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Abstract—Accelerating matrix operations has become increas-
ingly critical as AI models and scientific workloads continue
to scale. These applications involve matrices spanning sparsity
levels from <0.0001% to fully dense, demanding accelerators
that maintain high performance across this full range. However,
prior designs either target a narrow sparsity range, resulting
in inefficiencies outside their specialization, or support broad
sparsity at the cost of throughput, with the state-of-the-art
accelerator achieving less than 3.125% of peak performance on
highly sparse matrices.

We present HiT, a unified sparsity-adaptive architecture that
delivers consistently high throughput and efficiency across the en-
tire sparsity spectrum. HiT introduces two novel outer-product-
based dataflows, HSparse and MSparse, supported by a Parallel
Intersection & Distribution Unit and a Dual-mode Accumulator,
targeting highly and moderately sparse workloads, respectively.
These dataflows enable regular memory access to sparse data and
on-chip accumulation of partial sums while exploiting two levels
of spatial parallelism. As a result, HiT achieves high intersection
rates (more valid non-zero matches per cycle) and data reuse,
leading to high throughput. For dense workloads, HiT employs
an inner-product dataflow to maximize compute efficiency.

We benchmark HiT against Trapezoid, a state-of-the-art
accelerator for full-spectrum sparsity. Specifically, it delivers
a 3.24× geomean performance/area improvement on highly
sparse× highly sparse multiplications, 2.18× across all highly
sparse workloads, and 1.99× on moderately sparse workloads.
Across a comprehensive set of dense and sparse workloads, HiT
achieves 1.93× higher geomean performance/area and reduces
energy consumption by 1.64× compared to Trapezoid.

Index Terms—Sparse matrices, Matrix multiplication,
Dataflow, Accelerator architectures

I. INTRODUCTION

Matrix multiplication is a critical computational kernel pow-
ering numerous important application domains, including deep
learning [1]–[4], scientific computing [5], [6], tensor algebra
[7], and graph analytics [8], [9]. With the ever-increasing
demand and computational intensity of these applications,
enhancing the performance of matrix multiplications becomes
one of the key focuses in many commercial modern proces-
sors, such as GPUs [10] and TPUs [11], [12]. However, these
processors increasingly execute workloads spanning a wide
range of sparsity levels. While these processors excel on dense
matrices, they waste energy and cycles on the zero elements
prevalent in real-world sparse workloads [11], [13], [14].

Efficiently accelerating sparse matrix multiplication poses
significant challenges due to irregular data access patterns, low
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Fig. 1: Modern applications span a broad sparsity spectrum,
while specialized accelerators typically target a specific spar-
sity range. Trapezoid supports the full sparsity range but
underperforms on HS workloads. This work, HiT, achieves
high performance across all sparsity levels.

data reuse, low computational intensity, and load imbalance.
Furthermore, sparse matrices exhibit substantial variability in
sparsity within and across application domains. For instance,
non-zero elements commonly constitute less than 1% of the
data in graph analytics (highly sparse (HS)) [14], while
sparse convolutional neural networks have 1%-90% non-zero
elements (moderately sparse (MS)) [15], and fully dense (D)
matrices are prevalent in neural network training [2]–[4], [16],
as shown in Fig. 1. This wide range of sparsity levels demands
accelerator designs that can efficiently support diverse sparsity
patterns without sacrificing performance.

While many specialized accelerators have been proposed
to accelerate the sparse matrix multiplication [17]–[40], they
suffer from two key limitations. First, these accelerators are
typically optimized for limited sparsity ranges, leading to
significant inefficiencies when workloads deviate from their
targeted density. Second, many of these accelerators have
limited scalability, offering low peak throughput that cannot
scale to meet the demands of modern, large-scale matrix
computations. Prior works [22]–[25] have been designed with
only 16 or 64 MACs and are limited to scaling to only a
few hundred MACs. This scalability challenge is particularly
significant for accelerators targeting highly sparse matrix mul-
tiplication, where low data reuse and excessive data movement
remain major challenges. These limitations highlight the need
for a unified, high-throughput accelerator capable of efficiently
handling matrices across the entire sparsity range. Recent
work, Trapezoid [41], is the first large-scale unified matrix
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Fig. 2: Input and output density of 7 SuiteSparse Datasets.

multiplication accelerator. Although effective for D and MS
workloads, it only obtains 3.125% (512 MACs) of its peak
throughput in HS×HS multiplications, limiting its efficiency
on crucial workloads in domains such as graph analytics and
scientific computing.

Ideally, high-performance accelerators should adapt to the
available sparsity; however, prior designs continue to face
key challenges in accelerating HS workloads. We observe
that most accelerators targeting HS workloads employ a
Gustavson-based dataflow [19], [22], [28], [41]. Although
effective at a small scale, these accelerators struggle to main-
tain high throughput as the system scales. We find that the
main reason for this limitation is the large number of irregular
memory accesses to the input matrices introduced by the
Gustavson dataflow. As parallelism increases, the number
of random accesses to memory grows. Scaling up parallel
accesses to a single cache can become both challenging and
costly. Outer-product dataflows, on the other hand, elimi-
nate random accesses by reading the second input matrix
sequentially. However, they introduce a new challenge: a large
number of unmerged partial sums. This highlights the need
for dataflows that retain the outer-product’s sequential-access
benefits while effectively handling partial sum growth.

In this work, we present HiT, a unified sparsity-adaptive
accelerator that achieves high performance across the full spar-
sity spectrum. To efficiently support sparse computations, we
propose two novel outer-product-based dataflows: HSparse for
HS workloads and MSparse for MS workloads. The dataflows
eliminate the gather-induced memory contention that limits
Gustavson-style accelerators such as Trapezoid and enables
throughput to scale with compute parallelism. For D matrices,
we adopt the inner-product dataflow to maximize data reuse,
parallelism, and overall computational efficiency.

Concretely, HiT includes the following contributions:

• HSparse and MSparse dataflow, deliver three key
advantages: (1) higher valid matches and higher MAC
utilization by exploiting two levels of spatial parallelism
to match a larger number of non-zero inputs; (2) regular
memory access that avoids the memory read conflicts
and stalls inherent in Gustavson-based designs and (3)
efficient on-chip accumulation of partial sums, address-
ing a core limitation of prior outer-product accelerators:
OuterSPACE [18] requires costly off-chip accumulation,
and SpArch [26] relies on a large merge tree, limiting
scalability.
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Fig. 3: Matrix multiplication dataflows and data reuse com-
parison.

• Exploiting output sparsity. In HS×HS computation,
HSparse exploits high output sparsity (as shown in Fig. 2)
by storing partial sums on-chip in a compressed format,
increasing the buffer utilization. This also enables the
processing of larger tiles, which contain more non-zero
elements and therefore increase compute density and
throughput.

• Unified sparsity-adaptive architecture. HiT supports
HSparse, MSparse, and inner-product dataflows with a
unified architecture. Its Parallel Intersection & Distribu-
tion Unit enables large-scale, low-overhead index match-
ing without the power-intensive intersection units and
routing networks used in prior work [41]. The Dual-mode
Accumulator efficiently handles sparse partial sums. To-
gether, these components allow HiT to deliver state-of-
the-art performance across diverse sparsity levels to meet
the demands of modern large-scale workloads.

In our evaluation, HiT delivers 3.24× geomean perfor-
mance/area gain on HS×HS workloads, effectively overcom-
ing the severe throughput bottlenecks of prior HS accelerators
and Trapezoid. Across all evaluated workloads, HiT achieves
1.93× higher geomean performance/area and consumes 1.64×
less energy compared to Trapezoid, demonstrating its advan-
tage across the full sparsity spectrum.

For the rest of the paper, we use the term intersection /
intersect to denote the process of matching the column index
of a non-zero element in sparse Matrix A with the row index
of a non-zero element in sparse Matrix B. We use intersection
rate to quantify the ratio of valid matches between A and B
elements to the total number of index comparisons evaluated.

II. BACKGROUND AND RELATED WORKS

Matrix multiplication involves taking two matrices, A (size
M×K) and B (size K×N), and producing a new matrix C (size
M×N). The multiplication can be computed using one of the
three basic dataflows, each defining a specific execution flow,
as shown in Fig. 3.

Inner-product (IP) dataflow computes the dot product by
calculating one element of C at a time, multiplying a row of
A with a column of B. This process repeats until all elements
of a row in C are computed before moving to the next row.



Gustavson (Gust), also known as row-stationary dataflow, is
similar to IP but computes an entire row of partial outputs at a
time with each element of A. Outer-product (OP) multiplies
each element of a column of A with the corresponding row of
B, updating a row of C. The process repeats for all elements
in the same column of A before moving to its next column.

In accelerator design, dataflow selection is critical as it
directly influences the design of sparsity-handling modules and
the rate of both intersections and reductions. The following
subsections review prior accelerators that implement these
dataflows.

A. Related works

IP-based accelerators, such as TPUs, are typically used
for dense or MS matrix multiplications. They employ 2D
systolic arrays to deliver high throughput through immediate
reductions. But in sparse matrices, IP frequently matches zero
elements, leading to many ineffectual operations. Designs like
Sigma [17] only exploit A’s sparsity and remain inefficient for
HS matrices, where ineffectual multiplications dominate com-
putation. Gust-based accelerators are often developed for HS
matrix multiplications by performing row-level intersections.
This enables simpler intersection hardware but suffers from
poor B row reuse, resulting in random and repeated memory
accesses that become bottlenecks in highly parallel systems. To
mitigate this, accelerators such as GAMMA [19] use a heavily
banked fibercache with crossbars and tailored replacement
policies, while ACES [22] employs multibank designs with
the PureFiber policy to improve locality and concurrency. OP-
based accelerators target MS and HS matrix multiplications.
They avoid Gust dataflow’s irregular B accesses and scale well.
However, this comes at the cost of a large number of partial
outputs, increasing data movement and requiring specialized
merging mechanisms. Early OP-based accelerators like Out-
erSPACE [18] store partial sums off-chip. SpArch [26] reduces
off-chip traffic with matrix condensing and comparator-based
merge trees.

Accelerating Full Range Sparsity: CoSparse [42] and
STPU [43] are prior works that target both sparse and
dense workloads, but focus on matrix-vector multiplication.
Trapezoid [41] is designed to support full-range sparsity and
proposes two enhanced Gustavson-based dataflows for HS
matrices. Despite it being a state-of-the-art (SOTA), Trapezoid
reaches only 3.125% of its peak throughput for HS×HS and
12.5% for HS×MS and HS×D. We find that this computational
bottleneck is attributed to dataflow limitations, particularly the
inherent constraints of the Gustavson dataflow.

III. MOTIVATION

Modern workloads exhibit diverse sparsity patterns and
are often executed on the same accelerator platforms in
datacenters and high-performance computing systems. As a
result, accelerators must efficiently support the full sparsity
spectrum. However, most prior designs target only a narrow
sparsity range, resulting in poor performance outside their
target regime. In particular, prior accelerators supporting HS
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workloads often rely on Gustavson-based dataflow, which
becomes a bottleneck in large designs that require highly
parallel computation.

A. Limitation of Gust-based Dataflow in Large-scale Designs

Gustavson dataflow introduces irregular accesses to Matrix
B, and processing different elements of Matrix A in parallel
results in concurrent random accesses. Although many Gust-
based accelerators address this challenge through cache-based
optimization techniques, they are typically implemented with
a small number of MAC units (16-64) [19], [22], [24]. While
these techniques are effective for small designs, they may not
scale well, as cache complexity and contention grow signifi-
cantly with higher degrees of parallelism in larger systems.

Trapezoid [41] is a large-scale Gust-based accelerator with
128×128 MAC units. To mitigate the concurrent irregular
accesses at a large scale, it adopts a multi-level memory
hierarchy. The MAC units are divided into four clusters (32
PE rows per cluster), each sharing a 4MB, 32-bank cache,
connected via a 32×32 crossbar. However, for HS×HS work-
loads, Trapezoid obtains only 512 MACs/cycle despite a peak
of 16K MACs/cycle. To study its memory behavior, we model
the cluster-level memory system as a 32-bank SRAM (1 R/W
per bank per cycle), consistent with the reported design.

As shown in Fig. 4(a), speedup initially improves with
increasing PE rows but quickly saturates and MAC utilization
drops to around 10% at 256 rows. The decline stems from
bank conflicts that intensify as the number of concurrent
requests increases, introducing memory stalls that limit ef-
fective compute throughput. This contributes to the limited
sustained throughput of Trapezoid on HS workloads. At a
large scale, for Gust-based sparse accelerators, the memory
subsystem, not the compute resources, becomes the dominant
bottleneck. Although increasing the number of memory banks
can reduce conflict probability, it incurs substantial area and
power overhead due to the quadratic growth of the crossbar.
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due to a concurrent request to Bank 1, executing 1 out
of 4 multiplications in this illustrated step. HiT streams B
rows from different banks without contention, executing all
4 multiplications in this step. In practice, HiT processes 4
elements of A in parallel, matching multiple consecutive rows
of B.

B. Outer-Product Dataflow as a Scalable Alternative

Unlike Gustavson-style execution, OP dataflow avoids con-
current data-dependent accesses to Matrix B by executing
Matrix A column by column, which enables each row of
B to be streamed in sequentially. Notably, prior work [25]
shows that OP-based accelerators achieve strong performance
on highly sparse workloads. Motivated by the scalability
limitations of Gust-based execution (Fig. 4(a)), we therefore
explore OP-based dataflows as a scalable approach for sparse
workloads. To illustrate the difference concretely, Fig. 5
compares Trapezoid-style Gustavson execution with OP-based
execution adopted in HiT on the same workload.

In Trapezoid, each PE row independently requests the
required B row based on nonzeros in A. Because these requests
occur concurrently and map to shared memory banks, multiple
PEs may access the same bank in the same cycle, causing bank
conflicts. In the example, both PEs access Bank 1, forcing PE2
to stall. In Trapezoid’s HS×HS mode, each PE row is divided
into subrows, with each subrow mapped to a row of A. To
mitigate low utilization, only one multiplication is performed
per subrow in each cycle. As a result, although two B elements
are fetched, only one of the four multiplications is executed.
As parallelism increases, such conflicts become more frequent,
reducing utilization (Fig. 4(a)).

In contrast, HiT restructures sparse execution using an OP-
based dataflow. As elements of A are processed column by
column, rows of B are streamed sequentially from distinct
memory banks to the corresponding PEs, avoiding concurrent
bank accesses. In the example, PE1 (PE2) does not access
Bank 2 (Bank 1), eliminating conflicts and allowing all four
multiplications to execute in one step. By enforcing structured
streaming, HiT scales parallelism without increasing bank con-
tention, unlike Trapezoid, which requires additional memory
and routing resources.

C. Limitations of Naive OP and the Need for New Dataflows

While OP mitigates memory contention, naively scaling it
introduces a different challenge. Each non-zero in A generates
a full row of partial sums with B, leading to a large number
of unmerged partial sums (psums). As shown in Fig. 4(b),
the number of psums grows approximately superlinearly with
the number of active PE rows, creating significant on-chip
accumulation pressure. Therefore, while OP mitigates memory
contention, it shifts the scalability bottleneck to psum manage-
ment. Simply adopting OP is insufficient for sustaining high
throughput at scale.

These observations motivate the need for a new approach
that: (1) retains OP’s regular memory access, (2) reduces the
large number of psum through immediate on-chip accumula-
tion, and (3) adapts behavior across HS and MS workloads,
which exhibit drastically different intersection characteristics.
To this end, we introduce two novel dataflows: HSparse and
MSparse. By removing memory contention and bounding
psum growth, the two dataflows enable sparse execution to
scale with available compute resources, allowing throughput
to scale more effectively with parallelism. These dataflows
form the core of HiT, delivering high throughput across the
full sparsity spectrum.

IV. HIT ARCHITECTURE DESIGN

Overview: We present the overview of HiT in Fig. 6(a)-
(b). HiT is a spatial architecture organized hierarchically: 128
Compute Rows are grouped into 4 Compute Clusters (32 Rows
each), each connected to an exclusive set of Global Memory
banks. Each Compute Row in the Cluster is equipped with 128
multipliers and adders grouped into 4 Compute Groups (i.e.,
32 multipliers and 32 adders in a DMAccum unit per Group).
Compute Groups are interconnected via a ring network along
the y-axis within a Cluster. The layout of the multi-banked
Global Memory and its connections to each Compute Row in
a Cluster is depicted in Fig. 6(c).

To improve reuse and intersection rate in HS multiplications
(HS×HS, HS×MS, and HS×D), HiT implements a novel OP-
based dataflow, HSparse, enabled with unique sparsity han-
dling components, the Parallel Intersection and Distribution
Unit (PIDU), Dual-mode Accumulator (DMAccum), PSum
Router for the ring network, and multi-banked Local Buffer.
In HSparse, each Compute Row is statically connected to
four memory banks via dedicated channels and does not
access other banks in the Cluster. To support MS multiplica-
tions (MS×MS and MS×D), HiT implements a second OP-
based dataflow, MSparse, which efficiently handles a higher
intersection rate while reusing the PIDU, DMAccum, and
Local Buffer. In MSparse, Matrix B elements are broadcast
across Compute Rows through cluster-local replicated point-
to-point links. For D×D multiplications, we deactivate the
sparsity handling components to run HiT as a systolic array
with the standard inner-product dataflow. We discuss detailed
implementation in the following subsections.

Data storage format: We store a sparse matrix in a
COO-like format on-chip. The matrix is partitioned into tiles,
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and each non-zero element explicitly stores its own row
and column indices relative to the tile it belongs to. The
row and column indices are packed together with the data
element. Within each tile, non-zeros are stored contiguously
and arranged by column index then row index, enabling
regular sequential streaming that matches HiT’s outer-product-
based dataflows. Compared to CSR/CSC, this representation
increases storage by up to 1.23×. However, this overhead only
affects on-chip storage, as sparse data can remain in CSR/CSC
format off-chip and be converted to COO-like format on-the-
fly during memory streaming using a lightweight converter
[44]. For dense matrices, we store them in dense format.

A. HS Architecture

HS matrix multiplication has a very low data reuse and in-
tersection rate. To achieve high throughput, HSparse increases
the number of effective computations done in parallel by
intersecting multiple columns of Matrix A with multiple rows
of Matrix B. It exploits two levels of spatial parallelism: (a)
within a matrix column, multiple non-zeros from one A col-
umn are processed in parallel, and (b) across matrix columns,
multiple independent A columns are processed concurrently.
As each element in the same column matches all the elements
from the corresponding B row, a column-to-row intersection
always guarantees a match when the corresponding rows and
columns are non-empty. Furthermore, as we process Matrix
A by column, the access to Matrix B is regular, eliminating
the memory contention experienced by Gust-based dataflows.
Fig. 7(a) illustrates a simple example of HSparse’s mapping
to hardware. To compute multiple columns of A in parallel,
Matrix A is divided along the column dimension into three
tiles, each mapped to a Compute Row. Matrix B is divided
along the row dimension into corresponding tiles. In practice,

the matrix is tiled based on the available Compute Rows and
workload size. At the start of execution, the first few tiles of
matrices A and B are preloaded into the memory banks of
their respective Compute Rows.

With an outer-product-based dataflow, a large number of
psums are generated in parallel. HSparse merges these psums
by decoupling the multiplication and accumulation process,
where psums can be produced in a different Compute Row
than where they should be stored. As shown in Fig. 7(a), each
Buffer in the Compute Row is assigned to store specified rows
of the C Matrix on-chip. Fig. 7(b) describes the execution
of HSparse in the Compute Cluster. In the multiplication
phase, to improve multiplier utilization under low density,
each Compute Row streams groups of B rows and processes
multiple A elements per cycle. In this example, each Row
streams from its dedicated Global Memory banks with up to
4 non-zero B elements and 2 non-zero A elements, matching
the number of Groups. As there is no dependency among
the data across the Compute Rows, multiplication is done
in parallel. In the accumulation phase, psums are routed via
the ring network to the destination Row for reduction. In the
example, we focus on the psum1 (blue a1), psum2 (orange
a1), and psum3 (yellow a1), the products of a from each
tile of Matrix A and 1 from each tile of B. Since psum1
is computed where it should be stored, it is accumulated
locally. For psum2 and psum3, they are computed in a different
Compute Row than where they should be accumulated. They
are routed via the ring network to the destination Row. In our
hardware implementation, HiT matches a maximum of 4 A
elements with up to 64 B elements per cycle from different
B rows (i.e., 32/64 for HS and MS inputs, 64 for D input)
to balance the performance and area trade-offs. Accordingly,
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as each Compute Row contains four Compute Groups, each
Compute Group processes one A element per cycle.

In the following paragraphs, we first explain the high-
level execution process of a Compute Group, then detail the
hardware components.

Example walkthrough: Fig. 8 presents a scaled-down ex-
ample of the execution of HSparse. We focus on one Compute
Row, assuming it is the first Row with a wrap-around link to
the last Compute Row and a downlink to Compute Row 2,
depicted as red arrows. As each Compute Group has the same
architecture and operates in the same way, only one Group is
shown. In this example, 1 non-zero element of A and 4 non-
zero elements of B from the Global Memory are streamed into
a Compute Group capable of handling 2 multiplications and
accumulations in parallel. The execution flow is as follows: (1)
the PIDU matches the coordinate of the A element with all
the B elements, then distributes the matching pairs to each
multiplier. (2) The multipliers produce the result and send
it to the PSum Router, which checks the row index of the
results. As the results are psums of the second C row assigned
to Compute Row 2, they are sent out of this Row via the
downlink. (3) The DMAccum in this Row remains inactive in
this case.

Parallel Intersection & Distribution Unit (PIDU): This
unit performs non-zero matching and distributes the matched
pairs across multipliers. As illustrated in Fig. 9, the PIDU
first performs parallel column-to-row index comparisons to
match each A element with the grouped B elements (from
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Fig. 8: A scaled-down example of a Compute Group, part of
a Compute Row, showing the execution of HSparse.

multiple rows of Matrix B). It then computes leading-zero
counts and uses a lightweight shifter (rather than a barrel
shifter) driven by the count to align matched B elements
with available multipliers. The process is pipelined across four
stages. In the example, the shift unit shifts B’s entries left
by one position, assigning matched values 2 and 3 to Mult1
and Mult2, respectively. In HiT, a total of 64 comparators
per Compute Group are used to match the A element with
the group of B elements. Although we intersect with more
elements than the available multipliers, given the high sparsity,
the number of matches rarely exceeds 32. In the case that
matches exceed, reading of new A elements is stalled until
the current matches are all processed.

PSum Router & Ring Network: The PSum Routers
are interconnected, forming a ring network. The ring is a
lightweight bidirectional network composed of point-to-point
links between neighboring Compute Groups along the y-axis
within each Cluster (Fig. 6). Each link transfers a vector
of psum and column-index pairs with row metadata per
cycle, over a wide parallel bus matched to the accumulator
parallelism. The Router checks for the row index of psums
and either forwards them to the local DMAccum or routes
them to the designated Compute Row via the ring network.
To handle data congestion, each router uses four ring buffers:
size 6 for up and down incoming, 4 for multiplier incoming,
and 6 for DMAccum forwarding. When a buffer is full, the
Compute Row stalls until space is available. These sizes are
chosen to balance performance and cost, as doubling structures
reduces latency by just 10% while incurring 2× higher area
and power overhead.

Exploitation of output sparsity & Dual-mode Accumula-
tor (DMAccum): As shown in Fig. 2, HS×HS multiplications
produce HS/near HS outputs. HSparse leverages this character-
istic by storing results in a compressed format. This increases
buffer utilization and allows a large, sparse output matrix
to be stored with a small buffer size. In addition, it allows
HiT to process larger input tiles that contain additional non-
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zero elements, increasing intersection rate and computation
intensity. Fig. 10(a) illustrates how sparse values in the same
row are packed into a Local Buffer row. This compressed
format is used only for HS×HS; outputs of all other workloads
are stored densely due to higher output density (Fig. 10(b)).
Given the two different memory layouts, the Accumulator has
to operate in 2 modes.

In the first mode, for HS×HS where outputs are irregu-
larly distributed. Naively accumulating a new psum requires
comparing it against all entries in a Local Buffer row, which
can be expensive. To reduce the number of comparators, we
use a binning-compare-update procedure, shown in Fig. 10(b).
Given three psums from the same output row, we map each
psum to a memory bin using the modulo operation. The bin
index and row index identify the target memory bank and row,
respectively. Since each bin holds two entries in this example,
each psum compares against only two candidates instead of all
four in the row. After comparison, one of three actions occurs:
(1) a match is found, and psum is updated; (2) no match but
the bin contains empty slot(s), the psum is inserted into the
first empty slot (with priority encoding on conflicts); or (3)
the bin is full, the psum spills to an overflow buffer for the
next round of accumulation.

In the second mode, for all other sparse workloads, outputs
are stored densely, allowing direct row-column indexing to
update psums. Together, these mechanisms allow HiT to
sustain high-throughput accumulation for HS workloads while
keeping buffer and comparator area modest.

Tiling: Non-zeros in HS matrices often cluster, producing
partial outputs with uneven density requiring a large buffer
with low utilization. To alleviate this problem, we interleave
columns of B to balance non-zeros without affecting cor-
rectness. In our evaluation, this reduces the buffer size by
14× and greatly improves buffer utilization. For HS×HS
multiplications, HiT supports two tiling strategies. The default
method samples bitmap intersections to select tile sizes that
ensure all partial sums fit in Local Buffers. A conservative
alternative selects smaller tiles based on overestimated output
sparsity. If an overflow occurs, HiT employs row-granularity
spilling. When entries from all banks of a row become full
and a new psum maps to that row, the entire row is spilled to
on-chip Global Memory, the row is cleared, and accumulation
continues. After tile completion, spilled segments are reloaded
and merged in a second pass. Under this conservative strategy,
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Fig. 10: Dual-mode Accumulator (DMAccum) unit.

a spill of psum data is rare, with an average of 3.30% of
output rows being spilled to Global Memory, introducing an
average overhead of 4.05% across 4 HS×HS workloads. In
the evaluated workloads, we use bitmap-based tiling to ensure
all psums fit in the Local Buffer. For MS and dense matrices,
inputs are tiled so that the dense outputs fit entirely in the
Local Buffer, keeping all partial sums on-chip.

B. MS Architecture

HiT implements a second OP-based dataflow, MSparse.
Similar to the HSparse, MSparse increases throughput by
intersecting multiple columns of Matrix A with multiple rows
of Matrix B. Since HSparse implements an efficient PIDU
component for parallel input intersections, we reuse the same
component in MSparse and focus on solving the accumulation
of the large number of psums.

Unlike HS matrices, MS matrices present much higher
element density and intersection rate. Using the ring network
present in HSparse will incur a large amount of data move-
ments, leading to high latency in accumulating the psums.
Therefore, we design MSparse to accumulate psums imme-
diately within the same Compute Row. This is achieved by
mapping rows of Matrix A to one Compute Row so that psums
required to form the final outputs are produced within the same
Row.

However, this approach introduces one of the three prob-
lems: (1) large memory overhead, since each Compute Row
would require on-chip storage of the entire Matrix B to sustain
high performance; (2) large number of memory accesses, as
partitioning B by rows and processing each partition separately
forces repeated off-chip accesses whenever new rows of A are
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Fig. 11: Example of MSparse Dataflow

mapped; or (3) the need for a complex memory system to
support random access from multiple Compute Rows.

To solve this problem, we partially synchronize the com-
putation in a Compute Cluster by streaming a group of 64
B elements per cycle from Global Memory and broadcasting
to Compute Rows. This solution enables regular memory
access and leverages the key properties of MS multiplication,
where element density and intersection rate are high, and
each tile shares a similar distribution. Furthermore, we use
an interleaving technique in mapping the rows of Matrix A to
each Compute Row to decluster possible patterns in the matrix.
Fig. 11(a) illustrates an example of this mapping, showing
three row-wise partitioned tiles of Matrix A assigned to three
Compute Rows and Matrix B is shared within a Compute
Cluster. Fig. 11(b) outlines the execution procedure in a
Compute Cluster, where HiT accesses memory sequentially
and processes multiple A elements within and across the Rows
in parallel. Although synchronizing the Compute Row can
incur additional latency, based on our evaluations, the overhead
is maximally 12% on the evaluated workloads.

Example walkthrough: Fig. 12, shows an example of HiT
running MSparse. We focus on one Compute Group from a
Compute Row. The components not activated in this dataflow
are grayed out. Similar to HSparse, 1 non-zero element of A
and 4 non-zero elements of B are streamed into a Compute
Group with 2 multipliers and accumulators. All the C results
are buffered in the same Compute Row. The execution flow
is as follows: (1) the PIDU matches the coordinate of the A
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Fig. 12: A scaled-down example of a Compute Group in a
Compute Row, showing the execution of MSparse dataflow.
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Fig. 13: A scaled-down example of a Compute Group in a
Compute Row, showing the execution of dense IP dataflow.

element with all the B elements, then distributes the matching
pairs to each multiplier. (2) The multipliers produce the results
and send them to the DMAccum, bypassing the PSum Router.
(3) The DMAccum sends a read request based on the row
index of the results to the Local Buffer to fetch the partial
results to perform accumulation.

C. Dense Architecture

We implement the standard inner-product dataflow in HiT,
which is highly efficient in processing D×D multiplications.
To support the dataflow, we transform the architecture into a
2D systolic array by adding connections between multiplier
groups in each Compute Row and between DMAccum both
within and across Compute Clusters. This resembles the TPU’s
matrix multiplication unit with 128×128 MACs, and the only
difference is the number of multiplication pipelines. As we
divide 128 multipliers per Compute Row into 4 groups, 32
multiplications can be done per cycle per Row, simplifying
the layout to 128×4 with 4 multiplication pipeline stages. The
components developed to handle sparsity are clock-gated with
Buffer power-gated.

Example walkthrough: Fig. 13 shows a dense input ex-
ample. In this mode, Matrix B is mapped spatially across the



TABLE I: Dataset Details

Name Dimension Density

HS

p2p-Gnutella24 26518 × 26518 9.3e-5
ca-CondMat 23133 × 23133 3.5e-4
opt1 15449 × 15449 8.1e-3
cage12 130228 × 130228 1.2e-4
poisson3Da 13514 × 13514 1.9e-3
msc10848 10848 × 10848 1.0e-2

Name Dimension Density

Activation Weight Activation Weight

MS Resnet50-0.4 1024 × 14 × 14 1 × 1, 256 0.46 0.37
512 × 28 × 28 1 × 1, 128 0.65 0.52

Vgg16-0.4 512 × 28 × 28 3 × 3, 512 0.23 0.38

MS / D Llama2-7b
1024 × 11008 11008 × 4096 1 0.20 / 1
1024 × 4096 4096 × 11008 1 0.40 / 1
1024 × 11008 11008 × 4096 1 0.60 / 1

architecture, each row to a Compute Row. Elements of A are
streamed in row by row across the Compute Rows. Psums
are accumulated vertically along the y-axis, forming the final
Matrix C. We focus on one Compute Group from a Compute
Row. The execution flow is as follows: (1) the data are sent
directly to each multiplier, bypassing the components in the
PIDU. (2) The multipliers produce the results and send them
to the adders in DMAccum, bypassing the PSum Router. (3)
The adders accumulate the data from the multiplier with the
psums received from Compute Row 1, then generate results
for the next Compute Row.

D. Hardware Reuse and Dataflow Switching

Hardware Reuse: In HiT, the compute fabric is largely
shared across modes. HSparse and MSparse reuse the same
components, with HiT gating only the PSum Routers in
MSparse. In dense mode, only the multipliers, DMAccum
adders, and a linear adder network remain active, while
sparsity-specific components are bypassed and clock/power-
gated.

Dataflow Switching and Dynamic Sparsity: HiT supports
static dataflow reconfiguration via lightweight control logic,
where configuration flags enable or disable hardware compo-
nents, select datapaths, and initialize Compute Rows. Recon-
figuration completes in a fixed number of cycles independent
of matrix size, accounting for only 0.009% of execution
time (geomean). The dataflow is selected once per dataset by
the user using sparsity-based heuristics: matrices with <10%
density are treated as HS, 10-90% as MS, and >90% as dense,
consistent with observed ranges in SuiteSparse and neural net-
work workloads. While coarse-grained, this heuristic suffices
for most inference and offline workloads where sparsity is
stable at the dataset or layer granularity. Supporting dynamic
sparsity would require runtime sparsity estimation and tile-
or batch-level dataflow switching. ML-based selectors such as
Misam [45] are complementary and can be integrated to enable
adaptive behavior, potentially improving dataflow selection
accuracy.

V. EVALUATION METHODOLOGY

Datasets: We evaluate the performance and energy effi-
ciency of HiT using 27 real-world matrix multiplication work-

TABLE II: HiT Design Specification

Hardware Component Specs

Compute Multiplier 4 × 32, FP32
Row PIDU 4 × (64 comparator & shifter)

PSum Router 4 × 6 ports (3 inputs & 3 outputs)
ring buffer size: 6 (up/down incoming), 4 (multiplier in),
6 (out to DMAccum)

DMAccum 4 × (32 FP32 adders & 512 comparators)
Local Buffer 11.4KB, 8 banks, register file

Compute Cluster 32 × Compute Row

Global Memory 16MB, 512 SRAM banks,
64B datawidth

Overall 4 × Compute cluster @ 1 GHz
17.5MB memory, HBM @ 2TB/s

loads from SuiteSparse dataset [13] and 3 representative deep
neural networks: Llama2-7B [2], ResNet50 [3], and VGG16
[16]. These workloads are selected to cover a wide range of
sparsity characteristics, from HS to D matrices, enabling a
comprehensive evaluation of HiT’s effectiveness across diverse
practical scenarios. Table I shows the size and density details
of the datasets.

We use SuiteSparse datasets for HS workloads. For HS×HS,
we compute M×MT following prior HS accelerator [41]. For
HS×MS, each HS matrix is multiplied by three random matri-
ces (1024 columns, densities 0.2, 0.4, 0.6). For HS×D, HS is
multiplied by a dense matrix with 1024 columns. For MS and
D workloads, we use DNN layers. MS×MS uses unstructured
sparse (40% density) ResNet50 and VGG16 models [46],
evaluating three convolution layers from ImageNet inference
[47]. The convolution layers are converted offline to matrix
multiplication using the standard im2col transformation [48].
For MS×D, we evaluate three Llama2-7b projection layers
(sequence length 1024). Although Llama2 is inherently dense,
we applied magnitude-based pruning to its weight matrices to
introduce sparse matrix multiplications, using pruning levels
(0.2, 0.4, 0.6) consistent with recent GPT sparsification stud-
ies [49], [50]. D×D uses two dense projection layers from
Llama2-7b with different dimensions.

HiT Implementation: We built a cycle-level simulator
to model each component of HiT, using the specifications
detailed in Table II and a set of configurations to select
datapaths and model static dataflow switching. This design
achieves a peak throughput of 32 TFLOPS and consists of
128 Compute Rows, each featuring 128 FP32 multipliers and
adders. Each Compute Row has access to a Local Buffer of
11.4 KB and shares 4MB of Global Memory. In total, the
architecture provides 17.5 MB of on-chip memory. Addition-
ally, we simulate based on a 2 TB/s HBM main memory,
representative of current generation GPUs and TPUs.

The simulator models the activities of all hardware compo-
nents per cycle. To obtain latency results, we run the simulator
with the abovementioned datasets, faithfully capturing con-
tention and pipeline stalls. To obtain the area, we implemented
each of the components in Verilog and synthesized the design
using Synopsys Design Compiler with 22nm technology node
at 1 GHz. We then use Synopsys PrimePower to measure the
power. Both simulator and RTL designs are validated using
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Fig. 14: Area and power breakdown of HiT and comparison
against TPU and Trapezoid. *The 22nm results of Trapezoid
are scaled from 16nm and 15nm based on [53].

microbenchmarks to ensure correctness. We use CACTI [51]
to estimate the area and power of the on-chip Global Memory
at 22nm. The energy consumed by HBM accesses (3.9 pJ/b)
is obtained from a prior study [52]. HiT adopts FP32 preci-
sion to ensure fair comparison with prior accelerators (e.g.,
Trapezoid). Additionally, HiT targets general sparse matrix
multiplication beyond NN inference, where higher precision
remains relevant.

Baselines: We primarily compare HiT with Trapezoid, a
unified accelerator of similar scale and design goals. Addi-
tionally, we compare against a modern version of the TPU
[11] featuring dedicated Matrix Multiply Units (MXU). Both
Trapezoid and the TPU employ spatial array architectures
with 128×128 MACs and global cache memories of 17MB
and 16MB, respectively, closely aligning with the resources
available in HiT. To provide comprehensive coverage, we
compare against sparsity-specialized accelerators targeting dif-
ferent regimes: Sigma [17] and Flexagon [25], which are opti-
mized for MS workloads; SpArch [26] and OuterSPACE [18],
which focus on HS outer-product execution; and Spada [24],
which supports both MS and HS regimes through adaptive
dataflow mechanisms.

For Trapezoid, we build a cycle-level simulator that models
the latency using its published specification. The model cap-
tures its 128 processing rows (128 MACs each), compute clus-
ters (32 processing rows each), tiling strategy, dataflows, in-
tersection behavior, and multi-level memory hierarchy. Where
low-level details were not explicitly specified, we adopted
assumptions favorable to Trapezoid. In particular, we assume
conflict-free cache banking for both reads and writes and
allow HS partial results to stream off-chip with minimal on-
chip buffering overhead. Since Trapezoid reports normalized
speedup over a TPU-like baseline, we validated our model by
reproducing its published speedup under the same configura-
tion, with error below 2%. Area and power are taken from the
original paper.

For TPU, we simulate the MXU and refer to this baseline as
TPU-like. We estimate the area and power of TPU-like based
on results from our synthesized FP32 multiplier, FP32 adder,
and CACTI cache models. The results are validated against
prior work [54]. Latency and power for Sigma and Flexagon
are derived from Trapezoid’s results, as they are scaled to
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match Trapezoid, which aligns with HiT’s configuration. We
refer to both accelerators as Sigma-E and Flexagon-E to
denote the derived results. Latency of Spada is obtained from
its open-source simulator, scaled to match HiT’s area with
4128 MACs, 16MB global memory, and the same HBM
bandwidth. GFLOPS for SpArch and OuterSPACE are scaled
from SpArch’s results.

VI. EVALUATION RESULTS

A. Area and Power

We evaluate area and power using Synopsys compile com-
mand, with baseline optimizations. While a full backend flow
would provide more accurate wire-aware estimates, both HiT
and Trapezoid are evaluated at the same RTL and memory-
model abstraction level. Any wiring overhead from physical
implementation would affect both designs similarly. Fig. 14
shows the area and power breakdown of HiT. The same figure
also compares the area and power of HiT against the TPU-
like and Trapezoid. Since Trapezoid reports area at 16nm
and power at 15nm, we scale both results to 22nm using the
methodology from [53] to ensure a fair comparison.

1) Area: HiT occupies 166.3 mm2 in 22nm, which is
1.07× that of Trapezoid and 1.82× that of the TPU-like
design. Although the TPU-like design requires less area over-
all, it lacks the sparsity-handling components to efficiently
accelerate sparse matrices. Trapezoid and HiT dedicate more
than half of their total area to handling sparse computation. In
HiT, the novel MSparse eliminates the need for an intersection
module, which accounts for approximately 20% of Trapezoid’s
area (Fig. 15, (top)). The primary area trade-off is the register-
file-based buffer (discussed in the following subsection), which
is approximately 4× larger than the SRAM-based buffer
used in Trapezoid. Fig. 15, (bottom) compares the percentage
of active area under different execution modes in HiT and
Trapezoid. For dense workloads, both designs exhibit similar
active-area fraction. For MS, the Trapezoid shows a higher
active-area fraction, as most sparsity-related components are
active except for the crossbar used in HS mode. In HS mode,
HiT activates all components, while Trapezoid disables its
intersection module, resulting in a lower active-area fraction.

2) Power: HiT consumes between 54.6 W and 113.5 W,
while Trapezoid’s power ranges from 36.7 W to 280.1 W.
At peak utilization, HiT consumes 2.47× lower power than
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Trapezoid, but 2.27× more power than the TPU-like design.
In Trapezoid, power consumption is lowest when process-
ing HS workloads due to its low throughput, but increases
significantly for MS workloads as its complex intersection
unit and distribution networks are activated. In contrast, HiT
consumes the most power during HS processing to sustain
high throughput, and the least power during D processing,
where sparsity-handling modules are clock-gated and Local
Buffer power-gated to reduce power consumption. The TPU-
like design consistently consumes the least power overall, as
it does not include sparsity-handling components.

3) Area and power comparison of register file and SRAM:
To support the high bandwidth demands of HSparse and
MSparse during on-chip accumulation, we implement low-
latency multi-ported register files in each Compute Row,
enabling up to 4 reads and 4 writes per bank. To compare
its cost against SRAM alternatives, we use CACTI to model
functionally equivalent multi-ported SRAMs at 22nm. While
SRAM is inherently more power-efficient, achieving the same
access bandwidth incurs 16.7× higher area than our register-
based buffers. Given the access intensity of HiT, the register
file presents a more balanced choice, offering the necessary
bandwidth with considerably lower area cost.

B. Performance Comparison

We use performance/area as the comparison metric to ac-
count for the difference in area. The reported results measure
accelerator kernel execution time only.

Overall Performance: In Fig. 16, we present the compar-
ison of HiT against the specialized dense accelerator TPU-
like, MS accelerators Sigma-E and Flexagon-E, and Trapezoid,
which supports the full range of sparsity. For each category of
multiplications, we compute the geometric mean (geomean)
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Compute Cluster remains idle while waiting for other Clusters
to complete execution due to workload imbalance in HS
datasets.

of the datasets listed in Table I normalized to HiT. The
overall geomean is computed across all evaluated datasets. HiT
achieves consistently high performance/area across all sparsity
levels, outperforming TPU-like, Sigma-E, Flexagon-E, and
Trapezoid by 66.5×, 8.22×, 5.84×, and 1.93×, respectively.
While HiT can operate as a systolic array for D×D work-
loads, its larger area leads to a 1.23× lower performance/area
than TPU-like. However, TPU-like degrades significantly with
increasing sparsity and is inefficient on HS×HS workloads.
In contrast, HiT achieves a 3.24× higher geomean perfor-
mance/area than Trapezoid on HS×HS workloads by lever-
aging its sparsity-handling components, effectively addressing
the low-throughput bottlenecks of prior HS accelerators.

MAC Utilization: We compute MAC utilization as the
percentage of effective MACs over the total possible MACs
multiplied by execution cycles. Fig. 17 shows representative
benchmarks in which HiT consistently outperforms TPU-like
and Trapezoid. Specifically, in HS workloads, where MAC
utilization is inherently low, HiT improves utilization by
3,933× over TPU-like and 2.35× over Trapezoid. In particular,
HiT achieves 3.46× higher utilization than Trapezoid on
HS×HS workloads. These improvements stem from MSparse
and HSparse, which exploit spatial parallelism and perform
more effective non-zero matches per cycle.

Component Activity and Performance Breakdown: To
understand the factors limiting MAC utilization in HS work-
loads, we analyze component activity and performance over-
heads. Fig. 18(a) shows that sparsity-handling units within
a Compute Row remain highly active: Routers and Buffers
operate in nearly all cycles, while PIDU and DMAccum are
active for a substantial fraction. Fig. 18(b) further shows min-
imal stalls within each Compute Row, with DMAccum stalls
below 1% of cycles. The overhead mainly arises from work-
load imbalance across Compute Clusters. Beyond architectural
overheads, utilization is further limited by the intrinsically low
intersection rates of HS×HS workloads, where only 0.12%
(geomean) of PIDU comparisons yield valid matches.

Off-chip Traffic: Fig. 19 shows the off-chip traffic of HiT
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for HS workloads. HS computations are typically memory-
bound, and OP-based dataflows can incur high data movement.
Nevertheless, HiT significantly reduces off-chip traffic, achiev-
ing savings comparable to the memory-efficient Gustavson-
based dataflow used in Trapezoid. This improvement is driven
by HSparse, which increases data reuse and accumulates
psums on-chip.

For ca-0.4 and ca-0.2, B tiles are small enough that the
entire Matrix A fits on-chip alongside a B tile, eliminating
A re-accesses; execution proceeds by streaming successive B
tiles. For denser workloads such as opt1, HiT uses smaller
working tiles than Trapezoid to sustain on-chip accumulation,
increasing A re-accesses and raising traffic by 30%. Although
msc is denser than opt1, its smaller tile size allows multiple
B tiles to be buffered simultaneously, enabling greater reuse
of the same A tile and resulting in traffic comparable to
Trapezoid.

Latency overhead of compute synchronization: In
MSparse, we introduce partial synchronization of computation
across Compute Rows within a Cluster. This design exploits
the more regular non-zero distribution in MS matrices, allow-
ing data fetched from Matrix B to be fully utilized within the
Cluster. Across 3 evaluated MS×MS datasets, averaging over
all 4 Compute Clusters, synchronization introduces at most
12% latency overhead, resulting in minimal impact on overall
performance.

Representative Workload Analysis: We evaluate 9 repre-
sentative SuiteSparse matrices spanning diverse sizes and spar-
sity levels. Since the TPU-like design is optimized for dense
computation and performs poorly on HS matrices, we focus
on Trapezoid and specialized sparse accelerators. As shown in
Fig. 20, HiT consistently outperforms all baselines. In HS×HS
multiplications, it achieves a geomean 3.65× speedup over
Trapezoid, enabled by HSparse’s highly parallel non-zero in-
tersection unit that increases MAC utilization. In HS×MS and
HS×D workloads, the performance gains are slightly lower as
density increases and HSparse streams fewer B rows per tile,
reducing matching opportunities with HS A elements. Never-
theless, HiT achieves geomean performance/area improvement
of 46.9×, 4.35×, and 2.33× over Sigma-E, Flexagon-E, and
Trapezoid, respectively, demonstrating its ability to obtain high
throughput and utilization across HS workloads.

For MS workloads, HiT achieves a geomean perfor-

mance/area improvement of 1.99× to 11.91× over MS spe-
cialized baselines, Sigma-E and Flexagon-E, and Trapezoid.
The TPU-like design fails to exploit input sparsity, wasting
cycles on ineffectual MACs, while Trapezoid is limited by
its intersection unit and small tile size. Sigma’s IP-based
approach only benefits from one-sided sparsity, and Flexagon,
when scaled to HiT’s area, peaks at just 8.58 TOPS. In
contrast, MSparse efficiently exploits two-sided sparsity while
maintaining high parallelism and MAC utilization, which
directly translates to lower latency. Overall, HiT achieves high
performance across the sparsity spectrum, driven by its higher
MAC utilization.

BF16 Performance Comparison: HiT’s architectural con-
tributions are orthogonal to numerical precision and extend
naturally to reduced-precision formats. Accordingly, we eval-
uate HiT with BF16 multiplication and FP32 accumulation
at 1 GHz, matching the precision used in the original TPU
and Sigma designs. Under this setting, HiT achieves 1.95×
and 1.53× higher geomean performance/area than BF16 TPU-
like and BF16 Sigma-E, respectively, across MS and dense
workloads. For MS workloads, the gains increase to 3.34× and
1.85×, while for dense workloads, the larger area results in
1.33× and 1.04× lower performance/area. Overall, HiT retains
strong advantages under reduced precision.

C. Energy Comparison

Fig. 21 shows energy breakdown across representative real-
world workloads. For the baseline accelerators, we estimate
total energy as the sum of compute energy and HBM access
energy, since only aggregate accelerator power is reported.
For HiT, we provide a finer-grained energy breakdown across
components to highlight the source of its efficiency. Since
Trapezoid reports a range of power values, we estimate its
MS energy using the peak power, HS×HS using its lowest,
and the lowest power plus additional activated resources for
other HS workloads.

In MS workloads, compute energy dominates due to high
operation volume compared to the access energy of a small
matrix size. HiT reduces energy by 3.01× , 5.02×, 5.79×, and
5.59× over TPU-like, Sigma-E, Flexagon-E and Trapezoid. In
HS workloads, compute remains dominant in Trapezoid and
HiT due to the power-consuming sparsity handling compo-
nents. Excluding unavailable results, HiT achieves 8.86× and
2.11× lower geomean energy than Sigma-E and Flexagon-E,
respectively. HiT consumes 1.27× less energy than Trapezoid,
except in p2p-p2p, where limited speedup (2.02×) of HiT and
Trapezoid’s 3.09× lower power result in 39% higher energy.

D. Latency Comparison with Specialized Accelerators

We compare HiT with Spada, an adaptive-dataflow accel-
erator for MS×MS and HS×HS workloads. As shown in
Fig. 22, HiT achieves superior performance, obtaining 2.29×
higher geomean performance. Spada performs well on the
relatively regular and dense p3da dataset, where its profiling-
guided configuration is effective, but its performance drops
on the irregular and sparse p2p dataset to about half of
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HiT. In MS×MS, Spada is compute-bound, when scaled to
the same area as HiT, its peak throughput is 3.96× lower,
limiting overall performance. We also evaluate throughput
against prior OP-based HS accelerators, using comparable
SuiteSparse workloads. Scaling to HiT’s area, OuterSPACE
achieves 9.6 GFLOPS and SpArch achieves 188 GFLOPS,
while HiT reaches 843 GFLOPS, 87.2× and 4.48× faster,
respectively.

VII. DATA PREPARATION AND SCALABILITY

Preprocessing: Following prior practice [19], [21], [26],
[41], matrix tiling and data formatting for HSparse and
MSparse are performed offline on the host CPU, and the
reported results measure only accelerator execution time. In
HiT, preprocessing takes 3.47 s (HS) and 0.009 s (MS); this
one-time cost is amortized in iterative workloads [55]–[58].
Data preloading: For D×D workloads, both HiT and Trape-
zoid operate as systolic arrays and load tiles of identical size.
For MS datasets, the overhead is negligible (below 0.01%).
For HS datasets, preloading contributes a geomean of 0.51%
of runtime in HiT and 0.15% in Trapezoid. Including this

overhead slightly reduces HS×MS geomean performance/area
improvement by 1.10%, compared to Trapezoid.

Scalability: HiT is organized hierarchically to allow exten-
sion to larger configurations without fundamental redesign. At
the system level (scale-out), multiple nodes can be connected
via high-speed links, similar to TPUs [12]. Within each node
(scale-up), the architecture can be extended by increasing
the number of Compute Clusters and Groups per Compute
Row while preserving the local ring network. However, larger
deployments would require proportionally greater on-chip and
off-chip memory bandwidth.

VIII. CONCLUSION

We presented HiT, a unified sparsity-adaptive architecture
for matrix multiplication across the full sparsity spectrum.
It introduces two novel dataflows, HSparse and MSparse,
which overcome the irregular memory access and psum ac-
cumulation challenge of prior Gustavson- and outer-product-
based designs. HiT achieves up to 3.24× higher geomean
performance/area, and 1.64× energy saving over the state-of-
the-art accelerator, establishing a new benchmark for unified
sparse and dense computation.
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