOut registers consume
about 55%; the LUT array consumes 22%; and the rest consumes 23%. Given that the
total die area of a 56-core SPR is around 1600 mm? [192], the DECA area overhead is less
than 0.2%.

To estimate the power of the DECA PEs, we use CACTI and information from the
literature. We estimate the combined dynamic power (at maximum activity) and static
power to be 3.1W, or about 1% of the SPR TDP of 350W. Queues and registers contribute
with about 50% of DECA’s power, the LUTs with 21%, while the rest with 29%. When
idle, the DECA PEs consume less than 0.1% of the TDP.

We use CACTT to validate that all the memory structures meet timing, and [189], [190],
[191] to validate that the rest of the components also do.

5. Systems Evaluated. In our evaluation, we compare several SPR systems with TMUL
hardware that execute GeMMs and LLM workloads. Baseline is a system that loads
uncompressed BF16 weights from memory. Software-only is a state-of-the-art system that
loads compressed weights from memory and decompresses them using AVX instructions; it
uses the libxsmm library. DECA is our system, which loads compressed weights from
memory and decompresses them using DECA. Sometimes, we also use Optimal, an ideal

system that delivers the performance predicted by the roofline model and, therefore,
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assumes that all VEC overheads are hidden.

4.8 Evaluation
4.8.1 DECA for Compressed GeMMs

Figures 28 and 29 show, for different compression schemes, the speedups of the
Software-only, DECA, and Optimal systems over the Baseline, running the GeMMs in our

FC layer cascade for N=1. The compression schemes appear in increasing compression

factor.
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Figure 28: Compressed GeMM speedups for DDR and N=1.
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Figure 29: Compressed GeMM speedups for HBM and N=1.

For the DDR setting (Figure 28), DECA offers speedups over the Software-only

baseline only for high compression factors. This is expected since, according to the BORD
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in Figure 23b, only high compression factors are VEC-bound. The speedup of DECA over
Software-only reaches 1.7 for Q8 5%. For the HBM setting (Figure 29), DECA offers
speedups over Software-only for almost all the compression schemes. This is because, as
shown by the BORD in Figure 23a, almost all schemes are VEC-bound. The speedups
reach 4.0x for Q8 5%. In addition, in both DDR and HBM, the performance of DECA is
close to the Optimal one, revealing that DECA successfully hides the VEC overheads. We
repeated this analysis for batch sizes of up to N=16 and observed similar results.
DECA-augmented cores are much more capable at vector processing than conventional
cores. Figure 30 compares the performance of the DECA and Software-only systems for
different numbers of cores. The figure shows data averaged across all the compression
schemes for the DDR setting with N=4. We see that 16 DECA-augmented cores achieve
higher performance than 56 conventional cores. With DECA, the extra cores can run other

workloads that consume little memory bandwidth, or be power-gated.
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Figure 30: TFLOPS across all compressions for DDR and N=4.

To provide further insights into the performance of the Software-only (SW-only) and
DECA systems, Table 10 displays the percent utilization of the memory bandwidth, of the
TMUL, and of either the CPU’s AVX units or the DECA PE pipelines for different density
factors of the weight data. Since performance is proportional to the utilization of the
TMUL, the table shows that the DECA system has much higher performance than

Software-only.
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Table 10: Component utilization for Q8, N=1, and HBM.

SW-only DECA
Density Factor | MEM  TMUL AVX | MEM TMUL DECA
100% 74% 14% 50% | 93% 18% 75%
50% 66% 20% 88% | 92% 28% 1%
20% 35% 20% 89% | 91% 53% 63%
5% 19% 20% 89% | 73% 79% 87%

Since the operations of the three components overlap, the one with the highest
utilization ends up being the bottleneck. In the Software-only system, for almost all of the
densities, the bottleneck is the AVX vector units. This observation validates the
Roof-Surface prediction. With DECA, the memory bandwidth is much better utilized,
leading to direct performance improvements. As sparsity increases, the kernels take less
time to execute, as shown by the higher TMUL utilization. Hence, one would expect a
large increase in the DECA utilization. In reality, this is not seen. The reason is that, as
explained in Section 4.6, as sparsity increases, DECA naturally suffers fewer pipeline
bubbles and, therefore, increases its throughput.

Finally, we compare DECA with the alternative of scaling a CPU core’s vector
resources as a method to alleviate the decompression overhead. We model cores with: (1)
4x more vector AVX units (More AVX Units) or (2) 4x wider AVX units ( Wider AVX
Units). These AVX2048 units are optimistically modeled by removing the dynamic
instructions from 3 out of 4 iterations of the decompression loop. Since we do not modify
the system cache line, each AVX2048 memory operation is executed as 4 cache-line sized
operations. For these non-DECA systems, we do not scale the superscalar width of the core
or the number of L1 ports since, as explained in Section 4.4, such changes are prohibitive.
Figure 31 compares the speedups of DECA, More AVX Units, and Wider AVX Units over
Baseline for different compression schemes. We see that the performance of conventional

vector scaling methods is far below DECA’s.
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Figure 31: DECA vs traditional vector scaling for HBM & N=1.

4.8.2 Design Space Exploration with Roof-Surface

The DECA W and L parameters determine how fast DECA can decompress, but values
that are too large may increase area without real benefit. Here, we use the Roof-Surface to
examine the performance for different {W,L} pairs. To dimension DECA, we want to pick
the smallest {W,L} pair for which the predicted performance saturates (i.e., all the kernels
are predicted not to be VEC-bound anymore). Figure 32 shows the BORDs for the HBM
SPR system without DECA (a) and with DECA (b) with three different {W,L} sizes:
{W=8,L=4} (which we find is underprovisioned), {W=32,L=8} (which we find is the best
one), and {W=64,L=64} (which we find is overprovisioned).

We observe that, compared to a CPU without DECA, DECA has fewer vector
operations per second (VOS), since its VEC-bound region is larger. However, DECA
decreases the number of vector operations needed per matrix operation (i.e., it increases
Al ) as discussed in Section 4.6. The underprovisioned DECA with {W=8,L=4} is
unable to push the kernels out of the VEC-bound region. The overprovisioned one with
{W=64,1L=64} pushes them out, but more than needed. The best design ({W=32,L=8})
pushes them just enough so that they are out of the VEC-bound region.

We simulate the performance of these designs to validate the model’s accuracy. We find

that the DECA-best system is 2x faster than the DECA-underprovisioned one. The
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Figure 32: HBM BORDs with different-sized DECAs.

DECA-overprovisioned system is less than 3% faster than the DECA-best one. At the
same time, DECA-best is much cheaper than DECA-overprovisioned: it has 8x fewer
LUTs and half the W. Overall, the Roof-Surface model accurately captures the dynamics of

the matrix-vector-memory interaction and can guide microarchitectural decisions.

4.8.3 Analysis of DECA Integration and TEPLs

We now evaluate different decisions we made regarding DECA’s integration with a core.
We start with a base configuration where DECA reads compressed tiles from the LLC
(bypassing 1.2), writes decompressed tiles into the L2 for the core to read, and is invoked
using loads, stores, and fences. Then, we progressively enhance it to: (1) allow the
accelerator to read compressed tiles from the L2 and use the L2 prefetcher (+Reads L2),
(2) use its own prefetcher instead of the L2 prefetcher (+DECA prefetcher), (3) write to
the TOut Regs instead of to the L2 (+7TOut Regs), and (4) use TEPL instructions as in
Figure 26b instead of loads, stores, and fences (+TEPL (DECA)).

Figure 33 shows the speedup of each configuration over the base configuration for Q8

with different densities. We see that +Reads L2 improves performance for all densities.
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Figure 33: Speedups due to different DECA integration features for HBM and N=4.

The benefit comes from the L2 hardware prefetcher already available in the system, which
fetches future tiles, hiding the memory/LLC access latencies. +DECA prefetcher further
improves performance by using the DECA prefetcher rather than the default L2 one.
+TOut Regs and +TEPL (DECA) reduce or hide the DECA-core communication latency,
and are needed to execute instructions speculatively and out-of-order. Specifically, +TOut
Regs enables the core to directly fetch data from DECA, instead of taking the longer path
through the L2. Further, + TEPL (DECA) overlaps communication with computation,
hiding the former.

The effectiveness of +7TOut Regs and +TEPL (DECA) increases as the density
decreases. This is because DECA takes less time to process a lower density tile, while the
overhead of communication with the core remains constant. Thus, for lower densities, the
communication cost gets more exposed. TEPLs are very effective for low-density models:
for 5% density, they double the performance.

In Table 11, we perform a sensitivity study of the DECA prefetch degree (i.e., how
many tiles ahead to prefetch) for a GeMM compressed with MXFP4. We also compare to
no weight prefetching, and to prefetching weights using the default L2 prefetcher. In all
configurations, the L2 prefetcher also prefetches non-weight data (e.g., activations)
triggered by CPU loads (Other PFs). When the DECA prefetcher is active, the L2 one

does not prefetch weights.
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Table 11: Prefetching sensitivity analysis (MXFP4,N=4 HBM).

Prefetching L2 Miss Weight Other Perf.
Scheme (Million) | PFs (M) | PFs (M) | (TFLOPS)
No Weight Prefetching 90 0 6 2.9
Default L2 Prefetcher 12 78 6 3.5
DECA Pref. Degree 1 12 79 6 3.4
DECA Pref. Degree 5 1 89 6 6.0
DECA Pref. Degree 15 2 90 5 5.4

We see that the DECA prefetcher with degree of 5 (which is the one our evaluation
uses) offers great gains over both the default L2 prefetcher, and the DECA prefetcher with
degree 1. On the other hand, too deep prefetches (e.g., degree 15) start to hurt
performance. Also, we found that one of the key reasons for the performance gains enabled
by the DECA prefetcher is that it generates prefetches with virtual addresses, which work
seamlessly across physical page boundaries—in contrast to the physically-addressed
prefetches issued by the default L2 prefetcher that don’t cross pages. Finally, the number
of weight prefetches does not increase drastically with the degree. The reason is that the
DECA prefetcher does not issue duplicate prefetches; it filters out tiles for which prefetches

have already been issued.

4.8.4 DECA for LLM Inference

Lastly, we show the performance benefit of DECA for LLM next token generation (i.e.,
including the non-GeMM stages). Table 12 shows the next token latencies of the
Llama-2-70B and OPT-66B models on SPR with HBM, for 128 input tokens, 128 output
tokens, batch sizes of 1, 16, and 64, and different compression schemes. We compare
Software-only (SW-only) with DECA. In the table, the Q16 entries do not have a DECA
entry because DECA is not used with uncompressed data. Also, as explained in

Section 4.7, we simulate the Q16 model in SW-only assuming a larger HBM size that can
fit it. Indeed, an additional benefit of DECA is that it enables efficient execution of large

models that only fit in the HBM compressed.
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Table 12: Llama-2-70B & OPT-66B next-token latency (ms).

N=1 N=16 N=64

Model | System | Q16 Q4 Q8 30% | Q16 Q4 Q830% | Q16 Q4 Q8 30%
Llama | SW-only | 192.3 124.6 98.2 211.2  139.1 116.6 452.5  441.6 423.4

Llama | DECA - 68.3 59.6 - 82.7 5.7 - 2771 259.8
OPT SW-only | 178.5 117.0 91.3 2039 1323 111.7 470.0 436.4 407.3
OPT DECA - 60.8 53.9 - 81.8 75.5 - 236.5 230.6

We see that DECA substantially reduces the next-token latency compared to SW-only
for both models, and for all schemes and batch sizes. Using N=64 increases the next-token
latency to high values, and is generally less meaningful for inference with CPUs (Chapter
Supplement 4.12.1). Since N=64 is more compute-bound, compressed models for this batch
size are less effective in comparison with N=1 and N=16. In fact, without DECA, MXFP4
is almost ineffective. Overall, across models, batch sizes, and compression schemes, DECA
reduces the next-token time by 1.6x-1.9x over SW-only. If we only account for the more
meaningful batch sizes (i.e., N=1 and 16), this translates into a 2.5x-3.3x reduction over
the uncompressed base model (or a 1.6x-3.3x reduction if we include N=64). We observed

similar results for shorter and longer token sequences.

Table 13: Comparing CPU, CPU plus DECA, and GPU platforms for W4A16 compression,
Llama-2-70B, and N=1.

Metric SPR HBM | SPR HBM+DECA | RTX 6000 | A100 | H100
BW (GB/s) 850 850 960 1935 | 2000
Max compute (TFLOPS) 72 72 364 312 989
Next-token latency (ms) 125 68 58 40 38

We consider how close the performance of a CPU with DECA gets in comparison with
GPUs. Table 13 considers three GPUs (RTX 6000 ADA, A100 80GB PCle, and H100
80GB PCle), and lists their bandwidth, maximum compute capability, and next-token
latency from the repository in [193]. The results are for 4-bit quantized weights and 16-bit
activations (W4A16), Llama-2-70B, and N=1. We compare these numbers to results from
simulations of our CPU system with and without DECA. We see that, with DECA, the
SPR HBM system attains a next-token latency that is very close to RTX6000 ADA’s. In

addition, it has only a 1.8x higher next-token latency than an H100 GPU, despite the
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latter having 2.4x higher bandwidth and 14x higher maximum computational throughput.

4.9 Discussion

In this section, we briefly discuss two additional topics.

1. Utility of a DECA-inspired engine for other architectures. DECA is not limited
to Intel CPU architectures. It can also be used in other x86 processors such as AMD’s,; as
well as in processors with different ISAs, such as those of ARM and RISC-V. In both the
ARM and RISC-V memory models, fences are also needed to enforce st — ld ordering
when using store-based DECA invocation. Fences are needed to ensure that the accelerator
is first invoked before trying to read from it. Hence, TEPL-like instructions would also be
useful, and we expect the design to remain largely the same.

Regarding GPUs, similar to the TMUL, GPU Tensor Cores support only limited
quantization formats and do not support unstructured sparsity. Table 13 reveals that the
performance of kernels with 4-bit quantized weights largely scales with the bandwidth of
the GPU. This suggests that, for these kernels, GPUs are largely bottlenecked by memory
and not by decompression—thanks to the high vector FLOPS of GPUs compared to CPUs.

Currently, there are multiple software systems to decompress weights for GPUs. For
example, AWQ [168] includes a dequantization kernel, and Flash-LLM [157] de-sparsifies
data with unstructured sparsity and feeds it to the Tensor Cores. Although effective,
Flash-LLM ends-up substantially increasing the utilization of the L1 and shared memory of
the SMs, preventing full Tensor Core and HBM utilization. A DECA-inspired
decompression engine could reduce the L1 and shared memory pressure, and thus
potentially prove useful for GPUs for kernels involving sparsity or combination of sparsity
and quantization. NVIDIA recently introduced the TMA accelerator [194] for supplying
data from memory to Tensor Cores. Augmenting TMA with DECA-inspired decompression
capabilities is an interesting future direction.

2. Roof-Surface Generality. The Roof-Surface is applicable beyond Intel chips, CPUs,
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and decompression. It applies in any scenario involving chains of matrix, vector, and
memory operations. For example, beyond Intel, it can be used to model the performance of
a kernel involving Scalable Vector Extensions (SVE)[195] and Scalable Matrix Extensions
(SME) [180] in an ARM architecture. It can be used for non-CPU architectures that
involve separate matrix/vector units such as the AWS Trainium [11], [196], the TPU [9],
GPUs with their Tensor Cores and SIMT Cores, and the Tandem processor [19].

In addition, it is straightforward to extend the Roof-Surface for the general case of n
pipelined abstract cooperative compute domains and memory. A general n-dimensional
analytical model of the interaction of the domains can be derived as follows. First, one of
the domains is chosen as the target (T). The final performance equation will be a limit for
the operations of that domain. In this chapter, we chose the MTX as the T domain. Then,
we should express the Al of the T domain with respect to (1) memory (Alp,,), and (2)

every other domain D, (Alyp ). Alpa , where Bytesr,, is how many bytes
v P

: 1
18 Bytest,
need to be loaded from memory to execute one operation of the 7" domain. The Al is

given by %, where #Tops and #D,ops are the total number of operations in the
target kernel from domains 7" and D,, respectively. Then, the performance model equation

in predicted Tops/second or T 08 is given by:

TOS = min{ MBW x Aly,;, D,0S x Al . ..., D, 08 x Al } (3)

where D;0S is the rate at which the architecture can execute operations from domain D,.
For more than two domains plus memory, visualization requires more than 3 dimensions,
but the model can still be used to produce performance limits or identify limiting factors
analytically. If the resulting model is 3-D, then the visualization techniques in this chapter

(Roof-Surface and BORDs) apply.
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Table 14: Comparison of DECA with related tightly-coupled accelerators.

Accelerator Supports Supports Supports GeMM High Fine-grained Core HW
Different ~ Struct.  Unstruct. Execution GeMM Interleaving Changes
Quant.  Sparsity  Sparsity Units Tput  with the Core Required
TMUL [150] Limited X X Matrix v v N/A
TensorCore [6] Limited 2:4 X Matrix v v N/A
RASA [197] X X X Matrix v v Many
VEGETA [123] X 2:4,1:4 X Matrix v v Many
SAVE [122] X v v Vector X v Many
SPADE (Chapter 3) X Ve v Vector X X None
DECA v v v Matrix v v Few, reusable

4.10 Related work

1. Decoupled Accelerators. A variety of stand-alone decoupled accelerators that target
sparsity in ML and scientific applications have been proposed [79], [80], [120], [198], [199],
[200], [201], [202]. Other decoupled accelerators rely on quantization [203], [204], [205].
Recently, accelerators for attention are also becoming popular [206], [207], [208], [209],
[210]. Decoupled accelerators come with large area and power budgets [123], and suffer
from data movement overheads (Chapter 3).

2. CPU-integrated Accelerators. Due to the previous reasons, CPU-integrated
tightly-coupled accelerators that reside in or near the CPU cores have been proposed [17],
92], [122], [123], [197]. DECA falls in this line of work. Table 14 shows a taxonomy of the
tightly-coupled accelerators that are most related to DECA. The table classifies the
accelerators based on whether they support (1) different quantization schemes, (2) sparsity
(and what type), (3) high GeMM throughput, and (4) fine-grained interleaving with the
core; whether they use matrix or vector units to execute GeMMs; and whether they require
core hardware changes.

3. Tightly-coupled accelerators using matrix operations. Traditional matrix units
such as TMUL [150] and RASA [197] cannot deal with compressed tiles. To avoid the need
for tile decompression, some accelerator designs inside the core pipelines [6], [123], [211]
including VEGETA [123] augment matrix units with support for specific structured

sparsity patterns. Such an approach increases hardware complexity in the core (e.g., a
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larger matrix unit, more architectural registers, or changes in register renaming). Further,
although this approach can increase the matrix throughput (MOS) by skipping some
computations with zeros, our Roof-Surface analysis of Section 4.4 reveals that such an
increase is unneeded for our kernels: most of them become memory-bound after leaving the
vector-bound region. Note that VEGETA can be paired with software that conservatively
transforms unstructured to structured sparsity, as the hardware does not support
unstructured sparsity natively.

Other designs augment the matrix units with native support for more efficient lower bit
quantization formats [6], [205]. However, such designs require extra hardware in the matrix
unit for each one of the supported formats. Further, the hardware needs to be redesigned if
a new, previously unseen, quantization format emerges. In contrast, DECA can support a
rich set of quantization formats without requiring extra hardware for each one: it can
change the values in its LUT array and/or use different scale factors.

4. Tightly-coupled accelerators using vector operations. SPADE (Chapter 3) and
SAVE [122] are accelerators for sparse applications designed to be integrated with CPUs.
Instead of relying on matrix units, they use vector units to execute the actual GeMM.
While this approach might work for highly sparse matrices, using the high-throughput
matrix units is necessary for the moderately sparse matrices found in ML models [212].

Overall, as shown in Table 14, DECA offers a unique combination of characteristics. It
supports a rich set of quantization schemes combined with structured or unstructured
sparsity. It enables high GeMM throughput by cooperating with the TMUL matrix units.
Further, by using the TEPL instructions for speculative invocation, DECA enables
fine-grained interleaving with the core. At the same time, it introduces only a few changes
to a core’s pipeline, which could potentially be reused for other accelerators.

5. Performance Models. Gables [213] is a related performance model for multiple
compute domains and memory with a 2-D visualization. Gables models heterogeneous

compute engines accessing memory independently and in parallel. In contrast, Roof-Surface
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models a serial (pipelined) combination of multiple engines, where one engine accesses
memory and produces data for a second engine. As a result, Gables only uses Arithmetic
Intensity (AI) with respect to memory for each engine, while the Roof-Surface defines Al
from one engine to the other (e.g., Alxy ). Overall, the two models target different settings

and are orthogonal. Combining them into a single model is an interesting future direction.

4.11 Conclusion

To improve LLM inference in advanced CPU platforms with in-core GeMM engines and
HBM, this chapter made three contributions: the Roof-Surface performance model, the
DECA tightly-coupled accelerator for ML-model decompression, and the TEPL ISA
extension for out-of-order accelerator invocation to hide communication latency. Our
evaluation showed that DECA is very effective. In a simulated 56-core Xeon 4 server with
HBM, DECA accelerated the execution of compressed GeMMs by up to 4x over the use of
optimized Intel software kernels. Further, DECA reduced the next-token generation time of

Llama-2-70B and OPT-66B by 1.6x—1.9x.

4.12 Chapter Supplement: Effect of Batch Size

4.12.1 Batch Sizes in LLM Inference with CPUs
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Figure 34: Llama-2-70B next-token time (latency) and tokens-per-second (throughput) scal-
ing for different batch sizes N.
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This section examines what batch sizes are meaningful for LLM inference using modern
CPU servers like SPR equipped with AMX extensions. Figure 34 shows how the
next-token time (latency) and tokens-per-second (throughput) of the (uncompressed)
Llama-2-70B model scale with the batch size N. We see that as N scales from 1 to 16, the
throughput increases linearly, while the latency remains constant. For N>16, which is the
TMUL throughput saturation point (Section 4.2.3), the next-token time increases without
linear gains in throughput. Although hyperscalers commonly use batch sizes of 64 in LLM
serving with (multiple) GPUs [214], a single CPU has utility for smaller batch sizes (e.g.,
for low-latency single-user scenarios). For this reason, in this work we mainly focus on sizes

from 1 to 16.

4.12.2 Effect of Batch Size on the Roof-Surface

This section examines how the Roof-Surface and BORDs change as the batch size N
changes from 1 to 16. Note from Equation 2 that N appears outside of the min-clause.
Further, the Aly,, is not affected: A weight tile is only used in one matrix operation, since
batch sizes from 1 to 16 can all be handled using a single matrix operation (Section 4.2.3).
Although such operation has different FLOPS depending on the batch size, Aly,, is not
affected. Finally, Al also remains unchanged. Thus, as the batch size changes from 1 to
16, the min-clause does not change and the BORDs look exactly the same. For example, if
a kernel is VEC-bound for N=16, it is also so for N=1 and vice-versa. The 3D roof-surface
itself just scales in height as N increases.

As the batch size increases beyond 16, things change. Take N=64. First, the TMUL
throughput saturates, and thus the height of the 3D roof-surface remains equal to the one
for N=16. Second, each weight tile can now be reused in 4 matrix operations, increasing
the Alyx,; by 4. The Al can also increase by 4 by decompressing only once per weight
tile, and re-using the result for the other 3 matrix operations. The resulting BORD is

shown in Figure 35. Note that the axes in the figure display a larger range of arithmetic
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intensities than in Figure 23a. We see that points are shifted up and right. However, many

kernels still remain VEC-bound, even for this batch size that is less meaningful for

low-latency CPU inference.
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Figure 35: HBM BORD N=64.

114




Chapter 5 Near-Core Accelerator Abstraction and Extensions

5.1 Introduction

For over a decade, GPUs and ASIC accelerators [9], [10], [11], [12], [196] have emerged as
popular platforms that use specialized hardware designed for certain tasks. Such
architectures deliver substantial improvements in domains such as machine learning [215]
and scientific computing [216].

In practice, however, many applications require some computations not supported by
specialized hardware, or demand more memory than available in specialized architectures.
In such scenarios, programs running on GPUs or accelerators need to fall back to CPU
hosts to perform such computations [19], [20], [21], [22], [23], [24]. Unfortunately, as
discussed in Chapter 3, interleaving CPU and accelerator phases often carries substantial
overheads (e.g., data movement) that decrease the end-to-end efficiency [24], [27]. In some
cases, this overhead can be mitigated with substantial systems engineering effort and
expertise [23], [24], [217]. However, such resources are typically unavailable to the average
user. Hence, one would like an architecture that combines domain-specific levels of
performance with the programmability and flexibility of CPUs without high coordination
or communication costs.

For this reason, both industry and academia have shown interest in integrating
accelerators in CPU multicores [16], [18], [92], [122], [123], [149], [211], [218], [219], [220].
Accelerators have been integrated with CPUs in two different ways. The first one
integrates accelerators as advanced functional units inside the core pipeline. One example
is the Intel TMUL [150] for matrix multiplication. The second approach places the
accelerators outside of the core pipelines. Notable examples include the Intel DSA and TAA
for data-center taxes [16], [18]. Such accelerators are decoupled from the CPU cores and
are typically attached to the cache subsystem.

These two approaches differ beyond their spatial placement of the accelerators: the
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interaction of the accelerators with the architectural state of the CPU cores is different.
The first approach follows what we define as the In-Core Accelerator (ICA) abstraction.
ICAs read input data from core architectural registers and write output data to core
architectural registers. Further, ICA invocations are stateless: they do not leave any
internal state in the accelerator after execution. An advantage of ICAs is that they can
seamlessly interleave their operations with those of the CPU core at fine granularity. A
shortcoming is that, as ICAs rely on the core’s general-purpose memory access hardware,
they are limited by the modest memory-level parallelism that CPU cores can sustain [221].

The second integration approach follows what we call the Out-of-Core Accelerator
(OCA) abstraction. OCAs can read their inputs from the memory system and write their
outputs to the memory system. The execution of a task may leave state in the accelerator
after the task completes. An advantage of OCAs is that they can access the memory
system with high performance by utilizing specialized memory access hardware [92], [165].
A shortcoming is that OCAs cannot be invoked out-of-order or speculatively by CPU cores,
as there is no way of undoing the effects of the accelerator execution in case of
misspeculation. As we show later, this limitation exposes control and communication
overheads when cores and OCAs interleave their computations at fine granularities.

To address the shortcomings of ICAs and OCAs and combine their advantages, this
chapter proposes the Near-Core Accelerator (NCA) paradigm. Like OCAs, NCAs can
directly read data from the memory system, potentially utilizing specialized memory access
hardware for high performance. Like ICAs, NCAs never write to memory, but instead
always write their outputs to core registers, and their invocations are stateless. This allows
NCAs to be invoked speculatively and out-of-order, enabling both core-accelerator
execution overlap and high-performance core-accelerator communication.

We then introduce the Accelerator Task Extensions (ATX) to support the interaction
between a CPU core, multiple NCAs, and the cache subsystem. ATX consists of a set of

instructions and hardware extensions for NCA control and communication. From the core’s
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viewpoint, an ATX instruction appears as a long-latency load that eventually returns data
to core registers. In the background, the instruction starts a task at an NCA that issues a
set of loads, performs the required computation, and returns its outputs to core registers.
ATX instructions can execute speculatively and out-of-order because NCAs never write to
the memory system and are stateless.

ATX includes the Unified Transfer Engine (UTE), a programmable hardware module
that interfaces the CPU core with multiple NCAs, and the memory system. One of the
UTE functions is to fetch and prefetch data from the memory system and move it to the
NCAs with high performance. The UTE is programmed to handle diverse memory access
patterns using a stream-based abstraction [222]. The second UTE function is to act as a
virtualization layer, to schedule, overlap, and pipeline memory accesses and computation
across multiple NCAs transparently to the CPU core.

We evaluate ATX NCAs through simulation of a Sapphire Rapids-like (SPR) server
with 64 cores, each augmented with an NCA. The server has HBM [149], [223] with
scaled-up memory bandwidth to match state-of-the-art decoupled accelerator platforms [7],
[224]. We evaluate important kernels from machine learning and scientific computing that
interleave CPU core and accelerator execution in a fine-grained manner. Our evaluation
reveals that ATX NCAs are very effective: they deliver speedups of 2.7-4.0x, 1.3-2.3 %,
1.4-3.9x, and 2.6-18x over execution using CPU cores only, ICAs, L2-attached OCAs, and
LLC-attached OCAs, respectively.

Overall, this chapter’s contributions are:

e A classification of CPU-integrated accelerators based on their interaction with the
architectural state of the CPU cores.

e The Near-Core Accelerator (NCA) paradigm.

e The ATX instructions and hardware extensions for interfacing a CPU core, NCAs, and
the memory system.

e A simulation-based evaluation of a CPU server with ATX NCAs for various important

117



kernels.

5.2 The case for Near-Core Accelerators

The integration of accelerators in CPU multicores combines domain-specific levels of
performance with the programmability and flexibility of CPUs [16], [18], [92], [122], [123],
[149], [211], [218], [219], [220]. In this section, we analyze two different approaches that
have been used to integrate accelerators with CPUs: In-Core Accelerators (ICAs) and
Out-of-Core Accelerators (OCAs). Based on the analysis, we then introduce a new
abstraction for a class of accelerators that we term Near-Core Accelerators (NCAs). NCAs
attempt to combine the advantages of ICAs and OCAs for applications that require
fine-grained core-accelerator interleaving and high-performance data provisioning from

memory.

5.2.1 In-Core Accelerators (ICAs)

One approach to integrate accelerators in CPUs is to place them in the core pipeline as
advanced functional units. This is the approach followed by commercial offerings such as
the Intel TMUL [150] for matrix multiplication controlled with the AMX instruction
set [150], [225], or the vector units employed by most major CPU vendors [195], [226],
[227], [228]. This approach is also followed by some research proposals [122], [123], [211].
These accelerators have a way of interacting with the core’s architectural state that we
refer to as the In-Core Accelerator (ICA) abstraction. An ICA reads its inputs from core
architectural registers and writes its outputs back to core architectural registers—e.g., tile
registers for the TMUL. Further, ICA invocations are stateless: they do not leave any
internal state in the accelerator after execution.
ICAs are attractive because they can seamlessly interleave their operations with those
of the CPU core at fine granularity. Indeed, they can be invoked by the CPU core with

out-of-order instructions, and execute while the core executes other instructions. This is
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possible because the effects of a wrong ICA invocation can be reversed in case of a
misspeculation: the wrong data the accelerator has produced is still in uncommitted
register state, which can be rolled back using existing core mechanisms. Further, as the
invocation is stateless, no “wrong state” is left in the accelerator that could affect future
accelerator invocations. This is why Intel AVX and AMX instructions can execute
speculatively. With this support, ICAs can deliver high performance in workloads that
require fine-grained interleaving between accelerator and core tasks.

The main shortcoming of ICAs is that they access the memory system through the
core’s general-purpose memory access hardware—e.g., the load-store queue (LSQ). This
limits the amount of exploitable memory-level parallelism (MLP), and in turn the
performance. Although high-performance CPU cores rely on advanced techniques to
exploit MLP such as advanced prefetchers, the increased demands of the accelerators
render such techniques insufficient. With insufficient MLP, the accelerated kernels can
quickly become memory bound.

To assess the problem, we simulate two scenarios using the simulation infrastructure of
Section 5.5. One is the 64 cores of an Intel Sapphire Rapids (SPR) server executing a
Sampled Dense Matrix - Dense Matrix Multiplication (SDDMM) kernel [70], [99]. The
other is the same server where cores are augmented with perfect ICAs that execute the
computation operations of the kernel at zero cost. We call these scenarios Core and +ICA,
respectively. In both cases, the architecture includes industry-grade prefetchers, validated
against the actual prefetchers in SPR servers (Section 5.5).

Figure 36 shows the execution time of these two scenarios for five sparse matrices
described in Section 5.5. For each matrix, the bars are normalized to Core and broken
down into memory- and core-bound execution cycles. The former are the stall cycles due to
memory system accesses. We see that, without the accelerators, the average execution is
composed of ~65% of core-bound cycles and ~35% of memory-bound cycles. This justifies

the need for an accelerator. With +ICA, computation gets accelerated and the core-bound

119



53100/ ASI LIV DEL PAC SER Avg
S 9% i T 1 T 1
s 1 U Un 1
U0 dn W Ml R = ey
5,00 HU WU Hu W@ 0L
st o M _HN_HN_NN_NH |
8 o CF LF LK F L& e
GX (OXE% (O Y GXE% Y

Figure 36: Breakdown of SDDMM cycles with/without an ICA.

cycles decrease by more than 55% on average. Unfortunately, the total cycles decrease by
only 25% on average. The reason is that the memory-bound cycles remain or even increase.
More than 62% of the total +ICA cycles are memory-bound. This shows that, even with
the help of state-of-the-art prefetchers, the core is unable to provide data at the rate

required by the ICA.

5.2.2 Out-of-Core Accelerators (OCAs)

The second approach to integrate accelerators in CPUs is to place them outside of the core
pipeline [16], [18], [92], [218], [229], [230], [231]. Examples of commercial offerings following
this approach are the Intel Data Streaming Accelerator (DSA) and In-memory Analytics
Accelerator (IAA) [16], [18], the Intel NPU [229], and the GPU in the AMD APU [230],
[231]. These accelerators are placed on the chip far away from the cores (sometimes in the
corner of the die [16], [192]), and can only access the LLC and main memory. Other
accelerator proposals [218] can also access private cache levels.

Such accelerators interact with the system’s state by following what we call the
Out-of-Core Accelerator (OCA) abstraction. OCAs can read their inputs from the memory
system and write their outputs to the memory system. The execution of a task may leave
state in the accelerator after the task completes [232].

An advantage of OCAs is that they can access the memory system with high
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performance, as they can utilize specialized out-of-core memory access hardware [92], [165].
A limitation of OCAs is that they cannot be invoked out-of-order or speculatively by CPU
cores, as there is no way of undoing the effects of their execution in case of
misspeculation—e.g., if an exception or branch misprediction happens. In many cases, the
communication between a core and an OCA is performed with polling [18], [233], where the
accelerator is treated as an MMIO device and is invoked using non-speculative CPU stores.
The CPU first checks the accelerator status by reading accelerator registers and, when the
accelerator is ready, starts a new task by writing to other accelerator registers. Fences are
required between accelerator invocations (which are memory stores) and subsequent polling

on the accelerator (which are memory loads), to prevent store—load reordering.

ROB HEAD ROB HEAD ROB HEAD
0 o| OCA Invoke | Issued 0
1 1 4 1| OCA Invoke | Blocked
2| OCAInvoke | Blocked 2 long 2 Fence
3 3 latency 3 Load Blocked
instruc.
4 4 4
5 5 v 5| OCALoad | Blocked
6 6| OCA Invoke | Blocked 6
(a) OCA cannot be (b) OCA invocations are (c) Normal core
invoked until invoke serialized with each other and loads cannot issue
reaches ROB head with core operations due to Fences

Figure 37: Examples of core ROB state when invoking an OCA.

To understand the inefficiencies of the current approach for CPU cores to communicate
with OCAs, consider Figure 37, which shows three examples of the contents of a core’s
reorder buffer (ROB). In the figure, the ROB head is at the top. In Figure 37(a), we show
that an OCA invocation instruction (which is a regular memory store instruction) is
blocked from being issued until it reaches the head of the ROB—and hence is not

speculative. Figure 37(b) shows that the invocations of two OCAs cannot overlap, since
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only one invocation can be at the ROB head at a time. Note that this does not mean that
OCA tasks cannot overlap, but rather that the operations of starting tasks cannot overlap.
Finally, Figure 37(c) shows that, for correctness, a fence is needed between an OCA
invocation (i.e., a write) and a subsequent load to check the status of that OCA.
Unfortunately, the fence also blocks normal (non-OCA) loads (e.g., the one at ROB index
3).

These communication inefficiencies do not matter for long tasks. However, they are
detrimental to performance for small tasks that are finely interleaved with core execution.
In an ideal scenario, OCA invocations would behave like normal instructions: they would
execute speculatively and out-of-order when their inputs are available, and be squashed

and re-executed on branch mispredictions or exceptions.

5.2.3 The Case for Near-Core Accelerators (NCAs)

Neither ICAs nor OCAs simultaneously support fine-grained CPU-accelerator execution
interleaving and high-performance data access to the memory system. To fill this gap, we
propose the Near-Core Accelerator (NCA), a new abstraction for CPU-integrated
accelerators that can be viewed as an intermediate point between ICAs and OCAs. Like
OCAs, NCAs can directly read data from the memory system, potentially utilizing
specialized memory access hardware for high performance. Like ICAs, NCAs never write to
the memory system, but instead write their outputs to core registers, and their invocations
are stateless. This allows NCAs to be invoked speculatively and out-of-order, enabling both
high-performance core-accelerator communication and fine-grained core-accelerator

execution interleaving.

5.3 ATX Overview and Instructions

To support NCAs, we propose a general framework that we call Accelerator Task

Extensions (ATX). ATX consists of a set of instructions and hardware extensions to
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Figure 38: ATX instructions and an ATX NCA task.

(b) ATX NCA task

support the interaction between a CPU core, multiple NCAs, and the cache subsystem.
ATX unlocks the full potential of NCAs by supporting speculative and out-of-order NCA
invocation, and accelerated data provision from the memory system. In this section, we
first describe the high-level interaction between cores, NCAs, and the memory system. We

then detail the ATX instructions, which cores use to invoke and control NCAs.

5.3.1 High-Level Overview

A single ATX instruction executed by a core invokes an NCA task and returns the task’s
output in core registers. Figure 38(a) shows ATX instructions (called ATX Ins). As an
NCA task executes, it reads data from the memory system without core involvement,
performs computation, and then returns a result. As represented in Figure 38(b), the reads
from memory use configurable and potentially inter-dependent memory streams [222]. An
ATX instruction includes input core register operands that carry metadata encoding all the
necessary information to configure those streams. We discuss how this is done in

Section 5.4. An ATX instruction also defines output core register operands to which the
NCA will write output data when the task completes. An ATX instruction retires from the

ROB when three conditions occur: the task has completed, the task output has been
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Figure 39: Interaction between a core, multiple NCAs, and the memory system.

written to core registers, and the instruction is at the head of the ROB. An NCA never
writes to memory.

From a core’s viewpoint, an ATX instruction behaves like a load instruction that loads
data from memory into registers. The computations performed by the task are invisible to
the core. The core treats ATX instructions like normal loads; they can be issued
speculatively and out-of-order, as soon as the instructions that produce their register
inputs have finished. If an ATX instruction is squashed due to a wrong speculation, it is
interrupted in the NCA without affecting architectural state.

Figure 39 shows a high-level overview of the interaction between a CPU core,
potentially several NCAs that it controls, and the memory system. The figure includes the
ATX Unified Transfer Engine (UTE), a hardware module that interfaces the three
subcomponents. There is one UTE per core. The UTE schedules the tasks invoked by the
CPU cores on the appropriate NCAs. Further, it reads task inputs from the memory
system on behalf of the NCAs, forwards the fetched data to the NCA input buffers (i.e.,
scratchpads), and routes task outputs from NCAs back to the CPU. We describe the UTE
in detail in Section 5.4.

While the NCA abstraction does not specify the location of the accelerator in the cache
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hierarchy of a core, the ATX design that we propose places the UTE and NCAs next to the
L2 cache. This is a “goldilocks zone” that enables fast core-accelerator communication,
while limiting intrusion into the core pipeline. Further, such proximity enables the UTE to
share the L2 TLB with the core and utilize the L2 for buffering and reusing
data—minimizing the need for large scratchpads.

The interaction between core, NCAs, and memory system is as follows. At step @), the
UTE receives an ATX instruction from the core’s ATX Port for an NCA task. The UTE
generates the addresses of the input data of the task, utilizing metadata in the ATX
instruction, and generates read requests directed to the core’s L2 at step ). We describe
the exact mechanism of address generation later. Requests use the existing memory access
flow when they encounter an L2 cache miss.

The UTE operates on virtual addresses and uses the core’s L2 TLB and MMU for
memory address translation. Also, when the UTE reads the L2, it always gets the latest
value of the data. If the requested line is dirty in the core’s L1, existing coherence
hardware mechanisms will provide the latest version of the line from L1. The UTE never
writes to the L2 or memory.

At step @), the input data received from the L2 is written to the input buffers of the
appropriate NCA. Once all the input data is collected, the UTE signals the NCA to start
execution. When the NCA execution completes, the UTE is notified and, at step @, the
UTE reads the output data. At that point, the NCA is freed and can accept a new task.
Then, at step &), the NCA output is returned to the core through the ATX port and
written to a core register (specified in the ATX instruction) in the core’s physical register
file (PRF). The ATX instruction then completes. The core may use the output data for

other computations or write it to the memory system (step @).
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Opcode Input Operands Output Operands
ATX V2V1 Vec Reg 1 Vec Reg 2 Vec Reg 3

ATX VT2 Vec Reg 1 Tile Reg 1 Tile Reg 2

Figure 40: ATX instruction format for two example instructions.

5.3.2 ATX Instructions

The ATX instructions and the core pipeline extensions needed to support them are
NCA-agnostic and reusable across different NCAs. The ATX instruction format consists of
(1) an opcode that determines the number and type of input/output operands, (2) input
architectural register operands, and (3) output architectural register operands. Figure 40
shows two example instructions. The opcode of the first instruction (ATX V2V1) means
that the instruction has two input vector register operands and one output vector register
operand. The opcode of the second instruction (A7TX V1T2) means that the instruction
has one input vector register operand and two output tile register operands (using AMX
terminology [150]). We use ATX instructions with a different number and type of input
and output register operands to accommodate the diversity in NCA tasks. The input
operands carry the type of the task and information needed by the UTE to generate the
input memory addresses (Section 5.4). They may additionally include control data that is
transferred directly to the NCA. When the instruction completes, the NCA output is
written to the output operand registers.

To support the ATX instructions, the core pipeline is extended with an ATX scheduler
as shown in Figure 41. It consists of: (1) the ATX Queue, which contains information
about the ATX instructions in the ROB, (2) ATX Reservation Stations that participate in
the core’s wake-up logic, and (3) scheduling logic that issues ATX instructions to the ATX
Port once their (renamed) input registers are ready. After the instructions are issued to the
ATX Port, they are sent to an internal queue in the UTE. If this queue is full, a structural

hazard prevents further ATX instructions from being issued. When an ATX instruction
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Figure 41: Pipeline extensions to support ATX instructions.

completes, the UTE returns the output to the core, which is then written to the physical
register file. Note that, although in our work we have used a single port for the UTE,
multiple ATX ports are possible. ATX instructions are committed in-order with the other
instructions.

Figure 41 shows the status of 4 ATX instructions and a regular load in a core’s ROB.
In contrast to Figure 37, ATX instructions do not have to reach the ROB head to be issued
to the NCA. ATX instructions can be issued out-of-order, as long as their dependencies are
resolved. Further, the need for fences is eliminated and regular loads can be issued freely.
The figure shows that ATX Insl has completed but not retired, ATX Ins2 is in a
reservation station because it depends on an input that is not yet available, ATX Ins3 has
already been issued to the UTE, and ATX Ins4 is currently being issued from a reservation

station to the UTE.

5.3.3 Memory Consistency Implications of ATX Instructions

ATX instructions do not affect the possible orderings between regular (non-ATX) loads
and stores in a TSO-consistent system. However, the loads in a task started by an ATX

instruction (i.e., ATX Task loads), have more relaxed memory consistency semantics. Such
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loads are not tracked by the core’s load queue and, therefore, do not get squashed and
replayed if a cache line accessed by the task gets evicted from the local caches or receives
an invalidation. As a result, ATX Task loads appear weakly-ordered with respect to other
ATX Task loads and with respect to normal core loads. This behavior is exposed as part of
the ATX memory model, such that programmers and compiler developers can add
appropriate synchronization code if stronger ordering is needed.

A second issue with ATX instructions relates to store-to-load forwarding. An ATX
Task load cannot read data from stores currently residing in the core’s store queue or store
buffer. The reason is that the load is issued by the UTE, and the UTE does not have
access to the core’s store queue or store buffer. The load always reads data directly from
the L2 cache. To ensure that the ATX Task loads do not read stale data, the programmer
or compiler must add a fence between a store and a subsequent ATX instruction that could
start a task that consumes data produced by the store. This situation should be avoided,
as it cancels out the benefit of speculative execution of ATX instructions. Hence, during
the execution of a kernel, any data that the core generates for an NCA should preferably
be communicated through input registers rather than through memory. Communication
through registers is handled correctly by the existing dependency checking mechanism in

the core without needing fences.

5.4 The Unified Transfer Engine (UTE)

This section details the ATX Unified Transfer Engine (UTE).

5.4.1 Main Idea

The UTE is an out-of-core module that interfaces the NCAs, memory system, and the core
(Figure 39). It serves two main goals: core-NCA interface virtualization and accelerated
data provision for NCAs.

1. Core-NCA Interface Virtualization. The UTE acts as an interface between the
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core and the different NCAs to avoid making changes to the core’s pipeline or adding core
ports each time a new NCA is added. The core sends ATX instructions to different NCAs
indirectly, by issuing them to a single UTE port. When the core invokes an NCA task, it
does not need to track the status of the NCA that will execute it. In addition, the core
does not need to know how many different NCA instances can execute the task. Each
different task type has an identifier that we call Virtual Accelerator (VAcc) Id. The first
input operand of an ATX instruction includes, among other metadata, the VAcc Id of the
task type that the instruction invokes. The UTE has a mapping between VAcc Ids and
physical NCAs, each given by a Physical Accelerator (PAcc) Id. The UTE is responsible for
assigning and scheduling tasks to the appropriate physical NCAs. The UTE also routes
output data from NCAs to the core’s ATX port(s). The data is then written to the core’s
register file.

2. Accelerated Data Provision for NCAs. In Section 5.2 and Figure 36, we quantified
the inefficiency of using a core’s general-purpose memory access hardware to provide data
to accelerators. To eliminate this inefficiency, the UTE acts as an out-of-core interface
between the NCAs and the memory system. The UTE fetches and prefetches data for the
NCAs, and then writes it to NCA input buffers (i.e., scratchpads). To be able to handle
diverse NCA memory access patterns, the UTE is programmed using a stream-based
abstraction, largely inspired by [222]. In our work, streaming is the process of reading
memory elements of a specified size from a start to an end virtual address, possibly with a
stride. A task started by an ATX instruction needs at least one stream for each of the
input data structures participating in the NCA computation. For indirect memory
accesses, more than one inter-dependent streams may be needed to realize the necessary
fetch pattern of a data structure.

3. UTE Architecture. Figure 42 shows the architecture of the UTE. Before execution
begins, the programmer uses regular writes to UTE configuration registers to configure the

UTE with: (1) the mapping from VAcc Ids to PAcc Ids (i.e., which physical NCA instances
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Figure 42: Unified Transfer Engine (UTE) architecture.

can support which task types), and (2) the stream information for each of the VAcc Ids.
The latter includes the number of streams that the task type reads, their dependencies (if
any), and other metadata for their configuration. The UTE configuration information is
stored in two content-addressable memory (CAM) structures: the VAcc to PAcc Mapping
and the VAcc to Streams Mapping (Figure 42). Since the size of these structures is limited,
the programmer can remove entries when a task type is no longer needed—again using
regular writes to UTE configuration registers. If the core tries to configure more task types
than what the CAMs can hold, the UTE signals the core and an exception occurs.

The UTE CAM contents are part of the process state. To reduce context-switch
overhead, this state is lazily saved and restored by the OS only when a new process
attempts to use the UTE (and not at every context switch), via a trap mechanism.

In the following, we give details on the UTE microarchitecture, including the frontend,
the backend, the stream units, and the task prefetcher. We also show an example of how

the UTE is programmed.
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5.4.2 UTE Frontend Microarchitecture

The frontend is shown in light shade in Figure 42. To understand its operation, consider
the journey of a task. First, the ATX instruction that starts the task is placed in the
InTaskQ at step (. It waits there until it is allocated a physical accelerator instance
(PAcc), and a set of Stream Units at step @. To allocate a PAcc, the PAcc Allocator
checks the VAcc to PAcc Mapping module to see which PAccs are capable of executing the
task. To allocate Stream Units, the Stream Unit Allocator checks the VAcc to Streams
Mapping module to determine how many Stream Units are needed for the task. The
Stream Units are responsible for generating the memory addresses to load data from, and
the accelerator’s scratchpad addresses to write the loaded data to. The VAcc to Streams
Mapping module can optionally contain parent-child dependencies between streams. Once
the appropriate PAcc and Stream Units are identified as free, the task is dispatched to the
backend at step @).

Tasks do not need to be dispatched to the backend in order. If the task at the head of
the InTask@ cannot find the necessary resources, the next task in the InTask(Q is
processed. If the architecture does not include a PAcc that can handle the task (or if the
VAcc to PAcec mapping has not been configured), the UTE signals the core and the ATX
instruction causes an exception handled by the OS. We describe the Task
Predictor/Prefetcher of the UTE frontend in Section 5.4.6.

5.4.3 UTE Backend Microarchitecture

The backend is shown in dark shade in Figure 42. It contains a number of Stream Units for
address generation, and a Load Queue (LDQ)) to load data from memory. Since different
Stream Units can be concurrently active, a Stream Scheduler (step @) selects which
Stream Unit will issue a request to the memory subsystem (step &) at each cycle. We use
a simple age-based scheduling policy: the oldest streams issue first, while ties are resolved

in a round-robin fashion.
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The backend also contains one port per NCA (PAcc Port), which is used to write and
read data to/from the NCA. Each port has a Task Status flag to track the status of the
task. When data arrives from memory, it is sent to a Common Bus (step (6)) that connects
to the PAcc ports, and is forwarded to the appropriate NCA (step (D). Further, data that
arrives from memory for a parent stream is also forwarded through the Common Bus to the
Stream Units that implement its children streams. The Task Status is updated every time
the complete data for a stream arrives from memory and is written to the NCA. When the
data for all the streams of a task has arrived, the NCA is notified to start processing. Once
processing is done, the NCA’s output is moved to the Out@ (step @), and the task
completes, freeing-up the PAcc Port and Stream Units, and updating the PAcc Status and
Stream Unit Status modules. The output is written to registers of the CPU core at step (9.

The core signals the UTE every time that an ATX instruction is squashed because of a
branch misprediction or an exception. Then, the UTE interrupts the execution of the
corresponding NCA | invalidates any data already loaded into the NCA’s input buffers,
frees-up the corresponding PAcc Port and Stream Units, and updates the PAcc Status and
Stream Unit Status modules. Since NCAs are stateless, no state is preserved across NCA

invocations, and the NCA is ready to accept a new task.

5.4.4 Streams and UTE Stream Unit Microarchitecture

The UTE supports a rich set of NCA access patterns using the Stream Units. A Stream
Unit generates: (1) memory addresses to load from, and (2) NCA scratchpad (i.e. input
buffer) addresses to write to. We now describe only memory address generation, as
scratchpad address generation is similar. It is the programmer’s responsibility to size a
task so that: (1) the data loaded from Stream Units does not overflow the NCA’s
scratchpad, and (2) the output data of the NCA fits in the output register operands of the
ATX instruction.

A stream follows the fetch pattern of Figure 43. In the inner loop, data is loaded from
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while(1)
setup beg,end; // Start of a stream repetition
for(addr=beg; addr < end; addr+=size*stride)
load *addr; // Stream iteration
if (no_parent_stream or parent_stream_done) terminate;

Oad wN -

Figure 43: Memory access pattern of a stream.

memory starting at address beg and ending at address end, with a specified element size
and stride. A stream may have a parent stream. In this case, each iteration of the parent
stream causes a new repetition in each of its children streams. A repetition is the full
execution of the inner loop in the figure. Each stream repetition may have different bounds
(i.e., beg and end addresses). Fach stream occupies one Stream Unit in the UTE.

To illustrate the operation of a Stream Unit, consider the example of a task that takes
a set of rows of a sparse matrix stored in CSR format. For each row in the set, the task
computes the sum of its elements, and then stores the sum in a per-row buffer. The
pseudocode of the task is shown in Figure 44. The task uses two streams. Stream S1 loads
the row pointers stored in array row ptrs, and stream S2 loads the element values stored
in array wvals. The number of rows is r_end - r_start. For each row, the task reads the
pointers to the boundary elements in the row (edge_start and edge end), and then reads
the values of the elements in the row and accumulates them into a per-row buffer in the
NCA. After the task is done, the NCA output goes to the OutQ, and the UTE moves the
Out(Q contents to CPU core register(s).

In the example, before a repetition of the inner loop can execute and fetch a row of
data from 52, S1 must have brought the two elements that mark the bounds of the row.
This example shows that fetch patterns such as indirection and pointer chasing can be
implemented by making the bounds parameters of a stream (52) depend on the values
returned by another stream (S1), forming a parent-child dependency tree.

Figure 45 shows the information needed to generate memory addresses for the task.
Specifically, Figure 45(a) shows the values contained in the input operands of the ATX

instruction that are needed for address generation by the Stream Units. We call these
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for (r = r_start; r < r_end; r++)
load edge_start = row_ptrs[r]; // stream S1
load edge_end = row_ptrs[r+1]; // stream S1
for (e = edge_start; e < edge_end; e++)
load val = vals[e]; // stream S2
NCA accumulates val into a per-row buffer
UTE moves OutQ contents to CPU core register(s)

~NOoO O WN -

Figure 44: Pseudocode of an example task.
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Figure 45: Information needed for task address generation.

values runtime constants. The constants for S1 are c11 and ¢12: pointers to the beginning
and end of the row_ptrs array. The ones for S2 are c21 and ¢22: the address of the vals
array and the size of an element in vals. Figure 45(b) shows the parent-child dependency
tree for the streams in our example. S2 uses the row pointers fetched by S1 as begin/end
indices in the val array, so S2 is a child of S1. Every iteration of the parent stream S1
starts a repetition of the child stream S2, each with different bounds.

To calculate the bounds of each repetition of a stream at runtime, the UTE contains
bound expressions (bexps) that are set at task configuration time, and propagated to the
Stream Units at task execution time. Figure 45(c) shows the bexps for our example. S1 has
bounds directly given by the ATX instruction runtime constants ¢11 and ¢12
(Figure 45(a)). S2 has bounds that use runtime constants ¢21 and ¢22, but that also
depend on the data fetched by its parent S1 (indicated by parent[]) and the stream

repetition index 4. In general, bexzps take as inputs: (1) runtime constants from the ATX
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instructions, (2) data loaded by parent streams, and (3) the index of the stream repetition.
Although we omit details due to space, a bexp has the form Opl(I;,Op2(1,,I5)), where I,
are inputs, and Opl and Op2 are either additions, multiplications, comparisons, or shifts.
This format is expressive enough to support diverse task data access patterns.

The microarchitecture of a Stream Unit is shown in Figure 46. It has three modules:
the Repetition Initializer, the Mem Address Generator, and the NCA (Scratchpad) Address
Generator. The Mem and NCA Address Generators have simple increment arithmetic that
calculates the next iteration address to read from or to write to, respectively, within a
given stream repetition (inner loop of Figure 43). Once these addresses are calculated, they
are pushed into the Access Queue, waiting to be selected for issuing by the Stream
Scheduler. The Access Queue additionally coalesces accesses from consecutive iterations
that target the same cache line.

The Repetition Initializer calculates the bounds (beg and end) for each new repetition of
a stream, using a Bounds ALU that computes bexps. Streams without parent start their
single repetition when the task is issued, while child streams start a new repetition when
their parent produces the needed value(s). bezps are configured before the kernel begins,
and are propagated from the VAcc-to-Streams Mapping (Figure 42) to a Stream Unit when
the latter is allocated to a task.

The Parent Data Queue (PD@)) holds data fetched by the stream’s parent to be used in
computing bexps. The size of this queue determines how far a parent stream can run ahead

with respect to its children, similar to [222].

5.4.5 Programming with ATX

Figure 47 shows the code executed by a CPU core to configure the UTE and generate ATX
instructions, where each ATX instruction triggers one instance of the example task of
Figure 44 executed on the NCA. During the Task Configuration Time, before the tasks are

invoked, the core uses regular reads and writes to UTE configuration registers to configure
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Figure 46: Stream Unit microarchitecture.

the UTE. The code first checks whether the UTE is attached to at least one instance of the
accelerator type needed to execute the task type (Line 3). This is done by comparing the
type identifier of the needed NCA against the contents of an architecture-dependent UTE
read-only hardware table. This table stores the type identifiers of the physical NCAs
attached to the UTE. If no physical instance of the needed type is found, the code falls
back to the default non-ATX CPU execution (Lines 4-6). In this way, the binary remains
compatible with other CPUs with the same ISA but different NCAs.

The programmer then defines an identifier for the specific task type (VAcc Id).
Different task types in the same execution context must have different VAcc Ids. The UTE
is then configured to map all tasks with this VAcc Id to the appropriate NCA type (Line
10). The UTE hardware fills the VAcc to PAcc Mapping module (Figure 42), to mark all
physical accelerator instances (PAcc Ids) of this NCA type as capable of supporting tasks
with this VAcc Id. Different VAcc Ids may be concurrently active at the UTE. Then, the
number of streams for this VAcc Id is communicated to the UTE (Line 11).

The next step is to configure each stream of the task. This process involves configuring:

(1) the size of the stream elements, (2) the parent id for the stream (-1 in the case of a root
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**x*x Task Configuration Time **x
// NCA_Type is identifier of needed NCA type
success = UTE_check(NCA_Type);
if (!success){
// NCA type unavailable, fallback to non-ATX code

// General configuration

VAccId = 1; // Define VAccIld for tasks of this type
10  UTE_cfg VAcc_to_Type(VAccId,NCA_Type);

11  UTE_cfg num_streams(VAccId,2);

OO ~NOOITPWN -

13 // Stream S1 configuration

14  stream_id =1

15  parent_id = -1 // This is a root stream

16 // 8 bytes per S1 element

17  UTE_cfg stream size(VAccId,stream_id,8);

18  UTE_cfg_parent(VAccId,stream_id,parent_id);

19  UTE_cfg bexp_beg(VAccId,stream_id,S1_BEG_ENCODE) ;
20 UTE_cfg bexp_end(VAccIld,stream_id,S1 _END_ENCODE) ;

22 // Stream S2 configuration

23 stream_id = 2

24  parent_id = 1 // S1 is the parent of S2
25 // 4 bytes per S2 element

26  UTE_cfg stream_size(VAccId,stream_id,4);

29 %% Task Execution Time **x*

30 c21 = vals; // Starting address of vals[] array
31 c22 = sizeof (xvals);

32 rows_per_task 16;

33  out_vregister = 0; // Clear output vector reg

35 for (r = 0; r < num_rows; r+= rows_per_task)

36 cll = &row_ptrs(r];

37 cl12 = &row_ptrs[r+rows_per_task];

38 in_vregister = {VAccId,cl11,c12,c21,c22,0...};
39 // ATX instruction that triggers an NCA task
40 ATXV1V1i{in_vregister,out_vregisterl};

Figure 47: CPU-core pseudocode to configure the UTE and generate ATX instructions.
Each ATX instruction triggers one instance of the example task of Figure 44 executed on

the NCA.
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stream), and (3) the bezps that are used to calculate the beginning and end bounds of a
stream repetition. Although we omit the details for simplicity, the bexp is encoded with 2
bytes that include the Op1 and Op2 operators, and specifiers for the 11, 12, 13 operands
(Section 5.4.4). Optionally, the programmer can also configure: (4) a non-unit stride,
and/or (5) flags. The stream configuration information is stored in the VAcc to Streams
Mapping module (Figure 42).

At this point, the programmer can use ATX instructions to trigger many different tasks
of this type. This is shown in the Task Ezecution Time code (Lines 32-43). The code has a
loop (Line 35) that, in each iteration, uses an ATX instruction (ATXV1V1 in Line 40) to
trigger a task that performs the operation of Figure 44 on 16 consecutive sparse matrix
rows. We choose 16 rows per task so that the NCA output fits in a 512-bit vector
register—although we could have used one or two 1KB tile registers to support larger
outputs. The code loads from memory the task-specific runtime constants c21, ¢22, c11,
and c12. It then concatenates the VAcc Id and these four constants, and stores them in a
vector register padded with zeros (Line 38). This vector register is passed as the input
operand of the ATX instruction (Line 40). After the ATX instruction completes, the core
can use the output vector register (out_wvregister) for other computations or write its
contents to memory using regular store instructions. Note that, in actual code, the ATX
input and output data would be defined as a struct variable, which the compiler then
translates into input and output registers. The loop in Line 35 can be parallelized across
multiple cores and their NCAs using, for example, OpenMP constructs.

The overhead of task configuration is negligible, as task configuration is only needed
once per task type, and is then reused for potentially thousands of tasks per core during

the actual task execution time.
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5.4.6 UTE Task Prefetching

The ATX design enables NCAs to exploit a high degree of memory-level parallelism
(MLP). This results from encoding all the memory accesses of a task in a single ATX
instruction, and from supporting fast and efficient memory address and access generation
in the UTE. However, even with this support, there are scenarios where even more MLP is
desirable to fully saturate the memory resources of the architecture.

A natural way to do so is to increase the number of tasks that are concurrently
processed by the UTE backend. However, there can be two obstacles to attain this. First,
there may not be enough NCA scratchpads to store all the data that tasks fetch from
memory. Second, the CPU cores may not be able to initiate new tasks fast enough. To
overcome these limitations, we introduce two forms of task prefetching—each one targeting
a different obstacle.

1. Assisted Task Prefetching. This mechanism targets the scenario where the CPU
core can produce new tasks fast enough, but new tasks cannot be dispatched to the UTE
backend due to insufficient NCA scratchpads to accept the data fetched from memory. In
this case, new tasks will wait in InTaskQ (Figure 42) until an NCA is freed up. With
Assisted Prefetching, tasks that wait in InTask(Q are allowed to be dispatched to the
backend in prefetch mode. In this mode, no NCA is assigned to the task. Instead, the
hardware simply prefetches data from leaf streams (e.g., S2 in Figure 45(b)) to the L2.
Data from non-leaf streams (e.g., S1 in Figure 45(b)) is fetched into the Stream Units of
the children streams in the UTE, in order to generate addresses. However, such data is not
propagated to a PAcc port, as would happen in non-prefetch mode. We call these task
prefetches assisted, since the CPU core assists the UTE with precise information about
future tasks. Later, when an NCA is freed up, the task will be re-issued to the backend in
non-prefetch mode, and likely find most of its data already in the L2.

2. Predicted Task Prefetching. This mechanism targets the scenario where the CPU

core cannot produce new tasks fast enough. In this case, InTaskQ remains mostly empty,
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so the UTE has to predict the tasks that will come next. Luckily, predicting tasks is easier
than predicting individual memory accesses. In conventional data prefetching, a hardware
prefetcher predicts which memory accesses will come next, given the past memory accesses.
In Predicted Task Prefetching, the Task Predictor/Prefetcher (Figure 42) predicts which
tasks will come next, given the past tasks. Recall that different tasks of the same type
share the stream dependency and bexps configuration (Figure 45). They only differ in the
values of their runtime constants (Figure 45(a)). Thus, we can reformulate the goal of the
Task Predictor as to predict which runtime constants will come next, given the ones
observed in the past.

While we can reuse the ideas of many existing prefetch algorithms, a simple stride
algorithm proved effective. Our predictor observes the runtime constants in two
consecutive tasks of the same type and extracts their strides. Then, to produce the
constants for the next predicted task, it increments the constants of the current task by the
extracted strides. In this way, a new predicted task is produced for each real task.

To hide latency effectively, we do not predict the next task, but the next N, task.
Hence, we increment the constants of the current task by N times the extracted strides.
We call N the Prefetch Distance. High distances correspond to deeper prefetches. To set
the prefetch distance for a task, we use a simple runtime heuristic that monitors the
average task input sizes, and uses small distances for large sizes and vice-versa. In
particular, we use a distance of 1 for tasks with average input size larger than 32KB, 2 for
16KB, etc. More sophisticated techniques to adjust the prefetch distance at runtime such
as the one presented later in Chapter 9 are possible, but we leave them as future work.
After the constants for the predicted task have been determined, the task is dispatched to

the UTE backend in prefetch mode, as described above.
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5.5 Methodology

1. Simulation and System Architecture. We evaluate ATX NCAs with an internal
silicon-validated multicore CPU simulator that extends Sniper [186]. We further extend
our simulator to model NCAs, ICAs, OCAs, ATX instructions, and the UTE. Our baseline
architecture is a 64-core CPU with the system parameters of Sapphire Rapids (SPR) with
HBM (i.e., Xeon-Max) [149], [221], [223]. We scale the HBM memory bandwidth of the
architecture to 4TB/s to match state-of-the-art decoupled accelerator platforms [7], [224].
To eliminate MSHR-related MLP limitations [221], we scale the number of L2 MSHRs to
128. The architecture includes industry-grade L1 and L2 spatial prefetchers that have been
silicon-validated against the real SPR prefetchers. Table 15 shows the main CPU, UTE,

and accelerator parameters.

Table 15: System parameters.
CPU

General 1 socket; 64 cores; 2.5GHz; AVX/AMX support;
16-entry ATX Queue
Caches 48KB L1; 2MB L2; 1.875MB LLC per core
Mem DDR 1TB, 270GB/s; HBM 64GB, 4TB/s
UTE
General | Per-core UTE: 2 Input Buffers (i.e., scratchpads) per NCA;
32KB/buffer; 32 Stream Units; Common Bus with 128B(data)
+ 32B(addr); 128-entry LDQ; 1KB PDQ per Stream Unit;
only Predicted Task prefetching enabled

Accelerators Modeled
SpMM/ | SPADE (Chapter 3)-like arithmetic unit
SDDMM
GeMM GeMM unit operating on 8x8 utiles
Decompr. | DECA (Chapter 4)-like; W=64, L.=16

The L2 cache is shared by the core and the UTE, and an arbiter selects between
requests from the core’s L1 and the UTE, similar to L2 caches shared by multiple cores

[234]. An ATX execution port is added to the core pipeline, which competes with the other
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Table 16: Benchmark sparse matrices.
Short name | asi | liv | del | pac | ser

Rows (mil) | 12 | 4 | 17 | 2 | 1
NNZ (mil) |25 |69 | 101 | 35 | 64

execution ports (INT, FP, LD, VEC, etc.) for physical register file (PRF) write access.
Although we did not increase the number of PRF write ports, we found that ATX reduces
PRF pressure compared to core-only execution, as an ATX instruction replaces multiple
loads.

As shown in Table 15, we model three ATX NCA accelerators: for SpMM/SDDMM
operations, GeMM operations, and ML weight decompression. The arithmetic units in the
SpMM/SDDMM and decompression accelerators are modeled after SPADE (Chapter 3)
and DECA (Chapter 4), respectively. For GeMM, we model double-precision GeMM units
operating on 8x8 ptiles. The maximum combined throughput of all 64 SpMM/SDDMM
accelerators in our modeled platform is 5.1 double-precision TFLOPs. For the 64 GeMM
accelerators, the maximum total throughput is 20.5 double-precision TFLOPs.

We implement double buffering using two 32KB Input Buffers (i.e., scratchpads) per
NCA, each of which is attached to a different UTE PAcc port. The scratchpads determine
the maximum task input size. For the output operands of the ATX instructions, we use up
to two tile registers of 1KB each. This limits the maximum task output size to 2KB.

2. Comparison with Alternative Accelerator Organizations. We compare ATX
NCAs against different organizations of the same accelerators: (1) perfect ICAs that take
zero time to perform computations, (2) L2-attached OCAs (L2 OCA) controlled with
RoCC-like instructions [218], [235], which, unlike ATX, do not execute speculatively, and
(3) LLC-attached OCAs (LLC OCA) controlled with memory loads and stores

(Section 5.2). The two OCA configurations include optimized out-of-core memory access
interfaces that feature the stream support of the UTE.

3. Evaluated Kernels. We use four kernels from scientific computing and machine
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learning (ML):

e The Sparse Matrix - Dense Matrix Multiplication (SpMM) and Sampled Dense Matrix -
Dense Matrix Multiplication (SDDMM) sparse kernels (Section 2.2). In these kernels, the
CPU traverses the sparse matrices, observes the sparsity patterns, creates tasks on the fly,
and invokes the accelerator. The programmer or library needs to ensure that the generated
tasks do not overflow the accelerator scratchpads. These kernels use fine core-accelerator
interleaving. As benchmark sparse matrices, we use asia__osm, com-LiveJournal,
delaunay_n24, packing-500x100x100, and Serena from SuiteSparse [73], based on the
selections made in Chapter 3. Table 16 characterizes the matrices. SpMM and SDDMM
are executed with double precision and with 2MB virtual pages to reduce the impact of
TLB misses and page walks.

e The popular GeMM kernel, to demonstrate ATX generality.

e Decompression of a sparsified and quantized ML model where, alongside the accelerator,
the CPU executes computations using AMX (Chapter 4). This kernel also requires fine
core-accelerator interleaving.

4. Software. For our baseline CPU-only execution, we use the vendor-optimized MKL
library [236] for SpMM and GeMM. MKL does not support SDDMM and, thus, we use an
optimized SDDMM kernel from TACO [99]. For the ML model decompression, we use the
decompress-+execute kernel from libxsmm [160]. All kernels are vectorized with AVX512,
while the decompression also uses AMX. For ATX, we create hand-crafted kernels that
break down the computation into tasks and use ATX instructions to invoke the NCAs. For
parallelization across cores, UTEs, and NCAs, we use OpenMP, to demonstrate that our
framework is fully compatible with popular CPU parallel programming models.

5. Overhead of ATX Extensions. The main overhead of the ATX extensions is the
UTE. The UTE has modest storage needs. In the UTE, the VAcc-to-PAcc and
VAcc-to-Streams Mapping tables contain the only architectural process state. In our

configuration, these tables require 0.5KB and 4KB, respectively, which is more than
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enough to concurrently configure the three NCAs used in our evaluation. For comparison,
Intel cores with AMX [150] need 8KB of architectural state for AMX tile registers alone.
The remaining UTE storage is non-architectural state in structures such as the InTaskQ),
OutQ, LDQ, Stream Units, and other queues. We calculate that the total storage overhead
for one UTE is less than 128KB. Using CACTI [102] and [104], we estimate that 64 UTEs
account for less than 1% of the SPR die area [192]. Using the same tools, we estimate that
their combined static and dynamic power (at maximum activity) is 4.37% of the SPR TDP
of 350W.

5.6 Evaluation

In this section, we compare ATX NCAs with other accelerator organizations and evaluate
different aspects of ATX NCAs.

1. Comparison with ICAs. Figure 48 shows the speedups of executing with ICA or
with our ATX NCA, over core-only execution. For SpMM/SDDMM, we run our five sparse
matrices; for GeMM, we evaluate five configurations which, using BLAS [237] terminology,
use N=128 and M=K=1k,2k,4k,8k,16k. ICA relies on the core’s memory access
infrastructure, and thus suffers from reduced MLP exploitation capabilities. This
limitation does not exist in ATX NCA. As a result, ATX NCA delivers average speedups of
2.3x, 2.0x, and 1.3x over ICA for SpMM, SDDMM, and GeMM. The speedup for GeMM is
slightly lower, since this kernel has more regular access patterns, which are easier to handle
using the existing core’s memory access infrastructure. Compared to core-only execution,
ATX NCA delivers average speedups of 2.8x, 2.7x, and 2.7x. We see similar trends across a
wide variety of sparse matrices and GeMM sizes.

2. Comparison with L2 OCA and Ablation Study. We now compare ATX NCAs
with L2 OCAs controlled with RoCC-like instructions. Although L2 OCAs share the same
spatial placement as ATX NCAs, ATX NCAs have two advantages over them: (1) ATX

instructions can be invoked out-of-order and speculatively, and (2) the ATX framework
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Figure 48: Speedups of ICA and of our ATX NCA, over core-only execution for different
kernels.
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Figure 49: Comparison with RoCC L2 OCA and ablation study.

supports task prefetching that can further accelerate data provision from memory. To
isolate each effect, Figure 49 shows the speedups of executing with L2 OCA, which is
controlled with RoCC-like instructions and uses the SPR L2 prefetcher (L2 OCA), with
ATX NCA with task prefetching disabled (ATX NCA No Pref.), and with our full
proposed ATX NCA (ATX NCA), over core-only execution. We see that ATX NCA No
Pref. delivers average speedups of 1.6x, 1.4x, and 1.3x over L2 OCA for SpMM, SDDMM,
and GeMM, respectively. With prefetching, our full ATX NCA design attains average
speedups over L2 OCA of 2.1x, 2.0x, and 1.4x.

3. Comparison with LLC OCA and Effect of Task Input Size. We compare ATX
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Figure 50: Speedup of ATX NCA and LLC OCA over core-only with various task sizes
running SpMM.

NCA with the most common form of OCAs, namely OCAs attached at the LLC. We
evaluate different sizes of the Input Buffers (i.e., scratchpads), which limit the maximum
task input size. Each LLC OCA or ATX NCA has two scratchpads for double buffering.
We vary the size of each scratchpad from 8KB to 128KB in LLC OCA and, to keep the
near-core SRAM small, from 8KB to 32KB in ATX NCA. Hence, for the same kernel, an
ATX NCA with smaller input buffers executes more, smaller tasks than an LLC OCA with
larger input buffers. For the LLC OCA, the maximum output size is equal to the input
size, while the ATX NCA uses 1-2 output tile registers of 1KB each.

Figure 50 shows the speedups of ATX NCA and of LLC OCA, over core-only for
various task sizes running SpMM. We do not show the other kernels for space reasons, but
they have similar trends. LLC OCAs incur high core-accelerator communication latency.
As OCA invocations do not execute out-of-order, this extra latency has a noticeable
performance impact. The figure shows that ATX NCA is 9.4x faster than LLC OCA for an
8KB maximum input task size, and 2.6x for a 128KB maximum input task size. The NCA
significantly outperforms the OCA for small tasks finely-interleaved with core execution.
The OCA’s performance will eventually match NCA’s for very large tasks, but at the cost
of reduced interleaving with the core and more on-chip scratchpad memory.

4. Roofline Performance. Figure 51 presents a roofline analysis for the SDDMM kernel
with: (a) core-only execution, and (b) computations offloaded to different ATX NCA

variants. Performance is shown in Giga Vector Operations per second, where not all vector
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Figure 51: SDDMM rooflines.

operations produce FLOPs. Figure 51(a) shows that, without an accelerator, all
performance points are in the compute-bound region. Figure 51(a) also shows a scenario
where we replace the SPR prefetchers with oracle ones (Core + Oracle Prefetcher) that
eliminate all stalls due to the memory subsystem. This unrealistic scenario serves as a
performance limit of prior prefetching works for provisioning data to CPU cores (e.g., [238],
[239]). Despite this addition, performance does not even reach the core’s roofline in the
compute-bound region due to dependencies, frontend stalls, and other types of core-bound
stalls in the CPU core pipelines.

However, when variations of ATX NCAs are added in Figure 51(b), the roofline ridge
point moves far to the right, and all the kernels are now in the memory-bound region. We
see that our proposed ATX NCA offers significant improvements. However, there is still
some performance left on the table. There are two main reasons for this. First, UTE
resources are finite. Second, the heuristic that we use to determine the predicted task
prefetch distance (Section 5.4.6) is suboptimal. To gain further insight, in Figure 51(b), we
also include performance points for: (1) a UTE provisioned with very high resources such
as number of Stream Units and PDQ size (ATX NCA+Inf UTE), and (2) additionally, an
oracle that sets the optimal task prefetch distance for each matrix statically (ATX
NCA+Inf UTE+Best PF Dist). We see that Inf UTE+Best PF Dist reaches the roofline
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for all matrices except for LIV.

The reason for the gap in LIV is the task prediction mechanism itself. To predict future
tasks, we used a simple algorithm inspired by stride prefetchers. Naturally, such an
algorithm (even with the best distance) is not always optimal.

5. Performance, Area, and Power for Different UTE Design Points. To test
which UTE design parameters affect performance the most, we perform a design space
exploration. We vary: (1) the number of Stream Units, which limit how many real and
prefetch tasks can be handled simultaneously in the UTE backend, (2) the LDQ entries
(Figure 42), which limit the number of outstanding memory requests, (3) the Common Bus
(CB) data width (Figure 42), which limits how many fetch/prefetch requests from the
Stream Units the Scheduler can accept per cycle, and (4) the PDQ size (Figure 46), which
limits how much a parent stream can run ahead of its children. We start with the Inf UTE,
for which we have assumed {#Stream Units,LDQ Entries,CB Width,PDQ
Size}={64,512,512B,4KB}, and progressively reduce each resource while keeping the rest to
their "Inf” values to isolate the effect of each resource.

Table 17 shows the performance of SpMM for the different design points normalized to
Inf UTE. Our default UTE parameter values are {32,128,128B,1KB}, which can be shown
to achieve 80% of the performance of the Inf UTE. We see that the PDQ Size and the CB
Data Width are the two most critical resources bounding performance.

In Table 18, we additionally compare different UTE configurations with respect to their
area and power impact. These configurations are a Small UTE with parameter values
{8,32,64B,256B}, our Default UTE with {32,128,128B,1KB}, and the Inf UTE with
{64,512,512B,4KB}. The area overhead is shown as a percentage of the SPR die size
(1600mm?). The power overhead combines static and dynamic power, and is shown as a
percentage of the SPR TDP (350W). Dynamic power is estimated at maximum feasible
activity. All overheads are for a total of 64 UTEs. We see that our Default UTE is a good

design point. It has 3x less area and 2.1x less power overhead than the Inf UTE, while the

148



Table 17: Average SpMM performance for different UTE design points as a percentage of
the performance of Inf UTE.

#Stream Units | Performance LDQ Entries | Performance
4 56% 32 70%
8 86% 64 90%
16 99% 128 98%
32 99% 256 99%
64 100% 512 100%
PDQ Size Performance
CB Data Width | Performance (Bytes/Stream Unit)
128 16%
64B 73%
256 36%
128B 88%
512 62%
256B 98%
512B 100% 1k 857
2k 96%
4k 100%

Table 18: Area and power overheads of different UTEs as a percentage of SPR die size and
TDP.

Small UTE Default UTE Inf UTE
{8,32,64B,256B} | {32,128,128B,1KB} | {64,512,512B,4KB}
Area 0.53% 0.90% 2.71%
Power 3.64% 4.37% 9.17%

Inf UTE has only 1.25x higher performance. Further, the Default UTE has 1.7x the area
and 1.2x the power overhead of the Small UTE, while it improves performance by 2.5x.
6. Task Prefetching Analysis. To evaluate task prefetching, we show results for only
SpMM and SDDMM, since prefetching helps GeMM relatively little (Figure 49). Figure 52
shows the speedups of ATX NCA with Assisted Prefetching, Predicted Prefetching, or
both, over ATX NCA without prefetching. We see that Predicted Prefetching is the most
effective. Only the ser matrix benefits from Assisted Prefetching. In most cases for these
kernels, the CPU cannot produce new tasks fast enough for assisted prefetches to be timely
generated. Combining the two schemes does not lead to significant improvements over only
Predicted Prefetching, which is the default mechanism in our evaluation.

Figure 53 shows the impact of the distance of the predicted task prefetches. The figure

shows the speedups obtained by applying Predicted Prefetching with distances 1, 2, 4, and

149



[ Assisted I Predicted [ Assisted+Predicted
o
gz 2 (g B
s
ol 00U
294 N . m r
o Q
c
0—= .
,09\ \\A 6Q> Q@(’ %Q} fo@\ &\A 66\ Q’b(’ %é
SpMM SDDMM
Figure 52: Sensitivity to the task prefetch mechanism.
C3J1 [C3J2 [34 W Runtime Heuristic
O ™ I - P
222 E ! "
55 i (Il B
9]
Mo m | . |
aal 3
n o I
c
0—-= .
£ N @ Q’O(“ & £ N @ Q’O(J &
SpMM SDDMM

Figure 53: Sensitivity to the task prefetch distance.

with our runtime heuristic, over ATX NCA without prefetching. The best distance varies
across kernels and matrices. Also, our simple heuristic of Section 5.4.6 is not always the
best. We believe that more sophisticated heuristics for adjusting the distance at runtime,
potentially inspired by conventional hardware prefetching, may prove effective.

7. Decompression Use Case. Up to now, we have considered cases where the
computation is primarily done by the accelerator, and the core is primarily used for
input-inspection, task sizing, or control. We now discuss a case where both core and
accelerator perform computation and interleave in a fine-grained manner: the accelerator
(i.e., DECA) reads tiles of an ML model from memory in a compressed form

(quantized /sparsified) and decompresses them; the core takes the resulting tiles and

executes GeMMs with AMX instructions. Compared to the previous kernels, the input
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task sizes here are notably small (512B-2KB). Figure 54 shows the speedups of the
different accelerator integration schemes over the core-only execution for different model
compression factors (CF). We see that ATX NCA delivers average speedups of 4.0x, 1.8x,
3.9x, and 18x over core-only, ICA, L2 OCA, and LLC OCA, respectively. The large
speedups over the OCAs for this use case are due to the small task sizes, which require fine

core-accelerator interleaving.

5.7 Limitations and Discussion

NCAs are very effective for fine-grained tasks that are both computationally and memory
demanding, and that require tight CPU core control and communication. We
demonstrated the NCA effectiveness in popular kernels of important workloads. However,
NCAs and ATX are not intended to replace ICAs or OCAs for all accelerated code. In this
section, we discuss the limitations of NCAs when compared to them.

OCAs have some advantages over NCAs. In contrast to OCAs, NCAs cannot write to
the memory system, a design decision that (1) limits the output size of the task to register
sizes, and (2) does not improve the performance of memory stores over general-purpose
cores. The first limitation can be largely alleviated by using the large register sizes
provided by current processors (e.g., 1 KB tile registers) and by the fact that, often, tasks
can be scaled to the desired size (e.g., with matrix tiling). The second limitation is not

crucial for many workloads because stores are generally less critical than loads for
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performance [240], [241]. Still, for coarse-grained write-intensive operations such as memory
scatters [242] or memory copies, OCAs may be the better option. Another advantage of
OCAs is that they can be shared between cores, whereas NCAs are private to each core.

In some applications, ICAs may be the best option. NCAs excel at fine-grained tasks
whose input data is stored in memory. However, ICAs may be better for tasks where most
input data can be stored in registers and the L1 cache.

Overall, NCAs are an additional design point between ICAs and OCAs, addressing a
gap in terms of core-accelerator communication overhead and memory access efficiency. A
full analysis and partitioning of tasks between ICAs, NCAs, and OCAs is an open problem

and our future work.

5.8 Related Work

1. CPU-integrated accelerators. A wide variety of CPU-integrated accelerators have
been proposed (e.g., [17], [18], [92], [122], [123], [165], [211], [219]). In this work, we classify
them based on how they interact with the system’s state. Examples of commercial
accelerators that follow the OCA abstraction include the Intel DSA, QAT, TAA, and DLB
that target data-center taxes [16], [18], the NPU for Al acceleration in client

architectures [229], [243], and the GPU in the AMD APU [230], [231]. Commercial
accelerators that follow the ICA abstraction include the Intel TMUL [150] and the Arm
SME accelerator [244]. In this work, we introduce a third abstraction for CPU-integrated
accelerators: NCAs. Note that the term Near-Core Accelerator has been previously used to
refer to the specific spatial placement of the accelerator, namely L2-attached [36], [245]. In
this work, we use the term to refer to the abstraction used by the accelerators to interact
with the architectural state of the system, which is not tied to their spatial placement.

2. Controlling CPU-integrated accelerators. ICAs are typically controlled through
accelerator-specific ISA extensions [123], [150], [180], [246], such as Intel AMX and Arm

SME. OCAs are typically controlled through polling with regular load and store
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instructions [18], [233]. An alternative to polling is interrupts [247], which often have high
latency even with optimizations [233]. Works such as RoCC [218], [220], [235], [248] and
NUCD [249] introduce instructions for controlling accelerators outside the core pipelines.
However, as such works implicitly assume an OCA abstraction for the controlled
accelerators (e.g., they can write to memory), RoCC or NUCD instructions cannot be
executed speculatively. DECA (Chapter 4) includes instructions for speculative accelerator
invocation. However, such instructions are DECA-specific and do not directly generalize to
other accelerators. In this chapter, inspired by DECA’s implicit execution semantics, we
defined the NCA abstraction and developed the ATX framework and instructions that
support a diverse range of NCAs.

3. Accelerating CPU data accesses. A variety of techniques can increase MLP in
CPUs, ranging from prefetching [239], [250], [251], [252], [253], [254] to decoupled-access
units [165], [166], [255]. SSP [222] first introduced the idea of encoding memory accesses
with streams, while works such as the TMU [165] have adopted a similar abstraction. The
Stream Units in our UTE are inspired by [222]. We showed that even augmenting CPU
cores with an oracle prefetcher cannot match the performance of ATX NCAs. More
advanced UTE task prefetching, potentially inspired by conventional hardware

prefetching [250], [253], is a promising direction.

5.9 Conclusion

This chapter classified CPU-integrated accelerators based on their interaction with the
architectural state of CPU cores. It then proposed a new class of accelerators called
Near-Core Accelerators (NCAs). To support NCAs, it introduced ATX, a set of
instructions and hardware extensions so that NCAs are invoked speculatively and
out-of-order, and exploit a high-performance interface with the memory system. ATX

NCAs accelerate key kernels by 1.3-18x over various alternatives.
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Chapter 6 Software Acceleration of Distributed Sparse Computations

Author contribution statement: The work described in this chapter was co-led by the
thesis author and Charles Block, who made equal and substantial contributions. The thesis
author motivated the work, conceptualized the core idea and high-level algorithm, and
implemented an early shared-memory prototype. Charles Block developed the
preprocessing model, implemented the distributed-memory algorithm, and conducted the

evaluation experiments.

6.1 Introduction

The ever-increasing computing and memory demands of sparse matrix computations
introduce the need for efficient distributed SpMM. However, designing efficient distributed
SpMM algorithms is challenging [74], [75], [256]. Due to the low arithmetic intensity of this
kernel, the communication cost, rather than the computation cost, typically dominates the
execution time. Such cost depends on how communication is scheduled (Section 2.3).

Communication can be scheduled in a sparsity-unaware manner, such as with collective
communications. For example, assume that each node originally hosts a block of the dense
input matrix. This block may be sent to all the other nodes by using collectives or RDMA
accesses to fully replicate it [75] or by using shifting algorithms [74] similar to those that
would be used for dense computation. With this strategy, execution is often inefficient due
to redundant data transfers, since parts of the dense input matrix may not be needed by
some nodes.

On the other hand, communication can be scheduled in a fine-grained sparsity-aware
manner [257], communicating only the truly necessary data and computing asynchronously.
Specifically, when a node processes a sparse element but does not own the necessary dense
row for that computation, it gets that row with a fine-grained one-sided request. With this

strategy, execution can also be inefficient due to high software overheads and the need for
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more network round-trips [74].

In this work, we observe that individual sparse matrices often contain regions that are
relatively denser and regions that are relatively sparser. Based on this observation, we
develop a model that partitions computation and communication into sparsity-unaware
and sparsity-aware portions. Relatively denser regions of the sparse matrix are broken
down into Synchronous Stripes and transfer the corresponding parts of the dense input
matrix with Sparsity-Unaware (SU) transfers. Relatively sparser regions are broken down
into Asynchronous Stripes and transfer the corresponding parts of the dense input matrix
with Sparsity-Aware (SA) transfers.

Leveraging the partition, we develop a new algorithm that performs collective
communication for the synchronous stripes, and fine-grained, one-sided communication and
asynchronous computation for the asynchronous stripes. We call the algorithm Two-Fuce.
The synchronous and asynchronous parts of the sparse matrix are processed in parallel,
and the model aims at equalizing the runtimes of the two parts.

We evaluate Two-Face on a CPU-based supercomputer using large matrices and
compare it to state-of-the-art baselines. For a system with 32 nodes, 128 cores per node,
and dense matrices with 128 columns, Two-Face attains an average speedup of 2.11x
against dense shifting [74], a high-performing baseline. In addition, Two-Face is a scalable
algorithm: its average speedup over dense-shifting increases to 2.21x for 64 nodes. Finally,
the overhead introduced by the necessary matrix preprocessing step is small enough to
make Two-Face suitable for applications that use the same sparse matrix only a few dozen
times.

Overall, this chapter’s contributions are:

e The Two-Fuace software algorithm for distributed SpMM, which is based on a mix of

collective and one-sided communication.

e A low-overhead model and method to partition sparse matrices into regions

corresponding to the two access types.
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Figure 55: Speedup of Async Fine over a full-replication AllGather collective implementation
for K = 32 (left) and K = 128 (right). There is no data for kmer with K = 128 due to the
large memory consumption of the full-replication collective algorithm.

e An evaluation of Two-Face on a supercomputer and a comparison with the

state-of-the-art.

6.2 Motivation

The reader is referred to Section 2.3 for the necessary background on the access patterns in
SpMM, the 1D partitioning method for distributing the SpMM data structures in a
multi-node system, and the differences in the communication patterns of the SU and SA
approaches.

We now show that, for some matrices, the SA pattern is more suitable, while for others
the SU is better. Then, we provide an example to motivate that a combination of the two

approaches for the same matrix can yield the best results.

6.2.1 Choice of SA & SU SpMM is Input Dependent

Both the SU and SA approaches have pitfalls: SU can lead to unnecessary data transfers,
while SA transfers can have high software overhead and more round-trips between nodes.
To compare their performance, we profile the execution of distributed SpMM using Async
Fine (a SA approach that uses RDMA for fine-grained transfers) and AllGather collectives
(a SU approach). We use a distributed machine with 32 nodes and 128 CPU cores per
node, running the two algorithms for 8 large sparse matrices from SuiteSparse [73], and for
two different values of K (32 and 128). Section 6.5 gives more details about our

methodology. Figure 55 displays our findings. The figure shows the speedup of Async Fine
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over the AllGather implementation (Collectives) for K = 32 (left) and K = 128 (right).
We do not include results for the kmer matrix with K = 128 because the single-node
memory demand of Collectives exceeds the single-node capacity in our system.

We see that, for half of the matrices, Async Fine outperforms Collectives, while the
opposite is the case for the other half. The speedup of Async Fine over Collectives reaches
11.5x, while the speedup of Collectives over Async Fine reaches 10.5x. Clearly, whether SU

or SA works best depends on the sparsity pattern of the input matrix.

6.2.2 Combining SU & SA Transfers for a Single SpMM

Typically, the nonzeros in a sparse matrix are not evenly distributed. Consequently,
combining the SA and SU communication flavors for a single SpMM could be beneficial.
An example of this idea is shown in Figure 56. We split the nonzeros into three categories:
(1) local-input nonzeros are those for which the dense input rows needed are already local
to the node with the nonzeros and, therefore, no remote transfers are needed; (2) sync
nonzeros are those for which the dense input rows needed are better off transferred through
SU transfers; and (3) async nonzeros are those for which it is more beneficial to transfer
the rows through SA transfers.

To understand which nonzeros are sync and which are async, consider the example.
Columns 4 and 5 of the sparse matrix are quite dense. This means that the corresponding
dense input rows of B (shaded in the figure) are useful to many nodes. Specifically,

B[4,0: K-1] is needed by N1, N2, and N3, while B[5,0:K-1] is needed by all the nodes.
Hence, it is likely beneficial to transfer the whole group of rows hosted by N2 to all the
other nodes through a collective broadcast operation. Hence, we classify the nonzeros at
(0,5), (2,4), (3,5), (6,4), and (6,5) as sync. On the other hand, B[0,0:K-1] is not needed by
any of the remote nodes and B[1,0:K-1] is only needed by the N2 remote node—NO0 also
accesses both rows, but they are already local and no transfers are needed. Transferring

the whole group of dense rows that NO hosts through a collective broadcast would lead to
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Figure 56: Example of how combining the two communication flavors can be beneficial.

many unnecessary data transfers. Thus, the best strategy is likely for N2 to issue a
one-sided request to NO to get B[1,0:K-1], without synchronizing with the rest of the
nodes. Therefore, the nonzero at (5,1) is classified as async. A similar situation occurs
with the nonzero at (1,6), which is an async nonzero. Note that a collective broadcast
operation does not necessarily need to include all nodes as destinations. For example, if the

nonzero at (0, 5) was absent, then N2 could still issue a multicast transfer directed only to

N1 and N3.
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6.3 Overview of Two-Face

In this section, we translate the intuition about combining the SU and SA approaches into
an algorithm called Two-Face. Two-Face combines sparsity-unaware and sparsity-aware
transfers for efficient distributed SpMM. In this section, we describe how sparse matrices

are analyzed and partitioned into two types of regions.

6.3.1 Sparse Matrix Partitioning

Before the SpMM execution begins, the sparse matrix is preprocessed in order to determine
which of the data transfers will use coarse-grained multicast operations, and which will use
fine-grained one-sided communication. Then, during runtime, both types of transfers and
their corresponding computations will proceed in parallel.

Two-Face adopts 1D partitioning (Section 2.3.1). Thus, each node, which contains one
MPI rank, is responsible for the nonzeros in a group of consecutive rows of sparse matrix
A. In addition, the node hosts the corresponding group of consecutive rows of the dense
output matrix C, and a group of consecutive rows of the dense input matrix B. As
discussed earlier, the accesses to C' and A are always local, while the accesses to B can
either be local or require a remote data transfer, depending on the ¢ _ids of the processed

nonzeros. The matrices are partitioned in the following way:

Megatile. As shown in Figure 57, we logically divide the matrix A into megatiles (MT).
Given the matrix A with N rows and M columns, and given p nodes in the distributed
system, a megatile is formed with N /p consecutive rows and M /p consecutive columns.
Node i stores the i*" row of megatiles. We logically divide the matrices B and C based on
the width and height of a megatile, respectively. Figure 57 shows the breakdown of the
matrices for p = 4. The chunks of the B and C matrices are distributed across the nodes as

shown in the figure, where node i is labeled Ni.

Sparse stripe. Each megatile is further divided into sparse stripes, which determine the
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Figure 57: Two-Face megatiles and sparse and dense stripes.

communication patterns. A sparse stripe has the same number of rows as a megatile and a
fixed number of columns W. We choose to divide megatiles into sparse stripes to allow for
partitioning the sparse matrix into two types of regions at a fine granularity. Sparse stripes
are classified as local-input if their corresponding B rows are owned by the local node;
otherwise, they are remote-input. A remote-input sparse stripe can either trigger a
coarse-grained collective transfer or a fine-grained asynchronous one. At a high level,
remote-input stripes requiring many rows of the dense input matrix B will be marked as
synchronous as, during execution, they will benefit from the coarse-grained collectives. On
the contrary, remote-input stripes requiring few rows of B will be marked as asynchronous
as, during execution, they will benefit from fine-grained asynchronous transfers. During
execution, multiple nodes containing synchronous stripes that require the same data from
B will participate in the same collective multicast operation to receive that data. It is

possible that a “multicast” transfers data to only a single destination node.

Dense stripe. All the sparse stripes that have the same range of ¢_ids in A access the
same group of rows in matrix B. We call this group of dense rows a dense stripe. A

synchronous sparse stripe will trigger the coarse-grained transfer of a dense stripe using a
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collective operation with, potentially, additional destination nodes; an asynchronous sparse
stripe will trigger the fine-grained one-sided transfer of individual rows (or groups of
adjacent rows) within the dense stripe. These asynchronous transfers will only transfer the
rows of the dense stripe that are needed for the computation. If a node does not need any
of a dense stripe’s rows, that dense stripe will not be communicated to it at all.

In the next sections, we use stripe to refer to sparse stripes. Any mention of dense
stripes is explicit.

Stripes are classified as asynchronous or synchronous during a preprocessing step using
a model that tries to minimize the expected execution time. We present the model in
Section 6.3.2. During the actual execution after the preprocessing step, the local threads in
an MPI rank operate in parallel and are split into two groups: (1) synchronous threads,
which handle the data transfers for the synchronous stripes as well as the computation for
synchronous and local-input stripes, and (2) asynchronous threads, which handle the data
transfers and computation for the asynchronous stripes. All synchronous communication is
completed before any synchronous computation begins. On the other hand, asynchronous
communication and computation overlap: a thread may compute on one asynchronous
stripe while another thread transfers data for a second asynchronous stripe.

To optimize computation and communication efficiency, the nonzeros in sparse stripes
are ordered in row-major order in synchronous stripes and column-major order in
asynchronous stripes. In synchronous stripes, the nonzeros are stored in row-major order
because this benefits computation. Specifically, a thread can process the nonzeros of a
whole row of the stripe and buffer the results in a thread-local buffer before updating C.
Then, the thread uses a single synchronization operation to accumulate the contents of the
thread-local buffer into the corresponding C' row. In asynchronous stripes, the nonzeros are
stored in column-major order to benefit communication. Specifically, a column-major
format allows a thread to quickly traverse the nonzeros and determine the unique c¢_ ids of

the nonzeros in a stripe, which in turn identify the rows of matrix B that need to be
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transferred. This comes at the cost of computational inefficiency since this format makes
buffering the output of a thread’s computations hard. As a result, the thread must

typically use one synchronization operation for each nonzero to accumulate results onto C.

6.3.2 Preprocessing Model

During execution, Two-Fuace will process the asynchronous stripes in parallel with the
synchronous and local-input stripes. Consequently, the optimal choice to partition the
sparse matrix into synchronous and asynchronous stripes is one that equalizes the
execution times of asynchronous stripes and synchronous/local-input stripes. To this end,
we create a model of execution based on the following ideas.

For the synchronous stripes, the model assumes that the computation time will be
negligible compared to the synchronous communication time. The reason is that the
row-major format of the nonzeros lends itself to efficient execution: the output of the
nonzeros in a row of the stripe is reused through a thread-local buffer and accumulated
into the corresponding C' row with a single synchronization operation. In addition, we take
advantage of this parallelizability by assigning more parallel threads to the computation of
synchronous/local-input stripes than for the asynchronous stripes. For the local-input
stripes, since they do not need communication, the model neglects both communication
and computation time.

In contrast, the computation time for asynchronous stripes may be significant because
the column-major format of the nonzeros lends itself to inefficient execution: thread-local
buffers are not used and we need to perform a synchronization operation for every nonzero.
In addition, because synchronization may be a bottleneck, we assign fewer threads to the
computation of asynchronous stripes than to the others. Therefore, for the asynchronous
stripes, the model considers both computation and communication.

We model the cost of synchronous communication (Commg), asynchronous

communication (Comm ), and asynchronous computation (Comp4) for a particular node
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as:

Commg = Sg(BgKW + ayg)
Commy = B,KL,+ a,Sy
Compy =Y4KN, + K454

Consider Commyg first. Sg is the number of synchronous stripes processed by the node,
W is the stripe width, and K is the number of columns in the dense matrices. B4 is the
cost of synchronous transfer per element of B (i.e., it is inversely proportional to the
bandwidth), and ag is other per-stripe overheads of synchronous transfers.

Next, for Comm 4, S, is the number of asynchronous stripes processed by the node,
and L 4, is the total number of rows of the dense matrix B transferred for these stripes via
fine-grained accesses. 34 and a4 represent the same costs as g and ag but for
asynchronous accesses.

Finally, for Comp 4, N4 is the total number of nonzeros in the asynchronous stripes
processed by the node. 7, is the computational cost per operation, and x4 is the
additional per-stripe software overhead of asynchronous computation.

The coefficients 8g, ag, Ba, @4, Y4, and k4 are determined via a linear regression [258]
calibration step (details in Section 6.5.2). These parameters are dependent on the system
configuration. For example, a system with a large bisection bandwidth should have small
terms. The a terms may be reduced by reducing the round-trip communication latency,
including the latency incurred in software libraries/drivers and in the network.

In the optimal case, Commg = Comm 4 + Comp 4, so that there is a perfect overlap of
the asynchronous and synchronous components. Defining S; = Sg + 54 to be the total
number of non-local-input stripes processed by a particular node and rearranging this

equation gives the following:
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Sq(BgEW +ag) =BaKLs+a,Sqa+74KNy+ K45,
= (Sp = SA)(BsEW + ag) = K(BaLa +7aNa) + Salan +ky) n
= Sp(BsEKW +ag) = K(BaLy +7aNa)
+ Saloaq + g+ BsKW + ag)
We now classify the stripes requiring communication as either synchronous or
asynchronous. Initially, we assume that all stripes are synchronous, which makes the
right-hand side of Equation 4 equal to 0. Then, we take each stripe ¢ and consider

classifying it as asynchronous, instead. In this case, the stripe’s contribution (call it z;) to

the right-hand side of Equation 4 would be given by:

Z; = U; + U,

v; = K(Bal; +7vam;),

u=ay+ry +BgKW + ag,
where stripe 4 requires [, dense rows from matrix B and contains n; nonzeros. Note that u
depends only on the stripe width (W) and other constants, and is therefore constant for all
the stripes in the matrix.

To identify the most beneficial stripes to classify as asynchronous, we look for stripes
with low values of z;. This is because a low z; implies that, if the stripe is classified as
asynchronous, it requires few dense rows to be transferred from a remote node and contains
few nonzeros. Therefore, its communication and computation costs are relatively low. On
the other hand, if the stripe is classified as synchronous, it has a constant communication
cost.

Consequently, we sort all of this node’s stripes by their z; in ascending order. Then, we
take one stripe at a time, in order, and classify it as asynchronous, until we have taken the

first r stripes, where r is the greatest number that satisfies
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The rest of the stripes are classified as synchronous. With this method, the two sides of
Equation 4 are approximately equal, which is a necessary condition to attain optimal
execution time. Indeed, following this method, the total runtimes of the synchronous and
asynchronous stripes in Two-Face should be nearly equal, assuming the simplified cost
model that we use does hold. Additionally, sorting the stripes by their z; maximizes the
number of stripes classified as asynchronous and minimizes the number of synchronous
stripes. Because the cost of communication for a synchronous stripe is constant for a given
K and W, this strategy minimizes Commg and, therefore, the total cost of the operation.

There are other possible methods of classifying stripes. One such method is to analyze
columns of stripes in the sparse matrix and classify a stripe as synchronous when its
corresponding dense stripe is needed by many nodes and, therefore, is likely to benefit from

optimized multicast operations. We leave the investigation of such methods for future work.

6.4 The Two-Face Algorithm

In this section, we provide greater details about Two-Face. We discuss the sparse matrix
representation, the Two-Face algorithm, its tuning and portability, and its applicability to

GNN training.

6.4.1 Sparse Matrix Representation

Two-Fuace represents the sparse matrix A in a modified COO format. The nonzeros in
asynchronous stripes are extracted from A and are stored in an Asynchronous sparse
matrix; the nonzeros in synchronous/local-input stripes are extracted into a
Synchronous/Local-Input sparse matrix. Because we use a compressed sparse matrix
representation, this format does not significantly increase overall memory use.

Figure 58 shows: (a) an example of an input sparse matrix A, (b) its corresponding
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Figure 58: Sparse matrix representation in Two-Face: (a) an input sparse matrix A, showing
an example of nonzeros classified into the local-input, sync, and async categories; (b) the cor-
responding synchronous/local-input sparse matrix; and (c) the corresponding asynchronous
sparse matrix. This figure assumes a 4-node system, a stripe width of 2, and a row panel
height of 1.
synchronous/local-input sparse matrix, and (c) its corresponding asynchronous sparse
matrix. The figure assumes that there are four nodes and one sparse stripe for each 2x2
megatile. Assume that, after running the preprocessing step, the stripes have been
classified as local-input, synchronous, and asynchronous such that the nonzeros in A end
up in the categories shown in Figure 58a.

The corresponding synchronous / local-input sparse matrix (Figure 58b) organizes the
synchronous/local-input nonzeros in a row-major order structure. The elements in this

structure are divided into row panels—e.g., nonzeros e and fin Figure 58 are in one row

panel. Row panels are the units of work assigned to threads computing on
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synchronous/local-input nonzeros. In Figure 58b, these panels are one row tall, and an
array of Synchronous/Local-input Panel Pointers points to the beginning of each panel.

The corresponding asynchronous sparse matrix (Figure 58¢c) organizes the asynchronous
nonzeros within stripes in a column-major order structure. The order of the stripes
themselves is row-major, to simplify the distribution of the asynchronous sparse matrix
across nodes at runtime. An array of Asynchronous Stripe Pointers points to the beginning
of each asynchronous stripe.

At runtime, each node will only store those portions of the synchronous/local-input and
asynchronous sparse matrices that are relevant to its computation. In addition, for each
dense stripe of B, the preprocessing step generates metadata containing a list of nodes that
are destinations of the collective transfer of that stripe. At runtime, this metadata is

replicated across all nodes.

6.4.2 Two-Face Algorithm Description

The algorithm consists of three parts: top-level algorithm, processing synchronous row

panels, and processing asynchronous stripes. We describe each part in turn.

6.4.2.1 Top-Level Algorithm

Algorithm 1 shows the top-level operation of the Two-Face algorithm. All nodes of the
distributed system execute Algorithm 1 in parallel. First, the node initializes a flag and
two atomic queues for work-sharing (Lines 2-3). These queues provide indices of
asynchronous stripes (async_¢) and indices of row panels (sync_q). In the example of
Figure 58, the sync_q of N2 is {4,5}, which are the indices of the two pointers in the
Sync/Local-Input Panel Pointers array used by N2 (pointing to rows containing nonzeros j
and m). The async_q of N2 is {1}, which is the index of the pointer in the Asynchronous
Stripe Pointers array that points to the asynchronous stripe assigned to N2.

Then, the code starting at Line 4 is executed by all the threads of the node in parallel.
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Algorithm 1 Top-Level Two-Face Pseudo-code.

1: procedure DiISTSPMM(A, B, C)

2 sync_transfer__done < False

3 async_q, sync_q < InitQueues(A)

4 DoParallel

5: if t2d = 0 then > Sync Transfers
6 TransferDenseStripes(A, B)

7 sync_transfer_done <+ True

8 end if

9: if tid € AsyncThreads then > Async Processing
10: while async_ g.nonempty() do

11: n < async_ q.pop()

12: ProcessAsyncStripe(A, B, C, n)

13: end while

14: end if

15: WaitForFlag(sync transfer done)

16: while sync_g.nonempty() do > Sync Compute
17: n < sync_ q.pop()

18: ProcessSyncRowPanel(A, B, C, n)

19: end while

20: EndParallel
21: end procedure

Specifically, Thread 0 initiates the transmission/reception of the dense stripes needed for
synchronous operations (Lines 5-8). Data transmission is implemented as non-blocking, but
data reception is blocking. These transfers are done via a series of calls to MPI_Bcast. The
destination nodes are determined via metadata produced by the preprocessing step, and
these transfers occur at the stripe granularity.

In parallel, all the threads assigned to asynchronous stripes begin processing those
stripes (Lines 9-14). Once all needed dense input data from collectives has been received
(Line 15), all threads (including the asynchronous ones after they have processed the

asynchronous stripes) process the synchronous row panels (Lines 16-19).

6.4.2.2 Processing Synchronous Row Panels

Algorithm 2 describes the processing of a row panel. The operation starts by initializing a

thread-local Accumulation Buffer to zero (acc in Line 2) and reading the row panel (panel
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in Line 3). Then, the algorithm iterates through all of the nonzeros in the row panel,
accumulating each result onto acc (Line 10). When we either complete a row of nonzeros
(Line 7) or complete the whole row panel (Line 13), we add acc to the corresponding row
of C'. Atomics are required in this operation because some threads operating on

asynchronous stripes may also be writing to the same rows of C.

Algorithm 2 Two-Face Sync Compute Pseudo-code

1: procedure PROCESSSYNCROWPANEL(A, B, C, n)

2 acc < {0, ..., 0} > Output row buffer
3 panel < A.panel__ptrs[n]

4: prev_row <— panel[0].row > Initialize to first row
5: for nz € panel do

6 if nz.row # prev_row then

7 AtomicAdd(Clprev_row], acc)

8 acc < {0, ..., 0}

9

: end if
10: acc <+ acc + nz.val * B[nz.col]
11 Prev_row — nz.row
12: end for

13: AtomicAdd(C|prev_row], acc)
14: end procedure

6.4.2.3 Processing Asynchronous Stripes

Algorithm 3 shows the algorithm to process an asynchronous stripe. A thread reads the
asynchronous stripe (stripe in Line 2) and iterates over the nonzeros in the stripe to
identify the unique c_ids of the nonzeros (Line 3). These determine the indices of the
dense rows from B that are required. The asynchronous thread then initiates the remote
access of the dense rows by calling GetRemoteRows (Line 4). This procedure uses MPI_Rget
and a custom MPI datatype defined with MPI_Type_indexed to select only the rows of
interest for the transfer.

Once the dense rows arrive, they are stored in drows (Line 4), and multiple threads
begin computing on them. Each thread processes a subset of the nonzeros in the sparse

stripe. Each nonzero is multiplied with the corresponding row of drows and accumulated
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Algorithm 3 Two-Face Async Pseudo-code

1: procedure PROCESSASYNCSTRIPE(A, B, C, n)

2 stripe < A.async__stripe_ ptrs[n]

3 drow__ids < stripe.UniqueCollDs()

4: drows < GetRemoteRows(drow ids)

5: for nz € stripe do in parallel

6 AtomicAdd(C[nz.row], nz.val x drows[nz.col])
7 end for
8: end procedure

into C' (Line 6). Atomics are required for correct accumulation into C, just as in the
synchronous stripe case. However, since asynchronous nonzeros are stored in column-major
order, we cannot easily use thread-local buffers to reduce the number of atomics.

To reduce transfer overheads, inside the GetRemoteRows routine, we coalesce the
transfer of nearby rows of B. For example, if a sparse stripe requires B rows {2, 3,6, 8}, we
transfer three groups of rows, with (of fset, size) pairs equal to {(2,2),(6,1),(8,1)}. This
optimization reduces software overheads. For small K, we also coalesce rows separated by
unused rows, potentially reducing the software overhead further, but transferring some
useless data. Using the example from before, we might transfer groups of rows

{(2,2),(6,3)}, retrieving one unnecessary row (row 7).

6.4.3 Tuning Knobs and Portability

Two-Face has several parameters that may need to be calibrated for each individual system
to achieve maximal performance. Among these are the coefficients used in the
preprocessing cost model (Bg, ag, B4, @4, K4, V4). As mentioned before, in our
evaluation, we determine the values of these coefficients via linear regression on a small
number of workloads. These parameters only need to be calibrated once for a system,
possibly at installation time.

In addition to the preprocessing cost model coefficients, the runtime algorithm is
parameterized by the number of threads assigned to sync/async stripe processing, the

aggressiveness of row coalescing in async stripe transfers, the height of the row panels used
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for computation in the sync stripes, and the width of the stripes. The optimal choice for
these parameters may vary between systems and workloads, but we show in Sections 6.5.2
and 6.6 that choosing reasonable, static values can provide good performance. In practice,
these parameters could be determined at installation time similarly to the preprocessing
coefficients.

Thus, although Two-Face relies on knowledge of system characteristics to make
decisions about how to schedule the work, porting to a new system just requires a one-time

profiling step during installation.

6.4.4 Applicability to GNN Training

While SpMM is used in a variety of domains, one of the most important ones is GNN
training. GNN training is often done in relatively small-scale systems, where the amount of
memory is a limitation. To alleviate this problem, GNN training algorithms have recently
resorted to the use of sampling [64] and mini-batching. While these techniques reduce the
memory footprint requirements, they may introduce some inaccuracy [64], [259], and may
introduce runtime overhead which can sometimes increase the end-to-end execution

time [92]. In Two-Face, like in most of the prior work in distributed GNN training [259],
[260], we are less concerned about the lack of memory because we can use the full
aggregate memory of a very large cluster [260]. As a result, we do not consider sampling or
mini-batching and, instead, support full-graph GNN training.

It is interesting, however, to consider the application of Two-Face to an environment
with sampling or mini-batching. In principle, in its current form, Two-Face is incompatible
with sampling or mini-batching. This is because, in sampling or mini-batching algorithms,
different iterations of the SpMM computation use a different reduced (or sampled) matrix.
As a result, Two-Face would have to re-run the preprocessing step every time the reduced
matrix changes.

Future work may involve adapting Two-Face to apply to GNNs with sampling. One
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possible approach may involve making preprocessing decisions offline once, based on the
expected stripes’ densities, given knowledge of the sampling to be done at runtime. Then,
stripes that are expected to be dense enough even after sampling would still be classified as
synchronous, and the other stripes would be classified as asynchronous. At runtime, the
graph would still be stored as shown in Figure 58, but with the addition of masks to filter
nonzeros eliminated by the sampling at each iteration.

In current full-graph GNN training [52], [63], the preprocessing cost can be easily
amortized. We will quantify the exact cost of the preprocessing step in Section 6.6.3. In
GNN training, the same sparse matrix is used for hundreds or even thousands of SpMM
iterations. Additionally, in many GNN applications, the same graph is used for both
training and inference. This is the assumption in most GNNs for semi-supervised node
classification applications [52], [63]. Since the sparse matrix does not change, the
preprocessing done in training can be reused for inference. For these reasons, the overhead

of Two-Face preprocessing in full-graph GNN training is negligible.

6.5 Methodology

Here, we describe our evaluation methodology. We begin with details about the hardware
configuration and software libraries used to evaluate Two-Face, as well as the sparse
matrices used as benchmarks. Then, we discuss how we determined the values of various
parameters. Finally, we describe the other algorithms which we use as baselines to compare

to Two-Fuace.

6.5.1 Overview

We evaluate Two-Face and multiple baseline algorithms using large matrices on
Delta [261], a supercomputer at the National Center for Supercomputing Applications
(NCSA). We use up to 64 CPU nodes, with a default of 32 CPU nodes. Each Delta node is

a dual-socket system with two 64-core AMD EPYC 7763 processor chips running at 2.45
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GHz and a total of 256 GiB of DRAM. The nodes are connected through a Cray Slingshot
interconnect [262].

We build on the code published by Bharadwaj et al. [74], adapting it as necessary to
support our algorithms and larger matrices. We use hybrid OpenMP / MPI programming,
with one MPI rank and 128 OpenMP threads per node. We use OpenMP 4.5 [263] and
Open MPI 4.1.2 [264], [265] with UCX 1.11.2 [266]. All of the baseline algorithms use the
Intel Math Kernel Library [236] (version 2022.0.2) for local SpMM computations. These
baselines also rely on CombBLAS [267] for I/O. Our implementation of Two-Face handles
I/O by way of custom data loaders for our preprocessed sparse matrix format. All
algorithms used in these experiments make use of Eigen [268] for handling dense matrices
locally.

We use eight large sparse matrices from SuiteSparse [73], described in Table 19. These
matrices are derived from a variety of domains, including internet traffic, social networks,

web crawls, and scientific applications.

Table 19: Matrices used in the evaluation. All matrices are among the largest in SuiteS-
parse [73] and are square. Stripe widths are chosen to scale with the number of columns.

Matrix Name Matrix Name | # Rows | # Nonzeros | Stripe
Long Short (Mill) (Mill) | Width
mawi_ 201512020030 | mawi 68.86 143.41 128K
Queen_ 4147 queen 4.15 316.55 8K
stokes stokes 11.45 349.32 32K
kmer Vir kmer 214.01 465.41 512K
arabic-2005 arabic 22.74 640.00 64K
twitter7 twitter 41.65 1,468.37 128K
GAP-web web 50.64 1,930.29 128K
com-Friendster friendster 65.61 3,612.13 128K

Our evaluation in Section 6.6 supports the claim that distributed SpMM is typically a
communication-bound workload. Thus, we expect that extending Two-Face to other
computing hardware would provide similar results. For example, using GPUs in the nodes
may accelerate the local computation, but communication will remain a bottleneck. Thus,
we expect that Two-Face will still see speedups if used with GPUs. Here, we evaluate a

CPU implementation.

173



6.5.2 Two-Face Parameterization

Two-Fuace is a parameterizable algorithm. To determine its parameters for our system, we
analyzed several combinations of parameters on a small set of workloads.

To determine the appropriate width of stripes, we analyzed the performance of SpMM
using the queen, arabic, and twitter matrices with various choices for W. There was
increasing overhead in both the preprocessing and runtime steps as the number of stripes
grew, suggesting that the stripe width should not be made too small, relative to the size of
the matrix. We decided to scale the stripe width proportionally to the dimensions of the
matrices, rounding to the nearest power of two. Table 19 shows the stripe widths we chose.

All run-time parameters other than the stripe width are held constant across matrices.
Table 20 shows these parameters. Each node runs 128 OpenMP threads. Since a large
number of one-sided transfers results in high resource contention, we limit the number of
threads communicating asynchronous data to 2 per node. We allow each of these threads
to fork up to four ways (for a total of 8 threads) when computing on the asynchronous
stripes. We dedicate the remaining 120 threads in the node to computation on the
synchronous and local-input stripes. We define the maximum row coalescing distance for
asynchronous transfers to be proportional to %, since the cost of transferring unnecessary

dense rows grows with K.

Table 20: Constant runtime parameters used in Two-Fuace.

Parameter Name Value
Async Communication Threads per Node 2

Async Computation Threads per Node 8
Sync/Local-Input Computation Threads per Node 120

Max Async Coalescing Distance (127/K)+1
Row Panel Height of Sync/Local-Input Sparse Matrix | 32 rows

To determine the values of the preprocessing parameters used in stripe classification
(Section 6.3.2), we employ linear regression [258]. We collect data by processing the twitter
matrix [269] using K = 32, p = 32, and nine different combinations of stripe widths and

asynchronous/synchronous stripe classifications. The number of samples is kept small to
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ensure that it is reasonable to calibrate these coefficients when installing Two-Face on a
new system. The derived coefficient values, which we use when preprocessing all matrices
in our evaluation (unless otherwise specified), are shown in Table 21.

Table 21: Coefficient values used in the preprocessing of matrices. The § parameters relate

to the system bandwidth, the o parameters relate to other communication overheads, and
the v & K terms relate to computational throughput and other overheads.

Coefficient | Experimental Value
Bg 1.95 x 1010
ag 1.36 x 107©
Ba 3.61 x 1079
ay 1.02 x 107°
YA 2.07 x 1078
KA 8.72 x 1079

These coefficients provide some insight into the performance difference between
one-sided asynchronous and collective synchronous communication. For example, they
suggest that asynchronous transfers are more expensive per transferred element of B than
synchronous transfers by a factor of 3, /8¢ &~ 18.5.

In Section 6.6.4 of our evaluation, we evaluate the impact of different values of these

coefficients.

6.5.3 Algorithms Evaluated

In our evaluation, we compare Two-Face to other algorithms shown in Table 22. All the
algorithms use 1D partitioning. We divide the dense input matrix B into as many
equally-sized portions as the number of nodes p, and call each portion a “block”. The B

matrix is distributed across all nodes, where each node stores a single block.

Table 22: SpMM algorithms being compared.

Algorithm Name MPI Transfer Operations
Dense Shifting [74] MPI_Allgather, MPI_Sendrecv
Allgather MPI_Allgather

Async Coarse-Grained | MPI_Get

Two-Face MPI_Rget, MPI_Ibcast

Async Fine-Grained MPI_Rget
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Dense Shifting (DS) is a synchronous SpMM algorithm that has been investigated by
Bharadwaj et al. [74] and found to be highly competitive compared to other state-of-the-art
implementations. We use it as our main baseline. DS begins by using MPI_Allgather to
replicate a certain number of blocks in each node, as determined by a replication factor c.
It then continues by shifting the replicated blocks cyclically via MPI_Sendrecv after each
computation step. For instance, with ¢ = 4, this algorithm replicates each block such that
each node holds four blocks at a time. It then performs p/c computation and shifting steps
to complete the SpMM operation. In our experiments, we evaluate this algorithm for
c=2,c=4,and ¢ = 8, and refer to these settings as DS2, DS4, and DSS8, respectively.

The next two algorithms replicate all or nearly all of the matrix B before beginning the
computation. In Allgather, each node uses MPI_Allgather to broadcast its block of B to
all others and receive theirs in turn. In Asynchronous Coarse-Grained, each node uses
MPI Get to obtain the blocks that it needs for its computation. In both cases, substantial
memory has to be allocated, creating issues as the problem size scales.

Two-Fuace is the algorithm we propose. We use the parameters as described before.
However, if the preprocessing algorithm determines that the chosen sync/async
classification of stripes would result in too much memory consumption in one or more
nodes during SpMM execution, it will classify additional stripes as async until the expected
memory consumption in those nodes is feasible.

Asynchronous Fine-Grained is implemented in the same way as Two-Face, except that
all stripes are asynchronous. This algorithm is used as an extreme example to illustrate the
tradeoffs made by a balanced Two-Face implementation. This baseline was used in
Section 6.2.

All algorithms are evaluated by averaging out the time of 5 consecutive SpMM
operations. By default, our experiments use p = 32 and K = 128. Some experiments use

K =32 or K = 256, and others use p =1, 2, 4, 8, 16, 32, or 64.
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6.6 Evaluation
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Figure 59: Speedups of various SpMM algorithms over DS2 for K = 32.
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Figure 60: Speedups of various SpMM algorithms over DS2 for K = 128.
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Figure 61: Speedups of various SpMM algorithms over DS2 for K = 512.

In this section, we evaluate Two-Face. First, we compare the performance of Two-Fuce
to the various baselines and discuss any bottlenecks observed. Next, we discuss the scaling
behavior of Two-Face as we vary the number of nodes in the system. Finally, we analyze
the preprocessing cost of Two-Face and the sensitivity of Two-Face to the choice of the

preprocessing parameters.

6.6.1 Comparing Two-Face to Various Baselines

Figures 59, 60, and 61 show the speedups of Two-Face and the other SpMM algorithms
over DS2 for K = 32, K = 128, and K = 512, respectively. We normalize to DS2 because,
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Table 23: Absolute execution times of DS2 and Two-Fuce for the experiments in Figures 59,
60, and 61. The numbers are the average of five SpMM operations.

‘ ‘ ‘ web ‘ queen ‘ stokes ‘ arabic ‘ mawi ‘ kmer ‘ twitter ‘ friendster

K=32 DS2 (seconds) 1.97 0.28 0.96 1.32 6.46 6.33 4.17 8.79
Two-Face (seconds) | 0.56 0.08 0.23 0.26 8.50 6.70 5.71 8.41
K=128 | DS2 (seconds) 7.198 0.86 2.22 3.85 | 19.78 | 35.77 11.57 20.61
Two-Face (seconds) | 1.10 0.19 0.94 0.65 | 15.18 | 14.98 20.24 30.08
K=512 | DS2 (seconds) 38.86 2.89 9.34 21.46 | 97.95 | 136.21 52.77 83.02
Two-Face (seconds) | 4.46 | 0.634 | 3.552 2.74 | 5540 | 62.77 86.62 117.31

unlike DS4 or DS8, DS2 does not run out of memory for any matrices or value of K in our
evaluation. From the figures, we see that, on average, across matrices and K values,
Two-Face is the fastest algorithm, and delivers substantial speedups.

As K increases, the advantage of Two-Face over the dense shifting algorithms becomes
more prominent. This is because the cost of transferring unnecessary rows in the dense
shifting algorithms increases with K, providing a greater advantage to the fine-grained
one-sided accesses of Two-Face. At K = 32, Two-Face’s average speedup over the dense
shifting algorithm with the best choice of replication factor for each individual matrix is
1.53x. At K = 128, the same speedup is 2.11x, and at K = 512, is it 2.35x. The average
speedup across all values of K shown here is 1.99x.

The Async Fine and dense shifting algorithms are on average faster than the Async
Coarse and Allgather algorithms. Dense shifting is sometimes unable to run with higher
replication factors due to memory constraints. For example, for K = 512, DSS8 fails to run
for half of the matrices, and DS4 fails in one matrix. As a reference, Table 23 provides the
absolute execution times of Two-Face and DS2 in these figures.

The figures also show that the speedups (or slowdowns) are highly dependent on the
matrix. For example, Two-Fuace is not the fastest algorithm for twitter and friendster and,
for K = 32, additionally for mawi and kmer. To understand this behavior, Figure 62
breaks down the total execution time of DS4 and Two-Fuace for each matrix for K = 128.
For Two-Face, we break down the execution time into Sync Comp, Sync Comm, Async

Comp, and Async Comm. We stack the Sync components in the left bar and the Async
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Figure 62: Breakdown of the total execution times of DS4 and Two-Face for K = 128. Two-
Face’s time is divided into synchronous and asynchronous components (left and right bars,
respectively), which operate in parallel. These are further broken down into computation
(Comp) and communication (Comm). DS4 only has a Sync component. The Other category
mainly consists of the initial setup of data structures for MPI. Execution times are normalized

to DS4.

components in the right bar, and show both bars side-to-side, since the execution time is
equal to the highest of the two bars. Two-Fuace also has some Other overheads, which
mainly consist of initializing necessary MPI structures before the main
communication/computation begins. For DS4, only Sync Comp and Sync Comm are
relevant. For each matrix, the bars are normalized to DS4.

We see that the dominant contributor to DS4’s execution time is its communication.
Two-Face is able to attain significant speedups over DS4 by reducing the amount of
communication through fine-grained accesses. In five of the matrices, we can see that the
sum of the communication time spent by Two-Face in Sync Comm and Async Comm is
significantly less than the amount of time spent by DS4 in its communication.

Two exceptions are twitter and friendster. In these matrices, Two-Face’s Sync Comp
and Sync Comm have both increased over DS4, despite the fact that less data is being
transferred. We note that Two-Face’s synchronous broadcast operations are significantly
slower than the cyclic shifting operations in DS4 when a large portion of the input dense
matrix is required by many nodes. When Two-Face operates on a matrix like friendster,
each node participates in many more MPI calls than it does if dense shifting is used, due to
the finer granularity of the transfers.

An interesting case is mawi, where Two-Face is unable to reduce the execution time
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Figure 63: Execution time of Two-Face and the dense shifting algorithm with different
replication factors (DS1, DS2, DS4, and DS8) as the number of nodes changes. The K value
is 128. Some data points for the dense shifting algorithm are missing because they need too
much memory or take too long to execute. Both axes in the plots use a logarithmic scale.
over DS4 because of the cost of asynchronous computation. The mawi sparse matrix has
regions that have a relatively high density of nonzeros. Computing on such asynchronous
stripes is likely expensive due to the heavy use of atomics, as the nonzeros are organized in
column-major order. During this work, we conducted initial tests into storing the nonzeros
in row-major order instead. However, this change did not result in faster execution, as the

cost of identifying which columns contained nonzeros (and, therefore, which dense rows

were required) became drastically higher.

6.6.2 Two-Face Strong Scaling

Figure 63 shows the execution times of Two-Face and the dense shifting algorithm with
different replication factors (DS1, DS2, DS4, and DS8) as we scale the number of nodes
from 1 to 64. There is a plot for each matrix and both axes are in logarithmic scale. Some
data points are missing, since some workloads either exceed the memory capacity of one or
more nodes (at small node counts or high replication factors) or take too long to run.

The figure shows that, in most of the matrices, Two-Face scales well with the number
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of nodes and, in fact, as well or better than the dense shifting algorithm. The exceptions
are mawi, twitter, and, to a lesser extent, friendster. With mawi, none of the algorithms
scale particularly well due to the high load imbalance across nodes induced by the matrix.
With twitter and friendster, we saw in Figure 62 that Two-Face is impacted by inefficient
synchronous communication. This is the reason for the worse scaling performance.

To understand the behavior of twitter and friendster better, we profile the collectives in
the 64-node runs. We measure the number of recipients of each multicast operation. On
average, this number is 35.7 for twitter and 43.5 for friendster. In contrast, the matrix with
the next largest average recipient count is kmer, with an average of only 5.7. It appears
that the large collectives needed for Two-Face in twitter and friendster are responsible for
the inefficient execution and limited scaling. This effect does not appear at low node
counts, where the execution is primarily bottlenecked by local computation, but it
dominates at high node counts. Future work should investigate methods to reduce the size
of collectives in the algorithm or the design of more regular data movement patterns for
the synchronous stripes.

Overall, the performance of Two-Face improves as we scale from 1 to 64 nodes by 7.47x
on average, with a best-case speedup of 12.12x for queen and a worst-case of 0.76x for
twitter. Moreover, compared to the dense shifting algorithm with the optimal replication
factor, Two-Face sees an average speedup ranging from 1.25x at 4 nodes to 2.21x at 64

nodes.

6.6.3 Two-Face Preprocessing Cost

Two-Face requires a preprocessing step that involves, mainly: (1) running our model to
classify the stripes into synchronous and asynchronous, and (2) creating the asynchronous
and the synchronous/local-input sparse matrices. In this section, we give an idea of the
execution time of the preprocessing step. Note that we have not fully optimized it; in

particular, we have not parallelized it across multiple nodes. Therefore, the numbers
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reported are a pessimistic bound.

Table 24: The overhead of preprocessing in Two-Face, normalized to the cost of a single
SpMM operation.

Matrix tnormil O tnorm
web 428.74 | 102.00
queen 302.55 | 23.60
stokes 116.70 11.18
arabic 180.35 | 36.57
mawi 2.58 1.50
kmer 6.16 3.25
twitter 17.89 7.29
friendster 19.81 8.79
| Average | = 134.35 | 24.27 |

Table 24 shows the overhead of the preprocessing step for 32 nodes and K=128 for each
matrix. Column 2 shows t,,,,.,, 1 /o, which is the time of the preprocessing step normalized
to the time of one SpMM operation. On average, ¢,y /0 1 134.35. However, the
preprocessing step is dominated by I/O time, as the original sparse matrix is read from the
file system in a textual Matrix Market format [270] and the final asynchronous and
synchronous/local-input sparse matrices are written to the file system in a bespoke binary
format.

Since in many realistic environments, this I/O will not be present, Column 3 shows the

more relevant ¢ which is the preprocessing overhead without I/O normalized to the

norm’
time of one SpMM operation. In this case, the numbers have reduced substantially. We see
that ¢ ranges from 1.50 to 102.00, with an average of 24.27. For K = 512 (not shown

norm

in the table), the average value of ¢ is 6.15.

norm
From these numbers, we see that the cost of the preprocessing step can be easily
amortized. For the matrices where Two-Face demonstrates a speedup over dense shifting
when K = 128, an average of only 15 SpMM operations need to be performed by Two-Face
to already see a speedup when including preprocessing time. For K = 512, this decreases

to only 3 SpMM operations, on average. In contexts such as GNN training, with hundreds

of epochs, we can expect to perform many more SpMM operations with the same matrices
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than these numbers. In addition, the preprocessing step from training may be reusable

during inference.
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Figure 64: Sensitivity of Two-Face’s execution time to the values of the parameters of the
execution model used during the preprocessing step. The default values of these parameters,
as set in Section 6.5.2 and used in all the earlier experiments, are represented with the 0
subscript (e.g., ayq)-

6.6.4 Sensitivity to Parameter Values of the Preprocessing Model

The model of execution that we use during preprocessing (Section 6.3.2) uses parameters
oy, Ba, ag, Bg, 74, and k4. In Section 6.5.2, we used linear regression to set their default
values. We used such values in all the experiments so far.

In this section, we change the values of these parameters, repeat the experiments, and
measure the changes in Two-Face’s execution time. We perform three sets of changes. In
the first one, we vary a4 and (4, keeping the other parameters unchanged. Specifically, if
a0 and By, are the default values of o4 and 34, we consider all combinations of
{0.8 - ayg, aag, 1.25- a0} X {0.8Bags Bags 1.25- 540} In the second set of changes, we
vary ag and g in the same way, keeping the other parameters unchanged. Finally, we
vary 74 and k4, again keeping the others unchanged.

Figure 64 shows the outcome of the three sets of changes for the average of three
representative matrices: web (Two-Face’s best case), twitter (Two-Face’s worst case), and

stokes (Two-Face’s median case). For example, Figure 64a corresponds to the experiments
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varying o4 and 4. The number in each box is Two-Face’s execution time with the new
parameters relative to Two-Face’s execution time with the default parameters. For
example, if we use 0.8 - a4, and 1.25 - B4, the Two-Face’s execution time becomes 1.31x
higher than when using the default values.

Overall, the figure shows that using the default parameters obtained using linear
regression is a good choice. Changes to the parameter values typically end up increasing
Two-Face’s execution time. The execution time decreases in only two cases, and the

decrease is small.

6.7 Related Work

Distributed SpMM: Existing work on distributed SpMM is rather limited, but there are
recent works exploring the topic. Bharadwaj et al. [74] investigate distributed SpMM,
SDDMM, and methods of fusing the two for machine learning applications. The
implementations of dense shifting in our evaluation originate from their work. Additionally,
Bharadwaj et al. [74] present a sparse shifting implementation. In our work, we did not
evaluate their approach, since it partitions the dense input and output matrices in a way
that requires additional all-to-all communication for GNNs or other applications that
interleave SpMM with a row-wise operator. Bharadwaj et al. [74] compare their
implementations to the SpMM provided by PETSc [256]. Selvitopi et al. [75] investigate
multiple algorithms for SpMM, including algorithms that use bulk-synchronous collective
communication and algorithms that use one-sided asynchronous RDMA communication.
They do not, however, investigate combining these communication primitives in a single
algorithm.

GNN Training: Prior work has addressed the issue of large graphs in GNN training via
sampling techniques [64]. However, the benefits of sampling can come at a cost to accuracy,
leading prior work to investigate full-batch distributed GNN training [259], [260]. However,

in Tripathy et al. [260], dense matrices used in SpMM operations are only transferred in a
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coarse-grained sparsity-unaware fashion. Conversely, Jia et al. [259], using Lux [271],
assume a GNN runtime that operates via pushing/pulling node embeddings in a
fine-grained manner. This is distinct from Two-Face, which uses a combination of coarse
and fine-grained transfers to leverage the benefits of both approaches.

Non-Distributed Sparse Kernels: SpMM optimization has been the topic of several
investigations. Works such as WACO [272], WISE [140], and DDB [88] attempt to optimize
sparse computations by using machine learning techniques to predict the performance of
various configurations. Many CPU and GPU tiling techniques and implementations have
been published [66], [87], [100], [273]. Other sparse kernels have also been subject to several
investigations aiming to tame irregular access patterns [274], [275], [276], [277]. These
optimizations for non-distributed kernels may be applicable to the distributed case, but
they tend to assume a shared memory system, and they are largely orthogonal to our work.
Other Distributed Sparse Kernels: Other distributed sparse kernels have recently
received attention. CombBLAS [267] is a library for distributed sparse kernels such as
SpGEMM and SpMV. CombBLAS provides a number of GPU SpMM implementations
using different partitioning and communication patterns. All of them use sparsity-unaware
collectives. In contrast, Two-Face uses a hybrid approach. Hussain et al. [278] investigate
communication-avoiding algorithms for SpGEMM. DGCL [279] is a library for distributed
GNN training that partitions graphs and processes GNN computations at the level of
nodes in the graphs, without explicitly expressing the computation with SpMM operations.
Domain-specific Architectures and Network Support: Several architectural designs
that offer hardware support for SpMM computation have been recently proposed [79], [80],
[166], [280]. One example is SPADE, presented in Chapter 3. We believe that algorithms
such as Two-Face can be useful in orchestrating the communication in scaled-up
multi-node versions of these accelerators or for other large-scale graph analytics
architectures [91], [106], [281]. In addition, we believe that such algorithms can also be

beneficial for inter-cube or inter-chip communication in PIM-based architectures for graph
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analytics [282], [283], [284], [285]

Finally, scheduling algorithms for collectives such as Themis [286] have been proposed
to maximize the bandwidth utilization of multidimensional, heterogeneous networks. These
works could inspire network hardware support for Two-Face, but one would also require

innovations to support the asynchronous communication operations.

6.8 Conclusion

Sparse matrices often contain regions that are denser and regions that are sparser. Based
on the observation, this chapter presented Two-Fuace, a software algorithm for distributed
SpMM that, leveraging a preprocessing model, performs collective communications for the
denser regions, and fine-grained one-sided communications for the sparser regions.
Two-Fuace attains an average speedup of 2.11x over dense shifting when evaluated on a
4096-core supercomputer. Additionally, Two-Face scales well with the machine size.

Two-Face suggests that distributed sparse algorithms should be input-matrix aware, in
that different sections of a sparse input matrix prefer using different communication
methods. The algorithms should also be communication-oriented, since minimizing
communication is a first-class concern.

With simple modifications, the Two-Face algorithm should also be applicable to sparse
kernels such as Sampled Dense-Dense Matrix Multiplication (SDDMM), which exhibits
very similar patterns to SpMM. Likewise, with proper parameter tuning, Two-Face may

also be applicable to accelerate SpMV, which is a special case of SpMM.
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Chapter 7 Hardware Acceleration of Distributed Sparse Computations

7.1 Introduction

Over the last few years, there has been significant interest in the development of hardware
accelerators for sparse computations [79], [80], [81], [91], [131], [132], [202], [287]. Although
these architectures are effective, they mostly target a single node. When these accelerators
are placed on each node of a cluster, computation gets sped-up, and cluster-level programs
can become heavily bound by network communication. One could optimize network
communication with hardware support, but the research in this area has focused on
supporting distributed dense kernels, such as those in dense machine learning [288].
Network-centric hardware optimizations for distributed sparse computations remain
underexplored.

Sparse communication algorithms typically follow one of two approaches (Section 2.3).
In the Sparsity-Unaware (SU) approach, communication is scheduled as if the kernel was
dense. Data is transferred in coarse granularities using all-to-all transfers (e.g.,
collectives [75]), disregarding whether every data item is actually needed by the requester.
As this approach minimizes the software overheads of generating many small network
messages (Chapter 6), it leads to high utilization of the network’s bandwidth. However, by
ignoring the sparsity pattern of the data, it induces redundant data transfers.

The second alternative is the Sparsity-Aware (SA) approach [289], [290], [291]. Here,
the indices of the nonzero values of the sparse matrix (or edges in a graph) are scanned and
trigger the transfer of small data items (e.g., with RDMA [292]). In this chapter, we refer
to these data items as properties since, in graph problems, they represent properties of the
vertices connected to each edge (e.g., embeddings [52]). Similarly, we refer to the
fine-grained remote requests as Property Requests (PRs). Although SA results in fewer
redundant transfers, it induces significant software overheads for PR generation. These

overheads lead to network bandwidth underutilization.

187



In this work, we first quantify the inefficiencies of software-only implementations of the
two communication approaches. On average, the SU approach generates 720 redundant
property transfers for every useful one. Although the SA approach leads to fewer
redundant transfers, it can drop the line utilization to below 1% in a large cluster. In
addition, due to the small sizes of the SA payloads (4B-1KB), the network traffic is
dominated by packet headers, reducing the goodput [293]. Overall, both approaches are
inefficient, leaving orders of magnitude of performance on the table.

To drastically improve performance, this chapter presents NetSparse, a set of hardware
techniques to accelerate sparse communication. NetSparse extends SmartNICs
(SNICs) [294], [295], [296], [297], [298], [299], [300] and programmable switches [301], [302],
[303], [304], [305] with hardware extensions catered to the sparse domain. NetSparse
enhances the SA approach by (1) increasing the network bandwidth utilization, (2)
reducing the traffic, and (3) increasing the goodput by reducing the header overheads of
network packets.

NetSparse introduces four hardware mechanisms. First, it extends RDMA to support
one-sided Remote Indexed Gather (RIG) operations. Using coarse-grained RIG commands,
the host offloads PR generation for batches of nonzeros to the NIC, reducing the overhead
of frequent host-NIC communication through the PCle bus. PRs are generated and served
by special hardware RIG Units in the NIC without host involvement. The second
mechanism enables RIG Units to filter out redundant PRs at runtime. With both
techniques, PRs are generated at higher rates, the network bandwidth is better utilized,
and useless traffic is minimized.

The third mechanism is a low-level network protocol that concatenates different PRs
with the same destination node in a single packet. This is implemented with
(De)Concatenator hardware modules in NICs and Switches. The goal is to increase the
goodput by sharing the header overhead over multiple PRs. Finally, the fourth mechanism

augments Top-of-Rack (ToR) switches with a hardware cache that stores properties fetched
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from remote racks. Subsequent PRs from the local rack can quickly obtain the property
from the cache. In contrast to P4-based [306], [307] switch caching mechanisms [308], the
NetSparse cache is updated in the data plane to accommodate short-lived distributed
sparse kernels.

We evaluate NetSparse with simulations of a 128-node cluster with a SPADE sparse
accelerator (Chapter 3) in each node while running distributed sparse computations on
matrices from SuiteSparse [73]. Our results show that NetSparse substantially improves
performance over ideal versions of SU and SA software approaches (where SA is augmented
with the Conveyors framework [309]). For example, with SA software, the workloads run
only 3x faster than on a single-node system; with NetSparse, the workloads run 38x faster
than on the single-node system—attaining more than half of the performance of an ideal
system that has no communication overheads.

This chapter makes the following contributions:

e A characterization of software solutions for communication in distributed sparse kernels,
exposing major inefficiencies.

e The four hardware techniques of NetSparse to accelerate the communication of sparse
workloads in a distributed machine.

e A simulation-based evaluation of NetSparse in a 128-node cluster.

7.2 Background

At this point, we refer the reader back to Section 2.3 for a refresher on distributed sparse
communication, 1D partitioning, and the characteristics of the SU and SA transfers.

As we later verify quantitatively, the SU approach suffers from a fundamental
algorithmic inefficiency: it generates excessive network traffic. In contrast, the software
overheads of fine-grained SA transfers could potentially be mitigated with system-level
support. In Chapter 6, we attempted to optimize sparse communication using an algorithm

that combines SA software and SU software. Inevitably, this algorithm inherits many of
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the limitations of its imperfect components. In this chapter, we follow a different path:
rather than combining existing software mechanisms, we attempt to accelerate the SA
approach with new hardware support in the network. To that end, this section provides

additional background on SA transfers and on the reasons behind their overheads.

7.2.1 Sparsity-Aware Property Requests
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Figure 65: Communication in a distributed sparse kernel.

Figure 65 shows the data structures of an 1D-partitioned distributed sparse kernel. The
sparse kernel corresponds to the multiplication of a sparse matrix with an input array to
produce an output array. The matrix may represent the edges of a graph, while the input
and output arrays may represent features or properties of the vertices of the graph. The
input and/or output arrays can be dense vectors (e.g., in SpMV), or dense matrices that

are typically tall and skinny (e.g., in SpMM)®. We use K to denote the number of elements

5Using the SpMM notation of Chapter 2, the input property array in Figure 65 corresponds to dense
matrix B, while the output property array corresponds to dense matrix C'. For SDDMM, there are two input
property arrays: one is local to the node, and the other may be fetched remotely over the network. Although
SpMM and SDDMM perform different local computations, their inter-node communication patterns are the
same for a given sparse matrix and K value. The hardware support in this chapter applies to both kernels.
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in a property.

In an SA approach, the coordinates of the nonzeros in the sparse matrix dictate the
accesses to the input and output property arrays. Consider nonzero ¢ in Figure 65. Its row
index (rid) is 2, which leads to a write to the output property at index 2. Its column index
(cid) is 6, which leads to a read of the input property at index 6. Note that both ¢ and the
output property that it accesses reside in the same node (i.e., N1). With 1D partitioning,
writes to the output property array are always local. However, the read for input property
6 is remote. The right part of Figure 65 shows all the necessary inter-node input property
transfers for the specific nonzero pattern in the example sparse matrix. Notice that
nonzeros d and e can be covered using a single property transfer from N1 to N2. However,
if requests are not deduplicated, a node may issue multiple requests for the same property
when multiple local nonzeros have the same cid. No remote transfers are needed for
nonzeros b and g, as the properties they access are already local.

Since writes are always local, from now on, we refer to input properties simply as
properties. Also, we use Property Requests (PRs) to refer to inter-node reads and read

responses for these properties.
7.2.2 Lifetime of an SA Property Request
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Figure 66: The lifetime of a sparsity-aware property request.
Figure 66 shows the lifetime of an SA PR that is converted into an RDMA read request
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and carried over the network as a packet. First, a core reads one of the nonzeros assigned
to its node (D), to determine what remote property needs to be fetched. Recall that the
nonzero’s cid represents the index of the remote property that needs to be fetched. Hence,
in the rest of the chapter, we refer to cid as idz (for index). After the idx is read from
memory, the destination node is determined and a read PR is generated (). This read PR
will be directed through RDMA to the remote node that hosts the target property.
Specifically, the read PR is forwarded to an RDMA processing unit in the NIC and a
network packet is generated (3). The packet travels through the network and eventually
reaches its destination @). The destination node generates a read response containing the
necessary property data, which travels back to the original node B and is written to its
memory 6.

This process introduces significant inefficiencies. The host cores and the NIC
communicate via MMIO writes for every nonzero of the sparse matrix, leading to the
serialization of PR generation for different idxs. Furthermore, given that typical K values
(Section 7.2.1) range from 1 to 256 (i.e., 4B-1KB payloads, assuming single precision), this
process creates many fine-grained small-payload network messages. The resulting software
overheads limit the rate at which new PRs are generated and limit network bandwidth

utilization.

7.3 Motivation

In this section, we characterize the communication patterns exhibited by the SpMM,
SDDMM, and SpMV kernels for five large sparse matrices from the popular SuiteSparse
matrix collection [73] (details in Section 7.8) running on the NCSA Delta
supercomputer [261].

e SU algorithms issue three orders of magnitude more redundant transfers than useful

ones. The first row of Table 25 displays the ratio of useful to redundant property transfers

for the SU approach in a 128-node system. On average, 720 redundant transfers are
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generated for every useful one. Hence, an optimal system that avoids redundant transfers
could potentially offer up to 720x average performance gains. This is a fundamental
inefficiency of SU.

Table 25: Ratio of useful to redundant property transfers in a 128-node system for the SU
and SA algorithms.

Matrix | arabic europe | queen | stokes | uk
SU 1:1947 | 1:582 | 1:74|1:32 |1:966
SA 1:27 1:002[1:25|1:36/|1:45

e SA can also issue redundant transfers. The second row of Table 25 shows that, with the

exception of the europe matrix, the SA approach can also lead to redundant transfers. This
can happen if nonzeros in the same node share the same idx—e.g., the nonzeros d and e in
Figure 65 both have idx=3. Note that, although some SA algorithms such as [291]
eliminate these redundant transfers, they typically require costly preprocessing that needs
to be repeated every time the sparse matrix changes.

e The software overhead of SA leads to severe underutilization of the network bandwidth.

As explained in Section 7.2, SA transfers have software overheads that limit network
bandwidth utilization. To quantify this effect, we use the source code of the Two-Face
distributed SpMM algorithm (Chapter 6), configure it to SA-only mode, and evaluate it for
a property size of K=32 (i.e., 128B). We measure the data transfer rates for a 2-node setup
in the Delta supercomputer, which is interconnected with Cray Slingshot [310]. The
measurements are shown in Table 26. On average, the achieved transfer rate is a little less
than 0.5Gbps. We then compute the Line Utilization, which is the ratio of the transfer rate
to the maximum line bandwidth (i.e. line rate). From the table, we see that the average

line utilization is 0.24%, which leaves a lot of performance on the table.

Table 26: SA transfer rate and related metrics for a 2-node setup in the Delta machine.

Matrix arabic europe queen uk
Transfer Rate | 0.5 Gbps | 0.2 Gbps | 0.7 Gbps | 0.5 Gbps
Line Util. 0.26% 0.09% 0.36% 0.25%
Goodput 0.11% 0.04% 0.16% 0.11%
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e The header overhead of small-payload packets impacts goodput. SA suffers from a high

packet header overhead. Table 27 displays the contribution of the packet headers in the
total SA network traffic for different K values. For low K, this contribution is as high as
97.6%. The last row of Table 26 shows that, for K=32, less than half of the achieved

throughput is actually goodput.

Table 27: Contribution of packet headers to the total SA network traffic for properties with
different K.

K |1 2 4 8 16 32 64 128 | 256
% 1 97.6 [ 95.2 1909|833 | 71.4|55.6| 385|238 135

e PRs generated close in time are often directed to the same node. We find that PRs

generated close in time by a node often request properties hosted by the same destination
node. We refer to this property as temporal remote destination locality. As shown in

Table 28, for queen, on average, all 64 consecutive PRs from a source node are directed to
the same destination node (out of the 127 possible destination nodes). The reason is that
queen has its nonzeros largely concentrated around the diagonal. PRs in other matrices
also show temporal remote destination locality—even in europe, 64 consecutive PRs have
only 7.4 different destinations out of the 127 possible ones. Later, we show how we exploit
this property to concatenate network messages and improve goodput.

Table 28: Average number of unique remote destination nodes in 64 consecutive PRs from
a node in a 128-node system.

Matrix | arabic | europe | queen | stokes | uk
Nodes | 2.51 7.43 1.00 1.85 5.61

e Remote properties fetched by a node in a rack can be reused by other nodes in the same

rack. Most of today’s high performance computing and datacenter networks are
hierarchical [311], [312], [313]. For example, datacenter clusters are organized in racks, with
nodes in the same rack connected to the same ToR switch. Similarly, the Delta
supercomputer is interconnected with a Dragonfly topology [311], where nodes are

organized in small groups and intra-group communication is faster. Hence, we investigate
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the potential for sharing properties across nodes of the same rack/group, assuming groups
of size 16. Excluding redundant transfers, we find that, on average, 85% of the PRs are for
properties useful to more than one node in the same group. We later show how we employ
in-network caching to utilize this sharing potential.

e Putting it all together. These results reveal that distributed sparse kernels are missing

out on substantial performance potential. Fortunately, they also hint at how to attain some
of this performance. To avoid the excessive redundant transfers of SU approaches, one
must (1) exploit the sparsity patterns and adopt an SA approach. At the same time, one
should: (2) eliminate any remaining redundant transfers of SA approaches at no
preprocessing cost, (3) increase the SA line utilization by eliminating the software
overheads associated with PR generation, and (4) decrease network header overheads.
Throughout the process, one should leverage (5) temporal remote destination locality and

(6) intra-group property sharing.

7.4 NetSparse Architecture

Based on the previous findings, we introduce four hardware techniques to accelerate
distributed sparse communication. We call the resulting architecture NetSparse. NetSparse
extends SNICs and programmable switches with hardware extensions catered to the sparse
domain. In this section, we give a high-level overview of these mechanisms; we describe the
mechanisms in more detail in Sections 7.5 and 7.6. Our design uses the vanilla SA

approach of Figure 66 as a starting point.

1. Hardware Support for One-Sided Remote Indexed Gathers. The SA
communication pattern involves reading a list that indexes properties needed by the
nonzeros and that are hosted in various remote nodes. This operation as a whole is a large
Remote Indezed Gather (RIG). This operation is not supported natively by RDMA today
(e.g., as defined by InfiniBand verbs [314]). In a vanilla SA execution, the host cores

break-down the RIG into fine-grained per-nonzero RDMA reads, and issue each one of
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them to the NIC. As a result, the host and the NIC need to communicate and synchronize
through the PCle bus very frequently. This leads to a high software cost and high latencies
that cannot be hidden, limiting the effective rate at which new PRs can be generated.

To increase this rate, we propose extending RDMA with native support for RIG
operations. The host cores issue RIG operations that are handled by novel specialized
processing units (RIG Units) in an SNIC. Each RIG command contains the information
needed for the SNIC to fetch the properties for a coarse-grained batch of nonzeros, without
requiring involvement from the cores of either the host or remote nodes. RIG operations
are one-sided. A RIG completes and the host core is informed when: (1) all the PRs in the
batch have been generated, and (2) all the remote properties have been fetched and written
back to the host memory (through DMA). By coarsening the granularity of NIC-host
communication and eliminating general-purpose overheads with the specialized RIG Units,
the PR generation rate increases, leading to a substantial increase in the network
bandwidth utilization.

2. Property Request Filtering and Coalescing. Our second technique eliminates
redundant SA PRs at runtime. Recall that nonzeros with the same idx generate PRs for
the same property. Since the input property array is not updated during an iteration of the
sparse kernel, all the requests to a given property after the first one are redundant and
waste network resources. To eliminate as many of them as possible, we use a per-node
bitvector with as many bits as different idxs the sparse matrix has. We call this bitvector
Idz Filter and allocate it in the DRAM memory available in modern SNICs [294]. A bit in
the Idx Filter is set by the RIG Units after a remote property arrives and is written to the
host’s memory. Also, before the RIG Units forward a PR for packetization, they check if
the bit for the specific idx is set in the Idx Filter. If it is, the PR is redundant and is
dropped. The PR is also dropped if another PR with the same idx is currently
outstanding, but the requested property has not yet arrived. This is achieved with a

request coalescing mechanism supported by the RIG Units.
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3. Property Request Concatenation. This technique is grounded on the temporal
remote destination locality (Section 7.3). When multiple fine-grained PRs generated close
in time are directed to the same node, we concatenate them in a single network packet. For
this, we introduce a low-level NetSparse network protocol implemented on top of RDMA.
Our protocol has two layers: the Concatenation layer and the PR layer. The headers of the
concatenation and higher-level networking layers can be shared across multiple PRs. Hence,
the effective per-PR header overhead decreases, increasing goodput. PR concatenation is
realized using a mechanism based on delay queues (Section 7.6.1). We augment SNICs and
switches with special Concatenator units that implement this mechanism in hardware.

4. In-Switch Property Caching. To share properties fetched from remote racks within
nodes of the same rack, we augment ToR switches with a hardware cache. We call it
Property Cache. In contrast with P4-based switch caching mechanisms [308], the Property
Cache is updated in the data plane, to accommodate the short-lived distributed sparse
kernels. The Property Cache is placed in a new layer of middle pipes, that complement the

existing ingress/egress pipes in Tofino-like switches (Section 7.6.2).

Host Switch
26 NW 1o(6)
Host Core c 5 Link E Sache c
e} Rd IHCL O
M _ Nl—n:E re Ho 7H|v| N F=== Other
§ L] N Switch
E _(:)_ - - D | — Rsp — or
M = _@_ g %f)lé C @ E Remote
<« [Femoe ] snicivem | LR (o o cH ek P~ Node
Property ax Fiter |[¢ ~ 4O N (’3

Figure 67: The lifetime of a Sparsity Aware (SA) Property Request (PR) with NetSparse.

Figure 67 shows how the lifetime of a PR changes with NetSparse in comparison with
Figure 66. At step (@D, one of the host cores sends a RIG command to one of the RIG
Units of the SNIC. The RIG Unit then reads the appropriate idxs for a batch of nonzeros
from the host’s memory with DMA (step @). At @), for every idx, the RIG Unit checks

the corresponding bit in the Idx Filter. If the bit is set, it means that the property for this
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idx has already been fetched by this or another RIG Unit. In this case, a PR is not
generated and the idx is dropped. An idx is also dropped if a PR with the same idx is
currently outstanding. This is determined through a coalescing mechanism before step @)
(not shown). For the non-dropped idxs, read PRs are generated @. At step &), multiple
PRs may be concatenated in a single packet, which is forwarded to the network. When the
packet reaches the ToR switch, it is de-concatenated @ and the Property Cache is
looked-up using the idx of each PR (@). For read PRs that hit, response PRs containing the
requested properties are generated and forwarded back to the node ®. The generated
response PRs can be concatenated with others to form response packets. When a response
packet arrives back at the SNIC, it is deconcatenated, and the properties it carries are
written to the host’s memory (9). Finally, the Idx Filter is updated {0, marking the
corresponding properties as already fetched.

On Property Cache misses, read PRs are concatenated into packets and forwarded
further into the network. When a read PR reaches its destination, a remote RIG Unit
loads the requested property from its host’s memory and creates a response PR for the
original node.

A RIG command completes when all the PRs for the non-dropped idxs of the batch are
generated and all their responses are received at the requesting node. Parallelism increases

when multiple commands are concurrently active in different RIG Units of an SNIC.

7.5 NIC-centric NetSparse Mechanisms

This section describes the NIC-centric NetSparse mechanisms: how the RIG operation is
offloaded to the NIC and how redundant PRs are eliminated. We also describe the
architecture of the RIG Units.

We assume an RDMA-capable SNIC with an NoC interconnecting the different SNIC
components, including DRAM memory, packet buffer, existing RDMA Processing Units,

and other accelerators or lightweight cores. This architecture, shown in Figure 68, is based
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on an AMD Pensando SNIC [294], [295]. However, our mechanisms are not tied to this
type of SNIC. The RIG Units are attached to the SNIC’s NoC and are connected directly

to the packetization and buffering logic through hardware queues.

7.5.1 Offloading the RIG Operation to the NIC

Although SA communication can be expressed as RIGs, RDMA today lacks native support
for this coarse-grained operation. In a naive SA execution, the host issues fine-grained
RDMA reads with different destinations. For each of these reads, the host and the NIC
need to communicate. This is an expensive process that leads to high software costs and
limits the PR generation rate.

To eliminate these costs, we propose extending RDMA hardware with the new RIG
Units, capable of performing RIG operations. A RIG Unit can be configured to operate as
a client thread or as a server thread. Client threads receive RIG commands from the host’s
cores, generate the necessary read PRs for a coarse-grained batch of idxs, and inform the
host when the operation is complete. Server threads respond to requests from the network
by fetching properties from their host’s memory, and generating response PRs.

Figure 68 shows a NetSparse SNIC, with our hardware extensions highlighted. The
RIG Units have memory-mapped control registers to communicate with the host. A client
thread begins its execution when the host writes a RIG command to a register. The
command contains the host address that the client thread should read the nonzero idxs
from, the host address to write the gathered remote properties, the number of idxs, and the
size of a property. After the thread receives the command, it issues a local DMA transfer
that copies the idxs from the host memory to a buffer in the RIG Unit. It then generates
PRs and forwards them to a hardware queue (Tx Q) for packetization. When a response
PR arrives from the network through an Rx Q, the property it carries is written to the
host’s memory at the appropriate location based on its idx. When all the properties have

been received, the host is notified. The intermediate concatenator/deconcatenator modules
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Figure 68: NetSparse SNIC, with our hardware extensions highlighted. Concat/Deconcat
are discussed in Section 7.6.

are analyzed in Section 7.6.

The nonzeros processed by a node are grouped into batches, and multiple RIG
commands are active concurrently in different RIG Units. This improves parallelism and
enhances the overlapping of computation and communication. However, there is a tradeoff
in the RIG batch size. A very small batch size can expose the communication overhead
between the SNIC and the host core and can limit the effectiveness of SNIC offloading. In
fact, for a batch size of 1, the RIG command is very similar to a vanilla RDMA read. A
very large batch size limits parallelism and can cause intra-node load imbalance between

the different client threads. We explore this tradeoff in our evaluation.

7.5.2 Redundant PR Elimination

An Idx Filter bitvector is a software structure used to eliminate redundant PRs due to idx
repetitions. It has one bit for every column in the sparse matrix and is allocated in the
SNIC’s DRAM memory (Figure 68). Given that modern SNICs can easily support 16GB of

DRAM memory [315], they have enough memory capacity to fit Idx Filters for sparse
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matrices with 100 billion columns—well over the largest SuiteSparse matrices. A bit is set
in the filter when the property for the corresponding idx has been received and written to
the host memory. The same filter is shared by all client RIG Units, which access the SNIC
DRAM through a small coherent L.1/L2 cache subsystem (and additionally through a
shared LLC attached to the SNIC NoC, if there is one available, as in Pensando [294],
[295]).

A RIG Unit also contains a private hardware Pending PR Table, which is a CAM that
tracks the currently outstanding PRs issued by this particular RIG Unit. The table is
updated in hardware when the RIG Unit issues a PR and when a PR response is received.

With these two structures, NetSparse eliminates redundant PRs. Specifically, after a
client thread running on a RIG Unit reads an idx, it checks the Pending PR Table and the
Idx Filter, to see if there is an outstanding or an already completed PR, respectively, for
the same idx. If any condition is true, the PR is not issued—an event we call coalescing
and filtering, respectively, for the two cases. Note that only PRs originating from the same
RIG Unit can be coalesced. We made this design decision because implementing coalescing

across RIG Units in a node requires synchronization support.

7.5.3 Architecture of a RIG Unit

Figure 69 shows the architecture of a RIG Unit in client mode. The RIG Unit contains: (i)
the Logic Engine (@), which includes logic to check for idx coalescing and filtering, and to
perform PR generation, and (ii) its memory structures (2), namely, the SRAM Idx and Rx
Property Buffers, and the Pending PR Table. The figure also shows the RIG Unit’s
auxiliary structures: a DMA engine that accesses the host’s memory @), L1 and L2 caches
to access the SNIC DRAM @), and the Tx and Rx Queues to communicate with the
network interface (®.

The DMA engine accesses the host’s memory to fetch batches of idxs into the Idx
Buffer. For each idx, the Logic Engine checks the Pending PR Table and the Idx Filter
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(through its LSQ and L1/L2 cache hierarchy) for redundant PR elimination. If the current
idx is not eliminated, the Destination Solver calculates the destination node of the PR, and
the local host’s memory address to store the remote property when it arrives. Then, the
PR Generator registers an entry in the Pending PR Table, creates a read PR, and pushes it
to the Tx Queue. When the corresponding response PR is received at the Rx Queue, the
fetched property is stored in the Rx Property Buffer. Then, the property is written to the
host’s memory through DMA, and the Idx Filter and Pending PR Table are updated

appropriately.
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Figure 69: RIG Unit in client mode and auxiliary structures.

A RIG Unit does not stall while processing an idx. It processes multiple idxs in a
pipelined manner. It can read a new idx from the Idx Buffer every cycle, and overlap the
Idx Filter accesses, the DMA operations, and the communication with the network
interface across multiple PRs. This overlapping hides latencies that prevent current

software solutions from generating PRs at high rates. A RIG Unit only stalls if it has
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issued the maximum number of network requests that its Pending PR Table can track, or if
its LSQ or Tx Queue are full.

The same RIG Unit can be reconfigured to implement a server thread as follows. First,
the Rx Queue receives read PRs and the PR Generator generates response PRs that are
pushed to the Tx Queue. Further, the Destination Solver calculates the local host’s
memory address where the requested properties reside. Finally, the Rx Property Buffer
receives properties from the host and deposits them in the Tx Queue. The Idx Buffer and
the Idx Filtering/Coalescing logic are unused. Incoming Read PRs are assigned to Server

RIG Units dynamically through the @ Control module (Figure 68).

7.5.4 Host-Side Software Changes for RIG

In our design, RIG offload is exposed as a seamless extension to the existing RDMA-Verbs
APIT [314] rather than as a separate library or a new system call. We introduce a new
opcode IBV_WR__RIG alongside standard opcodes such as IBV._ WR_RDMA_READ in
the ibv_send wr union. This requires only small changes to the libibverbs driver to
recognize the new opcode and program the control registers of the RIG Units in the SNIC.
Along with the opcode, the host passes all the other fields necessary for a RIG command
(Section 7.5.1).

7.6 Network-centric NetSparse Mechanisms

We now detail the network-centric NetSparse mechanisms: Property Request (PR)
Concatenation and In-Switch Property Caching.

7.6.1 Property Request Concatenation

7.6.1.1 Protocol

With NetSparse, multiple PRs of the same type (read or response PRs) that share the

same destination can be concatenated into a single network packet. This is achieved by
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using our proposed application-level NetSparse network protocol (Figure 70). The protocol
is structured into two layers: a Concatenation and a PR layer. We use RDMA as the base

protocol before the NetSparse header; however, other alternatives are possible.

Concatenation Layer PR Layer

2B | 4B 1 4B 1 4B 4B 1 2B 1 8B 4B i
Type Dest Len #PRs Src1 Srctid1 |ldx1]ID1 ]| Payload 1

Upper i
Layers i

Src 2 Srctid2 |ldx2 | ID2 | Payload 2

Figure 70: NetSparse 2-layer network protocol.

As shown in Figure 70, the concatenation layer header includes fields for the PR type
(i.e., read or response), destination, property length (which is the same for all PRs in a
given kernel), and the number of concatenated PRs. The PR layer header specifies, for
each individual PR, the source node, source RIG Unit ID (i.e., tid), property idx, and
request ID. A single NetSparse packet can encapsulate multiple PRs, along with their
respective PR layer headers and payloads, as long as the packet remains within the
maximum transmission unit (MTU) size limit. Importantly, NetSparse packets have a
single destination and are not multicast. Hence, they do not alter the network’s routing.

By concatenating PRs, the header overhead of the concatenation and upper layers is
shared across multiple PRs. This results in a large reduction in header overhead. To see
why, assume a header of 50 bytes for the upper layers. Without concatenation, each PR
packet requires a header of 50410418 = 78 bytes. Thus N PRs in separate packets have a
header of 78N bytes. With concatenation, a packet with N PRs has a header of
50+14+18N = 64+18N bytes. For even small values of N, this is a significant reduction in
overhead, which improves goodput—particularly for small property sizes. In addition, the
resulting reduction in the number of network packets reduces network contention and

improves performance.
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Figure 71: PR concatenation mechanism.

7.6.1.2 Mechanism

The concatenated PRs can come from the same or different threads, and from the same or
different nodes. Concatenation happens transparently, without requiring the threads to
synchronize. It occurs in the data plane, in both the ToR switches and the SNICs. We call
these points Concatenation Points.

The concatenation mechanism is shown in Figure 71. A Concatenation Point has
multiple Concatenation Queues (CQs), which are delay queues that collect PRs of the same
type and destination. There is one CQ for reads and one CQ for responses per possible
destination (in the worst case, for a total of 2(N-1) CQs, where N is the number of nodes).
Each CQ is MTU sized (i.e., 1500B). When a PR arrives, it is pushed into the appropriate
CQ), based on its type and destination. In a CQ, PRs wait to be concatenated. When a CQ
gets full, the PRs it contains are concatenated and forwarded for packetization. However,
the PRs in a CQ can also be forwarded for packetization before the CQ gets full. We
describe this case next.

Each non-empty CQ is associated with an Expiration Time (ET), which is the time
when its first PR entered the CQ plus a DelayCycles parameter. DelayCycles is the

maximum allowed time that any PR can spend waiting to concatenate with others. If the
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ET of a CQ is exceeded, the PRs it contains are concatenated and forwarded for
packetization.

To efficiently identify CQs close to expiration, we employ a circular queue called
FEzpiration Time Queue (EQ). When a PR enters an empty CQ, the index of the CQ plus
the computed ET are inserted at the tail of the EQ. The EQ is shown in Figure 71, where
each entry has a pair {CQ,;, ET PR #1}. At every cycle, the hardware checks the entry at
the head of the EQ for expiration—all the other CQs are guaranteed to expire later.

Beyond a set of PRs, each CQ holds some metadata. As shown in Figure 71, the
metadata is the number of PRs currently in the CQ, the common header fields of the PRs
in the CQ, and the position in the EQ that holds the entry for the CQ (i.e., the EQ index).
The latter is needed in case the CQ gets full before its ET expires. In this case, the
corresponding EQ entry needs to be cleared.

PR concatenation delays individual PRs for some cycles. This is tolerable within some
limits. What we care about is when the whole kernel completes—mnot when individual PRs
do. Typically, this delay is negligible compared to network round trip times.

PR deconcatenation breaks down a concatenated package into its component PRs. It

also happens in the SNICs and ToR Switches. Its implementation is straightforward.

7.6.1.3 Implementation

Since (de)concatenation happens in the data plane, one approach would be to implement it
using the P4 pipelines included in Tofino switches and Pensando SNICs. Unfortunately, the
register arrays of the P4 pipelines cannot handle data types larger than 32 bits. As a
result, the number of register accesses that would be needed per cycle for concatenation to
work would quickly exhaust the number of register accesses that the hardware can support
per stage and cycle. For this reason, we extend the switch/SNIC architecture with new
hardware Concatenator and Deconcatenator modules. Their integration in the SNIC is

shown in Figure 68. To integrate them in switches, we can follow an approach similar to
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Taurus [316] and implement them in separate chiplets. Networking chips such as
Broadcom’s Tomahawk [317] have already started moving towards a multi-chiplet direction.
P4 supports externs [318] to extend the language and provide operations not natively

supported. To use (De)Concatenators, one approach is to introduce new dedicated
control-block [316] P4 types in P4. Within these new control blocks, (De)Concatenator
units can be invoked using the Concatenate and Deconcatenate constructs, similar to how
hashing units and stateful memory (meters, counters, and registers) are made available in

the Tofino chip [301], [302].

7.6.2 In-Switch Property Caching

To share properties fetched from remote racks within the nodes of the same rack, we
augment ToR switches with a cache. Although prior work such as NetCache [308] has
implemented caching in Tofino switches by utilizing the P4 register arrays and
Match-Action Tables (MATSs), such an approach would not work for sparse kernels.
NetCache targets very long-running Key-Value Stores (KVS) and, due to P4 pipeline
limitations, NetCache is periodically updated with values through the control plane.
Instead, an iteration of a distributed sparse-kernel is much shorter-lived than KVS. The
control plane-based cache update rate is not sufficient. Hence, we include a new hardware
cache in the switch called Property Cache, intended to be used in sparse supercomputers.
Similar to the Concatenators, this is a new hardware module that could be invoked, for
example, in P4 as a control-block using Lookup and Insert constructs. Before the kernel
begins, the Property Cache is configured by the control plane and any data it contains is

marked as invalid.

7.6.2.1 Switch Architecture

To support our technique, we modify the architecture of a switch to handle arriving

packets as follows. An arriving read packet is deconcatenated and each of its PRs checks
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the Property Cache to see if it contains the desired property. If a PR finds its property
(i.e., it hits in the cache), the PR becomes a response PR and its destination node is
changed to be the node that issued the PR. Otherwise, no action is taken. Then, all the
PRs (irrespective of whether they hit or missed in the cache) go through a concatenation
step and are then issued to the correct output port.

An arriving response packet is deconcatenated and each of its PRs checks the Property
Cache to see if it contains the corresponding property. If a PR finds the property, no action
is taken. Otherwise, the PR’s property is saved in the cache for future use. Then, all the
PRs go through a concatenation step and are issued to the correct switch output port.

NetSparse supports this algorithm with high performance by adding a second crossbar
to the network switch. The design is shown in Figure 72. The figure shows a switch with
16 input ports (leftmost part of the figure) grouped into four ingress pipes and 16 output
ports (rightmost part of the figure) grouped into four egress pipes. Rather than having a
single 16x16 crossbar, we add four more pipes in the middle and one additional 16x16
crossbar between the middle and egress pipes. Each middle pipe has a deconcatenator, a
Property Cache, and a concatenator.

To prevent the access latency of the Property Cache from blocking the pipe, the cache
itself is pipelined. Further, a shift queue (not shown) is used to host PRs while they check
the cache. At every cycle, a new PR can enter this queue, without applying backpressure.

Figure 72 shows two example packet flows. First, a PR packet arrives at Port 12 in
ingress Pipe 3 and must be routed to Port 8 in egress Pipe 2. NetSparse first routes it to
the middle pipe at the same offset as the ingress pipe (i.e., Pipe 3) @), where it will update
the Property Cache. In the middle pipe, the packet is first deconcatenated and then each
of its PRs deposits its property in the Property Cache (unless it is already there). Then, all
the PRs go through a concatenation step, and are then routed to their requested output
port (Port 8 in egress Pipe 2) .

The second example is a read packet that arrives at Port 4 in ingress Pipe 1 and must
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be routed to Port 0 in egress Pipe 0. NetSparse first routes it to middle pipe at the same

offset as its egress pipe (in the example, Pipe 0) 3. This is because middle Pipe 0 has the
cache where prior PRs that can source the response would have saved the property. Indeed,
for a pair of {response, read} PRs to communicate a property in a deterministic routing
network, the egress port of the read must match the ingress port of the response.

In the example, as the read packet reaches middle Pipe 0, it is deconcatenated and each
of its PRs accesses the Property Cache. Assume that only one PR hits (shown in the
figure). That read PR gets the property from the cache, becomes a response PR and
changes its destination to be its source node. Consequently, NetSparse routes it to the
output port that matches its input port: Port 4 in egress Pipe 1 (@). Before reaching the
egress pipe, however, the PR goes through a concatenation step. The read PRs that missed
in the Property Cache remain unchanged, go through a concatenation step, and are routed
to their initial output port (Port 0 in egress Pipe 0).

An alternative design that we considered was to place the Property Cache in the Egress
Pipes. This approach does not need the middle pipes or the second crossbar. However, it
disrupts the packet flow for both read and response PRs.

First, for read PRs, if a read PR finds its property in the Property Cache and needs to
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change its destination node, it must be recirculated to an input port of the switch. It is

then routed through the crossbar a second time to reach the new destination. Second, for
response PRs, a response PR must be mirrored: it must be routed to both its destination
egress pipe and to the egress pipe with the same index as its ingress pipe (since this is the

egress pipe that contains the correct Property Cache to update).

7.6.2.2 Property Cache Architecture

The Property Cache is a set-associative hardware cache that is accessed with the property
idx bits (i.e., the cid bits of the sparse matrix) and returns the property associated with
the target idx. In practice, different kernels may have different property sizes. Hence, we
envision the Property Cache to support different property sizes and be configurable.
Specifically, before a kernel executes, the control plane configures the Property Cache for
the single property size to use.

To support this configurability, the Property Cache is implemented in Segments. To see
how it works, assume that it needs to support property sizes of {16B, 32B, 64B, ... 512B}.
In this case, the Property Cache is designed with 32 segments, each able to provide 16B of
property data. If the cache is configured for 16B properties, a cache access will only
activate one segment, which will provide the 16B. If the cache is configured for 32B
properties, a cache access will activate two adjacent segments, each of which will provide
16B. If the cache is configured for 512B properties, a cache access will activate all 32
segments, which together will provide 512B.

Figure 73 shows the Property Cache described. Because it has 32 segments, each with a
certain number of sets and ways, the property idx bits include a 5-bit Segment bits field, in
between some Set bits and the Tag bits. These Segment bits will identify the segment(s)
with the desired property value. The Segment bits are routed to a Segment Selector that is
configured with a Mode and generates a bitmask of 32 Enable bits to enable the desired

segment(s). For example, if Mode is 16B, the bitmask has only 1 Enable bit set; if Mode is
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Figure 73: Segmented design of the Property Cache.

32B, the bitmask has only 2 adjacent Enable bits set; if Mode is 512B, all the Enable bits
are set. The Set bits and Tag bits are routed to all the segments, and prompt the segments
that are enabled to dump the property bits onto an output network.

As an example, assume that the Property Cache is configured in 32B Mode. This
means that the Segment Selector will ignore the LSB of the Segment bits. Assume that the
Segment bits are 1110X. In this case, we are looking for the pair of segments that are one
before last. Hence, the Segment Selector will set the Enable bits to 0...01100. Overall, with
this Property Cache design, the whole cache capacity can be utilized regardless of the
property size.

If the property size of the kernel is larger than the largest one (S,,,,) supported by the
Property Cache, the input property array can be tiled into chunks, so that the maximum

property size in each chunk does not exceed S,,, -

7.7 Other Considerations

1. Network Packet Loss. NetSparse is designed for a lossless RDMA-based networking

environment (i.e., InfiniBand-like), which applies backpressure when network queues get
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full. This limits packet losses to hardware failures mostly. Detection of packet losses is
accomplished by setting up a watchdog timer when a RIG Unit initiates a RIG operation
and resetting it when the operation terminates. If the watchdog timer times-out, the RIG
operation is considered failed. Then, the host is informed, and the whole buffer in the
host’s memory to which the RIG Unit has possibly written partial results is discarded.

2. Scalability of the Concatenation Mechanism. Since our concatenation mechanism
allocates one Concatenation Queue (CQ) for each possible destination node, the total
SRAM requirement scales with the total number of nodes in the network. We show in our
evaluation that this does not cause issues for 128 nodes. However, it could cause excessive
memory overhead and low queue utilization under large-scale deployments. To solve this
issue, a possible approach is to virtualize the CQs. With this approach, each concatenation
point includes a fixed number (i.e., independent of the number of nodes) of smaller
sub-MTU sized (e.g., 128B) "physical” CQs. These physical CQs are dynamically assigned
on demand, whenever a PR for a new destination node appears or a physical CQ for a
desired destination node is found to be full. Multiple physical CQs with PRs with the same
destination are linked into a "virtual” CQ. If the total occupancy of a virtual CQ reaches
the MTU, the contents of its physical CQs are concatenated together into a single packet
that is issued into the network, and the corresponding physical CQs are freed.

3. Deployment. NetSparse is backward-compatible with state-of-the-art existing
RDMA-capable HPC infrastructure. NetSparse headers appear as payloads of the RDMA
layer, and thus they are opaque to the existing network routing infrastructure. However, to
be able to generate and decode NetSparse packets, at a minimum, the end-host SNICs need
to include RIG Units that can handle RIG commands. Both the source and destination
nodes should be RIG-capable. In fact, we believe that RIG operations can be useful for
other throughput-oriented kernels with fine-grained irregular accesses. NetSparse switches

can be deployed incrementally.
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7.8 Methodology
7.8.1 Software Baselines

We compare NetSparse to an SU and an SA software-only baseline. We make idealistic
assumptions for both of them. For the SU baseline (SUOpt), the communication time is
assumed to be equal to only the time needed for a single node to receive all of the data
bytes needed from the network at 100% line bandwidth utilization and without any header
overheads. There is no network or SNIC latency and all nodes perfectly overlap their
message reception. This is the optimal performance limit of the SU approach.

For the SA baseline (SAOpt), we assume an environment where some of the NetSparse
mechanisms are implemented in software. Specifically, we augment the SA algorithm with
the Conveyors framework [309] and implement in software the three NetSparse mechanisms
that have a reasonable design in software: communication batching, message
concatenation, and filtering.

To mimic the first two mechanisms, we rely on Conveyors. With Conveyors, each core
aggregates batches of PR idxs with the same destination into a software buffer, and issues
them to the network as a single message. Since RDMA does not support one-sided Remote
Indexed Gathers, Conveyors use two-sided communication (i.e., send and receive messages)
that require synchronization between cores in different nodes. Note also that sharing the
headers across PRs for message concatenation is only possible if they originate from the
same node. Finally, to mimic filtering, we optimistically assume that the software perfectly
pre-filters redundant PRs offline without any preprocessing or runtime cost. The other
NetSparse techniques (concatenation of messages originating from different nodes and
in-network caching) are not feasible with software. Further, we also assume that there is no
network or SNIC latency. Overall, for SAOpt, we only account for the software overheads
of PR generation, book-keeping, synchronization, and buffering.

To isolate the software overheads of SAOpt, we measured the rate of data transfers
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under an ideal scenario: all communication happens between cores of the same node and is
perfectly balanced. Specifically, we evaluated such a setting on a high-performance NCSA
Delta node with 64 out-of-order cores. By dividing the total traffic by the execution time,
we computed the rate of data transfers. Then, we divided this rate by the line rate, ignoring
headers, to calculate the goodput as a percentage of the line rate. The results are shown in
Figure 74 for two different property sizes K (Section 7.2) and different numbers of cores in
the node. We observe that the (optimistic) goodput scales almost linearly with the number
of cores. We see that the maximum achievable goodput—even with 64 high-performance
cores, perfectly balanced communication load, and no network overheads—is far from the
optimal 100%. From this experiment, we measure the total software overhead per PR. We

then use this value to calibrate our simulations of SAOpt in the evaluation section.
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Figure 74: Ideal SAOpt goodput vs number of cores in a node.

In our evaluation, in SAOpt, we use all 64 CPU cores in a node to support the
cross-node communication; in NetSparse, we use a single CPU core per node to control the
RIG Units of the SNIC. We do this to highlight the capabilities of NetSparse when most

CPU cores are not available to speed-up communication.

7.8.2 Simulated System and Benchmarks

To evaluate NetSparse, we use the SST Simulator [96], with the Merlin [319] component
library for the network and switches, and DRAMSim3 [97] for DRAMs. We modify the
rdmaNIC component of the simulator to model a NetSparse-augmented Pensando-like

SNIC. Further, we augment the Merlin switches to model a Tofino-like architecture with
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NetSparse extensions. Our communication experiments use communication patterns that
are representative of the SpMM, SDDMM and SpMV kernels. For experiments including
computation, we run SpMM with SPADE accelerators (Chapter 3) integrated with each

host, again simulated with SST.

Table 29: System Parameters.

Cluster
Topology \ 128 nodes; 8 racks; 16 nodes/rack; Leaf-Spine

Node
Node 1 socket; 64 cores; 2.2GHz; DDR 256GB, 270GB/s
In-Node Accel. 128 SPADE PEs; 1GHz; HBM 64GB, 800GB/s
PCle Gen6; 128GB/s; 200ns one-way latency

SNIC
General AMD Pensando-like; 2.2GHz

DDR Memory 16GB, 64GB/s; 16MB LLC

RIG Units 32 RIG Units; 16 32KB L1s; 16 128KB L2s;

64/256-entry LSQ/Pending PR Table;

4KB Property Buffer/Idx Buffer

Network Interface | 2MB RxBuffer/TxBuffer; 400Gbps; 1500B MTU
Network

Bandwidth 400Gbps per link

Zero-load Latency | Switch: 300ns; Network link: 450ns one-way;
Intra/inter-rack RTT: 2.4us/5.4us

Switches Intel Tofino-like; 32 ports x 400Gbps;

8 pipes, 2GHz; 96MB Packet buffer;

NetSparse extensions only in ToR switches
NetSparse Header | Upper/Concat/PR-layers: 50B/12B/18B
Concatenation 512KB SRAM per switch pipe and per SNIC;
NIC/Switch concat. delay cycles: 500/125;
Deconcatenation has no delay cycles;

Property Cache 32MB total per switch; 16/512B min/max cache
line; 32 segments; 16-way; 16 cycles lat; LRU

We simulate a 128-node machine with 400Gbps links. Table 29 shows the system
parameters. The system has a Leaf-Spine network topology, with racks of 16 nodes
(Figure 75). We assume an InfiniBand-like environment which applies backpressure when

network queues get full. Packets are routed deterministically. In the SNIC, each pair of
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Figure 75: Simulated system topology.

RIG Units shares a single L.1 and L2 cache (typically, a client and a server unit).

We use 5 large sparse matrices from the SuiteSparse [73] collection as benchmarks
(Table 30). These matrices come from different domains such as web-crawls, road networks,
and scientific applications. We evaluate them for properties with K={1,16,128} (i.e., 4B,
64B, and 512B). We use a RIG batch size of 32k nonzeros for arabic, queen, and stokes,

and 8k for europe and uk. We also analyze the performance sensitivity to other values.

Table 30: Benchmark sparse matrices.

Matrix arabic-2005 | europe_osm | queen_ 4147 | stokes | uk-2002
Rows (M) 23 51 11 19
NNZ (M) 640 108 317 350 298

7.8.3 NetSparse Hardware Overheads

NetSparse requires new hardware extensions to the SNICs and switches. To evaluate their
area and power impact, we implemented the main logic structures (i.e., RIG pipelines and
the Concatenators) in RTL using System Verilog. We synthesized our designs targeting a
45nm process with the Synopsys Design Compiler [320] and the open-source FreePDK45
cell library [321]. We verified that our designs easily meet timing for a frequency target of
1.5GHz at 45nm. Thus, a frequency of 2.2GHz for more modern 7-10nm process
technologies is very reasonable [104]. For the caches, SRAMs, and CAMs in the NetSparse
extensions, we used CACTI [102], and also validated that they meet timing. We scale down

from 45nm to 10nm using the process scaling equations from [104]. We present our area
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and power evaluation in Section 7.9.5. Dynamic power is reported under maximum activity.

7.9 Evaluation

Speedup vs SUOpt
(log-scale)

Figure 76: NetSparse and SAOpt communication speedups over SUOpt for the 128-node
system.

7.9.1 Performance and Scalability Analysis

In this section, we analyze the performance and scalability of NetSparse. We start by
comparing the time taken by the inter-node communication in NetSparse, SAOpt, and
SUOpt assuming that computation has no cost. Figure 76 compares the communication
speedup of NetSparse and SAOpt over SUOpt for different property sizes. SUOpt is
favored by small properties (K=1), since the network traffic caused by redundant transfers
is lower. For this reason, we see that the speedups of SAOpt and NetSparse increase for
larger properties. We observe that NetSparse outperforms both baselines for all matrices
and all property sizes. In contrast, SAOpt performs worse than SUOpt for stokes (all K
values) and arabic (for K=1). The performance gain of NetSparse over SUOpt correlates
directly with the number of redundant transfers SUOpt issues for each matrix (Table 25).
On average (i.e., gmean), NetSparse outperforms SUOpt by 33x and SAOpt by 15x.
Table 31 shows key statistics and reveals the reasons behind the communication
speedups of NetSparse. We focus on the node that takes the longest to finish (Tail Node),
since it determines the execution time. We see that NetSparse mechanisms work. First,

PRs get filtered and coalesced, as revealed by the filtering and coalescing (F+C) rates.
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Second, PRs get concatenated, as shown by the high number of PRs per packet. Third, we
have hits in the Property Caches. For europe, the filter and cache hit rates are low because
the matrix is very sparse; it is rare to find PRs with the same idx.

Table 31: Performance statistics for the tail node in NetSparse, and comparison to SUOpt
and SAOpt (K=16).

F+C | Avg #PR | PCache Line -Trfc | Gput | -#PR
Matrix | Rate per Pkt | Hit Rate | Gput | Util. | vs SU SA | vs SA
arabic 97% 5.7 26% | 35% | 65% 283x 1% 3.8x
europe 8% 4.5 5% | 3% | T0% 188x 10% 1.3x
queen 95% 19.6 50% |  40% | 66% 42x | 11% 1.1x
stokes 90% 12.1 6% | 38% | 64% 17x 8% 4.4x
uk 61% 17 30% 30% | 50% 271x 9% 2.6x

The main reason for the NetSparse speedup over SUOpt is the significant decrease in
network traffic (Column 6 of Table 31). For example, arabic has 283x less traffic in
NetSparse than in SUOpt. When compared to SAOpt, NetSparse eliminates software
overheads and minimizes CPU involvement and synchronization. As a result, it raises the
goodput to healthy levels, as can be seen by comparing Column 4 to Column 7. In
addition, NetSparse also decreases the number of PRs relative to SAOpt due to more
effective filtering (Column 8). For example, arabic has 3.8x fewer PRs in NetSparse than in
SAOpt. This is because the Conveyors framework included in SAOpt assigns threads in the
same node to different ranks and cross-rank filtering is not possible. SAOpt shows lower
goodput for arabic in comparison with other matrices. This is due to intra-node load
imbalance in the tail node, which gets magnified with SAOpt.

Next, we evaluate how the substantial communication speedups translate to end-to-end
performance improvements. For this, we execute SpMM on the 128-node system, using the
SPADE accelerators for computation. For communication, we use SUOpt, SAOpt, or
NetSparse. SPADE does not support SpMM with K=1, so we exclude this property size
from this experiment.

Figure 77 illustrates how the system strong-scales from 1 to 128 nodes with different
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communication approaches. In other words, it shows the end-to-end speedup of the
128-node system over the execution on a single node. We also include, as a performance
limit, the ideal speedup of a hypothetical system without any communication. Such
speedup is shown with dashed lines.

Unsurprisingly, in the presence of hardware-accelerated computation, software solutions
for communication are not enough. Due to the huge communication inefficiencies of
SUOpt, the 128-node system is, on average, slower (i.e., its speedup is 0.7x) than the
single-node system—which does not require communication. With SAOpt, the 128-node
system is only 3x faster than the single-node one. With NetSparse, hardware-accelerated
computation is paired with hardware-accelerated communication, enabling end-to-end
scalability. The 128-node system is 38x faster than the single-node one. This is more than

half of the speedup of a hypothetical ideal system, which reaches a speedup of 72.
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Figure 77: End-to-end speedup of a 128-node system over a single-node system for SpMM.

Figure 78 compares the communication to computation ratios for SAOpt and
NetSparse. Note that, in practice, communication and computation (partially) overlap.
SAOpt is dominated by non-hardware accelerated communication. With NetSparse,
communication is accelerated and becomes comparable or faster than accelerated

computation for arabic, queen, and uk. For europe and stokes, communication has still
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non-negligible potential for improvement. An extra improvement would bring the
end-to-end performance of those matrices closer to the ideal scaling, displayed in Figure 77.

We discuss how this remaining potential could be exploited later.
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Figure 78: Communication/computation breakdown.
Table 32: Ablation analysis vs SUOpt.
arabic (denser)
Optim. Spd | -Trfc | Gput Spd | -Trfc | Gput Spd -Trfc | Gput
RIG 0.2 3.1x | 0.4% 1.8 5.3x | 22.9% 3.6 8.5x | 39.4%
Filter 3.4 | 174x | 0.8% 342 | 63.2x | 22.2% 78.7 | 109.0x | 56.7%

Coalesce 84| 34.6x| 0.9% 88.0 | 118.5x | 23.8% ||| 184.8 279.9x | 54.0%
Concy;c 12.6 | 80.8x | 1.1% ||| 129.1 | 191.2x | 34.0% ||| 184.2 | 310.7x | 52.6%
Switch 13.7 | 115.5x | 0.9% ||| 184.1 | 283.4x | 35.2% ||| 250.4 | 398.0x | 55.1%

europe (sparser)

K=1 K=16 K=128
Optim. Spd | -Trfc | Gput Spd | -Trfc | Gput Spd -Trfc | Gput
RIG 74 8.8x | 2.3% 82.8 | 99.1x | 26.2% ||| 176.0 | 248.0x | 55.7%
Filter 7.5 8.9x | 2.4% 84.8 | 100.8x | 26.4% ||| 175.5 | 252.2x | 54.7%

Coalesce 8.1 9.6x | 2.3% 91.3 | 108.7x | 26.4% ||| 190.3 272.1x | 54.9%
Concyc 14.1 19.1x 4.1% 122.1 | 159.6x | 35.2% 197.8 292.9x | 57.1%
Switch 15.1 24 .8x 4.0% 132.1 | 188.4x | 36.5% 202.8 301.5x | 58.4%

7.9.2 Ablation Analysis

In Table 32, we perform an ablation study. We progressively apply each NetSparse
mechanism, and show the resulting communication speedup (Spd), tail node traffic
reduction (-Trfc), and tail node goodput for different property sizes. Speedups and traffic

reductions are calculated with respect to SUOpt. We use arabic, which is denser, and
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europe, which is sparser, to assess the impact for different sparsity patterns. We now
discuss the effect of each optimization.

First, we use the SNIC RIG Units. Although not shown in the table, they improve the
line utilization and, as a result, the goodput compared with SAOpt. Since RIG operations
are sparsity-aware, they naturally lead to traffic reductions vs SUOpt (e.g., Columns 5 and
8). Although they are the most impactful optimization for europe, arabic still has a lot to
gain after this optimization.

Next, by additionally applying Filtering and Coalescing, redundant PRs are eliminated
and traffic is further reduced, especially for arabic. For europe, filtering and coalescing are
less effective, since as explained, it is rarer to find PRs with the same idx for this matrix.
With NetSparse, filtering and coalescing do not introduce software overheads and, thus, do
not hurt the goodput.

We then apply Concatenation at the NIC. Concatenation decreases both network traffic
and increases goodput by decreasing the per-PR header overhead. Naturally, concatenation
is more effective when K is small (K=1,16). It benefits both matrices.

Finally, we include the NetSparse switch, with the Property Cache, concatenators and
deconcatenators. The NetSparse switch decreases traffic for two reasons: cross-node
concatenation is now possible, and some PRs are now served by the Property Cache. For
the sparser europe, concatenation is the main reason: notice that there is comparatively
less traffic reduction for K=128, which benefits less from concatenation. For arabic, which

has a higher cache hit rate (Table 31), both reasons contribute to the traffic reduction.

7.9.3 Sensitivity Analysis

Next, we perform a sensitivity analysis on how different values of the NetSparse parameters
affect performance for N=128 and K=16.
Figure 79 shows the speedup of the execution with different RIG batch sizes (i.e., the

number of nonzeros in a RIG command), over the one with a batch size of 16k. The values
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Figure 79: Sensitivity to RIG batch size.

that we have used by default are 32k for arabic, queen, and stokes, and 8k for europe and
uk. As explained in Section 7.5, a small batch size can introduce software overhead, while a
large one can introduce SNIC thread load imbalance. This explains why, for many
matrices, the best batch size is not at the extremes. We also see that the optimal choice is
input-sensitive: it is not the same for all the matrices, and sometimes is different than the

one we used.
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Figure 80: Sensitivity to number of RIG Units.

Figure 80 shows how performance scales with varying numbers of RIG units, using a
2-unit configuration (1 server + 1 client) as the baseline. Speedups grow until 32 units (our
default design point), after which no matrix achieves significant additional gains.

In Figure 81, we show the effect of the concatenation delay cycles. We sweep the
maximum cycles a PR can be delayed in CQs from 0 to 50000, and present the speedups
over no concatenation. The figure refers to the SNIC delay cycles, but the switch delay
cycles are also scaled. Our default design has 500 cycles. Initially, as the cycles increase,

performance increases due to more PRs getting concatenated. However, when the delay
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gets too large, performance gets worse than with no concatenation. Notice how
concatenation effectiveness correlates with the temporal remote destination locality
property (Table 28). Queen has the highest destination locality and gets the most benefit.

In contrast, europe gets the least benefit.
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Figure 82: Speedup vs no-cache for different cache sizes.

Finally, we consider the impact of the Property Cache. Figure 82 shows the speedups
vs no-cache as the cache size increases from 0 to infinite. The size we use by default is
32MB per switch. We see that caching can provide up to 40% improvement for arabic,
while it does not improve stokes, regardless of the cache size. Also, we see that the cache
size we chose is sufficient for most matrices, despite the fact that they are among the

largest in SuiteSparse.

7.9.4 Remaining Performance Potential Analysis

Our results in Figures 77 and 78 suggest that matrices like stokes and europe could benefit

from further communication improvements. We started the chapter by revealing a large
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performance potential in Section 7.3 and then we introduced NetSparse to exploit some of
this potential. Thus, two natural questions are: (1) how close did we get to the optimal
communication performance, and (2) how could any remaining performance potential be
exploited.

Consider the europe matrix. While the optimal traffic reduction vs SU is 582x
(Table 25), we achieved 188x in Table 31. Further, in Table 25, although the line utilization
is 70%, the goodput is only 37%. In summary, although we accelerated communication for
europe by 132x (Figure 76 for K=16), there is still room for further gains. We now discuss
the inefficiencies that prevent NetSparse from achieving the full potential.

A first reason is that concatenation in NetSparse is imperfect. In the best case,
NetSparse reduces the effective header bytes to 18B per PR—a non-negligible overhead for
fine-grained properties. A second reason is that the statically-selected values for the
NetSparse parameters (e.g., the RIG batch size) are often nonoptimal. Future work could

investigate techniques to dynamically adjust NetSparse parameters such as the RIG batch

size.
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Figure 83: Inter-node load imbalance assuming no computation costs.
Another key reason is inter-node communication imbalance, which leads to suboptimal
traffic reduction. Table 25 displayed the potential for average traffic reduction. However

the NetSparse tail node, which determines performance, typically receives more than the

average traffic. This limits the potential for execution time reduction. The problem is
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shown in Figure 83, which illustrates the number of active nodes as the execution
progresses, assuming no computation costs. It reveals that, almost all matrices (except
queen) have significant imbalance in communication. This imbalance is not a consequence
of the NetSparse hardware, but of the way the sparse matrix is partitioned across nodes.
To maximize the performance with fast sparse networking hardware, future work should

rethink partitioning methods and algorithms.

7.9.5 Hardware Overhead Analysis

This section discusses the area and power overheads of NetSparse in SNICs and switches.
1. SNIC overheads. The main overheads are the RIG Units, their L1 and L2 caches, and
the Con/De-concatenation blocks (Table 29). For a 10nm process, Figure 84 shows our
estimated static power, (maximum) dynamic power, and area for each structure in an
SNIC. We see that the combined (worst-case) power is 2.1W and the area is 1.43mm?.
Given that a Pensando Elba chip with a 200Gbps network link consumes up to 50W [322],
the power overhead of the NetSparse extensions at maximum activity is 4% and, when idle,
1%. Regarding the area overhead, using the Elba die floorplan [323] and the relative area
that the 16 ARM Cortex A-72 block [324] consumes, we extrapolate a conservative die size
of 300 mm? for the SNIC. Hence, the NetSparse area overhead is only 0.5%. The total

storage overhead of all the NetSparse extensions is only about 3.5MB.
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Figure 84: Power and area breakdown of the SNIC extensions.
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The figure also shows that the L2s are the dominant source of area and static power,
while the RIG Units account for most of the dynamic power. Further, Table 33 shows the
contribution of each of the RIG Unit structures (Figure 69) to its area. The most
area-hungry structure is the Pending PR Table, which is a CAM structure that book-keeps

PRs pending in the network.

Table 33: Contribution of each structure to RIG Unit area.
Structure | Idx Buffer | Pend. PR Table | Prop. Buffer | LSQ | Rest

Area 12% 53% 12% 10% | 13%

2. Switch overheads. The extensions in the ToR switches are the Property Caches, the
Con/De-concatenation blocks, and the second crossbar. We estimate the area of the caches
and concatenators to be 21.3 mm? and 1.5mm?, respectively, and their combined power
about 10W. Given a power consumption of 270W for a Tofino2 switch [325], the caches and
concatenators add a 4% overhead. For area, given that modern high-performance
networking switches are large ASICs that can reach 700 mm? [326], [327], [328], we
estimate the area overhead for caching and concatenation to be about 3.2%.

Estimating the impact of the second crossbar is harder. Intel reports that the packet
buffer, QoS circuitry, and ingress-to-egress routing logic account for a combined area of
25% in a Tofino2 switch [325]. However, a large fraction of this area is likely consumed by
the SRAMs of the packet buffer. In our design, we have used input-queued crossbars [329]
with virtual output queues [330] and split the packet buffer between the two crossbars
without duplicating it. Further, the literature [189], [328] reports that a stand-alone (i.e.,
without cross-point buffering [331]) 32x32 switch crossbar like the one we use can be
realized in less than 5mm? (i.e. 1% of the switch area). Nevertheless, due to limitations in
publicly available data, we can only place the area overhead of the extra crossbar and
inter-pipe routing at a range of 1-15%.

We believe this switch overhead is justifiable for inter-chip networking of sparse

accelerators in high-value sparse applications. Dense accelerator clusters like the TPU
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supercomputer [10] already have their own custom networking.

7.9.6 Performance Analysis for Other Settings

We now evaluate NetSparse for other system settings.

1. Using NetSparse when Computation is Performed by a CPU rather than an
Accelerator. In this section, we investigate the effect of replacing the SPADE accelerators
with CPU cores for computation. For this, we calibrated our simulator using SpMM runs
on two Intel Sapphire Rapids CPU servers [149]: a 48-core with DDR, and a 56-core that
also includes HBM [332] (with similar bandwidth to the one modeled for the SPADE PEs).

Measurements were taken using the optimized MKL Inspector-Executor routine [236].

=] suOopt [ SAOpt | NetSparse

100

ideal
scaling

(0]
o

ideal
scaling

58X

(@)]
o

49x

Speedup vs 1-node
S

20
o C & O N Q C L O o Q
N (72N N e’
& Q@Q & ~ @‘*’”b% & Q@Q & S @‘*’”bv“
> X o QQO > P XN o q@b
48-core DDR CPUs 56-core HBM CPUs

Figure 85: End-to-end speedup of a 128-node system over a single-node system for SpMM
using CPUs for computation.

Figure 85 shows the end-to-end speedup of the 128-node system over the execution on a
single node for SpMM (for K=128) using CPUs for computation. The figure is organized as
Figure 77, with bars for SUOpt, SAOpt, and NetSparse, and dashed lines for a
hypothetical system without any communication.

We see that NetSparse significantly outperforms both SUOpt and SAOpt, and

approaches ideal scaling. The scalability of SAOpt for the DDR setting is still
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disappointing, although less than in Figure 77. This is expected, as communication
inefficiencies are less exposed when computation is not accelerated as much. Since SpMM
is very sensitive to the memory bandwidth, SPR+HBM accelerates local computation more
than SPR+DDR. Hence, communication inefficiencies become more pronounced, and the
scalability of SUOpt and SAOpt drops. On average, across K=128 and K=16 (not shown),
the 128-node DDR system becomes 2.6x, 13x, and 53x faster than the single-node one with
SUOpt, SAOpt, and NetSparse, respectively. The same numbers for the 128-node HBM
system are 1.4x, 7x, and 42x. Overall, even with CPU computation, NetSparse delivers
much higher speedups than SUOpt and SAOpt.

2. Using Other Network Topologies. We simulate machines with two other network
topologies. One is HyperX [333] with 32 switches organized in a 3D 4x4x2 topology, with 4
hosts per switch, and 4 cross-switch links in every dimension (i.e., HyperX width of 4).
The other is Dragonfly [311] with 32 switches divided into 4 groups, 4 hosts per switch, 4
inter-group links, and minimal routing. These 2 network configurations have similar
bisection bandwidth as our original Leaf-Spine one but have a higher diameter. We

evaluate all networks with the same per-link latency.
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Figure 86: Communication speedup of NetSparse over SUOpt for different network topolo-
gies.

Figure 86 shows the communication speedup of NetSparse over SUOpt for the three
different network topologies, for 128 nodes and K=16. We see that the performance of

NetSparse remains high for all three networks. One notable exception is stokes with
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HyperX, where the speedup drops by more than 2x compared to the Leaf-Spine network,
for which we originally designed NetSparse. This performance degradation is due to the

higher number of hops in the HyperX network.

7.10 Related work

In-Network Computing: Modern smart networking hardware such as SNICs [294],
296], [297], [298], [299], [300] and programmable switches [301], [302], [307], [334] have
enabled a wide variety of in-network computing applications. Such applications range from
dense machine learning [288], [335], [336], [337] and Key-Value Stores (KVS) [308], [338], to
coherence, persistence, and consistency [339], [340], [341], [342], [343]. In-network caching
has been proposed before for KVS [308], [338]. However, sparse computations differ
significantly from both KVS and dense machine learning. Flare [344] introduces a switch
design that supports collective reduction operations of sparse data, which is useful for
accumulating sparse gradients during ML training. To the best of our knowledge,
NetSparse is the first work to introduce in-network hardware extensions for general
distributed sparse kernels.

Hardware and Software for Sparsity: The importance of sparsity in computing has
motivated both hardware and software research. On the hardware-front, accelerators [79],
[80], [81], [131], [132], [202], [287], [345] aim at optimizing sparse computations on a single
node. At the same time, a variety of SA [289], [290], [291], SU [74], [75], [267], [346] and
hybrid (Chapter 6) software efforts aim at scaling sparse computations across multiple
nodes. NetSparse proposes hardware mechanisms that target the inefficiencies of

software-based sparse communication.

7.11 Conclusion

This chapter introduced novel hardware mechanisms to improve communication in

distributed sparse computations. Our proposal, called NetSparse, consists of four
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mechanisms: remote indexed gather in the SNIC, filtering of redundant requests,
concatenation of multiple requests into a single packet, and hardware caches in switches to
store fetched data from remote racks. By reducing the network traffic, and improving the
bandwidth utilization and goodput, NetSparse enables sparse accelerators to scale when

distributed across the nodes of a large cluster.
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Chapter 8 Heuristic Optimization of Hardware-Accelerated Sparse

Computations

8.1 Introduction

Given the widespread use of Sparse Matrix Dense Matrix Multiplication (SpMM), a variety
of hardware accelerators for SpMM have been proposed [79], [80], [81], [91], [119], [202].
Optimizing SpMM on such accelerators is a challenging task, as the density and pattern of
the nonzeros (i.e., the sparsity pattern) in the sparse matrix determine the characteristics
of the kernel. For example, SpMM is memory-bound when the sparse matrix has high
sparsity, whereas it is compute-bound in low sparsity scenarios.

In many sparse matrices, nonzeros form dense and sparse regions, rather than being
uniformly distributed across the whole matrix. For example, consider power-law
graphs [347]. In such graphs, most of the edges are associated with a small number of
nodes. Consequently, the nonzeros in the corresponding sparse adjacency matrix are not
uniformly distributed across the whole sparse matrix. We refer to this property as
Intra-Matriz Heterogeneity (IMH).

Currently, accelerator designs do not leverage IMH. Instead, they are built out of
homogeneous processing elements (PEs) with identical compute capacity, latency tolerance,
and interface to the memory subsystem. Some designs provide flexibility to leverage
different sparsity patterns across different matrices but are not designed to exploit IMH.
For example, the SPADE architecture (Chapter 3) offers three different flexibility knobs
that can be configured on a per-matrix basis. AESPA [135] introduces the concept of
heterogeneous subaccelerators that target different levels of sparsity and compression
formats. However, AESPA does not map different regions of a given matrix to the
subaccelerators that would suit them the most, and thus fails to exploit IMH.

In this work, we argue that combining heterogeneous PEs in a single accelerator and

carefully mapping different regions of a matrix to the most appropriate PE type to leverage
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IMH can substantially optimize performance. Hence, we investigate the potential of
heterogeneous accelerator architectures to leverage IMH. The denser regions of a sparse
matrix are associated with higher arithmetic intensity and, therefore, are more suitable for
PEs with higher computing capability. On the other hand, the sparser regions are
dominated by memory accesses and, therefore, are more suitable for PEs with higher
latency tolerance capabilities. Based on these ideas, we utilize heterogeneous accelerators
that incorporate two types of workers (i.e., PEs): Hot Workers, which are more appropriate
for compute-bound regions (i.e., hot tiles), and Cold Workers, which are more appropriate
for memory-bound regions (i.e., cold tiles).

Our approach partitions the sparse matrix between the two types of workers to
maximize performance. However, this is not a straightforward task. First, we need a model
to estimate the performance of each worker for a given region. Then, we need a method to
map each region to the appropriate worker type. Our evaluation shows that using holistic
performance models is insufficient, since such models do not account for IMH. In addition,
for a fixed collection of hot and cold workers and a set of regions, the problem of optimally
scheduling regions to workers requires an exhaustive search over an exponentially large
number of possible options [348], [349].

To address these problems, we develop (1) an analytical model that quickly predicts the
performance of a worker for a given region, and (2) a heuristic-based technique to partition
the matrix among the different worker types to maximize overall performance. First, for
each sparse matrix region, we analytically estimate the execution time and number of main
memory accesses for each worker type. Then, we apply a lightweight algorithm to partition
the matrix among the different worker types in polynomial time. We collectively refer to
our IMH-aware modeling and partitioning method as HotTiles.

We evaluate HotTiles through simulation for three distinct heterogeneous accelerator
architectures: (1) a combination of SPADE (Chapter 3) and Sextans-like [81] PEs

integrated into the same die and sharing memory; (2) a combination of SPADE PEs with
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off-die Sextans-like PEs with enhanced computational capabilities; and (3) Intel’s PIUMA
architecture for graph analytics [106]. Our results show that the combination of
heterogeneous PEs and our IMH-aware modeling and partitioning technique is very
effective. Depending on the architecture, heterogeneous execution with HotTiles
outperforms homogeneous execution using only hot or only cold workers by 9.2-16.8x and
1.4-3.7x, respectively. In addition, HotTiles outperforms the best worker type used on a
per-matrix basis by 1.3-2.5x. Finally, HotTiles outperforms an IMH-unaware
heterogeneous execution strategy by 1.4-2.2x.

Overall, this chapter’s contributions are:
e The proposal of using heterogeneous SpMM accelerators to leverage intra-matrix
heterogeneity in sparse matrices.
e An analytical modeling framework to predict the performance of different accelerator
PEs that takes into account intra-matrix heterogeneity.
e A heuristic that optimizes the performance of heterogeneous SpMM accelerators by
partitioning sparse matrices among different worker types.
e A simulation-based evaluation for three different heterogeneous SpMM accelerator

architectures.

8.2 Background

The reader is referred to Section 2.2 for a refresher on SpMM computation, memory access
patterns, and data-reuse behaviors. Since this chapter emphasizes the different forms of
data reuse present in the dense input matrix B and dense output matrix C, we refer to
them as the Dense Input (Din) and Dense Output (Dout), respectively. We now provide
additional background on a generalized form of SpMM and on the architectural differences

among SpMM accelerator processing elements.
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8.2.1 Generalized SpMM (gSpMM)

A generalized version of SpMM (gSpMM) over algebraic semirings is presented by Davis et
al. [350]. gSpMM has the same memory access pattern as SpMM but can have different
arithmetic intensity. Similar to SpMM, dense rows indexed by the r_id and c¢_id are
accessed for every nonzero. However, the operations involved differ. The multiplication
operation is substituted by the generalized multiplicative monoid ®, while the addition
operation is substituted by the generalized additive monoid @. Depending on the
computational cost of these monoids compared to their vanilla versions, the arithmetic
intensity of the kernel can increase or decrease. The generalized version of SpMM is an

important primitive for GNN applications [116].

8.2.2 Processing Elements Used in SpMM Accelerators

In this section, we give a high-level description of the processing elements (PEs) that we

use as building elements for our heterogeneous accelerator architectures.

SPADE: The SPADE accelerator, presented in Chapter 3, has lightweight PEs

(Figure 87(a)) that are out-of-order (OoO) non-speculative vector engines. The PEs
operate on tiles of the sparse matrix. The SPADE architecture includes three levels of
caches and a Bypass Buffer (BBF) that bypasses the cache subsystem. The BBF is used to
access the sparse matrix A and, depending on A, potentially the dense input Din (i.e., B
in Section 2.2) and/or dense output Dout (i.e., C in Section 2.2) matrices. The
out-of-order PE design overlaps many outstanding memory accesses with computation and
allows for latency tolerance and scalability.

Sextans: Sextans [81] is an accelerator for SpMM that relies on streaming accesses for
both the dense and sparse structures. It employs large scratchpads in order to utilize the
reuse of dense rows (Figure 87(b)). Similar to SPADE PEs, Sextans executes computations

in a SIMD manner and offers high computational throughput. Since Sextans relies on a
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Figure 87: PEs used in our SpMM accelerators.

scratchpad, full dense tiles should be streamed in and out, regardless of whether all their
contents are necessary in a given sparse matrix tile. As explained later in Section 8.3.1,
PEs employing scratchpads are more effective for relatively denser sparse matrix regions

and less effective for sparser ones.

PIUMA: PIUMA [106] is an architecture designed by Intel to address graph analytics
challenges at scale. The PIUMA architecture includes two types of pipelines:
Multi-Threaded Pipelines (MTPs) and Single-Threaded Pipelines (STPs). The MTPs are
designed to tolerate high memory access latencies through fine-grained round-robin
multithreading, whereas the STPs are simple in-order cores designed for single-threaded
tasks (Figures 87(c) and (d)). Both STPs and MTPs implement the same custom RISC
ISA. In addition to the pipelines, the PIUMA architecture includes scratchpads, DMA
engines capable of executing arithmetic operations near memory, collective engines, and
atomic engines. In this work, we aim to accelerate SpMM by using the various

heterogeneous features of the PIUMA architecture.

8.3 Motivation

In this section, we first motivate the need for heterogeneous PEs when processing

heterogeneous sparse matrix regions. We then discuss the pitfalls of Intra-Matrix
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Heterogeneity (IMH)-unaware performance modeling and partitioning in SpMM accelerator

architectures with heterogeneous PEs.

8.3.1 Heterogeneous PEs for Heterogeneous Matrix Regions

We start with a motivating example of how different worker (i.e., PE) types are more
appropriate for different sparse matrix regions. We refer to the workers that are better
suited for compute-bound, denser regions as Hot Workers, while we refer to the workers
that are better suited for highly memory-intensive, sparser regions as Cold Workers. We
also refer to the tiles that are assigned to the corresponding worker type as Hot and Cold.
The main tasks of an SpMM accelerator worker are reading the appropriate elements of the
sparse input, dense input, and dense output; executing the SIMD multiply-accumulate
(MAC) operation; and writing back the final dense output elements. Naturally, workers of
different types execute and overlap these operations in different ways.

As an example, Figure 88 focuses on the task of reading the dense input (Din). Recall
that the nonzero c¢_ids index the rows of Din that need to be accessed. The figure includes
two workers: Worker 1 (cold), which does not store Din in any fast local memory (FLM),
and Worker 2 (hot), which uses a scratchpad. We consider two different 3x3 tiles (T'1 and
T2) of a sparse matrix. T1 is highly sparse and contains only a single nonzero, while T2 is
denser and contains five nonzeros.

Figure 88(a) shows the cold worker processing T1. Since the cold worker does not use
any FLM and accesses Din on demand, it only issues a memory access for a single Din row
during T1 execution. Figure 88(b) shows the hot worker processing T1. The hot worker is
forced to transfer from memory to its scratchpad all three Din rows that might be accessed
during T1 execution. This is because, unlike caches, scratchpads do not include a hardware
mechanism for detecting and handling misses. Unfortunately, since only the first Din row
is eventually useful, two of the main memory accesses are unnecessary.

Figures 88(c) and 88(d) illustrate the main memory accesses issued by the cold and hot
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workers, respectively, for the denser tile T2. The cold worker requests one row for every
nonzero of the tile. Therefore, it requests a total of five rows from main memory. On the
other hand, since the hot worker can reuse data through its scratchpad, it only requests
three rows from main memory. Therefore, for T1, the cold worker accesses Din more
efficiently than the hot worker while, for T2, the hot worker is better. Thus, we classify T1
as a Cold tile and T2 as a Hot tile.

In practice, accurately predicting which worker type is more suitable for each tile
requires taking into account more factors than the number of memory accesses due to the
presence of scratchpads. As a second example, consider two workers with scratchpads that
have the following differences: (1) the cold worker can overlap memory requests, effectively
hiding some of the memory access latency, and (2) the hot worker has higher
computational capability. Assuming the same tiles as the ones in Figure 88, there is no
difference in the amount of Din memory accesses—both workers access memory three
times. For T1, both workers perform three Din memory accesses and one SIMD MAC
operation (for nonzero a). For T2, both workers perform three Din memory accesses and
five SIMD MAC operations. Thus, one can expect that, for T1, the cold worker will do
better than the hot one, while for T2, the hot worker will likely do better than the cold one
(depending on the relative cost of accessing memory and performing a SIMD MAC).

In fact, determining the appropriate worker for each tile is a much more complex task,
since one should also consider the Dout reads and writes, the sparse input reads, and the
overlapping of the different operations in each PE. In Section 8.4, we describe our

IMH-aware performance models.

8.3.2 Pitfalls of IMH-unaware Modeling and Partitioning

In this section, we discuss a method to model and partition sparse matrices without
considering IMH and discuss its pitfalls. We refer to the heterogeneous execution that

stems from this modeling and partitioning as IUnaware.
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We start by estimating the performance when processing the whole matrix by a single
worker. We use the Roofline model [161], where the execution time is estimated as the
maximum of the computation time and the memory access time. The computation time is
the number of GFLOPs needed to process the whole matrix divided by the computational
throughput of the worker. The number of GFLOPs needed is determined by the number of
nonzeros in the matrix and is not affected by the nonzero distribution. The memory access
time is the number of memory bytes accessed divided by the memory bandwidth. To
estimate the number of memory bytes accessed, we assume a uniform distribution of
nonzeros in the matrix, similar to AESPA [135]. With this model, we compute the
predicted execution time with a single hot worker (th) and the predicted execution time
with a single cold worker (tc).

We can now partition the processing of the matrix among hot and cold workers as
follows. Assume we have N, hot workers and N, cold workers. If we use only the hot
workers operating in parallel, the total execution time of processing the matrix can be
approximated as Ex,,, = th/N,,,; if we use only cold workers;, it can be approximated as

Ex,, =tc/N,,. We would like to use all hot and cold workers working in parallel and

C
assign a fraction of the tiles to each type of worker so that the total execution time is
minimized. To find the fraction of tiles to be assigned to each type of worker, we use the
technique proposed by Huang et al. [351]. Specifically, the fraction of tiles to be assigned to

hot workers is:
Ex

cw

frac_tile,,, = (5)

Ewcw + E.Thw

Then, we distribute tiles randomly to the two worker types while ensuring that the total
fraction of tiles assigned to hot workers satisfies Equation 5. This partitioning scheme,
which we call [Unaware, resembles the one used by AESPA [135].

In Figure 89, we compare the heterogeneous execution using the [Unaware method to

homogeneous executions, in which the whole matrix is assigned to either hot workers or to
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Figure 89: Comparing the performance of [Unaware and homogeneous execution. Speedup
is calculated with respect to the worse homogeneous execution.

cold workers. We use ten matrices from SuiteSparse [73] (Table 38) with a tile size of
8192x8192, and two different heterogeneous architectures that will be described in

Section 8.6. One of the architectures consists of SPADE (cold) and Sextans (hot) workers;
the other consists of PIUMA MTPs (cold) and STPs (hot). For SPADE-Sextans, we use 16
cold workers and a single high-performance hot worker (N,,=16, N;,,=1), while for
PIUMA, N,,=4 and N,,,=2. For each matrix, we present the speedups over the
worst-performing homogeneous execution (hot or cold). Note that, for a given matrix, the
three bars correspond to different numbers of workers used.

As shown in Figure 89, [Unaware delivers speedups over the worst-performing
homogeneous execution for all the matrices and architectures. However, compared to the
best-performing homogeneous execution, the results are unimpressive. Specifically, in
PIUMA, IUnaware performs about the same as the best-performing homogeneous
execution. Further, in SPADE-Sextans, [Unaware performs significantly worse than the
best-performing homogeneous execution. The reason is that, in SPADE-Sextans, the cold
workers already have enough compute power, and execution is mostly limited by memory
accesses. Adding hot workers in an IMH-unaware manner as in I[Unaware increases the
pressure on the memory bandwidth without visibly improving the compute time. The
result is an increase in execution time. Overall, our results reveal that heterogeneous
execution with IMH-unaware modeling and partitioning is undesirable.

To improve the performance of heterogeneous execution, we propose assigning
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individual tiles to the most appropriate worker type, using IMH awareness, as presented in
Sections 8.4 and 8.5. We call our approach HotTiles. To see if HotTiles would generate an
assignment of tiles to workers that is significantly different than in IlUnaware, we generated
Figure 90. The figure shows, for SPADE-Sextans (SP-SE), the tiles assigned to hot workers
in black and the tiles assigned to cold workers in white, in IUnaware and in HotTiles. The
data corresponds to the coPapersCiteseer (pap) matrix (Table 38) with an 8192x8192 tile

size.

F. Il ': oW
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(a) SP-SE: (b) SP-SE:
ITUnaware HotTiles

Figure 90: Assignment of tiles to hot workers (in black) and to cold workers (in white) in
IUnaware and HotTiles for the pap matrix.

The figure shows that IUnaware and HotTiles assign the tiles very differently. IUnaware
assigns tiles in a random manner, with the only constraint that the fraction of hot tiles
satisfies Equation 5. HotTiles, instead, exhibits an obvious pattern: tiles classified as hot
do cluster around the diagonal and in the upper left corner. Upon inspection, we find that
the pap graph, which represents a paper citation network, forms denser sub-communities
around the diagonal. This observation agrees with the findings in [139]. HotTiles realizes
that these sub-communities are associated with higher arithmetic intensity and assigns

them to hot workers. As a result, the percentage of nonzeros assigned to hot workers
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changes from 52% in ITUnaware to 72% in HotTiles.

8.4 Intra Matrix Heterogeneity (IMH) Aware Performance Modeling

The goal of an IMH-aware performance modeling methodology is to extract quantitative
metrics that will enable us to determine a suitable worker type for each sparse matrix tile.
The sparse matrix should be initially partitioned into tiles of a specific size. If one or both
of the worker types use scratchpads to store Din and/or Dout, then the tile width and/or
height are set to the largest value that does not overflow any of the worker’s scratchpads.
For example, in Figure 88, the tile width is set to 3 elements, since any larger value would
overflow the hot worker’s scratchpad. If none of the worker types uses scratchpads for Din,
then the tile width is free and can be set to any value; if none of the worker types uses
scratchpads for Dout, the tile height can be set to any value. For a free dimension, the
IMH-aware modeling and partitioning methodology can be iteratively applied to find the
value that is predicted to deliver the maximum performance. For the rest of this chapter,
tile_width and tile_height will refer to the tiles of the sparse matrix.

After the tile height and width have been defined, we assume that each tile could be
executed by a hot or by a cold worker. Then, we predict the tile’s execution time and the
number of main memory accesses for each worker type. For the execution time, we assume
that each worker is operating independently, without any other worker of the same or
different type being active. Thus, when we compute the execution time, we ignore memory
bandwidth contention. We account for the computation time, the memory access time
(ignoring bandwidth contention), and their overlapping. Specifically, we take the maximum
of the two times for workers that overlap memory accesses with computation, and the sum
of the two times for workers that do not. We estimate the number of main memory
accesses separately in order to account for potential memory bandwidth contention when

multiple workers are operating in parallel.
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8.4.1 Estimating the Number of Main Memory Accesses

When predicting the execution time, we must also estimate the number of main memory
accesses. Consider a scenario where a worker type is estimated to be much faster for a
given tile, but at the cost of significantly more main memory accesses. This may introduce
significant pressure on the memory bandwidth, which is a shared resource of the
heterogeneous architecture. For accurate prediction of the execution time, this effect
should be taken into account.

The number of main memory accesses depends on the worker’s fast local memory
(FLM), the ordering of nonzeros in the sparse matrix (i.e., row or column ordered), the
sparse matrix compression format (e.g., CSR or COO), and the matrix traversal order (i.e.,
the order in which the elements of the sparse matrices are accessed). Note that it is not
necessary that all workers traverse the sparse matrix in a tiled manner. Depending on the
traversal order, a worker may not need to finish processing all the nonzeros of a tile before
processing nonzeros from another tile. Figure 91 illustrates untiled (Chart a) and tiled
(Chart b) traversals of a sparse matrix with row-ordered nonzeros. The arrows represent
the order in which a worker processes the nonzeros of its assigned tiles. The matrix
traversal order directly impacts the number of accesses to main memory and affects the

reuse behavior of Din and Dout.
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Figure 91: Untiled and tiled row-ordered sparse matrix traversal.
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We consider four main types of data reuse:
Inter-tile: This reuse occurs when the dense rows needed for a tile have already been
brought in to fast local memory by a previous tile. For example, consider a worker that
stores Dout in its scratchpad. In this case, the Dout rows requested from memory by the
first tile of a row panel (Figure 91) are reused by the rest of the tiles of the row panel.
Intra-tile (stream): This reuse occurs when a worker streams a full tile of dense rows
into its scratchpad before the nonzeros of the sparse tile are accessed. The reuse of Din by
the hot worker of Figure 88(d) falls into this category. For Din, a full dense tile includes
tile__width rows, while for Dout, it includes tile height rows.
Intra-tile (demand): This reuse occurs through registers or caches. For example,
consider a sparse matrix where the nonzeros are row-ordered (Figure 91). When processing
a tile, all the nonzeros with the same r_id access the same Dout row. Hence, when a
nonzero brings a Dout row to registers or caches, the subsequent nonzeros with the same
r_id can reuse it. As a result, the total number of Dout rows that will be accessed from
memory is equal to the number of unique r_ids of the nonzeros in the tile (tile_uniq _rids).
None: This case happens when each nonzero ends up bringing from memory a dense row
of the corresponding dense matrix. As an example, consider two nonzeros of A in
Figure 91(a) with the same ¢ _id and in consecutive rows. If, between processing the first
and the second of these two nonzeros, there is a large number of nonzeros to process and
the worker does not have a large enough FLM, Din rows will not be reused from the FLM.

The upper part of Table 34 shows, for the different reuse types, the number of dense
rows from Din and Dout accessed from main memory during the processing of a tile of the
sparse matrix.

The bottom part of Table 34 shows, for two sparse formats, the number of sparse input
data items accessed from main memory during the processing of a tile of the sparse matrix.
By data item, we mean, for example, the r_id, ¢_id, or val of a nonzero element in a

COO-like format. For COO-like formats, 3 *x tile__nnz data items are accessed per tile,
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Table 34: Dense rows (upper subtable) and sparse input data items (bottom subtable)
accessed from main memory during the processing of a tile under different reuse types and

sparse formats. Tile refers

to sparse matrix tiles.

Reuse Type Dense Input Rows Dense Output Rows
Accessed From Memory | Accessed From Memory

Inter-tile 0 0

Intra-tile (stream) tile width tile height

Intra-tile (demand) tile uniq cids tile uniq rids

None tile nnz tile nnz

Sparse Format
COO-like
CSR-like

Sparse Input Data Items Accessed From Memory
tile nnz * 3
tile height + tile nnz * 2

since each nonzero is represented with an r_id, ¢_id, and val. For CSR-like formats, the
r_ids array is substituted by an array holding the begin offsets of each row in the ¢_ids
and vals arrays. Since each tile has tile height rows, a total of 2 x tile. nnz + tile_ height
data items are accessed per tile.

We refer to the total number of bytes accessed from main memory for tile 7 as bh; or
be;, depending on whether the tile is processed by a hot or a cold worker, respectively.

Naturally, these bytes are the sum of the bytes from Din, Dout, and A.

8.4.2 Estimating Execution Time

To estimate the execution time, we model the time needed for each worker to perform all
its five tasks: read the sparse input; read the dense input; read the dense output; execute
the SIMD multiply-accumulate operation; and write back the dense output. For each
nonzero, a SIMD multiply and accumulate operation is performed on rows with K elements
(Section 2.2). Thus, the FLOPs associated with each sparse matrix tile are

2% K x tile_nnz. By dividing these FLOPs by the computational throughput of a given
worker, we can get an estimate of the time needed by that worker to perform the
computation. To estimate the time needed for the memory accesses, we multiply the

number of bytes read/written from main memory in each task by a parameter that we call

245



visible latency per byte (vis_lat). This parameter captures the latency hiding that a
worker type is capable of. Quantifying this parameter analytically is challenging. Hence,
we determine it in a data-driven manner by measuring the runtime of homogeneous
executions. More details about how vis_lat is obtained are given in Section 8.6.2.

To estimate the final tile execution time, we sum-up the estimated times of the five
tasks, while accounting for any overlap of the tasks. For example, for a worker that
overlaps all the tasks, the execution time is given by the longest task, while for a worker
that does not overlap any task, the execution time is given by the sum of the times of all
the tasks. Workers may overlap only some of these tasks.

In summary, the main novelty of our IMH-aware modeling approach over IUnaware is
that we model the execution time of each individual tile, while [Unaware only models the
execution time of the whole matrix. Modeling at tile granularity enables HotTiles to
capture the unique sparsity pattern of the input matrix. This type of modeling requires
taking into account the different inter- and intra-tile reuse types of Table 34. An additional
novelty of HotTiles is the data-driven modeling of memory access latency hiding through

the vis_lat parameter.

8.4.3 Modeling Limitations

In this subsection, we discuss two limitations of our modeling methodology. The first one
results from the fact that, without knowing the final assignment of tiles to worker types
(which is decided in Section 8.5), it is impossible to determine the reuse types of Din and
Dout in certain tiles. To understand this limitation, note that our assignment of tiles to
workers in Section 8.5 takes all the tiles in a row panel and assigns all the tiles deemed cold
to a single cold worker, and all the tiles deemed hot to a single hot worker. Moreover, the
hot worker can reuse state across its tiles without caring about the potentially interleaved
cold tiles in the same row panel assigned to the cold worker (and vice-versa).

Keeping this in mind, we give two examples of this limitation. First, consider a worker
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that streams Dout to its scratchpad and implements a tiled row-ordered traversal

(Figure 91(b)). The reuse type for the first tile assigned to it in a row panel is Intra-tile
(stream), while the reuse type for the remaining tiles assigned to it from the row panel is
Inter-tile. However, without knowing the final assignment of tiles to worker types, it is
impossible to determine whether a given tile is the first one of its type in the row panel or
not. In our algorithm, we assume maximum reuse and, therefore, assume that a tile is
never the first one of its type in the row panel.

In a second example, consider a worker that uses an untiled row-ordered sparse matrix
traversal such as in Figure 91(a). In this case, the tile where a nonzero with a given r_id
appears for the first time in the row has Intra-tile (demand) reuse for Dout for this r_id.
All other tiles where a nonzero with this r_id appears have Inter-tile reuse. Again, without
knowing the final assignment of tiles to worker types, it is impossible to determine whether
a tile is the first one of its type with a nonzero with this r_id or not. As before, we assume
maximum reuse and, therefore, assume that the tile is never the first tile of its type with a
nonzero with this r id.

In the tile assignment of Section 8.5, we initially use this maximum reuse assumption.
After that, when we know the final assignment of tiles to worker types, we readjust the
reuse types if needed when predicting the final execution time. It is evident that, since the
tile assignment is done based on an imprecise model, the quality of the derived solution is
slightly degraded.

The second limitation of our approach is that it disregards any reuse through caches.
Caches could help exploit two types of reuse in Table 34: Intra-tile (demand) and Inter-tile.
However, since caching effects are hard to model analytically, we make this pessimistic
assumption.

Despite our assumptions of maximum reuse and no reuse through caches, our
evaluation (Section 8.8) suggests that our modeling approach has low prediction error in

the majority of cases.
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Figure 92: HotTiles preprocessing steps.

8.5 Intra Matrix Heterogeneity (IMH) Aware Partitioning

Figure 92 illustrates the preprocessing steps of our IMH-aware modeling and partitioning
method, which we call HotTiles. First, the matrix tiles are scanned and fed to the cold and
hot performance models of Section 8.4 to extract, for each tile and worker type, the
estimated execution time and the estimated number of bytes accessed from main memory.
Then, a partitioning heuristic is used to split the sparse matrix into cold and hot tiles.
Finally, the cold and hot sections of the initial sparse matrix are stored in the appropriate
sparse compression format as required by each heterogeneous accelerator. In this section,

we focus on the partitioning heuristic.

8.5.1 Optimal Partitioning

Let us call th; and tc; the estimated times that a hot and a cold worker, respectively, take
to execute tile 4. Similarly, bh, and bc; are the estimated number of bytes read/written
from memory if a hot and a cold worker, respectively, execute tile 7. Then, the total
execution time of all the hot workers processing the hot tiles in parallel (th,,,,;) and of all

the cold workers processing the cold tiles in parallel (tc,,;,;) are:

th, tc;
thtotal = 2'L'ehot]\[_hw tctotal = 2'L'ECold]V_CU} (6>
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and the total number of bytes read/written from memory by all the workers (b,,,,;), all the

hot workers (bh,,,,;), and all the cold workers (bc,,,,;) are:

btotal = bhtotal + bctotal = 2iehotbhi + Zieaoldbci (7>

Assuming that hot and cold workers are operating in parallel, and that BW is the total
memory bandwidth of the heterogeneous architecture, the optimal partitioning is the

solution to the following optimization problem:

b
minimize{maw{mam{thtotala tctotal }7 fotal }} (8)

BW

This optimization problem is not trivial. For example, it cannot be trivially solved by
assigning each tile to the worker type that is estimated to be faster. This is because of two
factors: (1) the workers operate in parallel and (2) the bandwidth saturation impacts the
total runtime.

In addition, in some architectures, there is no mechanism to avoid data races when
heterogeneous workers are writing to the same output memory locations. In this case, each
worker type must update a private output buffer and the buffers are merged at the end of
the execution. This introduces an additional ¢,,.,,. cost term in the final execution time.

This term can be estimated by considering the memory footprint of the output buffers and

the system memory bandwidth. In this case, the optimization problem can be expressed as:
e total
mzmmzze{max{max{thtoml, tctotal}7 W} + tmerge} (9>

We assume a buffer accumulation design such that ¢,,.,,. does not depend on the data
that has been written in each buffer. Hence, ?,,,,. has the same value for all the possible
partitionings. With this assumption, the optimal solution for equations 8 and 9 is the

same. In addition, for some sparse matrices, the ¢,,.,.. cost might be too high to justify
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parallel operation of the heterogeneous workers. Instead, in such cases it might be faster
that the workers execute serially, using the same output buffer. In this case, the

optimization problem involves minimizing the minimum of

btotal

max{max{thtotal’ tctotal}7 W} + tmerge (10)
and the predicted runtime for the serial operation:
bhyptal bCtoral
maz{thyyq, Bt;;/? } 4 maz{tc,gpa Bt%c-b } (11)
Thus, the full optimization problem becomes:
b
minimize{min{maz{max{th,, ,.;, tCrotai } g‘}‘if
(12)
t th bhtotal ¢ bctotal
+ merge?max{ total>» BW }+ mam{ Ctotal> BW }}}

8.5.2 Proposed Heuristic Partitioning

In order to find the optimal solution, an exhaustive search over all the possible
combinations of hot and cold tiles would be required. This corresponds to 2/Veites
combinations, making the complexity of such an approach prohibitive. To solve the
problem approximately, we decompose it into four simpler subproblems, each of which has
NlogN complexity, as explained later. Each of the subproblems produces a different
partitioning. We then compare the predicted runtime of each of the four partitioning
decisions and keep the one with the lowest predicted runtime. The four subproblems
produce different heuristic-based partitioning decisions (HotTiles heuristics). They aim at
either minimizing the execution time assuming that the system has sufficient memory

bandwidth (MinT'ime heuristics) or at minimizing the bytes read/written from main

memory (MinByte heuristics). In addition, they either assume that the heterogeneous
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workers are operating in parallel (Parallel heuristics) or serially (Serial heuristics).

Each heuristic is expected to work best for different system configurations. For example,

when one worker type is already able to saturate the memory bandwidth (which is a shared

resource of the architecture), the Serial heuristics are expected to perform better. This is

because bandwidth contention will limit the performance of Parallel heuristics, and the

benefit of parallel execution will not outweigh the cost of merging the partial output

buffers. In addition, in bandwidth-constrained configurations, the MinByte heuristics are

expected to perform better than the MinTime heuristics since they reduce main memory

accesses. Importantly, the effectiveness of each heuristic also depends on the structure of

the input sparse matrix. For the same heterogeneous architecture, different heuristics may

work best for different sparse matrices. We summarize the four heuristics in Table 35.

Table 35: HotTiles heuristics
Heuristic Minimizes | Worker execution | Effective when memory
bandwidth pressure is
MinTime Parallel | time parallel low
MinTime Serial time serial medium
MinByte Parallel | bytes parallel medium
MinByte Serial bytes serial high

Heuristic | Optimization Subproblem Objective | Tile Ordering Cutoff Index Placement Final Predicted Runtime
MinTi h increasing hot - cold Hot tiles JL Cold Tiles !
inTime th; te; -cold| m—--o oo -2 tota
inimi ion ti max { max{th ,tc —t+t
Parallel mmlmlze{maxl , N }|  execution time | = | = | = | = | | 7 | 6 | 0 | 5 | {theotat tetotar} s BW merge
ichot ™ iécold VW difference
MinTime . 1 th; tc; } increasing hot - cold | = = = = = = = -»“ bh be
; minimize execution time | | | | | | | | max{th total{ | axdtc total
rial N; N, y T8 | T1 | T4|T3|T2|T7|T6|T9|T5 totals totals
Seria ichot ™ iécola W difference BW
MinByte . increasing hot —cold| === === === - - - - »JL Brota
Parallel minimize{beoa} mem bytes 3 | T4 | 7 | T2 | T | T8 | T5 | 6 | 9 | max  max{theocar, tetotarl Bw | T tmerge
difference
MinByte . increasing hot — cold| === ======- -~ E2 4 bh b
total Ctotal
Serial minimize{brota} mem bytes T3 | T4 | 7 | T2 | T | T8 | T5 | T6 | 19 | max | theotar, gy 2L + max | tCropat —ae
difference BW

Figure 93: Optimization subproblems.

We now discuss how we derive the partitioning decisions by solving the four

optimization subproblems (Figure 93). All of the optimization subproblems can be easily

solved by sorting the tiles and performing a linear pass over the sorted arrays. For the
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MinTime heuristics, we create an array that is sorted in increasing difference th, — tc,.
Hence, tiles estimated to be executed faster by hot workers are placed first in the array.
Then, we initialize a pointer to the beginning of the array, which represents the cutoff
point between hot and cold tiles. We call this pointer cutoff index (Figure 93). We start
moving the cutoff index to the right. Every time we move the cutoff index, the partitioning
assignment changes and we calculate the new value of the subproblem optimization
objective. If the value has decreased, we continue moving the cutoff index. Otherwise, we
roll back to the previous position and the algorithm has converged, producing an
approximate partitioning solution. Note that the optimization objective is different for the
MinTime Parallel and MinTime Serial heuristics.

To estimate the final execution time of the resulting partitioning we use the formulas in
the final column of Figure 93. Of course, the formulas are different for MinTime Parallel
and MinTime Serial. Note that although we do not take into account the system
bandwidth effect or the merging cost while deciding on the partitioning, we take these
factors into account when determining the predicted runtime.

The procedure for the MinByte heuristics is similar. The only differences are: (1) the
tiles are initially sorted in increasing difference of bh;, — be; and (2) the optimization
subproblem objective is different. Again, the final predicted runtime is different between
MinByte Parallel and MinByte Serial heuristics.

Finally, we compare the predicted runtime of all four heuristics and keep the
partitioning from the heuristic that produces the lowest runtime. Note that some
architectures support special writes that avoid data races when heterogeneous workers
perform read-modify-write operations to the same memory location. Then, there is no need

for the output buffers, and ¢ is zero. In such cases, it can be shown that, under our

merge
model, there is no benefit in serial operation and, therefore, we only consider the MinTime
Parallel and MinByte Parallel heuristics. Overall, the complexity of the proposed

heuristics is NlogN: the array sorting is known to have NlogN complexity and the cutoff
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index placement can be completed in linear time.

8.6 Architectures and Framework
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Figure 94: Heterogeneous architectures evaluated.

8.6.1 Heterogeneous Architectures

In this section, we analyze the three heterogeneous architectures used in our evaluation.
They include PEs from the SPADE and Sextans SpMM accelerators, and from PIUMA,
which can support SpMM and other kernels. In total, we use four different PE pipelines,
with diverse characteristics (e.g., out-of-order, in-order, SIMD, and scalar). Table 36
describes the PEs, which we call workers. The different workers access sparse and dense
structures like in Figure 87.

We evaluate both on-chip and off-chip PEs, as well as different mechanisms to avoid
data races. We selected three architectures to emphasize the generality of our approach
across multiple settings. Figure 94 illustrates our three heterogeneous architectures. We

describe them next.

Table 36: Heterogeneous workers.

Worker Worker Type | Sparse Format | Din Reuse Dout Reuse
SPADE PE Cold COO-like None Inter-tile

Sextans Hot COO-like Intra-tile (stream) | Inter-tile

PIUMA MTP | Cold CSR-like None Inter-tile

PIUMA STP | Hot CSR-like Intra-tile (stream) | Intra-tile (demand)

(a) SPADE-Sextans: SPADE (cold) and Sextans (hot) PEs are integrated in the same

die and share the same memory controllers (Figure 94(a)). For simplicity, we do not equip
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the SPADE PEs with a 3-level cache subsystem as in Chapter 3; we only include a private
L1 and a BBF. The SPADE PEs access the sparse input and dense output through the
BBF, while they access the dense input through the L.1. The SPADE PEs traverse the
sparse matrix using an untiled row-ordered traversal (Figure 91(a)), while Sextans uses a
tiled row-ordered traversal (Figure 91(b)). The SPADE PEs and the Sextans PEs can
either operate in parallel or serially. To avoid data races when the SPADE and Sextans
PEs are operating in parallel, we use two output buffers, one for each worker type. A
Merger module is responsible for merging the output buffers at the end of execution. Note
that in the serial operation mode, the Merger module is not used. To avoid data races
between SPADE PEs, we closely follow the assignment and padding requirements discussed

in Chapter 3. For example, cold tiles in the same row panel are always assigned to the

same SPADE PE.

(b) SPADE-Sextans+PCle: SPADE was proposed as an accelerator that is integrated
in the same die as the CPU host. On the other hand, Sextans was proposed as a
PCle-attached accelerator. For our second architecture, we use on-chip SPADE PEs and an
off-chip Sextans that accesses main memory through PCle. We additionally assume that

Sextans has enhanced computational throughput compared to the one in SPADE-Sextans.

(c) PIUMA: This architecture consists of MTPs, STPs, DMA engines, and an Atomic
engine, all sharing the same memory subsystem. The cold workers are the MTPs, which
are latency tolerant and access memory on-demand. The hot workers are the STPs, which
we equip with scratchpads and with DMA engines to increase their ability to exploit
memory-level parallelism. The STPs access the sparse input on-demand and issue DMA
descriptors for Din and Dout. Din is stored in the scratchpad. The Atomic engine enables
MTPs and STPs to perform read-modify-write operations on the same memory location
without suffering data races. As a result, the MTPs and STPs always operate in parallel,

and we only employ the MinTime Parallel and MinByte Parallel heuristics (Figure 93).
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8.6.2 Framework Implementation Details

HotTiles is implemented as a framework that is fully integrated into the software pipeline
that generates the sparse matrix format for each accelerator. The HotTiles software is
executed on the host of the heterogeneous architecture. It reads a sparse matrix from disk
in MatrixMarket [270] file format. It then analyzes it and partitions it into hot and cold
tiles transparently to the users. Finally, it generates the sparse matrix formats. These
formats, in combination with Din, can be directly accessed by the heterogeneous workers to
execute the SpMM kernel. Alternatively, they can be stored for later use—e.g., they can be
generated and used during GNN training and then saved and reused during GNN inference.
For the model, the users need to set the following traits of the heterogeneous
architecture: the maximum computational throughput of each worker type (in GFLOP/s);
the number of workers of each type; the size of the workers’ scratchpads; the shared main
memory bandwidth (in GB/s); the Din and Dout reuse types and the sparse matrix
formats (Table 34); and the way that each worker overlaps the SpMM tasks (Section 8.4.2).
The wisible latency per byte (vis_lat) for each worker type is hard to determine
analytically. For this reason, a small number of profiling runs are executed using a set of
small test matrices. In each run, only one worker type is used. After these runs, vis lat is
automatically determined using a simple search method. The search objective is to
minimize the error between the execution times predicted by our framework and the real
execution times of the profiling runs. Note that this tuning process only needs to be done
once when the HotTiles framework is first installed on a particular machine. The derived
vis_ lat values can be reused for SpMM runs with different sparse matrices and thus do not
contribute to the preprocessing overhead. In future work, we aim at employing
sophisticated search or machine learning techniques (e.g., similar to [352]) to automatically

set the values of vis_lat and all the other heterogeneous architecture traits.
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8.7 Methodology
8.7.1 Architectures and simulation

We evaluate our architectures through simulation. For SPADE-Sextans, we use SST [96]
and DRAMSim3 [97]. For PIUMA, we use an in-house simulator based on Sniper [186],
[353]. We preprocess the sparse matrices to generate the sparse matrix formats on a
dual-socket 48-core Intel Xeon Platinum 8260M CPU [354].

For the SPADE-Sextans architecture, we test different system scales. We keep the PE
frequency and the memory bandwidth constant, but we change: (1) the number of SPADE
PEs and (2) the computational throughput and the scratchpad size of Sextans. The
memory bandwidth is kept constant to evaluate our approach under different worker to
memory bandwidth ratios.

Table 37 displays the parameters for the different system scales. We use the system
scale 4 as the baseline scale. In all scales, the cache line size is 64 bytes, the PE frequency
is 0.8 GHz, and the main memory bandwidth is 205 GB/s. Note that this memory
bandwidth is the maximum theoretical value that the memory controllers can provide. The
maximum observed bandwidth for the heterogeneous architecture is 161 GB/s at system
scale 8. For the SPADE PE out-of-order pipeline, we use the parameters described
in Chapter 3. Although SPADE supports different execution strategies, for simplicity, we
set the SPADE PEs to execute an untiled sparse matrix traversal (Figure 91(a)), with each
PE operating on a chunk of 64 continuous sparse matrix rows at a time. SPADE PEs use
an untiled COO format, while Sextans operates on a tiled COO format. Sparse and dense
matrix values are stored using single-precision floating point.

For the SPADE-Sextans+PCle architecture, we assume that Sextans is connected to
the on-chip memory bus through PCle, which has a maximum bandwidth of 32GB/s. We
use this architecture to evaluate gSpMM versions with higher arithmetic intensity. As we

increase the kernel arithmetic intensity, more SIMD operations are required per nonzero.
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Table 37: Architectural parameters for different SPADE-Sextans system scales. System scale
4 is the base one.

System | SPADE | SPADE SPADE Sextans | Sextans Sextans

Scale Num SIMD L1 Num SIMD SPAD
PEs MACs/Cycle | Size (kB) | PEs MACs/Cycle | Size (MB)

1 4 1 32 1 5 0.5

2 8 1 32 1 10 1

4 16 1 32 1 20 2

8 32 1 32 1 40 4

As a result, the SPADE PEs require more cycles to execute all the arithmetic operations
per nonzero. However, we assume that the off-chip Sextans increases its computational
power beyond the numbers in Table 37. Specifically, for system scale 4, Sextans can now
process 20 nonzeros per cycle, regardless of the arithmetic intensity of the kernel. All the
other system parameters are kept the same.

For the PIUMA architecture, we use 4 MTPs and 2 STPs. The STPs use a tiled
CSR-like format, while the MTPs use untiled CSR. We choose to store the sparse and
dense matrix values using double-precision floating point to show that the method

generalizes to various data sizes and types.

8.7.2 Benchmark Matrices

We use ten square sparse matrices from SuiteSparse [73] as benchmarks. They have 100K
to 4.2M rows and 22M to 100M nonzeros (Table 38). Most of the matrices (pap, del, kro,
myc, pac, ser) are the same or scaled-down versions of the ones used in Chapter 3. Since
the high fidelity of the PIUMA simulator leads to significantly increased simulation times,
we replaced 4 of the matrices used in Chapter 3 with smaller ones to decrease the PIUMA
simulation time. The 4 new matrices (ski, dgr, pok, wik) are selected so that they represent
different application domains than the matrices borrowed from Chapter 3. We set the

number of columns of the dense matrices (K) to 32.
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Table 38: Benchmark sparse matrices used.

Benchmark Short | Domain Rows | NNZ | Density
(Mill) | (Mill)
as-Skitter ski Internet topology 1.7 22 [ 8%10°F
coPapersCiteseer pap Citation network 0.4 32 2%x107*
delaunay n22 del Geometry problem 4.2 25 [ 1%10°°
dgreen dgr VLSI 1.2 27 [ 2x107°
kron g500-logn19 kro Synthetic graph 0.5 44 1 2%107*
mycielskian17 myc Math. 0.1 100 | 1%1072
packing-500x100x100-b050 | pac Numerical simulation 2.1 35| 8%10°°
Serena ser Environ. science 1.4 64 | 3%107°
soc-Pokec pok Social network 1.6 31 [ 1%107°
wiki-topcats wik Web graph 1.8 29[ 9%10°F

8.7.3 Heterogeneity Area, Power, and Control Overhead

Since PIUMA includes heterogeneous PEs by design, HotTiles can be supported without
additional hardware overhead. This is not the case for the SPADE-Sextans architecture,
where HotTiles adds some overheads associated with combining and controlling different
PEs. Specifically, HotTiles needs some control logic to orchestrate the two subaccelerators.
Since when the two subaccelerators are operating in parallel they are writing to private
output buffers, all that is needed from the new control logic is: (1) to signal the beginning
of operation of each PE, (2) to monitor the termination of operation of each PE, and (3) to
signal the beginning of operation of the Merger module. This control functionality can be
accomplished in software by utilizing the SPADE Control Processing Element (CPE),
which is a general-purpose core that can write to memory-mapped registers (Chapter 3).
The only additional hardware module that needs to be integrated into the
heterogeneous SPADE-Sextans architecture is the Merger module. It includes a SIMD
ADD module and some registers. We estimate its area and power using CACTI [102] for
the memory structures and the numbers from [103] for the SIMD arithmetic. We scale area
and power to 10 nm using the scaling factors from [104]. We compare them to the area and

power of a SPADE PE, including PE pipeline, L1 cache, and BBF. Our results suggest that

258



the Merger module has very small overheads. It accounts for less than 20% of the area and

power of a single SPADE PE.

8.8 Evaluation

The evaluation is organized in three parts. Subsection 8.8.1 compares the performance of
heterogeneous execution with HotTiles against other execution environments. Then,
subsection 8.8.2 investigates the effectiveness of using HotT'iles for architecture exploration.

Finally, subsection 8.8.3 discusses the preprocessing cost.

8.8.1 Performance Evaluation

We compare the performance of heterogeneous execution with HotT'iles against: (1) a
homogeneous execution using only the cold workers of each architecture (ColdOnly); (2) a
homogeneous execution using only the hot workers (HotOnly); and (3) a heterogeneous
execution that partitions tiles based on the IUnaware method. Note that [Unaware is very
similar to the partitioning technique used in AESPA [135]. We additionally compare
against the BestHomogeneous baseline, which manually selects the best homogeneous
strategy between HotOnly and ColdOnly on a per-matrix basis.

Figure 95 presents the results for SPADE-Sextans (with system scale 4), while
Figure 96 presents the results for PIUMA. The figures show the speedup over the
worst-performing homogeneous execution (hot or cold) on a per-matrix basis. We observe
that HotTiles is very effective. It outperforms practically all the baselines. For
SPADE-Sextans, HotTiles provides average speedups of 8.7x, 1.9x, and 2.0x over HotOnly,
ColdOnly, and IUnaware, respectively. Although not shown, it also provides average
speedups of 1.25x over BestHomogeneous. For PIUMA | the speedups are similar: 9.2x,
1.4x, and 1.4x over HotOnly, ColdOnly, and IUnaware, and 1.4x over BestHomogeneous.
Note that, typically, HotOnly is the slower homogeneous execution due to the low density

of the benchmark sparse matrices. The exception is the myc matrix, which is the densest
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matrix in our evaluation. For this matrix, hot workers are significantly better than cold
ones for SPADE-Sextans, but only slightly better for PIUMA. This is because the hot to

cold worker computational throughput ratio in PIUMA is smaller than in SPADE-Sextans.

100
3 HotOnly [ ColdOnly I[Unaware [ HotTiles

10
A Mo an i
\ Q’OQ é?} b& \éo ((\*(/ Q,oc %Q} &

oF & N

Speedup vs worst homogeneous
execution (log-scale)

Figure 95: Comparison of homogeneous and heterogeneous execution for SPADE-Sextans.
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Figure 96: Comparison of homogeneous and heterogeneous execution for PIUMA.

Table 39 displays the absolute simulated runtimes for the SPADE-Sextans architecture.
Since the microarchitectural details of PIUMA are proprietary, we do not release the raw
execution times in this use-case.

Next, we focus on the four HotTiles partitioning heuristics. Recall that during the
partitioning step, they generate four different partitioning variants. Then, HotTiles selects
the one that is predicted to take less time. To provide further insight, we tested the four
heuristics for different scales of the SPADE-Sextans system (Table 37). Figure 97 compares

the actual average performance of HotTiles to the average performance of the partitioning
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Table 39: Runtime in ms for SPADE-Sextans.

Matrix | HotOnly | ColdOnly | BestHom | IUnaware | HotTiles
ski 369.4 19.8 19.8 42.3 18.3
pap 42.1 18.6 18.6 29.0 8.9
del 138.0 20.8 20.8 34.3 22.8
dgr 46.8 35.6 35.6 38.5 23.3
kro 61.3 37.9 37.9 46.3 37.2
myc 13.5 108.6 13.5 17.9 14.1
pac 37.7 20.2 20.2 27.4 12.6
ser 38.8 27.0 27.0 29.3 23.1
pok 539.0 29.7 29.7 75.3 29.7
wik 642.2 24.3 24.3 70.5 22.1

suggested by each individual heuristic. We present the average speedup with respect to
BestHomogeneous. For each scale, we also display the system bandwidth utilization

averaged across both homogeneous executions (HotOnly and ColdOnly).
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Figure 97: Average performance of HotTiles and the different heuristics for different SPADE-
Sextans system scales.

We observe that, for all scales, HotTiles outperforms the best of its heuristics. This is
because, for a given scale, HotTiles chooses different heuristics for different matrices. We
see that, for larger scales, where one worker type is typically sufficient to saturate most of
the system bandwidth, the Serial heuristics perform better than the Parallel ones, since

they avoid the merging cost. In addition, focusing on the Parallel heuristics, we see that,
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in smaller scales, due to smaller bandwidth pressure, MinTime Parallel performs better,

while for larger scales, MinByte Parallel performs better. Overall, the four heuristics act in

a complementary manner, allowing HotT'les to produce a high-quality partitioning under

different system scenarios. On average across all system scales, HotTiles provides speedups

of 16.8x, 2.0x, 2.2x, and 1.3x over HotOnly, ColdOnly, IUnaware, and BestHomogeneous,

respectively.

To provide further insight, Table 40 displays different utilization statistics for two

different scales of the SPADE-Sextans architecture. All the statistics are geomean values

across the 10 matrices. The table displays: the main memory bandwidth utilization; the

number of cache lines accessed from memory normalized to the number of nonzeros of each

matrix; and the utilization of the computational units of the cold and hot workers

(measured in GFLOP/s) for the time period when each worker type is not idle.

Table 40: Architecture utilization statistics for SPADE-Sextans (geometric mean).

System Scale = 1 HotOnly | ColdOnly | IUnaware | HotTiles
Bandwidth Util. (GB/s) 27.96 49.68 49.04 67.41
Cache Lines Acc. from Mem./Nonzero | 6.78 1.59 2.27 1.47
SPADE GFLOP/s 0.00 48.72 46.49 43.52
Sextans GFLOP/s 6.44 0.00 4.94 51.14
System Scale = 4 HotOnly | ColdOnly | IUnaware | HotTiles
Bandwidth Util. (GB/s) 82.61 132.28 127.03 124.68
Cache Lines Acc. from Mem./Nonzero | 3.13 1.60 1.99 1.02
SPADE GFLOP/s 0.00 129.58 102.50 85.63
Sextans GFLOP /s 41.18 0.00 25.47 228.37

Consider first system scale 1. With HotTiles, the bandwidth utilization is increased.

This is partly because, with HotTiles, both hot and cold workers are actively accessing the

memory subsystem in parallel. Note that, although this is also the case with IUnaware,

this baseline fails to increase the bandwidth utilization due to its unsophisticated

IMH-unaware matrix partitioning. In addition, with HotTiles, redundant main memory

accesses are reduced by an effective mapping of tiles to worker types (Figure 88). Also, in
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HotTiles, the utilization of the SIMD units of the SPADE workers slightly drops, since they
are mainly assigned the sparser, less arithmetic intense cold tiles. However, this drop is
compensated by an 8x increase in the utilization of the Sextans workers.

Most of the HotTiles results for system scale 4 are similar. However, (1) the geomean
bandwidth utilization of HotTiles is slightly lower than in the ColdOnly and [Unaware
baselines and (2) the decrease in redundant main memory accesses is more significant. This
is because, as shown in Figure 97, for this system scale, the Serial and the MinByte
heuristics are preferred. Given the already high bandwidth pressure caused by the larger
number of workers at this scale, HotTiles smartly trades-off a marginally lower bandwidth
utilization for a significant decrease in the memory accesses—reducing overall execution
time.

Next, we compare the performance of heterogeneous execution with HotTiles against
homogeneous architectures that have double the number of hot or cold workers (Figure 98).
We use the SPADE-Sextans system scale 4 as our heterogeneous architecture (HotTiles}).
For the homogeneous architectures, we use only the hot or only the cold workers from
system scale 8 (HotOnly8 and ColdOnly8). HotTiles/ provides an average speedup of 2.9x
and 1.6x against HotOnly§ and ColdOnlyS8, respectively. This reveals that a heterogeneous
architecture with both worker types is more effective than a homogeneous architecture with

twice the number of workers of one type.
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Figure 98: Speedup of HotT'iles with system scale 4 over homogeneous execution with system
scale 8.
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As discussed in Section 8.7, for the SPADE-Sextans+PCle architecture, we test
gSpMM variants with higher arithmetic intensity (AI). As Al increases, more SIMD
operations are required per nonzero. As the Al increases, a SPADE PE requires more
cycles to execute all the arithmetic operations for one nonzero. However, as mentioned in
Section 8.7, we assume an enhanced Sextans that increases its computational power
proportionally to the number of arithmetic operations per nonzero to keep up with the
increased Al. Since we consider a system scale of 4, the enhanced Sextans can now process
20 nonzeros per cycle irrespective of the Al

Figure 99 displays the speedup of HotTiles over HotOnly and ColdOnly as the number
of SIMD operations per nonzero (and thus the Al) increases. We also show the percentage
of nonzeros that are assigned to the hot workers. We observe that, at low Als, most of the
nonzeros are assigned to the cold workers, since they provide enough computational
throughput to accommodate the low arithmetic intensity. At these Als, the speedup of
HotTiles against HotOnly execution is high, since the low-bandwidth PCle bus makes data
transfer a significant bottleneck, while the speedup against ColdOnly is low, since most of
the nonzeros are assigned to the cold workers anyway. As the Al increases, the situation is
reversed, as computational time dominates over data transfers. In all cases, HotTiles offers
clear benefits. On average across all Als, HotTiles provides average speedups of 11.9x,
3.7x, and 2.5x over HotOnly, ColdOnly, and BestHomogeneous, respectively.

Finally, since most of the matrices of Table 38 favor the cold workers, we evaluated
HotTiles on an additional set of matrices from SuiteSparse. We selected five denser
matrices with a similar number of nonzeros and different application domains than the
original ten. They are shown in Table 41. Figure 100 illustrates the effectiveness of
HotTiles in this new matrix set for SPADE-Sextans with system scale 1 and system scale 4.
From the figure, we see that HotTiles is again faster than the other architectures. The
average speedups of HotTiles across both system scales are 1.5x, 3.8x, and 1.4x over

HotOnly, ColdOnly, and IUnaware, respectively. It can be shown that the speedup is 1.5x
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Figure 99: Performance of HotTiles for different gSpMM arithmetic intensities for the
SPADE-Sextans+PCle architecture.

over BestHomogeneous.

Table 41: Additional set of higher-density sparse matrices.

Benchmark | Short | Domain Rows | NNZ | Density
(Mill) | (Mill)

gearbox gea Aerospace engineering 0.15 9]4x10~*

mouse__gene | mou Molecular biology 0.05 29 [ 1%1072

nd24k nd2 2D /3D problem 0.07 29 [ 1%102

RMO7R rm0 Comput. dynamics 0.38 37 [ 3x107*

Si41Ge41HT2 | sid Quantum chemistry 0.19 15[ 4%x107%

8.8.2 Architecture Exploration with HotTiles

In this subsection, we use the performance prediction capabilities of HotTiles to explore
different heterogeneous architecture alternatives. We focus mostly on the SPADE-Sextans
architecture. We examine heterogeneous architectures that have more workers of one type
at the expense of fewer workers of the other type. Specifically, we start with our scale 4
SPADE-Sextans architecture in Table 37, which we call 4-4. Then we consider "skewed”
SPADE-Sextans architectures, such as 0-8, which includes no cold workers and hot workers
with the same parameters as a scale 8 SPADE-Sextans architecture. We focus on skewed

architectures where the sum of cold and hot scales equals to 8, namely 0-8, 1-7, 2-6, 3-5,
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Figure 100: Comparison of homogeneous and heterogeneous execution of SPADE-Sextans
for higher-density sparse matrices.
4-4, 5-3, 6-2, 7-1, and 8-0. We call these architectures so-scale.

We consider two different scenarios. In the first one, we assume that the architecture is
not reconfigurable, and want to find which of the 9 iso-scale architectures delivers the
highest average performance for our benchmarks. In the second scenario, we assume that
the architecture is reconfigurable, and want to find which of the 9 possible configurations
delivers the highest performance for each individual benchmark. The first scenario
corresponds to an ASIC accelerator, while the second one corresponds, e.g., to an
FPGA-based one. In both cases, we use the execution time predictions made by HotTiles.
For simplicity, we ignore any differences in area or power among the 9 iso-scale
architectures. A future, more detailed analysis can compare performance per unit area or
unit power.

We focus first on the first scenario. Figure 101 shows, for each iso-scale architecture,
the performance predicted by HotTiles and the actual performance. The performance is
given as speedup over the base SPADE-Sextans architecture (i.e., 4-4) and is the average
across all the benchmarks of Table 38. We observe that, although the predicted
performance is slightly higher than the actual one for the architectures that are dominated
by hot workers, the trends of predicted and actual performance are the same. In the 7-1

and 8-0 architectures, which are dominated by cold workers, the predicted performance is
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Figure 101: Predicted and actual average performance of different iso-scale heterogeneous
architectures.

slightly lower than the actual one. This is because, as explained before, HotTiles ignores
reuse in caches. Overall, the architecture predicted to perform the best (3-5) is also the one
that performs the best.

We now focus on the second scenario, where the heterogeneous architecture is
reconfigurable on a per-matrix basis. Table 42 displays, for each matrix, the predicted best
architecture, its speedup with respect to 4-4, the actual best architecture, its speedup with
respect to 4-4, and whether the prediction is correct. We see that HotTiles selects the best
architecture out of the nine iso-scale alternatives in 50% of the matrices. HotTiles
predictions have some bias towards using more hot workers than needed. Again, this is due
to ignoring caching effects and therefore under-predicting the true capabilities of cold
workers. Despite this limitation, we observe that reconfiguring the architecture based on
the predictions delivers a 1.23x speedup over the baseline 4-4 architecture. This is an
encouraging result, considering that the oracle speedup is 1.33x.

Finally, Figure 102 shows the error in the execution time predicted by HotT'les
compared to the actual execution time for SPADE-Sextans and PIUMA. The figure also
includes the error in the predictions for the homogeneous executions (HotOnly and

ColdOnly), although we do not directly utilize these predictions. For both SPADE-Sextans
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Table 42: Predicted and actual best architecture per matrix.

Matrix Pred. Speedup of Actual Speedup of | Correct Pred.?
Best Arch. | Pred. Best | Best Arch. | Actual Best
ski 3-5 0.95 8-0 1.11 N
pap 1-7 0.78 4-4 1.00 N
del 3-5 1.01 8-0 1.28 N
dgr 1-7 1.59 1-7 1.59 Y
kro 0-8 1.93 0-8 1.93 Y
myc 0-8 1.63 0-8 1.63 Y
pac 2-6 1.16 2-6 1.16 Y
ser 0-8 1.36 0-8 1.36 Y
pok 3-5 0.89 8-0 1.14 N
wik 3-5 0.96 8-0 1.08 N
AVG 1.23 1.33 50%
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Figure 102: Error in the predicted execution time of different homogeneous and heteroge-
neous executions.

and PIUMA, the average error between the predicted and actual execution time is
relatively low, at 4.8%, 19.6%, and 12.4% for HotOnly, ColdOnly, and HotTiles,
respectively. The highest error occurs for certain matrices (pap, myc, pac, ser) in the
ColdOnly execution. Upon further investigation, we found that these matrices display
significant Din reuse through caches. Since our model ignores caching effects, the predicted
ColdOnly execution time is higher than the actual one. This prediction error is more
significant in SPADE-Sextans because the caches of the SPADE PEs are larger than the
caches of the PIUMA MTPs. We believe that extending our modeling methodology to

account for caching effects can further enhance the effectiveness of HotTiles predictions.
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8.8.3 Preprocessing Cost

HotTiles requires the data preprocessing steps shown in Figure 92: matrix scan, matrix
partitioning, and creation of the sparse matrix formats for the two worker types. In reality,
code generation for homogeneous accelerators such as SPADE or Sextans also needs the
third preprocessing step, except that it is for a single worker type. For example, the input
matrix may be stored in matrix market file format [270], and should be converted to the
specific format that the accelerator operates on. Hence, when we quantify HotTiles’
preprocessing overhead, in the third step, we only consider the cost of generating the
matrix format for one additional worker type.

The HotTiles preprocessing overhead is a one-time cost only. For example, it can be
incurred once during GNN training and not affect GNN inference later on, or it can be
incurred once and amortized across many SpMM iterations.

Figure 103 shows the normalized execution time of the preprocessing operations on a
Xeon host for the PIUMA architecture. We break it down into matrix format creation for a
homogeneous accelerator (which is not HotTiles specific), and the rest of the preprocessing
steps listed above, which we call Hot Tiles Overhead. On average, Hot Tiles Overhead is
73% of the total preprocessing overhead. This means that HotTiles has about four times
the preprocessing overhead of a homogeneous accelerator. This is a small overhead, which
is amortized over many SpMM iterations. We obtain similar numbers for SPADE-Sextans
and SPADE-Sextans+PCle. Finally, note that, in practice, this overhead is dwarfed by the
overhead of reading the matrix from disk. If we include reading the matrix from disk in the
preprocessing overhead, it can be shown that Hot Tiles Overhead increases the

preprocessing overhead by only 6% on average.
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Figure 103: Normalized execution time of the preprocessing operations on a Xeon host for
the PIUMA architecture.

8.9 Related Work

A. SpMM accelerators: In recent years, many domain-specific systems and accelerators
that support SpMM have been proposed [79], [80], [81], [91], [119], [166], [202], [280], [285].
Commonly, they employ homogeneous processing elements, missing opportunities to
exploit IMH. For example, Adiletta et al. [91] use the PIUMA MTPs and DMA engines to
accelerate SpMM in the context of Graph Convolutional Networks. However, they use
PIUMA in a homogeneous mode by disabling the STPs. AESPA [135] is an architecture
that consists of heterogeneous subaccelerators that target different levels of sparsity and
compression formats. However, that work assumes uniform random sparsity. Therefore, it
does not map matrix regions to the subaccelerators that suit them the most and thus fails

to exploit IMH. Our [Unaware baseline is inspired by that work.

B. Sparse accelerator modeling: Some works present abstractions and models for
sparse tensor algebra [275], [355], [356]. In this work, we use a simple analytical model that
can accurately predict the performance of different heterogeneous PEs at a tile level.
Importantly, our performance estimation method increases the preprocessing time by only
a small amount. Extending or incorporating alternative performance models is a valuable

research direction.

C. Work partitioning and scheduling for heterogeneous systems: Some works
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investigate work partitioning and scheduling for heterogeneous systems [349], [357], [358],
[359], [360], [361], [362], [363], [364]. These works mainly focus on partitioning dense
kernels among different workers or mapping different functions to different workers. In
contrast, our work focuses on partitioning sparse kernels for heterogeneous accelerators—a
topic that has barely been explored. We show that the partitioning problem in such
scenarios is non-trivial and requires taking into account both IMH and the low-level

microarchitecture details of the heterogeneous workers.

D. SpMM for general-purpose systems and tiling: Prior art incorporates tiling and
other optimizations in order to optimize SpMM on CPUs and/or GPUs [87], [88], [92],
[365], [366], [367], [368]. In particular, ASpT [87] partitions the matrix into denser and
sparser regions, which are then however assigned to the same homogeneous entities (e.g.,
CPU cores). Some of these works incorporate reordering [139], [369], [370] to transform the
sparse matrix into an equivalent more "favorable” form. As shown by Arai et al. [139], the
reordered sparse matrix can have more well-formed dense and sparse regions, leading to
more efficient execution. Reordering could also increase the effectiveness of HotTiles.
NVIDIA’s cuSPARSE [100] supports Block-SpMM [371], an SpMM variant that targets
sparse matrices that are partitioned into high-density and completely empty tiles
(block-level sparsity). Optimizations for block-level sparsity are also proposed by Demmel
et al. [372]. On the contrary, our method does not require the sparse tiles to be completely

empty. In fact, we completely eliminate empty tiles during preprocessing.

8.10 Further Directions

We now discuss two additional directions for extending this work. The first one is the
application of HotTiles to other heterogeneous architectures and sparse kernels. An
interesting additional architecture is a heterogeneous system consisting of CPUs and
on-chip accelerators such as the Intel Data Streaming Accelerator (DSA) [18], [149]. In

addition, HotTiles is applicable to SpMV and SDDMM [99], which exhibit access patterns
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similar to SpMM. Further, we believe that, with some modifications, our methodology can
be extended to more sparse kernels such as SpGEMM [373].

A second potential direction for extending HotTiles is to further explore the
partitioning space and enhance the modeling capabilities. We believe that making the
HotTiles performance model account for reuse through caches and removing the maximum
reuse assumption (Section 8.4.3) can further enhance the model’s accuracy. In addition,
accounting for reuse through shared levels of fast local memory such as lower level caches
can make HotTiles applicable to more heterogeneous architectures. Finally, smart tile
sizing in cases where one or both of the sparse tile dimensions are free, and
heterogeneity-aware sparse matrix reordering approaches can augment the HotTiles

partitioning space, leading to further performance improvements.

8.11 Conclusion

In many sparse matrices, nonzeros form dense and sparse regions—a property that we call
intra-matrix heterogeneity (IMH). To leverage IMH, we utilize heterogeneous SpMM
accelerator architectures that include different types of PEs. To optimize the performance
of such architectures, we develop a modeling framework that predicts the performance of
different PE types, and a heuristic that partitions sparse matrices among heterogeneous
PEs. We call our modeling and partitioning method HotTiles. To evaluate HotTiles, we
simulate three heterogeneous architectures with compute-intensive PEs (Hot Workers) and
memory-latency tolerant PEs (Cold Workers). Heterogeneous execution with HotTiles
outperforms homogeneous execution using only hot or only cold workers by 9.2-16.8x and
1.4-3.7x, respectively. In addition, HotTiles outperforms an IMH-unaware heterogeneous

execution strategy by 1.4-2.2x.

272



Chapter 9 Hardware Agent for General Data-Driven Runtime Optimization

9.1 Introduction

Over recent years, Machine Learning (ML) has received widespread attention in the
architecture community due to its ability to efficiently model complex patterns, optimize
system operation, and adapt to dynamic workloads. ML has found a myriad of
applications in microarchitecture, ranging from predictors [374], [375], [376],

prefetchers [377], [378], and cache replacement policies [379], [380] to resource management
and control [381], [382]. Online Reinforcement Learning (RL) [383], [384] is a subclass of
ML algorithms that is particularly well-suited for microarchitecture decision-making
problems. In online RL, agents interact with their environment without having to pre-train
with an offline dataset. This enables better adaptability and generalization to previously
unseen environment configurations.

Hardware agents that employ RL [385], [386], [387], [388], [389], [390], [391], [392]
typically decompose the environment into a complex set of states, where the RL agent tries
to discover the best actions that maximize its reward. Such actions cause transitions
between states. Although this approach is effective, it has high complexity, as it introduces
the need to track action values and transition probabilities for many different states. In the
resource-constrained environment of processor microarchitecture, this results in significant
storage overhead. In addition, most of these RL agents are engineered for a specific problem
and are not reusable. Designing, validating, and integrating a new RL hardware agent in a
processor every time a new potential use case emerges is very costly. This challenge is
likely to become even more pronounced in modern accelerator-intensive heterogeneous
systems. As use cases, architectures, and optimization objectives become increasingly
heterogeneous, designing problem-specific decision-making agents becomes less attractive.

To address these problems, this chapter introduces a lightweight and reusable hardware

RL agent. We find that, in some microarchitecture decision-making problems, only a small
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fraction of the action space is useful in a given time window. We refer to this property as
temporal homogeneity in the action space. We show that, when this property is present, the
problem can be roughly modeled using a single RL state.

Based on this insight, we explore the effectiveness of Multi-Armed Bandit (MAB)
algorithms [393], [394], which are the RL flavor with the lowest complexity. Due to their
simplicity, they are especially suitable for decision-making in highly area-constrained
settings like a processor’s pipeline. Specifically, we design an RL agent that implements the
Discounted Upper Confidence Bound (DUCB) algorithm [395] in hardware. We call our
agent Micro-Armed Bandit or Bandit.

We showcase Bandit for two different decision-making problems that have sufficient
temporal homogeneity in their action space to be tackled with MABs. Firstly, we use
Bandit to orchestrate simple and widely adopted non-RL L2 data prefetchers—i.e.,
next-line, stride, and stream prefetchers. Secondly, we use it to control the instruction
fetch policy in simultaneous multithreaded (SMT) processors [396]. In particular, in the
second use case, we introduce a novel design space for SMT instruction fetching that
customizes both the thread fetch priority [397] and the thread fetch gating [398] policies.

Our simulation-based evaluation suggests that Bandit is effective. In the data
prefetching use case, for single-core experiments, Bandit outperforms non-RL prefetchers
Bingo [399] and MLOP [400] by 2.6% and 2.3% (geometric mean), respectively, and attains
similar performance as the state-of-the-art RL prefetcher Pythia [387]—with the
dramatically lower storage requirement of only 100 bytes. In addition, Bandit attains good
performance in four-core experiments and outperforms Pythia by 2.5% in
bandwidth-constrained scenarios. In the SMT instruction fetch use case, Bandit
outperforms the Hill Climbing method [398] by 2.2% (geometric mean).

Overall, this chapter’s contributions are:

e The concept of temporal homogeneity in the action space, which enables low overhead

RL for microarchitecture decision-making.
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e The adoption of Multi-Armed Bandits as an efficient and reusable learning mechanism
for such problems.

e The Micro-Armed Bandit, an RL agent that implements the Discounted Upper
Confidence Bound algorithm in hardware and a simulation-based evaluation of its
performance for data prefetching and SMT instruction fetching.

e A new design space for SMT instruction fetching that customizes both the thread fetch

priority and thread fetch gating policies.

9.2 Background
9.2.1 Online Reinforcement Learning

RL [383], [384] is a subclass of ML algorithms that targets action selection problems.
Commonly, an RL agent interacts with its environment by trying different actions and
receiving feedback in the form of a reward. The goal is to learn the optimal balance
between exploration (trying new actions) and exploitation (selecting the best-known action)
to maximize the accumulated reward in the long term. Exploration is necessary for an RL
algorithm because it helps the agent better understand the dynamics of its environment.
The duration of an agent’s interaction with its environment is called an RL episode.

In online RL, agents interact with their environment without having to pre-train with
an offline dataset. As a result, online RL has several attractive characteristics [387], [401]
for microarchitecture decision-making problems compared to other methods such as
Supervised Machine Learning [352], [381], [382], [402], [403], [404], [405] and Formal
Control [406], [407], [408], [409], [410]. In comparison with traditional ML, online RL
eliminates the need for offline data collection. It provides better adaptability and
generalizes to environment configurations not encountered before. As an example, consider
an agent that is trained offline using the SPEC benchmarks [411], [412]. Ensuring high
performance in unseen workloads stemming from graph analytics or cloud applications is

non-trivial. Even if the offline dataset is large enough to include a diverse set of
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benchmarks, there are no guarantees that the agent will adapt successfully to unforeseen
system conditions such as power fluctuations. When compared to Formal Control, online
RL does not depend on an offline static model of the system and does not require the
actions to be linearly correlated with their outcomes [401]. For these reasons, online RL is

an attractive solution for action selection problems in microarchitecture.

9.2.2 RL Problem Formulations

MDP-RL Contextual Multi-Armed
Bandits Bandits
Ax R1x
Ay,R1y Ay,R2y Ay,Ry
A_y761__y / AMRZ ,f\ ’N\ /’\ ,\\ ,’\—‘L’\\
1 \ N \ 1 \
(j:) |<:;>||<:;>| 1| )
\ 1\ 1 \ /1
‘——-\- \\ s// \\— \// \\—.%‘\//
Ax,R2x Ax,R1x AXx,R2x Ax,Rx

(a) (b) (€)

Figure 104: Examples of states and actions in different RL problem formulations. S rep-
resents states, A represents actions, and R represents rewards. The arrows illustrate state
transitions.

There are multiple RL problem formulations, which differ in how they model the
environment. They have different levels of complexity. The level of complexity of a
formulation is directly correlated with the implementation complexity of the RL agent in
hardware. In this section, we describe three alternative formulations. In addition, we
identify a common property of microarchitectural problems that enables the use of the RL

flavor with the lowest complexity.

(1) Markov Decision Process-based Reinforcement Learning (MDP-RL):
Modeling the environment as a Markov Decision Process (MDP) [413] is the most general
and highest-complexity problem formulation. The environment is decomposed into many

states and, in each state, different actions yield different rewards. The actions cause
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non-deterministic transitions between states. Before deciding on an action, the agent
considers its current state as well as the states it might transition to after taking that
action. Figure 104(a) shows a simple MDP environment with 2 states (S and 52). In each
state, two actions are possible (Az and Ay). After the agent selects an action, it receives a
reward (Rij), which depends on both the current state and the selected action.

The high complexity of MDP-RL stems from the requirement of bookkeeping action
values and transition probabilities for each distinct state of the environment. Popular
algorithms in this category include Q-Learning [414] and SARSA [383], [415]. Numerous
works propose hardware agents that model the environment as an MDP. For example, Ipek
et al. [386] propose a SARSA-based memory controller that uses the number and
characteristics of reads and writes in the transaction queue to encode the state.

Cohmeleon [389] proposes a Q-Learning-based agent to orchestrate accelerator coherence in
heterogeneous SoCs. The Pythia L2 prefetcher [387] is based on SARSA and can be

customized to use different data flow and control flow features to encode the state.

(2) Contextual Bandits: Modeling a decision-making problem with Contextual
Bandits [416], [417] abstracts away the state transition probabilities. State transitions can
still occur but they are not influenced by the agent’s actions. Figure 104(b) shows a
Contextual Bandit environment. The agent can take actions. However, any transition
between states is not a consequence of selecting an action. Instead, the system randomly
transitions between states due to other effects. The agent observes the context associated
with each state and tries to determine the best action for a given context to maximize its
accumulated reward. Contextual Bandits are a lower complexity problem formulation than
MDP-RL but still require the bookkeeping of action values for each state. The most
notable application of Contextual Bandits in microarchitecture is the Context

Prefetcher [390], which utilizes both hardware and compiler-injected software context to

decide on the appropriate prefetching actions.

(3) Multi-Armed Bandits (MABs): Multi-Armed Bandits (MABs) [393], [394] collapse
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the environment into a single state as displayed in Figure 104(c). The goal is to identify
the single best action that yields the highest reward while minimizing time spent trying
sub-optimal actions. In MAB terminology, the available actions are referred to as arms.
MABSs have significantly lower complexity than the two previous methods because there is
a single state and, therefore, only a single value needs to be tracked per action. Although
MABSs’ low complexity makes them attractive for resource-constrained settings, their
application to microarchitecture has not been investigated.

MARBSs are less powerful than the other two RL problem formulations. However, they
can still be applied to the microarchitecture domain. Consider a scenario where the same
action is repeatedly optimal for a large enough time period inside an RL episode. In this
case, the action is temporally optimal regardless of the environment’s state and the whole
state space can collapse into a single state. We refer to this property as temporal
homogeneity in the action space.

Figure 105 provides examples of (fully) temporal homogeneous and temporal
heterogeneous action spaces. In the figure, the whole action space consists of two actions:
Az and Ay. Figure 105(a) shows an environment with a fully temporal homogeneous
action space. It shows the sequence of optimal actions over time for two different RL
episodes (e.g., the execution of 2 different benchmarks). We see that, in Episode 1, action
Ax is always optimal, while in Episode 2, Ay is always optimal. On the other hand,
Figure 105(b) shows an environment with a temporal heterogeneous action space, where
the optimal action changes rapidly with time during the same episode. Note that temporal
homogeneity does not require the same action to be optimal during the whole episode.
Instead, it imposes optimality requirements for a time period long enough so that the MAB
agent can detect the appropriate action. As we will see in Section 9.3, high temporal
homogeneity is present in some microarchitectural problems. This property enables the

effective use of the simple MAB RL flavor.
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Figure 105: Examples of temporal homogeneous and heterogeneous action spaces.

9.3 Motivation

This section examines the viability of using MAB algorithms to attack two different
microarchitectural action selection problems: (i) data prefetching and (ii) instruction

fetching in simultaneous multithreaded (SMT) processors.

9.3.1 Temporal Homogeneity in Prefetching

In data prefetching, a hardware agent reacts to a request for a line at address X by also
prefetching a set of cache lines that are likely to be accessed in the near future. Spatial
prefetching algorithms typically specify the lines to be prefetched through degree (d) and
offset (o) parameters. The addresses of the prefetched lines are X + 0, X +2 X o, ...
X +d x o. In this case, prefetching can be formulated as an RL decision-making problem
with the action space corresponding to the selection of the prefetch degree and offset. It is
well known that different degrees and offsets work best for different scenarios [253], [418],
[419], [420], [421]. In this section, we examine the temporal homogeneity of the prefetching
action space.

Characterizing the temporal homogeneity of the prefetching action space requires
identifying the optimal prefetching action at every point in the program. Unfortunately,
this is a non-trivial task. Consequently, we use as a proxy the actions taken by

Pythia [387], which is a spatial MDP-RL prefetcher that shows high performance. Pythia
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supports 16 different offsets and four different degrees, for a total of 64 actions. We profile
the frequency of the two most popular Pythia actions in SPEC traces for a duration of 1
billion instructions. Section 9.6 presents more details about our methodology. Figure 106
displays our findings. On average, the most selected action in each application accounts for
60% of the total selections, while the second most selected accounts for 15% of the total
action selections of Pythia. In other words, for a duration of 1 billion instructions, 3% of
the action space accounts for 75% of the total action selections. Note that the most

selected action is different in each application.
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Figure 106: Frequency of the top 2 most selected actions by Pythia in SPEC applications
during a trace of 1B instructions.

The data suggests that the prefetching action space has high temporal homogeneity but
not a perfect one. Also recall that MABs cannot distinguish between environment states
(e.g., between cache line addresses or between PCs). Hence, using a MAB agent to directly
select a single best degree and offset for all the cache lines would often not work. Instead,
we leverage the following observation: conventional and widely-adopted non-RL prefetchers
such as the stride and stream prefetchers can already distinguish between environment
states to some extent. For example, the PC-based stride prefetcher can concurrently
support different offsets for different PCs. Thus, instead of using the MAB agent to
directly determine the prefetch degrees and offsets, we use it as a coordinator of various
conventional lightweight prefetchers—in a manner similar to [418]. Section 9.5 provides
more details about how we employ our agent towards this goal, and Section 9.7 presents its

effectiveness.
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Figure 107: Pipeline structures and fetch priority & gating policy in [398]. Threads that
exceed the occupancy threshold in either the Instruction Queue, Register File, or ROB are
fetch-gated. The remaining threads are prioritized using ICount.

9.3.2 Policies for Fetch Priority and Gating of SMT Threads

An important factor that affects performance in SMT processors [396] is the policy that
determines which thread to fetch instructions from. In [397], different fetch priority policies
were investigated. They give priority to threads based on different microarchitectural
metrics: Branch Count (BrC) prefers to fetch from threads that have fewer branch
instructions in the Reorder Buffer (ROB); ICount (IC) favors threads with fewer occupied
entries in the Instruction Queue (IQ); and LSQCount (LSQC) prioritizes threads with fewer
entries in the Load-Store Queue (LSQ). The Round Robin (RR) policy alternates between
threads in a round-robin manner without considering any microarchitectural metric.

Choi and Yeung [398] introduce an adaptive mechanism for the fetch gating of threads.
The mechanism dynamically sets a per thread occupancy threshold for hardware structures
using a Hill Climbing algorithm. If the occupancy of a thread in the 1Q, the Integer
Register File (IRF), or the ROB exceeds this threshold (which is the same for all the
structures) the thread is fetch-gated. The best threshold is determined by trial epochs,
dynamically increasing the allowed entries for one thread by ¢ units at the expense of the
other threads. An interesting property of the optimal thresholds is that they are mostly
temporally stable as shown in [398]. This is consistent with what we observed for

prefetching in Section 9.3.1. Finally, Choi and Yeung determine the priority of the non
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fetch-gated threads using ICount.

In our work, we call the combination of the thread fetch gating policy and the thread
priority policy the fetch Priority & Gating (PG) policy. Figure 107 illustrates the pipeline
structures and the fetch PG policy used by Choi and Yeung. In the rest of this chapter, we
refer to the fetch PG policy used by Choi and Yeung as the Choi policy.

Because the fetch gating policy uses thresholds, it does not prevent threads with high
ILP from utilizing a large number of entries in the shared hardware structures. A thread
with high ILP can be allowed to use most of the hardware structure entries, while one with
low ILP may be restricted to fewer entries—if this entry distribution maximizes
performance.

The fetch gating and the fetch priority policies do not accomplish the same goal;
instead, they complement one another. Consider the times when none of the threads is
fetch-gated. One still needs to select which thread to fetch from. In addition, in contrast to
fetch gating, not all the fetch priority policies are based on measuring the stress that
different threads place on hardware structures. Specifically, the Round Robin (RR) and

Branch Count (BrC) policies take different approaches.

9.3.3 Extending the Choi Algorithm

Although the Choi policy is very effective, it has limited adaptability. First, it always uses
[Count for the non fetch-gated threads. Second, its fetch gating policy is fixed: it
fetch-gates a thread if its occupancy of the 1Q, IRF, or ROB exceeds a given threshold. As
a result, the fetch gating policy is unaware of the occupancy of other pipeline structures
such as the LSQ. In addition, in some workloads, threads may use resources
asymmetrically, and it may be best to disregard the occupancy of certain hardware
structures. For example, assume a 2-threaded scenario where we limit the occupancy of all
three structures to 50%. However, one thread wants to use more entries from the ROB and

does not need to use as many entries from the IQ, while the other thread has the opposite

282



behavior. Under the Choi policy, both threads are conservatively fetch-gated, while the
pipeline could support more instructions. In this case, one could exclude monitoring the
occupancy of the ROB or the IQ (or both) from the fetch gating policy and attain higher
performance. As we show next, determining which structures to monitor is an interesting
use case for RL-based decision-making mechanisms.

To mitigate the aforementioned limitations, we consider many fetch PG policies beyond
the Choi one. Specifically, we consider the four fetch priority policies of Section 9.3.2 (BrC,
IC, LSQC, and RR), and fetch gating policies based on the occupancies of zero or more of
the following hardware structures: 1Q, LSQ, ROB, and IRF. We represent these fetch PG
policies as X bsb,b, b, where X is the fetch priority policy and can be {BrC, IC, LSQC,
RR}, and b3byby b, are bits that denote whether the fetch gating policy monitors the
occupancy of the 1Q, LSQ, ROB, or IRF, respectively.

Table 43 shows some examples of these fetch PG policies. For example, IC_ 0000 uses
[Count as the fetch priority policy and does not consider the occupancy of any structure
when fetch gating. Thus, it does not perform fetch gating; it is the original ICount policy
of Tullsen et al. [397]. IC_1110 uses ICount and fetch-gates a thread whose utilization of

the 1Q, LSQ, or ROB is above the threshold. IC_1011 corresponds to the Choi policy.

Table 43: Examples of different fetch PG policies.

Policy Mnemonic | Fetch Priority | IQ* | LSQ* | ROB* | IRF*
IC 0000 ICount no no no no
BrC_ 1000 Branch Count yes | no no no
IC_ 1110 [Count yes | yes yes no
IC_ 1111 [Count yes | yes yes yes
LSQC 1111 LSQ Count yes | yes yes yes
RR_1111 Round Robin yes | yes yes yes

*Columns IQ, LSQ, ROB, and IRF indicate whether fetch is gated when the occupancy of the
corresponding structure exceeds a threshold.

In this way, we have a total of 64 (4 x 2%) different fetch PG policies. We tested all of
them for a set of 43 2-threaded workloads from SPEC17 [412] (refer to Section 9.6 for our

methodology). For each of the workloads, Figure 108 shows the IPC change relative to the
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Figure 108: IPC change relative to the Choi policy of the best- and the worst-performing
fetch PG policies among the ones we consider for different multithreaded SPEC17 mixes.
The policy that performs the best for each mix is added as a label. For the best policy, the
thread that committed the most instructions in the mix appears in bold.

Choi policy of the best- and the worst-performing fetch PG policies among the ones we
consider. The policy that performs the best for each mix is added as a label. For the best
policy, the thread that committed the most instructions in the mix appears in bold.

From the figure, we see that different fetch PG policies work best in different
application mixes. In addition, there is significant IPC variation between the best- and the
worst-performing policies in an application mix. Selecting a bad policy can decrease
performance by more than 40% compared to IC_1011.

Application mixes consisting of Ibm attain large speed-ups. In this case, policies that
use LSQC as the fetch priority policy or consider LSQ occupancy when fetch gating (i.e.,
x1xx) offer substantial speedups (13-30%) over IC__1011. Note that these policies still
allow the thread that benefits the most from memory-level parallelism to get more LSQ
entries, if this distribution of entries maximizes the average performance. As discussed
in [422], in a fully dynamically shared pipeline (with no LSQ-aware fetch gating
mechanism) lbm frequently tends to aggressively consume all of the SQ entries, leaving the
other thread with close to none SQ entries. In such cases, an LSQ-aware gating or priority

mechanism prevents the exhaustion of the SQ entries by a single thread. Such policies

284



result in a higher average IPC than the LSQ-unaware IC_1011.
Overall, the temporal stability of the threshold of the Hill Climbing algorithm in
combination with the heterogeneity in the optimal fetch PG policy across different

applications is fertile ground for MAB-based decision-making mechanisms.

9.4 Multi-Armed Bandit Algorithms for Microarchitecture

In this section, we focus on different Multi-Armed Bandit (MAB) algorithms and discuss

their implications for decision-making problems in microarchitecture.

Table 44: MAB algorithm variables.
Variable | Definition
arm: | Action available to the MAB agent
bandit step: | Time duration that the agent is idle waiting to observe the reward
from its previous arm selection
Average reward that previous selections of arm i have yielded
Number of times that arm 7 has been selected in the past
Nyorqr: | Lotal number of times that all arms have been selected in the past
Reward received at the end of a bandit step

9.4.1 General Template for MAB Algorithms

The variables used in a MAB algorithm are shown in Table 44. An arm refers to a specific
action available to the MAB agent, while the bandit step is defined as the time duration
for which the agent is idle waiting to observe the outcome of its previous arm selection. For
every arm 4, two variables are needed: the average reward r; that previous selections of this
arm have yielded; and the number of times n, that this arm has been selected in the past.

Finally, n,,.,; refers to the total number of selections of all arms and r,,,, is the reward

step
received at the end of a bandit step.
Algorithm 4 provides a general template for MAB algorithms. For compactness, we use

Torm and 1., instead of r; and n; respectively, in our notation. The algorithm

r=arm 1=arm’

takes the number of arms available M. It begins with an initial round robin phase, during
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Algorithm 4 General template for MAB algorithms

Inputs: M arms
Variables: r; : average reward of arm i,

n,; : number of times that arm i has been selected

| Initial Round Robin Phase]
Niotal < 0
for t =1to M do
arm <t
na/f’m — 1
Notal — Nyotal + 1
// receive reward at the end of the bandit step
Trm T

arm step
: end for

[ o S g
AR el S el

: fort =M +1 to 00 do

arm < nextArm()

updSels(arm)

// receive reward at the end of the bandit step
— updRew(r.,)

N
@ L % 3P

rarm
. end for

N DN
N =

which all arms are tried once. r,,.,, is set to the r received during that arm’s step, and

m step

Ngrm 15 set to 1. Then, the main loop of the algorithm begins, which lasts for as long as
the agent keeps interacting with the environment. The main loop consists of three basic
functions, which depend on the specific MAB algorithm used. Those are nextArm(), which
selects the next arm to be tried; updSels(arm), which updates the number of selections
Ny for the currently selected arm and potentially other arms; and updRew(r ., ), which

updates the reward r,,,, for the currently selected arm after the bandit step is over and

the r has been collected.

step

9.4.2 Three MAB Algorithms

The implementations of these three functions define how a MAB algorithm handles the

exploration-exploitation tradeoff. We now discuss the implementations of these functions
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Table 45: Multi-armed bandit algorithm variants.
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for three MAB algorithms: e-Greedy, Upper Confidence Bound (UCB), and Discounted

Upper Confidence Bound (DUCB). Their concise implementation is shown in Table 45.

(a) e-Greedy: e-Greedy [423] is the simplest of the algorithms discussed. As shown in
Table 45, the nextArm function selects with probability 1 — € the arm that has the highest
average reward so far (argmax{r;}), and with probability € a random arm. € is an
algorithm hyperparameter that is directly related to the degree of exploration: large values
of € mean that the agent is eager to explore more and exploit less. The updSels and
updRew functions are also simple. In updSels, n,,.,,, and n,,, are incremented. In updRew,

the r is added to the running average. e-Greedy is used in prior MDP-RL works [387],

step

[388], [390] as an exploration technique (not as a standalone algorithm).

(b) Upper Confidence Bound (UCB): Two shortcomings of e-Greedy is that the
exploration picks random arms and is non-decaying. The problem with randomized
exploration is that very bad arms and nearly-optimal ones have similar probabilities to be
explored. Consider an example from the microarchitecture domain with two different
actions. In the past, one action has resulted in low IPCs and the other in high IPCs.
e-Greedy will keep on exploring the two with equal probability. In addition, non-decaying
exploration means that the agent will keep on exploring at the same rate as time passes,
even if it has acquired enough certainty about the quality of each arm.

The Upper Confidence Bound (UCB) algorithm [424] tries to solve both problems.

While it uses the same updSels and updRew functions as e-Greedy, it uses a more
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sophisticated exploration method in the nextArm function, as shown in Table 45. The next
arm to be selected is the one with the highest arm potential. The potential is the sum of
the arm’s average reward so far r; plus a term added as a "bonus” given by ¢ In(yoal)

n;

This term is the exploration factor. In this expression, c¢ is an algorithm hyperparameter,

which we call exploration constant. It controls the degree of exploration. If an arm has not

been selected much in the past, n; is small compared to In(n,;), and that arm’s

exploration factor is large. That arm will be favored for selection. The exception is if the

arm’s r; is unacceptably low, in which case preference will be given to other arms. As time
In(n)

passes and different arms are tried, exploration decays since =~ tends to 0 as n increases.

(c) Discounted Upper Confidence Bound (DUCB): The Discounted Upper
Confidence Bound (DUCB) [395] is an extension to the UCB algorithm that is suitable for
non-stationary (i.e., highly varying) environments. These environments are common in
microarchitectural problems since the behavior of benchmarks changes with time. In these
cases, we want to forget the past behavior that we observed.

As shown in Table 45, DUCB shares the nextArm and updRew functions with UCB, but
employs a different updSels function. In updSels, all selections n,; are discounted by a 7
constant, which is a hyperparameter that is less than 1. v acts as a forgetting factor. For

the currently selected arm, n,,.,, is first discounted by v and then incremented by 1. As

m
time progresses, since the n, for rarely selected arms is discounted, the exploration factor
for such arms grows, and the arms are possibly retried. This enables the capture of varying

behaviors of an arm. Since DUCB is more dynamic than UCB, it is less likely to get

trapped in suboptimal arms than UCB.

9.4.3 Modifications for Microarchitecture Environments

During our evaluation, we found two algorithm modifications that result in higher
performance in microarchitecture environments. The first one is related to the fact that, in

all of our use cases, we use IPC as the MAB reward, which can vary drastically across
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different benchmarks. At the same time, we use a common exploration constant ¢ for all
benchmarks. Recall that the potential of an arm in UCB and DUCB is given by
r; + Cy/ ln(r;w This leads to the following unwanted effect: for low-IPC benchmarks, r; is

ln(ntotal)

i

small and the effect of the exploration factor ¢ is relatively more prominent than
in high-IPC benchmarks. As a result, MAB algorithms end up exploring a lot more in
low-IPC benchmarks.

To mitigate this unwanted effect, we modify the MAB algorithm as follows. First, after
the initial round robin phase of Algorithm 4 is completed, we calculate the average initial

reward across all arms (r,,,). Then, we use r,,, to normalize: (1) the r,,.,, calculated

avg

during the initial round robin phase for each arm and (2) every new r,,, collected during

step
the main loop of the algorithm. This ensures that there is much less variation in
exploration across benchmarks.

The second modification is related to our observation that when many cores are
running MAB algorithms concurrently, inter-core interference phenomena can affect the
bandit exploration. For example, assume that a core selects a very aggressive arm that
causes DRAM bandwidth starvation for other cores. Then, those cores may mistakenly
attribute the drops they are observing in their IPCs to the arm that they are currently
exploring. This can lead to cores getting trapped in suboptimal actions.

To address this problem, a core p independently restarts the initial round robin phase
of the algorithm with a small probability rr_restart prob during the main loop execution,
but without resetting the already-collected r; and n, values. With this design, p has a
chance to re-evaluate all the arms again in a more stable environment, as it can be

assumed that all the other cores have reached a steady state and little exploration is in

progress. While this is not a perfect solution, it addresses the problem to some extent.
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9.5 Micro-Armed Bandit Design

We design a lightweight microarchitectural agent that implements MAB algorithms in
hardware. We call the agent Micro-Armed Bandit or Bandit for short. In this section, we
describe its functionality and microarchitecture. We focus on the DUCB algorithm since
our evaluation (Section 9.7) reveals that it is the highest-performing one. We discuss how
Bandit can be used for prefetching and SMT fetch PG policy selection. While our work
focuses on these two use cases, we anticipate that Bandit will find applications in other
microarchitectural decision-making problems with sufficient temporal homogeneity in their

action space.

9.5.1 Microarchitecture and Functionality

Bandit has a simple microarchitecture. It consists of two tables, an arithmetic unit, and
some control logic. The two tables are the nTable and the rTable, and each has as many
entries as the number of arms. The nTable contains, for each arm ¢, the number of times
that 7 has been selected so far (n;); the rTable contains, for each arm 4, the current value of
its reward (r;). The arithmetic unit executes the arithmetic operations in the nextArm,
updSels, and updRew functions of Table 45 in hardware. The control logic triggers the
selection of the next arm to apply, communicates the selected arm to the controlled
microarchitecture units (e.g., data prefetcher or instruction fetch unit), and waits until the
bandit step is over to read the values of the appropriate hardware performance counters
into the Bandit microarchitecture. The latter will update its state so that it is ready for
the next arm selection. This process repeats continuously.

Figure 109 shows the steps in more detail. Figure 109(a) shows the implementation of
the nextArm function. The hardware sequentially reads the nTable and rTable for all the
arms, calculates the corresponding potentials, and selects the arm with the highest
potential as the new arm. Then, in Figure 109(b), the Bandit control logic communicates

the arm selection to the controlled entity—in the figure, the L2 data prefetcher and the
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Figure 109: Micro-Armed Bandit microarchitecture.

instruction fetch unit of an SMT core. In the background while the arm selection is
communicated, the Bandit updates the nTable (Figure 109(c)) according to the logic of
function updSels shown in Table 45.

Once the bandit step is over, the Bandit arithmetic unit receives the appropriate
hardware performance counters, computes the step’s reward (7, ), and accumulates it
into the r'Table entry of the corresponding arm (Figure 109(d)). The figure assumes that
the reward is the core’s average IPC. Hence, the arithmetic unit receives the total number
of committed instructions by the CPU core, subtracts from it the number of committed
instructions at the end of the previous bandit step, and divides the result by the step
duration in cycles (calculated similarly through hardware counters). The result is the

step’s IPC or r We will see in Section 9.5.4 that some of the operations in

step*
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Figure 109(a) and Figure 109(d) can be performed before the bandit step is over.

9.5.2 Prefetching Use Case

We use Bandit to control the degree and type of a set of lightweight and widely adopted L2
prefetchers. This set includes a next-line (NL) prefetcher, a stream prefetcher, and a
PC-based stride prefetcher. A bandit arm encodes whether the NL prefetcher is on or off,
the degree of the stream prefetcher, and the degree of the stride prefetcher (Figure 109(b)).
A degree of zero means that the corresponding prefetcher is off. We assume that, like in
the POWERT [425], the prefetcher degrees can be controlled through programmable
registers. Hence, Bandit communicates its selected arm to the prefetchers by writing to the
programmable registers. We define the duration of a bandit step as a certain number of L2

demand accesses.

9.5.3 SMT Instruction Fetch Use Case

We use Bandit to control the fetch PG policy of an SMT processor as introduced in
Section 9.3. The processor additionally runs the Hill Climbing algorithm [398] to determine
the best occupancy threshold to trigger thread fetch gating. Bandit runs on top of the Hill
Climbing algorithm and does not control the occupancy threshold. A bandit arm encodes
which fetch priority policy will be used and which pipeline structures will be considered for
fetch gating (Figure 109(b)). The bandit step duration is defined as a certain number of
Hill Climbing epochs, where a different threshold is tested in each epoch [398]. After this
specific number of epochs, Bandit is invoked to select the next arm. The Hill Climbing
algorithm requires the execution of some epochs before it can pick a good enough threshold
for a given arm. For this reason, we use a larger bandit step during the initial round robin
phase of the MAB algorithm (Algorithm 4). By holding the selected arm stable for a
longer period of time, the Hill Climbing algorithm is given more time to converge, and the

r received in this phase of the algorithm is more representative of the true capabilities

step

292



of the arm. We refer to this initial bandit step as the bandit step-RR. After the initial
round robin phase is over, we decrease the bandit step to a smaller number of epochs
during the main loop of the algorithm. Section 9.6.3 describes how we select appropriate
values for the bandit steps. Finally, every time the arm changes, the Hill Climbing

threshold of the old arm is saved, and the one for the new arm is restored.

9.5.4 Storage Overhead and Latency

Bandit has a tiny storage overhead, which scales linearly with the number of arms.
Assuming that r is stored using a single-precision floating-point data type and n is stored
using an unsigned integer data type, the storage overhead per arm is 8B. For the maximum
number of arms in our evaluation, which is 11 (Section 9.6), the total storage overhead is
less than 100B. This low number is a direct result of not decomposing the agent’s
environment into individual states but instead treating it as a single MAB state as
explained in Section 9.2.2 and Figure 104. In comparison, Pythia, which is an MDP-RL
agent, requires 24KB just to store the state-action values.

The main operation that contributes to Bandit’s latency is the selection of the next arm

(Figure 109(a)). In a naive design, when the current step’s reward (r is received, the

step)

. Then, it sequentially

agent calculates the average reward of the current arm (r,,.,,)

calculates the potential for all arms and picks the arm with the highest potential. Assume
that n,,,,; is available and that in(n,,,,;) is calculated once and reused for all arms, since
Nyorqr 18 common. In this case, computing the potential of an arm involves two reads (one
from the nTable and one from the rTable), a division, a square root, a multiplication, and
an addition (Table 45). By conservatively assuming a single non-pipelined arithmetic unit
and a latency of 20 cycles for each of a square root and a division [93], [426], we estimate

the total latency for picking the highest potential arm among 11 arms to be less than 500
cycles.

In practice, an advanced design takes much less time. Specifically, while the bandit step
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is in progress, the agent can compute in the background the potential of all arms except for
the one being tested, and identify the best among them. It can also compute part of the

Torm from updRew in Table 45. When r is finally available, the critical path involves

step

, calculating the potential of the

finishing the computation of the tested arm reward (r,,.,,)

tested arm, comparing it to the potential of the best arm identified so far, and picking the
best of the two. This operation takes about 50 cycles.

To be conservative, in our evaluation, we assume a critical path of 500 cycles, as if the
potentials of all the 11 arms are computed in the critical path. Still, this number is
negligible compared to the total duration of a bandit step in our evaluation, which
corresponds to 1,000 L2 demand accesses for prefetching and 128k cycles for SMT fetch

priority and gating, as described in Section 9.6.

9.6 Evaluation Methodology
9.6.1 Evaluation Environment

We evaluate Bandit and other prior microarchitecture proposals through simulation for
both the prefetching and the SMT instruction fetch use cases. For the prefetching use case,
we use the trace-driven Champsim [427] simulator, which is the standard choice for such
studies [428], [429], [430], [431]. We build on the framework released by Pythia, which has
integrated multiple prefetchers with Champsim. For fairness, we use the exact same
parameters as the ones used in the Pythia paper for the simulated cores, memory
subsystem, and prior prefetchers. The core resembles an Intel Skylake [432] and the
parameters are given in Table 46. The prefetcher is associated with the L2: it is trained on
L1 cache misses and fills prefetched lines into L2 and LLC. We additionally simulate a
configuration with alternative cache sizes (i.e., L2=1MB and LLC/core=1.5MB). We run
both single-core and 4-core experiments.

For the SMT use case, since Champsim does not offer a very detailed pipeline model

and does not support SMT, we use Gemb v20 [433]. In more detail, we build on top of the
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Table 46: CPU parameters in prefetching experiments.

Fetch Width: 6 LQ/SQ Size: 72/56 entries
Decode Width: 6 IRF/FRF Size: 256/256 regs
Issue Width: 8 Frequency: 4 GHz
Commit Width: 4 L1: 32KB 8-way
1Q Size: 128 entries | L2: 256KB 8-way
ROB Size: 256 entries | LLC/core: 2MB 16-way

framework released by SecSMT [422], [434], which has added full support for SMT in the
out-of-order core model of Gemb. Similar to SecSMT, we assume that all the pipeline
structures (including ROB, IRF, and LSQ) are dynamically shared between threads. We
use the exact same parameters as the SecSMT paper. The parameters are shown in

Table 47. The architecture again resembles an Intel Skylake core.

Table 47: CPU parameters in SMT experiments.

Fetch Width: 16B LQ/SQ Size: 72/56 entries
Decode Width: 5 uops IRF/FRF Size: 180/164 regs
Issue Width: 8 uops Frequency: 3.3 GHz
Commit Width: 8 uops L1: 32KB 8-way
1Q Size: 97 entries | L2: AMB 16-way
ROB Size: 224 entries | LLC: No L3

In our simulation, we model a conservative latency of 500 cycles at the end of each
Bandit step, until the next arm is selected. During those cycles, the prefetcher and the
SMT scheduler do not stall but continue operating with the previously selected arm. This
500-cycle latency is negligible compared to the duration of a bandit step which, as shown
in Table 48, is 1,000 L2 demand accesses for the prefetching experiments, and 128k cycles

for the SMT instruction fetch experiments.

9.6.2 Applications

To evaluate Bandit for prefetching, we use a large collection of traces spanning different
application suites, including SPEC06 [411], SPEC17 [412], PARSEC [435], the Ligra sparse
graph workloads [436], and the CloudSuite cloud workloads [437]. For SPEC06 and
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SPEC17 we use the traces from the 3rd Data Prefetching Championship (DPC-3) [438].
For CloudSuite, we use traces provided by the 2nd Cache Replacement Championship
(CRC-2) [439]. For Ligra and PARSEC, we use the traces released by Pythia.

For single-core experiments, we simulate 1 billion (B) instructions to capture as many
program dynamics as possible.

When a trace is less than 1B instructions, we create two new traces. One is created by
concatenating the original trace multiple times until 1B instructions are reached; another is
created by extending the original trace with smaller traces from different phases of the
same program until 1B instructions are reached, to simulate highly-dynamic scenarios. We
evaluate both traces and report the average result. Note that, if we stop execution when
short traces are consumed, some of the prefetchers may not have time to reach steady-state
behavior, potentially leading to inaccurate performance results.

For 4-core experiments, to reduce the simulation time, we simulate until each core has
completed 250M instructions. Similar to Pythia, we simulate two types of scenarios for
4-core experiments. First, we assign the same application to every core (forming
homogeneous mixes). Second, we assign different applications to different cores (forming
heterogeneous mixes).

Since Gemb is execution-driven, for our SMT evaluation, we capture simpoints [440]
from 22 SPEC17 applications using the reference input set. From those applications, we
create 226 2-threaded combinations and simulate until each thread has completed 150M
instructions. We also simulate an environment where each thread has to complete 250M

instructions.

9.6.3 Bandit Tuning and Hyperparameters

To tune the different algorithm hyperparameters (e.g., ¢, 7, bandit step duration, and Hill
Climbing § in SMT), we use a small subset of our applications, which we will refer to as the

tune set. For prefetching, we use 46 SPEC traces as the tune set, while for SMT, we use 43
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2-threaded mixes stemming from 10 applications. We do not include non-SPEC traces in
the prefetching tune set since we want to test the Bandit’s adaptability to completely
unseen application suites. This is conservative since Pythia uses more traces spanning
different application suites when tuning its hyperparameters. By trying different parameter
values in the tune set, we identify the best combinations and use them for our evaluation.
Table 48 displays those parameter values. Note that, similar to the original Hill Climbing
paper, we define & (Section 9.3.2) in terms of IQQ entries. In the prefetching use case, we
tune the hyperparameters using the cache sizes of Table 46. We do not retune Bandit (or

any other prefetcher) for the experiment with the alternative cache sizes.

Table 48: Parameters for the SMT thread fetch PG policies and data prefetching policies.

SMT Thread Fetch Priority and Gating Data Prefetching

Bandit Algorithm: DUCB Bandit Algorithm: DUCB

v: 0.975 v: 0.999

c: 0.01 c: 0.04

# Arms: 6 # Arms: 11

Bandit Step-RR: 32 HillClimb Epochs | Bandit Step: 1000 L2 acc
Bandit Step: 2 HillClimb Epochs | # Trackers in Streamer : 64

Hill Climbing Epoch: 64k cycles # Trackers in Stride: 64

Hill Climbing 4: 2 rr_restart_prob (4 cores): 0.001

We use 11 bandit arms for prefetching. Table 49 displays the semantics of these arms.
For SMT, we prune the number of arms from 64 to the 6 that are displayed in Table 43.
The combination of those 6 arms achieved performance very close to the best static

performance of all 64 possible fetch PG policies in the tune set.

Table 49: Arms used for prefetching.
Arm id 0 1 2 3 4 ) 6 7 8 9 10

NL On/Off Off | Off | On | Off | Off | Off | Off | Off | On | Off | Off
Stride Degree | 0 0 0 0 2 4 0 8 0 0 15
Streamer Deg. | 4 0 0 2 2 4 6 6 8 15 | 15
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9.6.4 Comparison to Prior Proposals

For prefetching, we use the simple IP-Stride prefetcher [419] as our baseline prefetcher.
Furthermore, we compare our design against the state-of-the-art Pythia, MLOP [400], and
Bingo [399] L2 prefetchers. We additionally combine Bandit at L2 and a simple IP-stride
at L1 and compare it against the state-of-the-art multi-level IPCP prefetcher [441]. For
SMT, we compare our design against ICount (IC_0000) and the Choi policy (IC_1011)
(Section 9.3). For the tune set, we additionally evaluate Bandit against the best static arm
selection, by exhaustively keeping individual arms stable for the full experiment duration
and selecting the best-performing arm on a per-application basis. We do this experiment to
evaluate how close Bandit gets to an oracle that statically selects the best arm.

Although our evaluation reveals that DUCB is the best algorithm choice for Bandit, for
the tune set, we additionally evaluate the other 2 MAB algorithms and also compare
against simple heuristics that do not use MAB algorithms for the exploration. For
simplicity, in the 4-core prefetching experiments and the SMT experiments, we evaluate
performance based on the sum of the achieved IPCs by all threads. However, Bandit can
easily optimize other metrics, such as the average weighted IPC [442] or harmonic mean of
weighted IPC [443] by simply changing the Bandit reward and training Hill Climbing using

the appropriate metric [398].

9.6.5 Area and Power

To estimate Bandit’s area and power, we use CACTTI [102] for the nTable and rTable, and
the numbers from [444] for the arithmetic floating-point unit. We use the area and power
scaling factors from [104] to scale down to 10nm. At 10nm, the total area and power of a
single Bandit agent are 0.00044 mm? and 0.11 mW, respectively. To estimate the relative
overheads in a real CPU design, we focus on a server-class 40-core Intel Icelake [95] with a
TDP of 270W and a total die area of 628 mm? [105]. Assuming that each core of the

processor is equipped with one Bandit agent, the relative area and power overheads of all
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Bandits are less than 0.003%.

9.7 Evaluation
9.7.1 Performance Using the Tune Set

First, we present the results of our evaluation using the tune set. The experiments evaluate
all bandit algorithms of Section 9.4, the best static arm selection algorithm, and two
additional heuristic exploration methods. We call these two methods the Single and the
Periodic exploration heuristics. The former stops exploring after the initial round robin
phase of Algorithm 4, and keeps the arm that performed the best during that initial phase;
the latter alternates between periodic phases of round robin exploration of all arms and
exploitation of the best arm. We augment Periodic with a moving average buffer similar to
the one in the POWERT7 adaptive prefetcher [418]. This section aims to provide insights
regarding the performance of bandit algorithms. We tune the parameters of all the
algorithms to achieve good performance.

We start with the prefetching use case. Table 50 shows the min, max, and geometric
mean [PC across all tune traces for Pythia, Single, Periodic, e-Greedy, UCB, and DUCB as
a percentage of the IPC of the best static arm. We observe that DUCB is the best
algorithm in terms of geometric mean and min performance, while Pythia is the best for
max performance. By holistically modeling the environment through a single state, bandit
algorithms are able to explore effectively. Despite their simplicity, UCB and DUCB show
better geometric mean performance than Pythia in the tune set.

Table 50: Min, max, and geometric mean IPC of several heuristic and bandit algorithms as
a percentage of the IPC of the best static arm for the prefetching use case.

Pythia | Single | Periodic | e-Greedy | UCB | DUCB
min 88.7 72.8 80.3 89.8 88.6 |95.0
max 102.5 100.0 | 99.8 99.9 100.0 | 101.6
gmean | 98.4 96.5 94.1 97.3 98.8 |99.1

When it comes to the highest max performance, we observe that Pythia outperforms

299




the best static arm by 2.5%. This is because not all applications exhibit sufficient temporal
homogeneity in their action space. However, as explained, temporal homogeneity is the
common case. Interestingly, the maximum performance of DUCB is also above the best
static arm. As we will see later, this is due to coarse-grained dynamic phases inside an
application, during which different arms are optimal. DUCB, which is more appropriate
than UCB for such scenarios, is able to detect and adapt to phase changes. Naturally,
Single displays the lowest min performance since the one-time exploration can lead to very
bad choices. The performance of Periodic and e-Greedy is low due to their randomized and
non-decaying exploration.

Similar results are presented in Table 51 for the SMT instruction fetch use case. In this
table, we also add the Choi policy for reference. The geometric mean performance of
DUCB normalized to the best static arm is slightly lower than the one in prefetching
(Table 50). We also see that, once again, the max performance of DUCB exceeds the best
static arm. We found out that the reason for this is not because the applications have
significant phase changes. Instead, it is likely because of the operation of the Hill Climbing
algorithm. In the best static arm experiments, the Hill Climbing algorithm can get trapped
in local maxima. With DUCB, alternating between different fetch PG policies during
exploration injects noise in the IPC that helps Hill Climbing escape those maxima.

Table 51: Min, max, and geometric mean IPC of several heuristic and bandit algorithms as
a percentage of the IPC of the best static arm for the SMT thread fetch use case.

Choi | Single | Periodic | e-Greedy | UCB | DUCB
min 772 | T7.8 88.4 92.0 90.9 | 92.2
max 101.0 | 101.1 | 100.4 100.5 101.1 | 101.4
gmean | 94.5 | 96.8 97.2 97.8 98.4 | 98.6

Figure 110 visualizes the exploration that different algorithms perform for different
applications. Each plot shows the index of the arm explored as a function of time. The
plots in the same row correspond to a specific algorithm (Best Static, Single, UCB, and

DUCB); the plots in the same column correspond to a specific application (cactus for
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Figure 110: Exploration performed by different algorithms (rows of plots) for different ap-
plications (columns of plots).

prefetching, mcf for prefetching, gee-lbm for SMT, and cactus-lbm for SMT). Each plot
also shows the IPC of the algorithm/application combination. We do not include e-Greedy
or Periodic in this figure because their plots are very noisy due to their non-decaying
exploration. The leftmost two applications run under the prefetching use case, while the
rightmost two run under the SMT thread fetching use case.

The plots show that Best Static does not perform arm exploration and that Single
explores only during the initial round robin phase. Both UCB and DUCB explore, but
DUCB explores more. Different algorithms choose different arm indices for the same
application. For example, Single may choose a different arm than Best Static. This results
in a dramatic IPC drop in cactus and gce-lbm. On the other hand, although UCB and
DUCB may frequently not select the best arm, they select an alternative arm that does
equivalently well. For example, in gce-lbm, both UCB and DUCB select arm three, which
has a very similar [PC as the optimal arm four.

The mcf plot is an example of how DUCB is able to adapt to phase changes. At around
three billion cycles, a phase change occurs. DUCB realizes this and starts increasing its
exploration rate. Finally, it settles with a different arm than the one used in the first three
billion cycles. The resulting 0.21 IPC is higher than the 0.20 IPC of the Best Static

algorithm. On the other hand, UCB is unable to adapt to the phase change and keeps the
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same arm used in the first three billion cycles. Also note that, for cactus-lbm, the IPCs of
UCB and DUCB are higher than the Best Static algorithm and no phase change occurs.
This is due to the injection of exploration noise, which helps the Hill Climbing threshold
escape local maxima.

Since DUCB outperforms the other bandit algorithms in the tune set, in the rest of this

section, we focus on this bandit algorithm.
9.7.2 Performance of Prefetching

9.7.2.1 Single-core Evaluation

We compare the performance of Bandit to that of the baseline Stride prefetcher, the
non-RL prefetchers MLOP and Bingo, and the MDP-RL prefetcher Pythia. Figure 111
compares the geometric mean IPC of these designs across all the traces for a single core.

All IPC numbers are normalized to a scenario with no L2 prefetcher.
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Figure 111: Single-core performance for different state-of-the-art L2 prefetchers.

We observe that Bandit achieves the best or close to the best performance in all the
application suites. When the geometric mean of all the suites is considered, Bandit
outperforms Stride by 9%, Bingo by 2.6%, MLOP by 2.3%, and Pythia by 0.2%.
Remarkably, Bandit matches the performance of Pythia, even though it introduces less

than 100 bytes of storage overhead on a conventional processor and can be reused across
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different use cases. In contrast, the storage overheads of Pythia, MLOP, and Bingo are
25.5KB, 8KB, and 46KB, respectively. Even if we include in the Bandit’s storage overhead
calculation the storage of the NL, stream, and stride prefetchers (which are already
fundamental parts of modern processors), Bandit’s total storage overhead for prefetching is
less than 2KB.

There is a combination of reasons why the simple bandit algorithm matches the
performance of the more complex Pythia algorithm. First, prefetching is characterized by
substantial temporal homogeneity (Section 9.3.1). Secondly, Bandit uses the sophisticated
DUCB exploration, while Pythia uses an e-Greedy action selection mechanism to explore
actions for different states. Finally, Bandit uses the IPC as the reward, while Pythia
assigns rewards based on prefetch timeliness and accuracy. Therefore, Bandit is designed to
maximize performance directly, while Pythia is designed to maximize performance
indirectly through prefetch timeliness and accuracy.

Figure 112 shows single-core prefetches and LLC misses normalized to LLC misses
without prefetching (similar to [387]) for NoPrefetch, Stride, Bingo, MLOP, Pythia,
Banditldeal, and Bandit. Banditldeal does not account for the 500 cycles needed to
update the bandit structures at the end of each bandit step. The figure shows the
prefetches that are timely, the LLC misses that are uncovered (or that there is a late
prefetch that is unable to cover the whole miss latency), and the prefetches that are wrong
(i.e., the overpredictions).

The figure suggests that Bandit is a conservative prefetcher. On average, it reduces the
absolute number of wrong prefetches by 66% and 58% compared to Bingo and MLOP,
respectively, while not issuing many more wrong prefetches than Pythia. The fraction of
LLC misses covered with timely prefetches is 49% for Stride, 69% for Bingo, 63% for
MLOP, 72% for Pythia, and 67% for Bandit. This number is slightly lower in Bandit than
in Pythia due to cases of medium temporal homogeneity. However, recall that Bandit is

trained to maximize the end result (i.e., IPC) and not the prefetch coverage as in Pythia.
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Figure 112: Single-core LLC misses and prefetches classified into timely, late, and wrong.

For this reason, Bandit is able to detect the configurations that cover the misses that are
most critical for performance. As a result, although covering slightly fewer misses, Bandit
is able to match Pythia’s IPC (Figure 111). Finally, the number of timely prefetches is
very similar in Bandit and in BanditIdeal. This result suggests that the Bandit latency
does not significantly impact the timeliness of prefetches.

As explained by the Pythia authors [387], Pythia uses information provided to it about
the memory bandwidth usage in the system. This memory bandwidth usage awareness
allows Pythia to substantially outperform MLOP and Bingo in bandwidth-constrained
system configurations. In Figure 113, we compare the performance of Bandit and Pythia
for different available DRAM bandwidth values in megatransfers per second (MTPS). Our
baseline configuration has an available DRAM bandwidth of 2400 MTPS, and the figure
performs a sweep using 16 times smaller, 4 times smaller, and 4 times larger available
DRAM bandwidth.

From the figure, we see that Bandit performs as well as Pythia in all configurations.
Interestingly, Bandit outperforms Pythia by 2.5% in the most bandwidth-constrained
configuration (i.e., for 150 MTPS). This is because the Bandit agent judges actions based
on the end result (i.e., final IPC). Aggressive prefetching actions in bandwidth-constrained

system configurations do not yield good IPC results. Bandit learns this and outperforms
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Figure 113: Performance of Pythia and Bandit for different available DRAM bandwidth
values in megatransfers per second (MTPS).

Pythia without needing to use any bandwidth-related information in its reward function.

9.7.2.2 Comparison for Other Configurations

In this section, we consider some architectural variations. Note that we do not retune any
of the prefetchers for the new architectures. Figure 114 repeats the experiment in
Figure 111 in a system with a different cache hierarchy. We change the L2 size to 1IMB and
the LLC size to 1.5MB, which are similar to the sizes used in the Intel Skylake. The rest of
the system parameters are kept the same. We observe that Bandit still attains better
performance than the other prefetchers. When the geomean of all suites is considered,
Bandit outperforms Stride by 9%, Bingo by 1.5%, MLOP by 4.9%, and Pythia by 0.2%.
We now consider hierarchies with both L1 and L2 prefetchers. They include the
multi-level IPCP prefetcher and different L2 prefetchers (Stride, Pythia, and Bandit)
augmented with a simple stride prefetcher at the L1 cache (Stride_Stride, Stride_ Pythia,
and Stride_Bandit). Figure 115 shows the geometric mean IPC of each of these
configurations relative to a scenario with no L1 or L2 prefetcher. The figure shows that the

geomean IPC increase over no-prefetching is 16% for Stride Stride, 24.5% for IPCP, 24.8%
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Figure 114: Single-core performance for a different cache hierarchy.

for Stride_ Pythia, and 24.5% for Stride Bandit. This reveals that Bandit at L2 in
combination with a simple stride at L1 is an excellent option. Some extensions that could
further increase the performance of Bandit could be: (1) use a second Bandit to control
lightweight prefetchers at L1 or (2) use a single Bandit to control both the L1 and 1.2

prefetchers in conjunction. We plan to evaluate such extensions in future work.
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Figure 115: Single-core performance for different multi-level prefetcher combinations.

9.7.2.3 Multicore Evaluation

In this section, we evaluate a four-core architecture. Figure 116 shows the four-core

performance for different state-of-the-art L2 prefetchers. The four cores of the architecture
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Figure 116: Four-core performance for different state-of-the-art L2 prefetchers.
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Figure 117: Performance of Bandit relative to Choi for 226 2-thread mixes from 22 SPEC17
applications.
all run the same single-threaded application. Looking at the geometric mean of all suites,
Bandit outperforms Stride by 6%, MLOP by 2.4%, and Bingo by 4.0%. However, it
performs slightly worse (by 1.0%) than Pythia. The reason is that, in the 4-core scenario,
the reward is more noisy than in the single-core scenario. Since four bandits are operating
and exploring in parallel, their decisions interfere. If a bandit chooses an aggressive arm
that causes DRAM bandwidth starvation for the other cores, the bandits of these other
cores may mistakenly attribute the drop in their IPCs to the arm they are currently
exploring. The result could be to get trapped in suboptimal arms. It can be shown that,
for workloads that combine different applications, the result is similar.

Overall, Bandit’s performance for 4-core mixes is good, especially considering its tiny
storage footprint. In future work, we plan to investigate alternative rewards that are not
very sensitive to inter-core interference and advanced techniques to orchestrate the

exploration of multiple bandits [401].
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9.7.3 Performance of SMT Thread Fetching

We now consider the SMT fetch policy use case. We compare the performance when
Bandit is used to control the SMT thread fetch PG policy and when the Choi policy is
used. In the evaluation, we use the 226 2-thread mixes from 22 SPEC17 applications
discussed in Section 9.6.2. Figure 117 shows the IPC achieved with Bandit relative to the
IPC attained with Choi. In the x-axis, the application mixes are sorted from lower to
higher ratio of Bandit IPC to Choi IPC.

We observe that Bandit offers clear benefits over Choi. It outperforms Choi by more
than 4% in 36 application mixes, and by 36% in one mix. On the other hand, Choi
outperforms Bandit by more than 4% in only 6 application mixes. These are cases in which
the Bandit exploration is not optimal and settles for policies worse than Choi (i.e.,
IC_1011). Overall, including all the mixes, Bandit offers a 2.2% geometric mean speedup
over Choi and, although not shown in the figure, a 7% geometric mean speedup over plain
[Count (i.e., IC_0000). Finally, we repeated these experiments extending the simulation
duration to 250M instructions from each thread and observed similar results.

To understand the performance difference between Bandit and Choi, we focus on the
activity of the rename stage of the pipeline of the core. The rename stage can be stalled,
idle, or running (i.e., doing useful work). Rename is stalled due to full conditions in various
shared pipeline structures—mostly the ROB, 1Q, LQ, SQ, and RF. Rename is idle when the
fetch and decode stages have not pushed any instructions to it, possibly due to fetch gating.

Figure 118 shows, for Choi and Bandit, the average fraction of cycles that the rename
stage is in different states. From left to right, the bars show cycles stalled due to ROB
being full, IQ being full, LQ being full, SQ being full, and RF being full. The next three
bars are the average fraction of cycles when rename is stalled due to any structure being
full, when rename is idle, and when rename is running.

The figure shows that Bandit reduces the fraction of cycles when rename is stalled and

when rename is idle. As a result, it increases the fraction of running cycles. In particular,
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Figure 118: Percentage of cycles when rename is stalled, idle, or running for Bandit and
Choi.

Bandit decreases rename stalls because it includes arms that are aware of SQ occupancy.
As a result, it decreases the stalls due to SQ full conditions. Importantly, Bandit decreases
rename idle cycles by being able to detect the criticality of each structure in cases of
asymmetric utilization (Section 9.3.3). In this way, it eliminates a substantial number of
conservative fetch gating occurrences. As a result, on average, the fraction of cycles when

rename is running is 2.6% higher with Bandit than with Choi.

9.8 Related Work

1. Prefetching: Throughout the years, numerous prefetchers have been proposed,
including adaptive [253], [418], [421] and composite [420], [445] prefetchers. IPCP [441]
groups instruction pointers in classes based on their access patterns and uses a lightweight
prefetcher per class. Jimenez et al. [418] propose heuristic software techniques to control
the aggressiveness of the IBM POWERT stream and stride prefetchers. Software
techniques are not as agile as hardware agents and cannot detect short-lived program
mini-phases. Our Periodic heuristic is inspired by this work.

The Best Offset Prefetcher (BOP) [446] tries to identify a single best offset that is used

for all cache lines, by scanning all the possible options and learning the optimal one per
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epoch. In addition, it always prefetches with a degree of 1. Although such an approach
would work in cases of perfect temporal homogeneity, it fails to adapt in scenarios with
high (but not perfect) homogeneity, in which a few different degrees and offsets are optimal
(Figure 106). On the other hand, Bandit controls an adaptable prefetcher mix and thus
can concurrently sustain a few different degrees and offsets in the same program phase.
Hence, it can adapt in cases of high but imperfect temporal homogeneity. An additional
difference is that, instead of scanning all the possible options as in BOP, Bandit uses the
sophisticated DUCB exploration algorithm.

In the RL domain, the most notable examples are Pythia [387] and the Context
Prefetcher [390], which were discussed in Section 9.2. Pythia was shown to outperform the
Context and adaptive POWERT prefetchers [387]. In our evaluation, we extensively
compared Bandit’s performance to Pythia’s and other state-of-the-art prefetchers [399],
[400], [441]. Recently, ML and RL-inspired prefetch managers have been proposed [391],
[447] to coordinate multi-level prefetchers. We believe that Bandit can also be useful to

manage multi-level prefetchers and we plan to test this use case in future work.

2. SMT resource distribution: Apart from the Hill Climbing algorithm [398], there
are other methods for distributing shared resources in an SMT pipeline. For example,
ARPA [448] assigns more resources to threads based on their usage efficiency. Using Bandit
to augment such alternative methods, in a manner similar to how we used it for Hill
Climbing is an interesting research direction. Some recent works employ neural networks
for SMT processor resource distribution [449], [450]. However, the high complexity and
overhead of such ML models are hard to justify for resource-constrained environments such

as a processor pipeline.

3. Hardware RL agents for other use cases: Apart from the use cases that we
focused on in this work, hardware RL agents have been proposed for a variety of other
applications. For example, Ipek et al. [386] propose a SARSA-based memory controller,

while Zheng and Louri [392] propose a NoC design with per-router Q-Learning agents.
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Sibyl [388] uses RL for data placement in hybrid storage systems. Cohmeleon [389] employs
Q-Learning to find the best cache coherence mode for different accelerators in
heterogeneous SoCs. While effective, all of these approaches suffer from the increased
complexity and overhead introduced by decomposing the environment into multiple states,
as explained in Section 9.2. SOSA [401] is a cross-layer system for hierarchical SoC
management. It employs a software supervisor that coordinates low-level hardware agents.

Ideas from SOSA could be useful to coordinate multiple Bandits operating in parallel.

9.9 Further Directions

We outline two possible future research directions. The first is to investigate Bandit’s
applicability to additional use cases and architectures, including accelerators. Some
potential use cases are discussed in the last part of Section 9.8. In future work, we plan to
investigate whether the simplified approach followed by Bandit is sufficient for some of
these use cases.

The second direction is to study Bandit extensions with slightly higher storage needs
than the design proposed here, which can increase performance further. There are many
ways in which potential Bandit extensions could utilize additional storage budget. An
obvious way is to increase the action space. For example, for the prefetching use case,
Bandit could also control the target cache level and/or prefetch throttling mechanisms. An
alternative extension is to use a single Bandit to control multiple ensembles. One example
is to control both the L1 and L2 prefetcher configurations or to jointly select the prefetcher
configuration and the cache replacement policy. Note that the action space size in this case
is given by the product of the action space of each ensemble (e.g., for 10 L1 and 10 L2
prefetcher configurations, there are a total of 100 Bandit actions).

During our tuning experiments, we observed that different values of the DUCB
hyperparameters (e.g., v and ¢ in Table 48) worked best for different applications. This

observation motivates an alternative way to utilize any additional storage budget: multiple
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low-level Bandits with different hyperparameter values could be concurrently active, and a
high-level Bandit would select the best one. Finally, although Bandit is unable to
discriminate environment states (Figure 104), it could be augmented with a classifier
module that classifies memory access patterns [441], [451] online. Then, a separate Bandit

could be used to pick the appropriate actions for each pattern type.

9.10 Conclusion

Our analysis of some microarchitecture decision-making problems reveals that, in a given
time window, only a small fraction of the action space is useful. We exploit this
observation by modeling the decision-making as a Reinforcement Learning (RL)
environment using a single state, drastically reducing complexity and storage requirements.
We then design a hardware RL agent implementation based on Multi-Armed Bandit
algorithms that is lightweight and reusable across different microarchitecture problems. We
call our RL agent Micro-Armed Bandit or Bandit.

We showcase Bandit in two use cases: data prefetching and instruction fetch in SMT
processors. For prefetching, our agent outperforms non-RL prefetchers Bingo and MLOP
by 2.6% and 2.3% (geometric mean), respectively, and attains similar performance as the
state-of-the-art RL prefetcher Pythia—with the dramatically lower storage requirement of
only 100 bytes. For SMT instruction fetch, our agent outperforms the Hill Climbing

method by 2.2% (geometric mean).

9.11 Chapter Supplement: Guidelines to Use Bandit for Other Problems

Although our evaluation demonstrated Bandit’s effectiveness on two CPU decision-making
problems, we believe that Bandit can find applications in a broader range of problems and
heterogeneous architectures, including accelerators. To that end, in this chapter
supplement, we provide guidelines to use Bandit for more general microarchitecture

problems. We discuss: (1) a method for determining Bandit’s applicability for a specific
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problem, (2) practical ways to maximize Bandit’s performance, and (3) an example of a

problem ill-suited for Bandit.

9.11.1 Prerequisites

Initially, the microarchitecture decision-making problem should be expressed as an RL
problem, and its action space (e.g., the possible combinations of prefetching degree and
offsets for prefetching) should be defined. After that, a representative set of traces or
simpoints from phases of different benchmarks should be collected. This set will be used to
(1) characterize the applicability of Bandit and (2) tune Bandit to maximize its
performance. We refer to this set of traces as the Tune Set. For the use-cases described
earlier in this chapter, we used about 10% of our traces/simpoints as the tune set.

Finally, we need a state-of-the-art RL or non-RL decision-making agent for the problem
of interest to assist in assessing the effectiveness of a Bandit-based solution. We refer to
this agent as the Baseline Agent. For our use-cases, we used the Pythia prefetcher [387]

and the fixed SMT policy proposed by Choi and Yeung [398] as our baseline agents.

9.11.2 Determining if Bandit is Applicable to a Microarchitecture

Decision-making Problem

After the action space, the tune set, and the baseline agent have been defined, it is time to
determine whether Bandit can be a good choice for the problem of interest. As explained,
for Bandit to be a good choice, the problem should be characterized by temporal

homogeneity in the action space and it should offer adaptation opportunities.

Characterizing Temporal Homogeneity Characterizing the temporal homogeneity in
the action space of the problem of interest is not trivial, since it would require a perfect
agent that selects the optimal action at every timestep. One could observe the actions of

the baseline agent and determine if they are temporal homogeneous. If they are, this is an
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indication that a Bandit agent could potentially be used as a low-cost alternative to the
baseline agent. Otherwise, one cannot yet declare that the problem lacks temporal
homogeneity. This is because the baseline agent is not perfect.

In cases of high but imperfect temporal homogeneity, one can also consider redefining
the action space. For example, a possible approach is to use Bandit as a coordinator of
lower-level agents or predictors, in the same manner that we used it as a coordinator of

lightweight prefetchers.

Characterizing Adaptation Opportunities In order for Bandit to offer benefits for a
given problem, different arms should be optimal for different benchmarks or for different
phases of the same benchmark. In this case, we say that the problem offers adaptation
opportunities.

To determine whether the problem of interest offers adaptation opportunities, one
should execute, for each trace (or simpoint), as many runs as the number of actions (i.e.,
arms) available to Bandit. In each run, a given arm is applied for the whole duration of the
run (i.e., constant arm run). After all constant arm runs are completed, one should
identify the arm that performed the best on average across all traces of the tune set (i.e.,
best constant arm). In addition, one can compute the resulting performance if the best arm
for each trace was selected by an oracle before the run (i.e., per-trace arm oracle).

If the performance of the per-trace arm oracle is not higher than the one of the best
constant arm, and assuming that no phase changes occur during the execution of a trace,
one can conclude that Bandit is not a good fit for the problem of interest.® In addition, if
the per-trace arm oracle does not outperform the baseline agent, then Bandit will likely not

offer performance improvements over the baseline agent.

SNote that this could change by redefining the action space.
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9.11.3 Maximizing Bandit Performance

After deciding to employ Bandit for a microarchitecture decision-making problem, in order
to get the most out of it, one needs to choose: the appropriate MAB algorithm, an
effectively-pruned action space, and appropriate values for the algorithm hyperparameters

(e.g., the bandit step).

Algorithm Selection In our experience, DUCB performed better than e-Greedy and
UCB in all our use cases. Therefore, we recommend it as a starting point. Note that MAB
algorithms are an active research topic and we could not exhaustively evaluate all possible

options. We leave for future work evaluating Bandit with alternative MAB algorithms.

Arm Pruning An optimization that we employed to increase Bandit’s performance is
arm pruning. Simply put, we removed arms that were not expected to contribute much to
the performance at runtime. To achieve this, we iteratively removed (pruned) one arm and
re-computed the performance of the per-trace arm oracle. If the pruning of the arm
resulted in performance degradation below a threshold, we discarded that arm. Otherwise,
we re-inserted the arm in the arm pool. Decreasing the number of arms to be tried at
runtime decreases Bandit’s exploration cost and can boost performance. However, one
limitation of arm pruning is that it is performed based on the contents of the tune set.
Thus, there is the danger of removing arms that could potentially be very useful in

circumstances not captured in the tune set.

Hyperparameter Tuning MAB algorithms involve hyperparameters that need to be
set to appropriate values in order to maximize performance. They include the bandit step
and a few algorithm-specific parameters (e.g., the exploration probability € in

e-Greedy [383]). We tuned the hyperparameters using a simple multi-dimensional grid
search, performing tune set runs for each point of the grid (which encodes a combination of

hyperparameter values). An indicator of the quality of a specific hyperparameter value set
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is whether Bandit’s average performance gets close, or even exceeds, the one of the

per-trace arm oracle.

9.11.4 An Ill-suited Problem for Bandit

To help the reader better understand the limitations of Bandit, we now give an example of
a microarchitecture problem that is ill-suited for Bandit. Imagine a scenario where Bandit
is used to determine, for a given cache set, the way that should be replaced in the event of
an eviction. The action space has as many actions as the number of ways of the set, and
each arm encodes the id of the way to be replaced. It is easy to show that this problem is
not characterized by temporal homogeneity. If we assumed temporal homogeneity, we
would repeatedly select the same way of the set for replacement during a phase of
execution. This would lead to a LIFO replacement policy, which is known to deliver
sub-par performance. It is well-known that determining the optimal way to evict requires
contextual information that conveys future knowledge (what cache line will be used further

in the future). Thus, using Bandit for this problem is suboptimal.
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Chapter 10 Future Work

Substantial research remains before truly efficient next-generation accelerator-centric
systems can be realized. Holistically redesigning the computing stack around accelerators is
an interdisciplinary effort that requires cross-stack collaboration across computer
architecture, applied machine learning, high-performance computing algorithms, systems
and compilers, networking, and circuits. This section outlines several cross-stack research
directions inspired by this thesis, focusing on the scaling, optimization, programming, and

integration of future accelerator-centric systems.

Scaling. In this thesis, we presented NetSparse, which specializes networking hardware
to enable sparse accelerators to scale when distributed across the nodes of large clusters.
We believe that NetSparse-inspired specialized in-network support is a promising research
direction. For sparsity alone, there is a lot more to be done. One direction we are currently
exploring is in-network support for sparse collectives. Unlike traditional dense collective
communication, sparse collectives could avoid redundant transfers by automatically
pruning communication in the network. To support this functionality, we envision
extending programmable switches with hardware support for selective multicast.

Beyond sparsity, we believe that specialized networking hardware may prove useful for
more applications such as Agentic Al [25]. Further, with the emergence of Compute
Express Link (CXL) [452], CXL devices offer an additional potential specialization target
beyond NICs and Switches.

In addition to delivering high performance, specialized networking hardware must also
be usable by multiple tenants in large-scale shared clusters. To that end, future work could
extend specialized networking hardware with virtualization support while jointly

considering performance, isolation, and security.
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Programming. Heterogeneous systems are complex to program. For example, to use
Near-Core Accelerators with ATX (Chapter 5), a programmer has to configure the UTE,
generate task metadata, and invoke the NCA in a high-level language. Automating ATX
programming is an interesting future step. In particular, a compiler could be used to
automatically generate source-level ATX programs from source-level non-ATX programs.
Such a compiler would detect acceleratable code segments, identify streams and
dependencies, configure the UTE, partition loops into tasks, and invoke accelerators using
ATX instructions. Recently, Large Language Models (LLMs) have shown promise for
source-to-source transformations of CPU code [453]. They may also prove useful to
perform non-ATX to ATX source code transformations.

Near-Core Accelerators may not be the optimal choice for all acceleratable code. Hence,
another future direction is to build compilers that, starting from CPU source code possibly
written in a domain-specific language, automatically partition it into Near-Core, In-Core,

Out-of-Core, and decoupled accelerator segments for maximum performance.

Optimization. The third part of this thesis primarily investigated performance modeling
and optimization techniques for systems confined within a single node. Future work could
extend the scope to model and tune the end-to-end performance of heterogeneous
specialization-rich supercomputers. To achieve this, future frameworks should co-optimize
and co-design the system as a whole and not as a collection of components. A long-term
vision is the development of Agentic Al-based toolchains that, given a target application,
can largely automate the design of high-performing end-to-end systems, including
accelerators, networking devices and topologies, memory hierarchies, compilers and

runtimes.

Integration. In the first part of this thesis, we investigated processor—accelerator
coupling at the architectural level. An interesting future direction is the physical

realization of such tightly-coupled heterogeneous architectures. Advances in heterogeneous
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integration are creating new opportunities in this space. Notably, 3D stacking [454] enables
vertically stacking heterogeneous layers, potentially built with different device technologies
— such as logic, memory, analog, and photonic components — into a single tightly
integrated system. However, it remains unclear how to connect heterogeneity at the device
and integration level with heterogeneity at the computer architecture level. Future work
could explore the design of efficient 3D heterogeneous systems by physically partitioning
the logic structures of CPU cores and different types of accelerators, such as Near-Core and

In-Core accelerators, across heterogeneous 3D layers.

319



Chapter 11 Conclusions

Today, computing is undergoing a paradigm shift, with computation increasingly moving
away from general-purpose processors and toward highly heterogeneous,
accelerator-intensive platforms. To improve accelerator efficiency in this emerging
landscape, this thesis introduced new hardware and software support that makes
accelerators easier to control, scale, and optimize.

The first part of this thesis proposed tightly-coupled host-accelerator architectures that
reduce control and data movement overheads. It first developed two accelerator
architectures that are tightly coupled with their CPU hosts and share the cache subsystem
and address translation mechanisms: SPADE, which targets sparse computations, and
DECA, which targets the decompression of Large Language Model weights during
inference. It then generalized the host-accelerator coupling ideas of SPADE and DECA
beyond individual accelerator designs through the Near-Core Accelerator abstraction and
the Accelerator Task Extensions (ATX).

The second part of this thesis introduced techniques that specialize communication
hardware and software to enable scalable multi-accelerator systems. On the software side,
it described Two-Fuace, a communication algorithm that combines coarse-grained collectives
and fine-grained one-sided accesses to accelerate distributed sparse communication. On the
hardware side, it proposed NetSparse, which extends modern Network Interface Cards and
Programmable Switches with hardware support specialized for sparsity. By accelerating
communication, NetSparse was shown to improve the performance of distributed sparse
accelerator systems by an order of magnitude.

The final part of this thesis contributed automated and reusable techniques for
optimizing modern heterogeneous architectures. First, it developed the 3D Roof-Surface
performance model for reasoning about the performance of heterogeneous accelerator

ensembles at design time. It then proposed HotTiles, a static work-partitioning method for

320



optimizing the performance of heterogeneous sparse accelerators. Finally, it contributed
Bandit, a hardware agent that optimizes performance by modeling microarchitectural
decision-making as a lightweight reinforcement-learning problem.

Overall, the proposed techniques make accelerators easier to control, scale, and
optimize, supporting the design of more efficient next-generation accelerator-centric

systems.
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Appendix: Other Works

In parallel to this thesis, I contributed to other research projects related to the scaling of
accelerated computations and the optimization of heterogeneous systems. In this section, I

briefly describe those other projects.”

Scaling. The Intel Programmable Integrated Unified Memory Architecture (PIUMA) is
an accelerator architecture developed by Intel to address the challenges of large-scale graph
processing. PIUMA features massive multithreading, efficient remote atomics, and extreme
memory capacity and bandwidth in a distributed global address space. In [91], we
performed a detailed characterization of how Graph Convolutional Networks (GCNs) scale
on such an architecture. This characterization provides insights into how PIUMA’s
memory-centric design can overcome scaling limitations of traditional CPU- and
GPU-based systems.

In addition to the Two-Face distributed SpMM algorithm presented in Chapter 6, 1
contributed to two software algorithms that target other distributed computations.
In [291], we presented a distributed-memory algorithm for TS-SpGEMM, a special variant
of Sparse Matrix Sparse Matrix Multiplication (SpGEMM) in which one matrix is square
and the other is tall and skinny. The proposed algorithm achieves high performance and
scalability through a customized 1D partitioning method, sparsity-aware tiling, and careful
balancing between local and remote computations.

Finally, MeshSlice [455] targets distributed dense general matrix multiplication
(GeMM) on the Google TPU supercomputer. In contrast to 1D partitioning, 2D
partitioning can reduce the communication volume for dense computations. However,

overlapping 2D collective communication with computation over the TPU torus network is

"The works described in this section were led by Matthew Adiletta [91], Isuru Ranawaka [291], Hyoung-
wook Nam [455], Chamika Sudusinghe [456], Damitha Lenadora [368], and Charles Block [250], who made
the most significant contributions to their respective projects. I am grateful to have had the opportunity to
contribute to these efforts and to work closely with each of them.
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challenging. To effectively hide communication latency, MeshSlice slices collective

communications into multiple partial collectives that can be overlapped with computation.

Optimization. The SPADE sparse accelerator introduced in Chapter 3 provides
multiple configuration knobs exposed to the software through its tile ISA. However,
choosing the optimal values for these knobs is challenging. With COGNATE [456], we
introduced a machine learning framework that automatically builds performance models
for emerging hardware accelerators like SPADE. COGNATE relies on Transfer Learning to
take cost models trained using data from widely-available CPUs and fine-tune them for
emerging accelerators. This is especially useful to tune software at the early design stages
of an accelerator, when the actual chip is not yet taped-out, and performance evaluation
relies on time-consuming simulation. We demonstrated that the performance models
produced by COGNATE can be used to statically derive near-optimal software
configurations for SPADE.

GRANII [368] automatically derives optimized kernel selections and orderings for
Graph Neural Networks (GNNs). GNN computations can be expressed using different
compositions and orderings of sparse and dense matrix primitives (e.g., SpMM, SDDMM,
and GeMM), and the best choice depends on the input, target hardware, and underlying
GNN model. GRANII utilizes lightweight input-aware cost models to select the best
primitive composition at runtime. We demonstrated that GRANII improves GNN
performance across multiple CPU and GPU platforms.

Finally, we found that when multiple uncoordinated Bandit hardware agents (Chapter
9) compete for shared resources in multicore systems, they can often converge to
sub-optimal policies due to conflicting incentives. In the follow-up Micro-MAMA [250]
work, we introduced a hardware meta-agent driven by reinforcement learning that ensures

that multiple interacting Bandit agents make globally optimized decisions.
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