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Abstract
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, software solutions
to optimize network communication are inefficient.

In this paper, we introduce novel hardware mechanisms to opti-
mize network communication in distributed sparse computations.
Our proposal, called NetSparse, consists of four mechanisms. Com-
munication 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 iden-
tify and eliminate redundant requests, which minimizes traffic.
Further, new hardware modules in the NICs and switches concate-
nate 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
per-node sparse accelerators 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 augmented
with the NetSparse hardware, the workloads run 38x faster than
on the single-node system—attaining more than half of the perfor-
mance of an ideal system that has no communication overheads.

CCS Concepts
• Networks → In-network processing; Programmable net-
works; • Hardware → Networking hardware; • Computer
systems organization → Distributed architectures; Special
purpose systems.
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1 Introduction
Sparse computations such as the multiplication of a sparse matrix
and a dense matrix (SpMM) or a dense vector (SpMV), and the sam-
pledmultiplication of two dense matrices (SDDMM) [24] are widely-
used in graph analytics and machine learning [6, 14, 46, 64, 70, 90].
These computations use sparse datasets such as social networks or
computational genomic graphs that can have terabyte-scale mem-
ory footprints [25] and compute needs that require execution on a
large-scale cluster platform.

Over the last few years, there has been significant interest in
the development of hardware accelerators for sparse computa-
tions [1, 28, 29, 31, 32, 55, 57, 61, 81, 82]. Although these archi-
tectures 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 become heavily bound by
network communication [11]. One could optimize network commu-
nication with hardware support, but the research in this area has
focused on supporting distributed dense kernels, such as those in
dense machine learning [75]. Network-centric hardware optimiza-
tions for distributed sparse computations remain underexplored.

Sparse communication algorithms typically follow one of two ap-
proaches [9, 11]. In the Sparsity-Unaware (SU) approach, communi-
cation is scheduled as if the kernel was dense. Data is transferred in
coarse granularities using all-to-all transfers (e.g., collectives [77]),
disregarding whether every data item is actually needed by the
requester. As this approach minimizes the software overheads of
generating many small network messages [11], it leads to high
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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 [34,
62, 72]. Here, the indices of the nonzero values of the sparse ma-
trix (or edges in a graph) are scanned and trigger the transfer of
small data items (e.g., with RDMA [65]). We refer to these data
items as properties since, in graph problems, they represent proper-
ties of the vertices connected to each edge (e.g., embeddings [46]).
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 [11].
These overheads lead to network bandwidth underutilization.

In this work, we first quantify the inefficiencies of software-only
implementations of the two communication approaches. On aver-
age, 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, re-
ducing the goodput [86]. Overall, both approaches are inefficient,
leaving orders of magnitude of performance on the table.

To drastically improve performance, this paper presentsNetSparse,
a set of hardware techniques to accelerate sparse communication.
NetSparse extends SmartNICs (SNICs) [4, 5, 37, 66, 68, 87, 88] and
programmable switches [15, 17, 18, 38, 39] with hardware exten-
sions 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 ex-
tends 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 PCIe
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 tech-
niques, 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 con-
catenates different PRs with the same destination node in a single
packet. This is implemented with (De)Concatenator hardware mod-
ules 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 from remote racks.
Subsequent PRs from the local rack can quickly obtain the property
from the cache. In contrast to P4-based [12, 13] switch caching
mechanisms [42], 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 sparse accelerator in each node while running distributed
sparse computations on matrices from SparseSuite [25]. Our re-
sults show that NetSparse substantially improves performance over
ideal versions of SU and SA software approaches (where SA is aug-
mented with the Conveyors framework [59]). 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 paper makes the following contributions:
• A characterization of software solutions for communication in
distributed sparse kernels, exposing major inefficiencies.
• The four hardware techniques of NetSparse to accelerate the
communication of sparse workloads in a distributed machine.
• A simulation-based evaluation of NetSparse in a 128-node cluster.

2 Background
2.1 Distributed Sparse Communication
Many sparse computations involve 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 and SDDMM). Figure 1 shows a pictorial representation. We
refer to the number of elements in a property as K. Typically, sparse
kernels involve multiple iterations, with the output property array
of one iteration becoming the input of the next iteration. Across
iterations, the structure of the sparse matrix may change (e.g., in
graph neural network applications with sampling [30]).
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Figure 1: Communication in a distributed sparse kernel.

In distributed sparse computations, data structures are parti-
tioned across nodes. Although different partitioning methods exist,
1D works well, especially when the input/output property arrays
are tall and skinny [72]. Figure 1 shows how the 3 structures are
1D-partitioned across 4 nodes of a distributed system (i.e., N0, ...
N3), with elements in the same node depicted with the same color.

The coordinates of the nonzeros in the sparse matrix dictate the
accesses to the input and output property arrays. Consider nonzero
c in Figure 1. 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 c and the
output property that it accesses reside in the same node (i.e., N1).
With 1D partitioning, writes are always local. However, the read
for input property 6 is remote. The right part of Figure 1 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. No remote transfers are needed for nonzeros b and g, as the
properties they access are already local.
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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.

2.2 Sparse Communication Methods
Distributed sparse communication algorithms typically follow one
of two approaches. The Sparsity-Unaware (SU) approach [9, 11,
77] schedules property transfers as if the kernel was dense. The
matrix-specific nonzero pattern is ignored, and all the nodes receive
all of the input properties—e.g., through coarse-grained collective
communications [77]. This leads to redundant property transfers.
For example, in Figure 1, N0 would receive all 6 remote properties,
even though it only needs P4. 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 [11].

The alternative approach, called Sparsity-Aware (SA) [34, 62, 72],
requires scanning the sparse matrix and issuing a PR for each
nonzero that needs a remote property (e.g., through one-sided
RDMA). SA can eliminate most of the redundant transfers in SU.
Still, a request for the same property may be issued more than once
if multiple nonzeros in a node have the same cid (e.g., d and e in
Figure 1). This causes some redundant transfers. Also, SA suffers
significant software overhead to generate many fine-grained PRs.

2.3 Lifetime of an SA Property Request
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Figure 2: The lifetime of a sparsity-aware property request.

Figure 2 shows the lifetime of an SA PR. First, a core reads
one of the nonzeros assigned to its node 1○, 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 paper, we refer to cid as idx
(for index). After the idx is read from memory, the destination
node is determined and a read PR is generated 2○. 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 4○. The destination node generates a read response
containing the necessary property data, which travels back to the
original node 5○ 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 2.1)
range from 1 to 256 (i.e., 4B–1KB payloads, assuming single preci-
sion), 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.

3 Motivation
In this section, we characterize the communication patterns exhib-
ited by the SpMM, SDDMM, and SpMV kernels for five large sparse
matrices from the popular SparseSuite matrix collection [25] (details
in Section 8) running on the NCSA Delta supercomputer [63].
• SU algorithms issue three orders of magnitude more redundant
transfers than useful ones. The first row of Table 1 displays the
ratio of useful to redundant property transfers for the SU approach
in a 128-node system. On average, 720 redundant transfers are gen-
erated for every useful one. Hence, an optimal system that avoids
redundant transfers could potentially offer up to 720x average per-
formance gains. This is a fundamental inefficiency of SU.
Table 1: 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 : 0.02 1 : 25 1 : 3.6 1 : 4.5

• SA can also issue redundant transfers. The second row of Ta-
ble 1 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 1 both have idx=3. Note that, although some SA al-
gorithms such as [11, 72] eliminate these redundant transfers, they
typically require costly preprocessing that needs to be repeated
every time the sparse matrix changes.
• The software overhead of SA leads to severe underutilization of
the network bandwidth. As explained in Section 2.2, SA transfers
have software overheads that limit network bandwidth utilization.
To quantify this effect, we use the source code of the SOTA dis-
tributed SpMM algorithm [11], 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 [79]. The measure-
ments are shown in Table 2. 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 band-
width (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 2: SA transfer rate and related metrics for a 2-node
setup in the Delta machine (K=32).
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%

• The header overhead of small-payload packets impacts goodput.
SA suffers from a high packet header overhead. Table 3 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 2 shows that, for K=32, less than half
of the achieved throughput is actually goodput.

Table 3: Contribution of packet headers to the total SA net-
work traffic for properties with different K.
K 1 2 4 8 16 32 64 128 256
% 97.6 95.2 90.9 83.3 71.4 55.6 38.5 23.8 13.5
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• 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 Ta-
ble 4, for queen, on average, all 64 consecutive PRs from a source
node are directed to the same destination node (out of the 127 pos-
sible 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 4: 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

• 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 [45, 49, 51]. 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 [45],
where nodes are organized in small groups and intra-group com-
munication is faster. Hence, we investigate 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.
• Putting it all together. These results reveal that distributed sparse
kernels are missing out on substantial performance potential. For-
tunately, 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.

4 NetSparse Architecture
Based on the previous findings, we introduce four hardware tech-
niques 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 5 and 6. Our design uses the vanilla SA approach of
Figure 2 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 Indexed
Gather (RIG). This operation is not supported natively by RDMA
today (e.g., as defined by Infiniband verbs [58]). In a vanilla SA

execution, the host cores break-down the RIG into fine-grained per-
nonzero RDMA reads, and issue each one of them to the NIC. As a
result, the host and the NIC need to communicate and synchronize
through the PCIe 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 tech-
nique 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 Idx Filter
and allocate it in the DRAMmemory available in modern SNICs [4].
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.
3. Property Request Concatenation. This technique is grounded
on the temporal remote destination locality (Section 3). Whenmulti-
ple 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 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 con-
trast with P4-based switch caching mechanisms [42], 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 6.2).
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Figure 3: The lifetime of a Sparsity Aware (SA) Property Request (PR) with NetSparse.

Figure 3 shows how the lifetime of a PR changes with NetSparse
in comparison with Figure 2. At step 1○, 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 2○). At 3○, 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 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 PRwith the same idx is currently
outstanding. This is determined through a coalescing mechanism
before step 3○ (not shown). For the non-dropped idxs, read PRs are
generated 4○. At step 5○, 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 6○ and the Property
Cache is looked-up using the idx of each PR 7○. For read PRs that
hit, response PRs containing the requested properties are generated
and forwarded back to the node 8○. 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 10○, marking the corresponding
properties as already fetched.

On Property Cache misses, read PRs are concatenated into pack-
ets 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 com-
mands are concurrently active in different RIG Units of an SNIC.

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 SNICwith anNoC 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 4, is based on
an AMD Pensando SNIC [4, 5]. 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.

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.
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Figure 4: NetSparse SNIC, with our hardware extensions high-
lighted. Concat/Deconcat are discussed in Section 6.

Figure 4 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 are analyzed in Section 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 com-
munication overhead between the SNIC and the host core and can
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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.

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 4). Given that modern SNICs can easily support 16GB of
DRAM memory [67], they have enough memory capacity to fit
Idx Filters for sparse matrices with 100 billion columns—well over
the largest SparseSuite 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 L1/L2 cache
subsystem (and additionally through a shared LLC attached to the
SNIC NoC, if there is one available, as in Pensando [4, 5]).

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.

5.3 Architecture of a RIG Unit
Figure 5 shows the architecture of a RIG Unit in client mode. The
RIG Unit contains: (i) the Logic Engine 1○, 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 3○, L1 and L2 caches to access the SNIC DRAM
4○, and the Tx and Rx Queues to communicate with the network
interface 5○.

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 (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 re-
ceived 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 5: 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 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 Prop-
erty 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 Q Control module (Figure 4).

5.4 Host-Side Software Changes for RIG
In our design, RIG offload is exposed as a seamless extension to the
existing RDMA-Verbs API [58] 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 5.1).

6 Network-centric NetSparse Mechanisms
We now detail the network-centric NetSparse mechanisms: Prop-
erty Request (PR) Concatenation and In-Switch Property Caching.

6.1 Property Request Concatenation
6.1.1 Protocol. With NetSparse, multiple PRs of the same type
(read or response PRs) that share the same destination can be con-
catenated into a single network packet. This is achieved by using
our proposed application-level NetSparse network protocol (Fig-
ure 6). 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.
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Figure 6: NetSparse 2-layer network protocol.

As shown in Figure 6, 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 encap-
sulate 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 50+10+18 = 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 7: PR concatenation mechanism.

6.1.2 Mechanism. The concatenated PRs can come from the same
or different threads, and from the same or different nodes. Con-
catenation 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 7. A Concate-
nation 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 timewhen its first PR entered the CQ plus aDelayCycles
parameter. DelayCycles is the maximum allowed time that any PR
can spend waiting to concatenate with others. If the 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 Expiration 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 7, where each entry
has a pair {CQ𝑖 , 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 7, 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—not 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 straighforward.

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 4. To integrate them in switches, we can follow an approach
similar to Taurus [85] and implement them in separate chiplets.
Networking chips such as Broadcom’s Tomahawk [16] have already
started moving towards a multi-chiplet direction.

P4 supports externs [23] to extend the language and provide
operations not natively supported. To use (De)Concatenators, one
approach is to introduce new dedicated control-block [85] 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 [38, 39].

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 [42] has implemented caching in
Tofino switches by utilizing the P4 register arrays andMatch-Action
Tables (MATs), 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
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with values through the control plane. Instead, an iteration of a dis-
tributed 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.

6.2.1 Switch Architecture. To support our technique, wemodify the
architecture of a switch to handle arriving packets as follows. An
arriving read packet is deconcatenated and each of its PRs checks
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 correspond-
ing property. If a PR finds the property, no action is taken. Other-
wise, 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 8. 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 block-
ing 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 cy-
cle, a new PR can enter this queue, without applying backpressure.
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Figure 8: NetSparse switch with two example packet flows.

Figure 8 shows two example packet flows. First, a response 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) 1○, 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) 2○.

The second example is a read packet that arrives at Port 4 in
ingress Pipe 1 andmust 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. As-
sume 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 4○. 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 Prop-
erty 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 change its destination node, it must be recircu-
lated 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).

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 prop-
erty associated with the target idx. In practice, different kernels
may have different property sizes. Hence, we envision the Prop-
erty 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 imple-
mented 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 9 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
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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 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
(𝑆𝑚𝑎𝑥 ) 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 𝑆𝑚𝑎𝑥 .

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 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
initates a RIG operation and resetting it when the operation ter-
minates. 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 con-
catenation 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 utiliza-
tion under large-scale deployments. To solve this issue, a possible
approach is to virtualize the CQs. With this approach, each con-
catenation 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 sin-
gle 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. We believe that RIG operations can be useful for other
throughput-oriented kernels with fine-grained irregular accesses.
NetSparse switches can be deployed incrementally.

8 Methodology
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 base-
line (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 [59] and implement in software the three NetSparse
mechanisms that have a reasonable design in software: communi-
cation 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. Fur-
ther, 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 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 10 for two different property sizes K (Section 2)
and different numbers of cores in the node. We observe that the
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(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 10: 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.

8.2 Simulated System and Benchmarks
To evaluate NetSparse, we use the SST Simulator [73], with the
Merlin [33] component library for the network and switches, and
DRAMSim3 [53] 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 NetSparse extensions. Our communication
experiments use communication patterns that are representative
of the SpMM, SDDMM and SpMV kernels. For experiments in-
cluding computation, we run SpMM with SPADE accelerators [29]
integrated with each host, again simulated with SST.

Table 5: 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
PCIe Gen6; 256GB/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

N0

ToR

Switch

N15 N112

ToR

Switch

N127N0 N0

ToR

Switch

N31N16 …

Core

Layer

Figure 11: Simulated system topology.

We simulate a 128-node machine with 400Gbps links. Table 5
shows the system parameters. The system has a Leaf-Spine net-
work topology, with racks of 16 nodes (Figure 11). We assume
an Infiniband-like environment which applies backpressure when
network queues get full. Packets are routed deterministically. In
the SNIC, each pair of RIG Units shares a single L1 and L2 cache
(typically, a client and a server unit).

We use 5 large sparse matrices from the SparseSuite [25] collec-
tion as benchmarks (Table 6). These matrices come from different
domains such as web-crawls, road networks, and scientific applica-
tions. 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 6: Benchmark sparse matrices.
Matrix arabic-2005 europe_osm queen_4147 stokes uk-2002
Rows (M) 23 51 4 11 19
NNZ (M) 640 108 317 350 298

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 [36] and the
open-source FreePDK45 cell library [84]. We verified that our de-
signs easily meet timing for a frequency target of 1.5GHz at 45nm.
Thus, a frequency of 2.2GHz for more modern 7-10nm process tech-
nologies is very reasonable [83]. For the caches, SRAMs, and CAMs
in the NetSparse extensions, we used CACTI [8], and also validated
that they meet timing. We scale down from 45nm to 10nm using
the process scaling equations from [83]. We present our area and
power evaluation in Section 9.5. Dynamic power is reported under
maximum activity.

9 Evaluation
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 12 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
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Figure 12: NetSparse and SAOpt communication speedups over SUOpt for the 128-node system.

the number of redundant transfers SUOpt issues for each matrix
(Table 1). On average (i.e., gmean), Netsparse outperforms SUOpt
by 33× and SAOpt by 15×.

Table 7 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 exe-
cution time. We see that NetSparse mechanisms work. First, PRs get
filtered and coalesced, as revealed by the filtering and coalescing
(F+C) rate. 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 7: Performance statistics for the tail node in NetSparse,
and comparison to SUOpt and SAOpt (K=16).

F+C
Rate

Avg
#PR/
Pkt

PCache

Hit
Rate

Gput
Line
Util.

-Trfc
vs
SU

Gput
SA

-#PR
vs
SA

arabic 97% 5.7 26% 35% 65% 283x 1% 3.8x
europe 8% 4.5 5% 37% 70% 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 7). For
example, arabic has 283x less traffic in NetSparse than in SUOpt.
When compared to SAOpt, NetSparse eliminates software over-
heads and minimizes CPU involvement and synchronization. As a
result, it raises the goodput to healthy levels, as can be seen by com-
paring 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 accelera-
tors for computation. For communication, we use SUOpt, SAOpt, or
NetSparse. SPADE does not support SpMMwith K=1, so we exclude
this property size from this experiment.

Figure 13 illustrates how the system strong-scales from 1 to 128
nodes with different communication approaches. In other words, it

shows the end-to-end speedup of the 128-node system over the exe-
cution on a single node. We also include, as a performance limit, the
ideal speedup of a hypothetical systemwithout any communication.
Such speedup is shown with dashed lines.

Unsurprisingly, in the presence of hardware-accelerated compu-
tation, 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 0.7×) than the
single-node system—which does not require communication. With
SAOpt, the 128-node system is only 3× 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 without any communications overheads, which reaches a
speedup of 72.
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Figure 13: End-to-end speedup of a 128-node system over a
single-node system for SpMM.

Figure 14 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, communi-
cation is accelerated and becomes comparable or faster than acceler-
ated computation for arabic, queen, and uk. For europe and stokes,
communication has still 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 13.
We discuss how this remaining potential could be exploited later.
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Figure 14: Communication/computation breakdown.
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Table 8: Ablation analysis vs SUOpt.
arabic (denser)

K=1 K=16 K=128
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 17.4x 0.8% 34.2 63.2x 22.2% 78.7 109.0x 56.7%
Coalesce 8.4 34.6x 0.9% 88.0 118.5x 23.8% 184.8 279.9x 54.0%
Conc𝑁𝐼𝐶 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 7.4 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%
Conc𝑁𝐼𝐶 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%

9.2 Ablation Analysis
In Table 8, 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 good-
put for different property sizes. Speedups and traffic reductions are
calculated with respect to SUOpt. We use arabic, which is denser,
and 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, redun-
dant 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 applyConcatenation 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 bene-
fits less from concatenation. For arabic, which has a higher cache
hit rate (Table 7), both reasons contribute to the traffic reduction.

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 15 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 that we have
used by default are 32k for arabic, queen, and stokes, and 8k for
europe and uk. As explained in Section 5, a small batch size can

arabic europe queen stokes uk0.0
0.5
1.0
1.5
2.0

Sp
ee

du
p

vs
 b

at
ch

=1
6k

2k 4k 8k 16k 32k 64k 128k

Figure 15: Sensitivity to RIG batch size.

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 16: Sensitivity to number of RIG Units.

Figure 16 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.
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Figure 17: Sensitivity to concatenation delay cycles.

In Figure 17, we show the effect of the concatenation delay cy-
cles. 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 gets too large, performance
gets worse than with no concatenation. Notice how concatenation
effectiveness correlates with the temporal remote destination local-
ity property (Table 4). Queen has the highest destination locality
and gets the most benefit. In contrast, europe gets the least benefit.
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Figure 18: Speedup vs no-cache for different cache sizes.

Finally, we consider the impact of the Property Cache. Figure 18
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 SparseSuite.
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9.4 Remaining Performance Potential Analysis
Our results in Figures 13 and 14 suggest that matrices like stokes and
europe could benefit from further communication improvements.
We started the paper by revealing a large performance potential in
Section 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 1), we achieved 188x in Table 7. Further, in
Table 1, although the line utilization is 70%, the goodput is only 37%.
In summary, although we accelerated communication for europe by
132x (Figure 12 for K=16), there is still room for further gains. We
now discuss the inefficiencies that preventNetSparse 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 19: Inter-node load imbalance assuming no computa-
tion costs.

Another key reason is inter-node communication imbalance,
which leads to suboptimal traffic reduction. Table 1 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 shown in Figure 19, 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.

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 5).
For a 10nm process, Figure 20 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 1.43mm2. Given that a Pensando Elba chip with a 200Gbps net-
work link consumes up to 50W [27], 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 [78] and
the relative area that the 16 ARM Cortex A-72 block [20] consumes,
we extrapolate a conservative die size of 300 mm2 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 20: Power and area breakdown of the SNIC extensions.

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 9 shows the contribution of each of
the RIG Unit structures (Figure 5) 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 9: 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 mm2 and 1.5mm2, respectively, and their combined power
about 10W. Given a power consumption of 270W for a Tofino2
switch [2], the caches and concatenators add a 4% overhead. For
area, given that modern high-performance networking switches
are large ASICs that can reach 700 mm2 [21, 22, 80], 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 [2]. 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 [44] with virtual output queues [60] and
split the packet buffer between the two crossbars without dupli-
cating it. Further, the literature [19, 22] reports that a stand-alone
(i.e., without cross-point buffering [74]) 32x32 switch crossbar like
the one we use can be realized in less than 5mm2 (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 net-
working of sparse accelerators in high-value sparse applications.
Dense accelerator clusters like the TPU supercomputer [43] already
have their own custom networking.

9.6 Performance Analysis for Other Settings
We now evaluate NetSparse for other system settings.
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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 [10]: a 48-core with DDR,
and a 56-core that also includes HBM [35] (with similar bandwidth
to the one modeled for the SPADE PEs). Measurements were taken
using the optimized MKL Inspector-Executor routine [40].
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Figure 21: End-to-end speedup of a 128-node system over a
single-node system for SpMM using CPUs for computation.

Figure 21 shows the end-to-end speedup of the 128-node sys-
tem over the execution on a single node for SpMM (for K=128)
using CPUs for computation. The figure is organized as Figure 13,
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 disappointing, although less than in
Figure 13. 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 in-
efficiencies 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 [3] 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 [45] 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.

Figure 22 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 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.

arabic europe queen stokes uk gmean100

102

Ne
tS

pa
rs

e 
sp

ee
du

p
vs

 S
UO

pt
 (l

og
-s

ca
le

)

18
4x

13
2x

28
x

11
x

13
6x

63
x16

1x

10
2x

26
x

4x

93
x

45
x16

3x

11
4x

27
x

8x

13
4x

57
x

LeafSpine HyperX DragonFly

Figure 22: Communication speedup of NetSparse over SUOpt
for different network topologies.

10 Related work
In-Network Computing: Modern smart networking hardware
such as SNICs [4, 37, 66, 68, 87, 88] and programmable switches [13,
38, 39, 89] have enabled a wide variety of in-network computing
applications. Such applications range from dense machine learn-
ing [50, 54, 69, 75] and Key-Value Stores (KVS) [42, 56], to coherence,
persistence, and consistency [47, 48, 52, 71, 76]. In-network caching
has been proposed before for KVS [42, 56]. However, sparse com-
putations differ significantly from both KVS and dense machine
learning. Flare [26] introduces a switch design that supports col-
lective 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 [28, 29, 31, 32, 41, 55, 57, 61, 81,
82] aim at optimizing sparse computations on a single node. At the
same time, a variety of SA [34, 62, 72], SU [6, 7, 9, 77] and hybrid [11]
software efforts aim at scaling sparse computations across multiple
nodes. NetSparse proposes hardware mechanisms that target the
inefficiencies of software-based sparse communication.

11 Conclusion
This paper introduced novel hardware mechanisms to improve com-
munication in distributed sparse computations. Our proposal, called
NetSparse, consists of four 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 traf-
fic, and improving the bandwidth utilization and goodput,NetSparse
achieves substantial speedups over software solutions. In future
work, we plan to extend NetSparse to apply to kernels with more
than one sparse data structures, such as SpGeMM.
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