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Abstract

Sparsity has become a defining characteristic of modern workloads,
motivating the development of specialized accelerators to mitigate
the challenges inherent to sparsity. Sparse streaming accelerators
have proved to be an effective solution, yet current designs are
restricted to single-workload execution. Additionally, they exhibit
significant underutilization in processing elements (PEs) due to
their non-zero scheduling strategies. To address these limitations,
we propose Procyon, a fine-grain multi-tenancy framework that
fuses the PE instruction streams of multiple workloads into a uni-
fied execution schedule. This allows instructions from different
workloads to execute on the same PE, thereby, improving its utiliza-
tion and enabling concurrent execution of multiple workloads on a
single accelerator instance. We evaluate Procyon on AMD Alveo
U55C FPGA using the SuiteSparse workloads and show that it sub-
stantially reduces PE underutilization that results in 3X speedup
over state-of-the-art sparse streaming accelerators (Serpens and
Chason), and reaches a peak throughput of 61.2 GFLOP/s.

1 Introduction

Sparsity has emerged as a critical feature in modern applications,
spanning scientific computing [1, 8, 9, 12, 15, 28], graph analyt-
ics [6, 19, 20], bioinformatics [4, 23] and natural language process-
ing [7, 17, 18, 21, 29, 33]. The existence of sparsity in data leads to in-
herent randomness, resulting in irregular memory access, inefficient
data reuse and suboptimal resource utilization, particularly in tra-
ditional architectures such as CPUs and GPUs. In response to these
challenges, sparse streaming accelerators [3, 13, 22, 24, 25, 31, 32]
have gained substantial attention in accelerating sparse kernels,
such as sparse matrix-vector multiplication (SpMV) and sparse
matrix-dense matrix multiplication (SpMM). These accelerators
offer promising solutions for optimizing sparse kernels. They have
demonstrated substantial performance gains over CPUs and GPUs,
positioning them as increasingly mainstream solutions for sparse
computations. The key factor behind the enhanced performance of
streaming accelerators is their dataflow execution model. In this
model, there is a direct correspondence between how data is sched-
uled in the memory and how it is mapped onto the processing
elements (PEs), allowing for efficient and tailored processing of
sparse data. This execution model eliminates the need for explicit
instruction storage and fetching, streamlining the data execution
pipeline by removing intermediate buffering and idle stages.
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For example, Serpens [24] is a recent sparse streaming accelera-

tor that introduces a cyclic, row-wise scheduling scheme known as
PE-aware non-zero scheduling. This technique efficiently maps the
non-zero elements of sparse inputs to off-chip memory channels.
Building upon this, the state-of-the-art accelerator, Chason [3], in-
troduces a cross-HBM channel out-of-order (OoO) scheduling mech-
anism, or CrHCS, to further enhance PE-aware non-zero scheduling
by allowing data migration across High Bandwidth Memory (HBM)
channels. This improvement ensures a more compact and efficient
placement of non-zero elements across off-chip memory channels.
Despite the significant performance gains offered by sparse stream-
ing accelerators, opportunities for improvements still remain. We
have identified two critical challenges that need to be addressed to
enhance their efficiency and usability in practical scenarios:
Challenge 1. State-of-the-art sparse streaming accelerators are
currently designed to handle a single workload per execution in-
stance, meaning they can process only one workload at a time.
This limitation significantly hampers their efficiency in multi-user
environments, such as data centers, where multiple users require
simultaneous access to sparse accelerators.
Challenge 2. These accelerators fail to fully exploit the available
computational resources, such as processing elements (PEs), be-
cause of inefficient data scheduling strategies. This results in con-
siderable number of stalls in the execution pipeline and ultimately,
PE underutilization.

* To address these challenges, we propose Procyon, a fine-grain
multi-tenancy approach that unifies the instructions of multiple
workloads in to one execution schedule, allowing them to be pro-
cessed by a single PE. Procyon achieves this by replacing the stalls
in the execution pipeline with instructions associated with another
workload. By consolidating the instructions from different work-
loads/tasks onto a single PE, our approach removes the need for
multiple instances of sparse streaming accelerators as well as re-
duce the PE underutilization, enabling the efficient handling of
multiple concurrent requests. We evaluate Procyon on state-of-the-
art sparse streaming accelerators, Serpens [24] and Chason [3] for
SpMV kernel based on their AMD Alveo U55C implementation. Our
evaluation on SuiteSparse [5] workloads shows that Procyon sub-
stantially reduces PE underutilization, achieves up to 3X speedup
over Serpens [24] and Chasoii [3], and reaches a peak throughput
of 61.2 GFLOP/s.

2 Background and Challenges

2.1 Sparse Accelerators

General purpose CPUs and GPUs fail to fully exploit the benefits
of sparsity as a result of irregular memory accesses and poor data
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reuse. To deal with that, sparse accelerators have become a popular
solution for sparse workloads. Several of these accelerators focus
on data partitioning and distribution, for example, Quartz [10] is a
recent reconfigurable, distributed-memory accelerator for sparse
applications, which enables fine-grain data partitioning across the
tiles of a single workload. Segin [16] is another example that en-
ables multi-threading across the chunks of matrices to efficiently
utilize systolic arrays. Another category of accelerators targets im-
proving on-chip data placement, such as Pipirima [2], which uses
predictions to distribute sparse data evenly on the on-chip memory
blocks and optimize SpMV and SpMM. Some other sparse accelera-
tors co-design the architecture based on their novel compression
formats such as MatRaptor [26], Tensaurus [27] and SparTen [11].
More recent techniques, such as Misam [32] and Bootes [31], lever-
age machine learning to enhance data reuse and reduce memory
bottlenecks. Sparse streaming accelerators are another class of ac-
celerators where the instructions are generated based on the way
data is scheduled in the memory. For example, Serpens [24] and
Chason [3] are the two recent FPGA-based sparse streaming ac-
celerators that schedule the non-zero values in HBM channels to
ensure parallel instruction execution without any intermediate
buffering. Sparse streaming accelerators have shown considerable
performance improvements over many existing sparse acceleration
techniques, making them a practical and promising approach for
handling sparse workloads.

2.2 Single Workload Execution Model

A key limitation of existing sparse streaming accelerators [2, 3,
13, 14, 22, 24, 25] is that they support only a single workload per
invocation. As a result, multiple workloads must be serialized, with
each request waiting for the previous one to complete. This is not
suitable for environments in which multiple users must share a com-
mon hardware resource, such as data centers. A naive solution is to
deploy multiple accelerator instances, but this brute-force approach
fails to address the fundamental challenge of enabling multiple
workloads to run concurrently on a single accelerator. Moreover,
replicating accelerators significantly increases both power con-
sumption and system cost, making it an impractical long-term
solution.

2.3 PE-aware Non-zero Scheduling

In the context of sparse streaming accelerators, scheduling data in
memory directly reflects how data is scheduled in the PEs, which
allows us to treat these terms interchangeably. Recent sparse stream-
ing accelerators [13, 24, 25] use PE-aware non-zero scheduling to
schedule the sparse matrix on to the off-chip memory/PEs. In PE-
aware non-zero scheduling, each PE is assigned rows according to
the following equation:

PE;y = row;q % Total PEs; PE[PE;y] <« row[row;g] (1)

However, in-order scheduling of the instructions of these rows
results in read afer write (RAW) dependencies. To understand
this, we analyze an example of a sparse matrix A, dense vector
x and a Compute unit with two PEs (PEO and PE1), to perform
the SpMV operation (y = Ax). The rows scheduled for PEO are
Ap:j-1,A20j-1,A40j-1 and so on, where j represents the total
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Figure 1: PE underutilization (%) of PE-aware non-zero sched-
uling and CrHCS on SuiteSparse workloads (lower is better).
The PE underutilization is high for both the cases.

columns. The in-order data scheduling for PEO results in the fol-
lowing instructions per clock cycle (cc):

cc:1 I1: psumy «— Ago X X

cc:2 I2: psumy < Ap1 X x1 + psumg

It is evident that a RAW dependency exists between Instructions
I1 and I2 because of the partial sum (psumy), which indicates that
I2 must wait for I1 to complete before it can execute. This intro-
duces stalls and underutilizes PE0O. PE-aware non-zero scheduling
mitigates this issue by employing a cyclic row-wise assignment.
Instead of processing one row sequentially before moving to the
next, the PE executes instructions from other rows and later returns
to the first row, hence the term “cyclic". With PE-aware non-zero
scheduling, the instructions are rescheduled as follows:

cc:1 IT: psumy < Ago X x0o

cc:2 I2: psumy «— Ay Xxp

cc:3 I3: psumy — Ago XX

cc:4 I4: psumy < Ap1 Xxo + psumyg

If the RAW dependency distance is less than 3, Instruction I4
can start executing in the 4 cycle without introducing any RAW
dependency or stalls in the pipeline.

2.4 Cross-HBM Channel 00O Scheduling

While PE-aware non-zero scheduling reduces stalls, it does not
eliminate them entirely. For instance, if no non-zero values exist in
Ay p.j—1 and Ayg.j_1, the pipeline will experience stalls, leading to
PE underutilization. The set of instructions will become:

cc:1 I1: psumy < Ago XX

cc:2 I2: Stall

cc:3  I3: Stall

cc:4 I4: psumy < Ap1 XXy + psumg

To address this limitation, cross-HBM channel out-of-order (OoO)
scheduling (CrHCS) [3] schedules instructions from a neighbor-
ing Compute unit on to the PEs of the current Compute unit. For
instance, if two instructions, i1 and i2, are scheduled in a neigh-
boring Compute unit, CrHCS will insert these instructions between
I1 and I4 of the current Compute unit’s execution schedule. As
a result, the instructions assigned to PEO of the current Compute
unit will be:

cc:1 I1: psumy < Ago XX

cc:2 I2: i1 of neighboring Compute unit

cc:3  I3: i2 of neighboring Compute unit

cc:4 I4: psumy < Ap1 XXy + psumg

Although CrHCS significantly reduces underutilization, it still
falls short when a neighboring Compute unit runs out of instruc-
tions, causing substantial stalls in the PEs. To validate our claims
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Figure 2: An example of resource utilization in coarse-grain
and fine-grain multi-tenancy.
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about the PE underutilization in both PE-aware non-zero schedul-
ing and CrHCS, we ran experiments on 36 highly sparse workloads
(given in Table 1) from the SuiteSparse [5] dataset. Figure 1 shows
the PE underutilization of PE-aware and CrHCS. It can been seen
that for both of these cases the underutilization is significantly high,
leaving room for improvement.

3 Key Insights

These challenges motivate us to develop a fine-grain multi-tenancy
framework that allows a single sparse streaming accelerator to
support multiple workloads while ensuring minimal PE underuti-
lization. To enable fine-grain multi-tenancy, the key insight of our
work is that if we fuse the PE instructions of multiple work-
loads in to a unified set of instructions, it enables multi-tenant
execution of a PE while eliminating PE stalls by filling them
with instructions from other workloads. To achieve this we pro-
pose Procyon, a fine-grain multi-tenancy framework that enables
sparse streaming accelerators to execute instructions from multiple
workloads within a single accelerator instance while ensuring high
PE utilization and performance.

4 Procyon - Scheduler

In this section, we discuss how Procyon unifies instructions asso-
ciated with multiple workloads into a single execution schedule.

4.1 Level of Granularity

The primary objective of Procyon is to allow multiple workloads to
share the accelerator fabric concurrently while also mitigating the
PE underutilization that arises when the accelerator is dedicated to
a single workload. Multi-tenancy can be implemented at different
levels of granularity: coarse-grain or fine-grain. Procyon adopts
fine-grain multi-tenancy based on its better control over PEs. The
detailed rationale behind this choice is discussed below.

In coarse-grain multi-tenancy, control is managed at the de-
vice level, that is, the accelerator is fully allocated to one workload
for a fixed duration before switching to the next. Although this
approach allows multiple workloads to execute within a single in-
vocation of the accelerator, it does not address PE underutilization.
For example, Figure 2a shows an example of coarse-grained multi-
tenancy. While multiple workloads do share the accelerator, the
execution remains inefficient as there is no overlapping between
the ‘compute’ stages of two workloads. As a result, none of the
‘compute’ stage reaches peak (or closer to peak) resource utiliza-
tion. It can also be observed that the scalar stages (a stage is scalar
if there are no dependencies between its different clock cycles) such
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Figure 3: Example of Procyon applied to one PE from each

of the three workloads
as ‘write’ of different workloads can not be parallelized because

of the sequential nature of coarse grain multi-tenancy.

On the other hand, fine-grain multi-tenancy provides PE-level
granularity, allowing instructions from multiple workloads to be
executed together in a unified compute stage as shown in Figure 2b.
As a result, a PE can execute instructions from multiple workloads,
enabling true concurrent execution and high resource utilization.
Once this unified compute stage completes, it is equivalent to hav-
ing completed the compute phase of all participating workloads,
thereby enabling parallel execution of next scalar stages such as
‘write’ stage. Based on these reasons, Procyon adopts a fine-grain
multi-tenancy to improve PE utilization.

4.2 Mechanism

Key Idea: The key idea behind enabling fine-grain multi-tenancy
is to fuse the instructions of a PE from one workload with those
of a PE from another workload. As a result, Procyon produces a
single, unified set of instructions (execution schedule) for each PE.
This allows the PE to implicitly execute instructions belonging to
different workloads without requiring explicit context switching,
essentially making it a multi-tenant PE.

Working: As discussed in Section 1, the way data is scheduled
on to the memory directly determines how the instructions are
mapped on to the PEs. In the datalist scheduled on memory, a zero
represents a stall cycle in the PE. Building on this principle, Procyon
enables fine-grain multi-tenancy by fusing and rescheduling the
datalists associated with each PE. The mechanism of Procyon is
straightforward: Procyon replaces stalls in the datalist of one PE
with available non-zero entries from the datalist of another work-
load’s PE, thereby reducing idle cycles and improving utilization.
Example: Figure 3 shows an example of Procyon applied on three
workloads, that is, Workload A, B, and C. Figure 3(a) shows the
datalists of g*" and r*" PE of Workload A and B, that is, PE:; and
PEB, respectively. Each position in the list corresponds to one exe-
cution cycle on the PE. Procyon fuses these two lists by filling the
stall cycles in PEqA with the available non-zero entries from PEB
producing a unified datalist PE;;‘,B. Note that this fused list may still
contain stalls. These remaining stalls are required to preserve the
RAW dependencies present within the migrated sequence from PEE.
Specifically, in this example, the datalist of Workload B contains
three cycles between its first and last non-zero values. To preserve
the RAW dependencies across these entries, Procyon must maintain
at least the same spacing in the unified datalist. This is why a stall
remains in PEqA,B even after filling all other available stalls with PE?
non-zeros (cubes in Figure 3). Figure 3(b) applies Procyon again to
increase the scope of multi-tenancy from two to three workloads.
This time Procyon merges the unfied datalist PE;‘,B with datalist of
PEIC, The resulting unfied datalist, PE;‘gc, contains no remaining
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b. A Procyon-compatible general sparse streaming accelerator
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Figure 4: Procyon allows multiple workloads to execute without changing the number of PEs in the Compute unit. It also
parallelizes scalar units (e.g., Arbiter unit). A" stands for W*" workload. d stands for the dense operand.

stalls. Note that, PE‘;EC is a single fine-grain multi-tenant PE, not a

group of three PEs. It can execute instructions of g*, r*, and I*
PEs of Workload A,B and C respectively.

Degree of Multi-Tenancy: Procyon does not impose a fixed limit
on the number of tenants that can be mapped onto a single PE.
The degree of multi-tenancy is determined entirely by architectural
policy and available resources. System designers may choose to
cap the number of supported workloads based on deployment re-
quirements, but Procyon itself can process any number of tenants
as long as the underlying hardware permits.

4.3 PE Pairing

Procyon schedules the datalist of each PE to enable fine-grain con-
trol over the PEs. This ability enables Procyon to flexibly decide
which PE from one workload should be fused with which PE from
another workload. In other words, it can control the PE pairing
strategy and switch between them when required. Procyon can
employ one of these approaches to make this pairing decision:

4.3.1 1:1 PE Pairing. In this scheme, each PE from Workload A is
paired with the PE of the same index from Workload B:
PEY «—PEP® vne{o,1,...,N-1}. ()

N is the total number of PEs. This pairing is simple and easy to
implement, but it does not necessarily yield optimal utilization as
it may not align with the sparsity patterns of the two workloads.

4.3.2  Greedy PE Pairing. In this scheme, PEflA) from Workload A
is paired with the PE from Workload B that results in the minimum
number of stalls when fused together. Formally,

PED

= argmin

Stalls( PE,SA), PE](CB) ), (3) where the pairing is chosen to minimize
PE underutilization/stalls. This approach fixes a PE from Work-
load A and searches all PEs in Workload B to find the most efficient
match.

4.3.3 Global PE Pairing. This approach searches across all PEs
in both workloads to find the pair (PE,(lA), PE,(f ) ) that yields the
globally minimum number of stalls. Formally,
(n*,m") = argmin
nm

Stalls( PE&A), PE,(,?)).(AL) The selected pair (n*, m*) satisfies:

stalls(PE, PE®)) < stalls(PESY, PEL), vk, (5)
stalls(PE", PE?)) < stalls(PE\™, PE'?)), Vi, (6)

For N number of PEs, although the search space increases to O(N?),
this method provides the most optimal pairing and gives minimum
possible PE underutilization.

5 Procyon - Architectural Support

The benefits of multi-tenancy can only be fully realized if running
multiple workloads does not introduce additional execution time
overhead to execute scalar operations on the outputs of different
workloads. Procyon enables this by employing multi-tenancy at
the level of each PE (hence, the term fine-grain multi-tenancy). This
allows the workloads to be computed together without employing
new PEs and enabling scalar functions, for example, arbitration,
merge, and write-back, to operate in parallel for each workload.

Figure 4a shows a general high-level architecture of sparse stream-
ing accelerators [3, 13, 24, 25]. These accelerators are designed for a
single sparse workload A° and their Compute unit only does A® x d
for a single workload across N number of PEs, where d is the dense
operand. The Compute unit forwards its output to the Arbitration
and Merge logic where the data is rearranged and written back
to the off-chip memory. To run multiple workloads concurrently,
multiple instances of the same accelerator has to be instantiated
owing to their single workload execution model.

Figure 4b shows the architectural additions required to support
Procyon. Procyon receives the datalists from multiple workloads
and produces a unified datalist which is then mapped on to the
PEs in the Compute unit. Procyon does not impose any inherent
limit on the number of workloads that can be fused and the choice
is governed entirely by the hardware resources allocated to the
accelerator as discussed in Section 4.2. As shown in Figure 4b, the
Compute unit still contains N PEs, identical to the baseline design
in Figure 4a. However, with Procyon, these N PEs are utilized far
more effectively, as they now execute operations from multiple
workloads simultaneously, performing A® x d, A x d, ... AW x d.

As discussed in Section 4.1, one of the key advantages of fine-
grain multi-tenancy is that it enables a unified compute stage while
still allowing each workload to execute its scalar stages (e.g., such as
the write stage) in parallel. To support this capability, the architec-
ture must be able to distinguish the outputs belonging to different
workloads. Procyon accomplishes this by tagging every value in
the unified datalist with an identifier indicating its source workload.
For example, non-zero entries from A° are tagged with 0, those from
A! with 1, and so on. The Compute unit receives these tags and uses
the Router unit to route each output value to the corresponding
on-chip buffers associated with its workload. Once the Compute
stage produces these tagged outputs, the results of each workload
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Figure 5: PE underutilization (%) of Serpens [24] and Chason [3] with and without Procyon on SuiteSparse workloads [5] (lower

is better). AV stands for Average.
Table 1: SuiteSparse [5] workloads divided into 6 groups.

Group | Workload Tag Sp.% | Group | Workload Tag Sp.%
eris1176 ER 134 email EM  0.84
bespwr08 BC 0.22 1138_bus 1B 0.31

G gemat12 GE 0.13 G2 ex3 EX 158
blckhole BL 032 extr1b XT 013
besstk23 BS 045 delaunay n  DE  0.29
G55 G5 0.9 nasa4704 NA 047
bayer06 BA 022 M20PI_n1 M2 0.20
b2_ss B2 0.32 g7jac020 G7 0.12

a3 cavity13 CA 106 G4 jan99jac020 JA  0.073
Ishp2614 LS 0.263 G30 GT  0.90
airfoill_du Al 0.036 grid2_dual GR 0.12
Alembar AL  0.10 MS80PI_n1 M8  0.061
msc01050 MS 237 zenios ZE 0.015
mice_10N1 MI 1.16 SiH4 SI 0.67

G5 rajat03 RA  0.056 G6 yeast_30N1 YE 238
Pd PD 0.019 viscoplasticl VI~ 0.038
Muu MU 033 struct4 ST 216
rail_5177 RA 013 goodwin GO  0.60

are forwarded independently and in parallel to their respective
Arbitration, Merge, and Write units. These scalar units run concur-
rently and do not interfere with one another, thereby preserving
parallelism and preventing bottlenecks across workloads.

6 Experimental Setup

Baselines: We use two recent sparse streaming accelerators, Ser-
pens [24] and Chason [3], as our baselines. Serpens employs PE-
aware non-zero scheduling, while Chason uses CrHCS for sched-
uling non-zero values on off-chip memory and equivalently, on
the PEs. Both accelerators use 16 512-bit wide HBM channels to
transfer the input sparse matrix A to their Compute units, which
contain 128 PEs running in parallel. The high-level architecture of
Serpens and Chason are similar to the one shown in Figure 4a, with
minor differences in the Compute unit and scalar units.
Simulation Infrastructure: We use the publicly available source
code of both Serpens [24] and Chason [3]. For our experiments,
we generate the bitstream for both accelerators on AMD Alveo
U55C FPGA. To integrate Procyon with these baselines, we modify
their C++ HLS code to ensure compatibility with Procyon’s fine-
grain multi-tenancy mechanisms. To evaluate the performance of
Procyon, we develop a cycle-accurate simulator that uses clock
cycle data from the HLS C-synthesis output. For a fair comparison,
we simulate Procyon on top of both Serpens and Chason at the
same frequencies achieved by the original FPGA implementations:
Serpens operates at 249 MHz, while Chason runs at 301 MHz. Our
simulator provides latency estimates with an accuracy of within
1% of the actual FPGA execution time. We are evaluating our work
and baselines on the SpMV kernel.
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Figure 6: Latency Speedup of Procyon (with different PE
pairings) vs. Serpens [24] and Chason [3] for the group (G)
of SuiteSparse workloads [5] (higher is better). GM stands
for geometric mean.

Workloads: We use 36 workloads, shown in Table 1, from the
SuiteSparse dataset [5]. For evaluation, we randomly divide these
workloads into six groups of six workloads each. To evaluate Pro-
cyon, all workloads in a group are executed within a single in-
stantiation of sparse streaming accelerator. This is made possible
by Procyon, which transforms the underlying sparse streaming
accelerator into a fine-grain multi-tenant architecture.

7 Evaluation

7.1 PE underutilization

We experiment Procyon with different PE Pairing schemes that are
described in Section 4.3, that is, 1:1 PE Pairing (1:1), Greedy PE
Pairing (GRD) and Global PE Pairing (GLB). Figure 5a compares the
PE underutilization of Serpens [24] with Procyon compatible Ser-
pens. We can see that when workloads are executed individually on
Serpens, the accelerator exhibits high PE underutilization. Procyon
significantly reduces this underutilization by enabling fine-grain
multi-tenancy across all six workloads within each workload group.
We can also observe that Procyon improves the PE underutilization
under all three PE pairing schemes.

Figure 5b reports the PE underutilization of Chason and Pro-
cyon compatible Chason [3]. As compared to Serpens (Figure 5a),
Chason [3] already exhibits lower PE underutilization due to its
better scheduling scheme, CrHCS, which reschedules instructions
across PE-aware scheduled PEs, but only within a single workload.
Procyon further reduces this underutilization substantially. For
instance, in Group G1, Chason [3] achieves an average PE under-
utilization of 21.6%. With Procyon, this drops to 7.9% under the 1:1
PE-pairing scheme, and decreases even further to 3.8% when using
Global PE Pairing. Still some PE underutilization exists in Procyon
because when a workload does not have enough non-zero values
to fill the stalls in the datalist of another workload.
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7.2 Speedup

Improvements in PE utilization result in PEs remaining active for a
greater portion of the time, allowing more work to be completed
within the same compute budget. To analyze these performance
gains, we can analyze multiple metrics discussed below.

Latency: Figure 6 illustrates the speedup achieved by Procyon-
compatible sparse streaming accelerators (Serpens and Chasori)
compared to their original implementations. For each group of
workloads, we compute the average latency across all workloads
running on Serpens and Chasori, then compare it to the latency of
the Procyon-compatible variants. As shown, Procyon achieves a
speedup of up to 2.9x over Serpens, with an average speedup of
approximately 2.3X. Similarly, Procyon delivers a speedup of up to
3x over Chason, with an average speedup of 2.6X.

We can also observe that Procyon performs well under all three
PE pairing schemes. Notably, the improvement achieved with 1:1
PE Pairing is comparable to that of Greedy PE Pairing (GRD). As
expected, Global PE Pairing (GLB) consistently delivers the best
performance across all experiments, since it exhaustively searches
for the optimal PE pairs (Section 4.3). However, the difference in
improvement compared to 1:1 and Greedy pairing is relatively
small. Therefore, in scenarios where an exhaustive O(N?) search
is unnecessary (due to time constraints), 1:1 PE pairing can be
employed as a lightweight alternative with O(1) complexity.
Throughput: Figure 7 quantifies the throughput (GFLOP/s) of
Procyon-compatible architectures and the baselines. Procyon con-
verts a single sparse streaming accelerator into the throughput
equivalent of two or more standalone Serpens or Chasori instances
without employing any additional PEs. Procyon-compatible Ser-
pens [24] achieves up to 49.3 GFLOP/s for Group 6 (G6), compared
to an average of 20 GFLOP/s in Serpens [24]. Similarly, Procyon-
compatible Chason [3] reaches 61.2 GFLOP/s for G6, versus an
average of 30 GFLOP/s for the individual workloads on Chason.
Bandwidth Efficiency: Serpens [24], Chason [3] and their Procyon-
compatible variants are equipped with HBM on AMD Alveo U55C
that provides 14.37GB/s bandwidth (BW) per channel. Each accel-
erator design uses 16 HBM channels to store the sparse matrix,
yielding a total of 16 x 14.37 = 229.9GB/s peak input bandwidth.
To analyze the bandwidth usage, we use Bandwidth Efficiency, de-
% in [3, 24], as a metric. Figure 8 shows the
bandwidth efficiency of Serpens [24], Chasori [3] and their Procyon-
compatible variants. Procyon achieves better bandwidth efficiency
across all the workload groups.
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Figure 8: Bandwidth (BW) efficiency of Serpens [24] and Cha-
son [3] with and without Procyon for six group (G) of SuiteS-
parse workloads [5] (higher is better). AV stands for Average.
7.3 Monetary Cost Analysis

A major advantage of enabling multi-tenancy is eliminating the
need to instantiate multiple accelerator copies to serve concurrent
workloads. With Procyon, several workloads can execute simulta-
neously on a single sparse streaming accelerator. This not only im-
proves performance and PE utilization but also leads to substantial
reductions in system cost and operational overhead. In our evalu-
ation, each group contains six workloads. In a traditional setting,
supporting the concurrent execution of these six workloads would
require six separate accelerator instances, that is, six instances of
Serpens [24] or Chason [3]. Assuming deployment on AMD’s Alveo
U55C platform, this configuration would require six FPGA cards.
At a list price of 4,747 USD per device [30], the total hardware
cost amounts to 28,482 USD. In comparison, Procyon enables the
same six workloads to run concurrently on a single Alveo U55C
board, reducing the hardware cost by a factor of 6x. Furthermore,
because only one FPGA is required instead of six, the overall power
consumption is also reduced by an order of magnitude, resulting in
both economic and energy-efficiency benefits.

8 Conclusions

Existing sparse streaming accelerators remain limited by single-
workload execution and substantial PE underutilization caused by
non-zero scheduling inefficiencies. To address these limitations,
we proposed Procyon, a fine-grain multi-tenancy framework that
enables a single instance of sparse streaming accelerator to execute
multiple workloads concurrently. Our evaluation shows substantial
improvement in PE utilization and performance (throughput, BW
efficiency, etc), making Procyon a cost-effective solution.
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