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SPSA: Exploring Sparse-Packing Computation on
Systolic Arrays From Scratch

Minjin Tang , Mei Wen , Jianchao Yang , Zeyu Xue , and Junzhong Shen

Abstract—Sparse matrix-matrix multiplication (SpMM) and
Generalized SpMM (SpGEMM) are essential computational
kernels in domains, such as graph analytics and scientific com-
putation. While systolic arrays have traditionally been employed
as specialized architectures for complex computing problems like
matrix multiplication, they exhibit inefficiency when dealing with
sparse matrices. This inefficiency arises from the unnecessary
operations performed by processing elements (PEs) that contain
zero-valued entries, which do not contribute to the final result.
To address this issue, we propose SPSA, a framework that
leverages a sparse-packing algorithm suitable for systolic arrays
to accelerate sparse matrix computations. Our approach achieves
significant reduction of zero-valued items and improves matrix
density by packing the rows or columns of the sparse matrix.
Furthermore, we have introduced for the first time a data
representation format tailored to systolic arrays, called CSXD,
which further enhances storage and computational efficiency.
Importantly, our adaptation scheme enables acceleration benefits
even with limited resources. Through sparse packing, SPSA
achieved a 5.2× performance improvement compared to the
dense baseline, and further reached a 6.4× enhancement via
CSXD. Simultaneously, CSXD realized an average storage effi-
ciency improvement of 15.0×. Through extensive evaluations,
SPSA outperforms previous designs on CPU, GPU, and ASIC
platforms. Finally, in end-to-end evaluations, SPSA achieved a
performance improvement of 3.9 times across the workloads of
BERT, VGG19, and ResNet50.

Index Terms—Sparse computation, sparsity, systolic arrays.

I. INTRODUCTION

MATRIX multiplication find extensive applications in
diverse domains, such as scientific computation [1], [2]

and large language models [3], [4]. However, performing
calculations on a sparse matrix as if it were a dense matrix
results in inefficient utilization of computing power and stor-
age, as the computations involving zero values are redundant
and wasteful. Exploiting the inherent sparsity of the matrix
offers the opportunity to reduce computational overhead and
accelerate the overall computation process.

Systolic arrays [5] offer significant potential for accelerating
matrix multiplication. Notably, the Google team has leveraged
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systolic arrays as the core computing architecture in the
design of the tensor processing unit (TPU) [6]. Furthermore,
several studies [6], [7], [8], [9], [10] have demonstrated
the effectiveness of systolic arrays in accelerating matrix
multiplication, affirming their viability as a powerful method
for enhancing computational efficiency in various applications.
In systolic arrays, the processing elements (PEs) are not
only responsible for executing multiplication and accumu-
lation operations but also actively participate in cyclically
transmitting data to neighboring PEs. This tightly integrated
data transmission structure plays a pivotal role in enabling
efficient parallel computing, reducing data transfer delays, and
enhancing overall computational efficiency.

However, when accelerating sparse matrix multiplication,
some approaches [11], [12], [13] decouple systolic arrays by
separating multiplication and addition operations within PEs.
In other words, the array is responsible only for the multi-
plication part, while the addition part is handled by external
accumulation units, such as SIGMA [12], which completes
the accumulation through an adder tree. Moreover, this loosely
coupled structure breaks the coupling relationships within and
between the PEs, as data within the array can be directly routed
by dedicated routing without the need to pulsate horizontally
or vertically through the adjacent PEs. While the loosely cou-
pled structure offers more flexibility, it sacrifices the inherent
high concurrency of tightly coupled structures that enables
systolic arrays to efficiently execute regular computations. In
addition, the loosely coupled structure introduces additional
routing and communication network overhead.

Conversely, some approaches [14], [15], [16] maintain the
tightly coupled structure of systolic arrays. They achieve
support for sparse computations by initially condensing
sparse matrices and then making hardware modifications.
Common preprocessing methods involve compression tech-
niques based on conflict pruning [8], [16], which, while
achieving higher-matrix compression rates, compromise com-
putational precision and accuracy. In general, enabling sparse
matrix multiplication on tightly coupled systolic arrays proves
to be a challenge.

Developing sparse matrix encoding formats tailored for
systolic arrays that are efficient in terms of both storage
and computation poses a challenge. To minimize the storage
cost of sparse matrices, compression-based storage meth-
ods, which exclusively store nonzero elements, have been
devised. Formats, such as COO, CSR/CSC, ELL, and so
on, extract nonzero elements in different ways, catering to
specific use cases. While these formats efficiently represent
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(a)

(b)

Fig. 1. (a) When a dense format matrix is encoded using the CSR format,
it needs to undergo decoding and reorganization (rotation and skewing)
before being mapped to systolic arrays. The reorganized matrix will exhibit
new fully zeroed columns (highlighted by the red solid box). (b) Matrix
from (a) introduces new zero-value computations (highlighted by the red
dashed box).

sparse matrices in terms of storage, their compatibility with
systolic arrays is limited (detailed in Fig. 1). For instance,
the CSR format requires data decoding and reorganization to
align with systolic dataflow, introducing additional overhead.
Furthermore, computational efficiency during the calculation
process remains a challenge. In particular, the occurrence
of zero-column multiplications can exceed 50% of the total
computations at high sparsity. Therefore, there is a need
to design novel sparse data representation formats that are
optimized for systolic arrays, taking into account their unique
characteristics, to enhance computation efficiency.

To address the aforementioned challenges, we introduces
SPSA, a framework based on systolic arrays, for a combined
software and hardware design aimed at accelerating sparse
matrix multiplication. Within SPSA, we employ two novel key
technologies: 1) sparse packing and 2) CSXD encoding. By
combining these core technologies that involve both software
and hardware, SPSA achieves efficient sparse computation on
systolic arrays. In summary, the contributions of this article
can be summarize as follows.

1) We present a novel sparse packing method, suit-
able for systolic arrays, to compress sparse matrices.
Additionally, we innovatively introduce graph coloring
problems on the software side to determine the optimal
sparse-packing strategy, while on the hardware side,
we ensure the continuity and correctness of matrix

computation by lightweight PE reconstruction of systolic
arrays.

2) To the best of our knowledge, the proposed CSXD is the
first data storage format highly tailored to the charac-
teristics of systolic arrays, balancing storage efficiency
and computational efficiency. Complementing this on the
hardware side, we design fast paths to ensure the release
of acceleration potential.

3) We have equipped SPSA with adaptation schemes,
allowing it to operate efficiently in resource-constrained
scenarios through coordinated interaction between hard-
ware and software.

By conducting tests with a large number of sparse matri-
ces, SPSA has demonstrated commendable performance. The
obtained speedup ratios are 1.6× for Sputnik and 6× for
cuSparse on the GPU platform; 5.7× for J_stream and 7.1×
for math kernel library (MKL) on the CPU platform; and
12.4× for TPU-like, 1.4× for Mentha, 5.3× for SIGMA, and
2.7× for MatRaptor on the ASIC platform. Finally, in end-to-
end evaluations, SPSA achieved a performance improvement
of 3.9× across the workloads of BERT, VGG19, and
ResNet50.

II. BACKGROUND AND RELATED WORKS

A. Taxonomy of Dataflow

One method of classifying dataflow is to identify which
data remains “stationary” within PE throughout the entire
computation, being fully reused before eviction. We categorize
the dataflow into the following classes.

1) Output stationary (OS) entails that the partial sums
(intermediate results) remain unchanged within PE,
while the two input dataflow between PEs. The aim
is to simplify the accumulation operation and reduce
the number of partial sum transfers. Some sparse accel-
erators like [13], [17], and [18] demand results to be
processed within a single PE, and OS serves their needs
effectively.

2) Input stationary (IS) involves maintaining one of the
inputs unchanged within PE, while the other input and
output flow between PEs. The aim is to maximize the
reuse of input data, reduce the number of input data
transfers, and consequently decrease memory bandwidth
requirements. Depending on the specific application,
further subdivisions can be made; for instance, in CNNs,
it can be divided into weight stationary and IS, while
in matrix multiplication (C = A × B), it is divided
into A stationary and B stationary. For sparse matrix
multiplication, the sparsity of the input matrix can be
effectively leveraged to reduce the index of nonzero
elements and the number of data accesses [11], [12].

3) Row stationary (RS) involves holding the row data of
a matrix within the processing unit to maximize the
reuse of row data. Initially proposed by Eyeriss [19]
and continued in Eyeriss v2 [20], RS is primarily used
to accelerate various convolution operations rather than
matrix multiplication.
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B. Mapping Matrices on Systolic Arrays

When mapping matrix multiplication onto systolic arrays,
it is imperative to restructure the initial matrix. Fig. 1(a)
illustrates this process where the input matrix undergoes data
reorganization operations, such as rotation and tilt before being
fed into systolic arrays. The dense format is employed for
storing and computing the sparse matrix in systolic arrays,
as depicted in the lower half of the figure. In contrast, the
upper half of the figure shows the usage of the CSR format. It
represents the matrix using three arrays: 1) array val containing
all nonzero elements of the matrix stored in row-major order;
2) array idx storing the column indices corresponding to each
nonzero element in the values array; and 3) array ptr indicates
the starting index of each row in the values array, with the last
element pointing to the end of array val.

Although the CSR format reduces storage and bandwidth
requirements for highly sparse matrices, it cannot be directly
utilized in the computation. Prior to being employed in systolic
arrays, the CSR format must be decoded and reorganized.
Following the reorganization process, zero padding (indicated
by yellow dashed squares) is introduced to achieve data skew,
resulting in the creation of new all-zero columns (represented
by red solid line boxes). Subsequently, as depicted in Fig. 1(b),
we represent matrices A and B in an indexed format to describe
the matrix multiplication computation on systolic arrays. We
utilize the IS dataflow. Initially, the B matrix is preloaded onto
systolic arrays, and then the matrix A flows from left to right,
while the calculation results flow out from top to bottom until
the computation is completed. Notably, due to the presence of
the all-zero column in matrix A (denoted by the red solid box),
zero-column multiplications (highlighted by the red dashed
box) arise during the computation. It is important to note
that zero-column multiplication is an inefficient operation as
it yields a result of zero and does not contribute to the final
outcome.

C. Sparse Accelerators

Sparsification has been recognized as an effective approach
for reducing computations, leading to the development of
various architecture designs aimed at supporting sparse com-
putation [13], [18], [21], [22], [23], [24], [25]. Prior works
have focused on efficient software-hardware co-design meth-
ods [23], [24], [25], where special sparse patterns are designed
to coordinate with the accelerator. However, these sparse
accelerators primarily target static sparsity, such as structure
pruning, resulting in limited applicability to scenarios involv-
ing dynamic sparsity, such as in deep learning training. In
contrast, SPSA is capable of handling sparsity without relying
on predefined patterns.

In recent years, sparse architectures that leverage dual-side
sparsity have gained attention. Several accelerators [11], [12],
[17], [22], [26], [27] utilize the indices of two multiplicative
matrices in tandem to determine memory accesses and com-
putations. Some of these works [11], [27], [28], [29], [30]
specifically propose sparse acceleration techniques for convo-
lutional computations in neural networks. SIGMA [12], for
instance, utilizes a collection of adaptable dot-product engines

to create a flexible dot-product unit, thereby augmenting the
intricacy of PEs. SIGMA adopts the Benes topology for
uninterrupted data distribution and introduces a novel tree-
based reduction network. Nevertheless, the intricate nature of
the interconnection networks within SIGMA results in notable
increases in both area and energy overhead. Conversely, the
SPSA system capitalizes on the inherent dataflow of systolic
arrays, necessitating only minimal adjustments to fulfill spe-
cific requirements.

It is worth mentioning that several works [7], [8], [14],
[16], [31] have proposed unique design ideas based on systolic
architecture to accelerate sparse CNNs and BERT. FSA [7]
introduces a fine-grained systolic array tailored for CSR-
encoded data. The CSR format does not integrate well with the
systolic array compared to the CSXD used by SPSA, failing to
maximize the elimination of zero-value computations. Sanger
[8] proposed a hardware/software co-design that leverages
reconfigurable systolic arrays to accelerate BERT. In Sanger,
structured pruning was applied to the attention matrices, result-
ing in structured sparsity. Meanwhile, SPSA aims to deal with
unstructured sparsity. Additionally, Kung et al. [16] proposed
an approach to pack sparse CNNs into a denser format
for efficient implementations using systolic arrays. But the
Kung’s work only supports integer matrix multiplication with
losses due to pruning and fine-tuning. STPU [14] presents an
algorithm for efficient matrix packing by merging columns and
a systolic array-based design that utilizes conditional execution
to handle sparse matrices. STPU is designed for sparse matrix-
vector multiplication, by splitting a vector into consecutive
multiple inputs while keeping the PE’s input interface constant.
To ensure the correctness of the multiplication, STPU’s PEs
have added hold and latch functionality, which, however, may
lead to potential stalling of partial sums. These factors limit
STPU’s support for sparse matrix multiplication. Moreover,
Mentha [15] is a systolic array accelerator based on packing
technology, which further enhances the efficiency of sparse
matrix multiplication on the systolic array. However, it lacks
a more detailed analysis of dataflow and does not address
the creation of new all-zero rows/columns due to matrix
reorganization during computation, which could be further
eliminated, a task accomplished by SPSA. The aim of SPSA
is to address unstructured sparsity and achieve accelerated
lossless sparse matrix multiplication. Moreover, SPSA further
enhances overall execution efficiency by improving storage
efficiency and computational efficiency through the use of new
sparse data formats.

III. SPSA OVERVIEW

We present SPSA, a collaborative framework that combines
software and hardware to efficiently perform sparse matrix
multiplication on systolic arrays. Fig. 2 provides an overview
of SPSA’s execution process. The software component handles
sparse packing, encoding, and mapping onto the hardware
design based on systolic arrays. Our design emphasizes the
interaction between software and hardware to achieve optimal
performance. The software component receives configura-
tion information and constraints from the hardware side,
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Fig. 2. Overview of SPSA framework.

controlling the compression level of the compression algorithm
(explained in Section IV). The packed matrix is then encoded
and stored based on hardware’s dataflow characteristics and
resource constraints (explained in Section V). On the hardware
side, PEs and the data path are reconfigured while preserving
dataflow characteristics (explained in Section VI). This allows
accurate computation with moderate additional overhead. The
reconfigured PEs support operations like multiplier and adder
matching, and skipping zero-value computations. The data
path enables flexible dataflow into the array at varying speeds.
Finally, the software component handles result restoration.

By combining software and hardware, we efficiently
compute sparse matrix multiplication on systolic arrays.
Our collaborative design methodology ensures optimal
performance and efficiency while adhering to hardware
constraints.

IV. PACKING SPARSE ROWS/COLUMNS

A. Basic Concept

Considering the calculation rules for matrix multiplication,
it is observed that the common dimensions (columns of matrix
A and rows of matrix B) have a one-to-one correspondence.
This implies that adjusting only the noncommon dimension
without altering the common dimension does not affect the
correctness of the multiplication. Consequently, we can exploit
this property to compress matrices along the noncommon
dimensions, aiming to obtain more condensed matrices. To
illustrate this concept, we present an example as depicted in
Fig. 3(a). In this example, we calculate C = A × B. Note that
the different colors represent different rows and columns in the
matrices; for example blue represents the first row of matrix A
and the first column of matrix B. After applying compression,
matrix A (4 × 2) is transformed into matrix A∗ (2 × 2) by
row-dimension compression, while matrix B (2 × 4) becomes
matrix B∗ (2 × 2) by column-dimension compression. In more
detail, the first and fourth rows of A combine to form the
first row of A∗, the second row of A becomes the second
row of A∗, and the third row of A is removed as it is made
up entirely of zeros. Subsequently, C∗ can be obtained from
matrix multiplication with SPSA between A∗ and B∗. We can
then restore C∗ to C. It is crucial to note that a single position
in the C∗ matrix may encompass multiple partial sums, such
as the two elements “2 and 3” in C∗

00, which are not to be
accumulated together since “2” corresponds to the result in
C00, while “3” pertains to the result in C32. These partial

(a)

(b)

Fig. 3. Matrix multiplication within SPSA. (a) Packing of sparse matrices
is accomplished by treating the sparse packing problem as a graph coloring
problem, allowing for packing in either the row or column direction.
(b) Packed matrix multiplication results in a 3× reduction in cycles and a
4× reduction in FLOPs compared to the unpacked baseline. (a) Packing rows
and columns in sparse matrices. (b) Multiplication between packed matrices
on SPSA.

sums must be preserved meticulously to ensure the accurate
reconstruction of the result matrix.

As shown in Fig. 3(b), the matrix multiplication in Fig. 3(a)
is mapped to a 2 × 2-scale systolic array. Initially, we partition
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Fig. 4. Computation dataflow of matrix multiplication in SPSA.

the matrix B into block matrices B0 and B1, with a block
size of 2 × 2, then load the B0 matrix into systolic arrays.
Subsequently the transposed and tilted matrix A flows into
systolic arrays in a step-by-step manner and is calculated with
B0 to obtain the partial result C0. Next, B1 is loaded and
calculated with A to yield another partial result C1. Finally, C
is acquired by splicing C0 and C1. Similarly, the matrix B∗ is
loaded initially, after which the matrix A∗ is transposed and
flows obliquely into systolic arrays. The reconfigured PEs in
SPSA (further details provided in Section VI) guarantee the
validity of C∗. Overall, SPSA achieves a reduction of 4× in
terms of floating-point operations (FLOPs) and 3× in terms
of time in this example.

B. Computation Dataflow

Within the computational flow of SPSA, data is encoded
in the (index, value) format, facilitating storage, transmission,
and computation among PEs. To illustrate, Fig. 4 delineates
the matrix multiplication process of A∗ and B∗ in SPSA (cor-
responding to Fig. 3). First, the input matrices are represented
in the format (index, data), as shown in the green frame.
Additionally, the red is the row number of A∗, the blue is the
column number of B∗, and the black is the value. Note that the
index begins numbering from 1, while the index of zero-value
data is set to 0 to skip the zero-value calculation in SPSA.
At step 0, A∗ is tilted and flows into SPSA after B∗ is loaded
at the PEs (in the blue frame). Subsequently, the calculation
process progresses from step 1 to step 4. At step 2, the first set
of the output in C∗ is “43 3, 11 2,” meaning that the value of
the third column in the fourth row is 3, while the value of the
first column in the first row is 2. Accordingly, we can restore
C∗ to C ( in the yellow frame). At step 4, the calculation is
finally completed; as expected, the result is equal to matrix C
in Fig. 3.

C. Sparse-Packing Algorithm

The goal is to achieve optimal sparse-packing performance
while avoiding excessive resource. In particular, we abstract
a sparse matrix A into an undirected graph G. Noncommon
dimensions are abstracted as a vertex set V, where an indi-
vidual vertex represents a row or a column of matrix A,
while the relationship between two rows/columns is abstracted

Algorithm 1: Overview of Sparse-Packing Algorithm
Input: sparse matrix A, compression type, threshold
Output: compressed matrix A*

1 Function:
2 Mask = get_Mask(A);
3 Vertex = get_Vertex(A, compression type);
4 Edge = get_adjMatrix(Vertex, Mask);
5 grpID = Grouping(Vertex, Edge, threshold);
6 A∗ = compress_Matrix(A, grpID);
7 return A∗;

as an edge set E; we define an edge as valid when both
rows/columns have a nonzero value at the same column/row.
We then divide V into K groups, of which forms an inde-
pendent set where there are no adjacent vertices. Our goal is
to obtain the minimum K value. Accordingly, at this point,
we have transformed our issue into an optimal graph coloring
problem. To illustrate, inside the gray line box in Fig. 3(a)
is the process of packing the B matrix by graph coloring.
The four columns in the B matrix are first abstracted to four
vertices, and then the relation graph is generated based on the
correspondence between them. The nonadjacent blue vertex
(the first column of the B matrix) and the orange vertex
(the third column of the B matrix) are grouped together, and
the purple vertex is all zero so it is discarded. Finally, the
compressed matrix B∗ is obtained.

Algorithm 1 outlines the execution flow of the sparse-
packing algorithm. First, we mark the zero and nonzero values
with 0 and 1, respectively, to obtain the mask for the sparse
matrix (line 2). Meanwhile, a row or column of the matrix is
abstracted as a vertex in the graph, so we generate a collection
of vertices based on the compression type (row or column
dimension) (line 3). Subsequently, we use a 2-D adjacency
matrix to represent the relationship between vertices [the set
of edges (line 4)]. It should be noted that the edge between
two conflicting rows or columns will be set to one. In the
next step, the group number of each vertex can be obtained
from the vertices and edges through a sparse-packing function
(line 5); this is a flexible solution that can be implemented
in different ways as needed. Finally, we filter and compress
the data of A according to the group number to obtain the
compression matrix A∗ (line 6).
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Algorithm 2: Grouping Algorithm
Input: Vertex, Edge, threshold (from Alg. 1)
Output: grpID is the group number of vertices

1 Function:
2 for k in range(Vertex.size()) do
3 D = max_degree(Vertex);
4 for p in D do
5 if p not in grpdVertex then
6 gNum = gNum + 1;
7 grpID[gNum].append(p);
8 grpdVertex.append(p);
9 nAdjVertex.update(Edge, p) ;

10 for i in nAdjVertex do
11 if grpID[gNum].size() != threshold and i not

in grpdVertex then
12 grpID[gNum].append(i);
13 grpdVertex.append(i);
14 nAdjVertex.update(Edge, i) ;

15 return grpID;

Algorithm 2 describes the implementation of the algorithm
we use to obtain group number, corresponding to line 5 in
Algorithm 1. In the first step, we add the ungrouped vertex
with the largest degree to the group Gi (lines 3–8). Then in
the second step, we generate a vertex set that does not conflict
with the vertices in Gi (line 9). Next, in the third step, we add
an ungrouped vertex in this set to Gi if the number of vertices
in Gi does not exceed the threshold (detailed in Section IV-D),
and update the nonconflicting vertex set at the same time (lines
10–14). In the fourth step, we repeat the operations in the
third step until the nonconflicting vertex set is empty. Finally,
we return to the first step for the next grouping (i = i + 1)

after updating the ungrouped vertex set, until all vertices are
grouped.

D. Adaptation Scheme

To address the challenge of striking a balance between
efficiency and resources, we introduce a new input parameter
threshold, which controls the number of vertices in each
group, allowing us to adjust the matrix multiplication process
in the SPSA to meet different hardware resource constraints
while ensuring correctness. The complexity of the grouping
algorithm increases as the number of vertices in a group
grows, leading to a greater demand for resources within
the SPSA. In our experiments, we utilize the Welch-Powell
vertex coloring algorithm (implemented in Algorithm 2) to
achieve the highest-compression ratio while ensuring sufficient
resource availability. Furthermore, when faced with limited
resources, it becomes necessary to set a lower threshold to
reduce the algorithm’s complexity and resource requirements.
This adaptive approach allows us to optimize the performance
of the SPSA matrix multiplication while efficiently managing
available resources.

V. COMPRESSING SPARSE SLASHES

A. Coded Sparse Matrix

Upon analyzing the execution characteristics of matrix mul-
tiplication on systolic arrays, we have observed that reading

data in the direction of slashes aligns well with the data
consumption pattern in real-time computing. Notably, slashes
with all zero values do not contribute to the computation,
allowing us to encode only the nonzero values when dealing
with sparse matrices. Building upon these characteristics, we
propose two encoding directions for sparse matrices.

1) Compress Sparse 45-Degree Slashes (CS45D): CS45D
format involves traversing and encoding data with
slashes from the bottom left to the top right. The first
part in Fig. 5(a) illustrates how a 3 × 3 sparse matrix in
dense format is encoded into a compressed matrix using
the CS45D format. The red dashed box represents a
slash, and in this particular matrix, there are five slashes,
four of which contain nonzero values. To the right of
the blue arrow, we can see five slashes that correspond
to the rearrangement matrix’s five columns.

2) Compress Sparse 135-Degree Slashes (CS135D): CS-
135D format traverses and encodes data along the slash
from the top left to the bottom right. The second part
in Fig. 5(a) demonstrates how a 3 × 3 sparse matrix
in dense format is encoded into a compressed matrix
using the CS135D format. Similarly, there are five
slashes in the sparse matrix, corresponding to the five
columns of the rearranged matrix, three of which contain
nonzero values. In general, CS45D and CS135D formats
share the same underlying concept, differing only in the
direction of data traversal. Therefore, we refer to these
two encoding formats collectively as CSXD format.

Encoding: During the encoding process, we utilize four
arrays to store the nonzero elements of the sparse matrix.

1) The val array stores the nonzero values in the order of
slash traversal;

2) The nr array indicates the column of the rearranged
matrix that each slash corresponds to (more details will
be provided in a later section);

3) The ptr array contains information about the total num-
ber of nonzero values in each slash. This is calculated
as ptr[i + 1] − ptr[i]. The last element of ptr represents
the total number of nonzero values in the sparse matrix.

4) The idx array stores the column indices of each nonzero
value.

To illustrate the encoding process, let’s consider an example
where we encode a sparse matrix in dense, CSR, CS45D, and
CS135D formats. In the figure, the green squares represent
how the nonzero values are stored and encoded.

1) Dense Format: The nonzero value is located in the
second row and second column of the sparse matrix.

2) CSR Format: The nonzero value is located in the second
row (i = 2) of the sparse matrix. There is one nonzero
value (ptr[3]−ptr[2]) on this row, which corresponds to
the 0th column of the sparse matrix (idx[ptr[2]]) with a
value of 5 (val[ptr[2]]).

3) CS45D Format: The nonzero value is located on the
second nonzero slash (i = 1), which corresponds to the
second column of the rearranged matrix (nr[1] = 1).
There is one nonzero value (ptr[2] − ptr[1]) on this
slash, which corresponds to the 0th column of the sparse
matrix (idx[ptr[1]]) with a value of 5 (val[ptr[1]]).
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(a) (b)

Fig. 5. CSXD format expression and execution. The first and second parts represent the encoding and mapping processes of CS45D and CS135D, respectively,
contrasting them with the dense format. CSXD eliminates the newly generated fully zeroed columns in the reorganized matrix and skips the corresponding
zero-value computations during calculation. (a) Sparse matrix encoded in different formats. (b) Execution flow of different formats based on systolic arrays.

4) CS135D Format: The nonzero value is located on the
first nonzero slash (i = 0), which corresponds to the
second column of the rearranged matrix (nr[0] = 1).
There is one nonzero value (ptr[1] − ptr[0]) on this
slash, which corresponds to the 0th column of the sparse
matrix (idx[ptr[0]]) with a value of 5 (val[ptr[0]]).

Decoding: Decoding is the reverse process of encoding.
The encoding process, along with the provided example, has
made the decoding process quite intuitive. Fig. 5(a) illustrates
that compared to the dense format, the decoded matrix in
CS45D is reduced by one column, while the decoded matrix
in CS135D is reduced by two columns. It is important to note
that the computation time in systolic arrays is proportional to
the matrix size. By encoding and decoding in CSXD format,
the computation time can be reduced for sparse matrices.

Furthermore, the decoded matrix can be directly fed into
systolic arrays for calculations, eliminating the need for data
reorganization operations, such as rotation and tilt.

During the encoding of sparse-packed data, the val array
stores metadata, consisting of indexes and values, as shown
in Fig. 7. It is worth emphasizing that CSXD and DIA [32]
have different encoding methods. The encoding and decoding
approach of DIA is not well-suited for systolic arrays, whereas
CSXD is specifically designed for systolic arrays and can be
used directly after decoding without any data rearrangement.

B. Execution Flow of Sparse Matrix Multiplication

Fig. 5(b) illustrates the execution of sparse matrix mul-
tiplication using systolic arrays. The matrices involved in
the multiplication are represented by blue and green data.
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The green matrix is preloaded into systolic arrays, while
the blue matrix flows into the arrays from left to right for
computation. The computed partial sums are denoted by black
data and are emitted from systolic arrays in each cycle. In
the CSXD format, the decoded matrix is stripped of all zero
columns. During execution, the flow velocity of the partial
sums is influenced by the removal of zero columns in the blue
matrix. This results in a faster flow of data relative to the
original matrix. To ensure accurate computation, it is crucial to
align the vertical data with the horizontal data. The modified
encoding scheme of the blue matrix reduces the incoming
data volume, while the horizontal speed remains unchanged.
Therefore, it is imperative to adjust the vertical velocity to
ensure proper data alignment, resulting in accurate partial
sums. It is worth noting that each column of the blue matrix
has a different flow velocity, which can be obtained from
the array nr. For column i in the matrix, its flow velocity is
given by nr[i] − nr[i − 1]. A flow velocity of 1 represents the
traditional systolic dataflow, while velocities greater than 1 are
referred to as allometric flow.

In the first part of Fig. 5(b), we compare the CS45D and
dense formats, where the matrix values are represented in an
indexed format. In the dense format, each column of the blue
matrix has a flow velocity of 1, and the computation completes
in 7 cycles. For the CS45D format, the fourth column of the
matrix flows into the first column of systolic arrays in the third
cycle. Since this column has a flow velocity of 2 (nr[3] −
nr[2]), a fast vertical flow is required [indicated by the shaded
arrow in Fig. 5(b)]. Subsequent arrays perform the same fast
flow operation, completing the computation in 6 cycles. The
correctness of the output is maintained after these operations.
In the second part of Fig. 5(b), we change the inflow order of
the blue matrix. By comparing it with the first part, we observe
that alterations in the sequence of data inflow also impact the
outflow sequence of outcomes. However, the correctness of
the computation is not affected. The order is adjusted to match
the CS135D format. In this scenario, the dense format still
requires 7 cycles for computation, while the CS135D format
completes the calculation in 5 cycles.

In summary, the CS45D and CS135D formats differ in their
storage and computation efficiency for the same sparse matrix.
When encoding sparse matrices, we prioritize formats with
higher-execution efficiency.

C. Adaption Scheme

Velocity Control: The CSXD format not only enhances stor-
age and computation efficiency but also imposes requirements
on hardware design. Generally, the faster streams we aim to
support, the more hardware logic we need to incorporate.
However, it is essential to strike a balance between the addi-
tional hardware overhead and the resulting speedup. Blindly
increasing the hardware overhead in exchange for speedup
is not desirable. Similarly, we control the maximum velocity
by introducing the threshold parameter maxFlow. Specifically,
we impose constraints during the encoding process such that
each column i satisfies nr[i] − nr[i − 1] ≤ maxFlow. If this
condition cannot be satisfied, we fill in a slash with all zeros

at the current position. This approach allows us to achieve the
storage and computation efficiency of the CSXD format while
considering limited resource constraints.

VI. IMPLEMENTATION

A. Overview

The overall hardware architecture of SPSA is based on
systolic arrays, where each PE has extra register files to
store the results and the control logic for the new dataflow.
Moreover, all PEs share an on-chip global buffer, while
an off-chip high-bandwidth memory (HBM) completes the
memory hierarchy. PEs are interconnected by two vertical and
horizontal 1-D traffic flows. In addition, on the PE of each
column, we add a fast path for allometric dataflow. Fig. 6
presents an overview of the SPSA system architecture. We
devise a 8 × 8-scale systolic array that interacts with the on-
chip buffer, which in turn interacts with the off-chip HBM.
Different from the baseline systolic array, we add two off-chip
modules for preprocessing and post-processing between HBM
and on-chip buffer, and one on-chip module for decoding
CSXD format before the data flows into systolic arrays.

B. Implementation Details

Decoder Module: The decoder module comprises registers,
multiplexers, and shifters, and we employ pipeline techniques
to optimize the decoding process. Specifically, we divide the
decoding process into four stages: 1) reading the arrays nr
and ptr; 2) reading the arrays idx and val; 3) flowing into
systolic arrays; and 4) initiating the calculation. In Fig. 6(a),
we illustrate the pipeline for decoding the CS135D format,
as depicted in Fig. 5(a). The four stages are color-coded,
where the y-axis represents the column number of the decoded
matrix, and the x-axis represents the cycle. The figure clearly
shows the decoding phases of different columns within each
cycle. In Fig. 6(b), we highlight the components involved
in the different stages using dashed boxes of corresponding
colors. During the third stage, the array ptr determines the
validity of each group (idx, val). Additionally, in the shifter,
the valid val values are shifted and stored according to idx.
Finally, data conforming to the scale of systolic arrays is
generated and flows into systolic arrays.

PE Unit: To perform the matrix multiplication of A∗ and
B∗ as shown in Fig. 4, we utilize a 2 × 2-scale systolic array
for the computation. However, when obtaining the result C∗,
there may be multiple partial sums within a single PE, which
cannot be handled by a traditional PE. Therefore, several
modifications are necessary in the PE to ensure the correctness
of the accumulation operation. Taking the PE in Fig. 6(c) as
an example, when it calculates C∗

1 = A∗ ×B∗ +C∗
0, the control

logic first selects the appropriate value from the collection C∗
that needs to be accumulated based on the indexes of A∗ and
B∗. After the addition, the result is output to the next adjacent
PE along with the other C∗ values that did not participate in
the current calculation. Additionally, the control logic serves
another purpose of eliminating the overhead of zero-valued
multiplications and additions. When the input dataflow into
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(b)
(a)

Fig. 6. SPSA system architecture. (c) PE unit. (d) Hardware design of fast path. (e) Value table.

the PE, if any of the indexes is 0, the data can bypass the
multiplication step and directly flow out to the adjacent PE.

Fast Path: The fast path ensures that allometric dataflows
are not stalled, enabling smooth movement within systolic
arrays to complete computations. In order to ensure that data
transfer between PEs is completed within a single cycle, fast
paths are constructed using combinational logic to meet timing
requirements. Each fast path encompasses an entire column
of systolic arrays, enabling PEs within the same column to
accommodate allometric dataflows through fast path. Fig. 6(d)
depicts the integration of fast paths and PEs [highlighted
by yellow and blue dashed boxes, respectively, in Fig. 6(d)].
Notably, PEs can receive inputs not only from adjacent PEs but
also from nonadjacent PEs via the fast paths. To achieve this,
the array nr in the CSXD format serves as the control signal
for the multiplexer within the fast path, enabling the selection
of the appropriate data as the input for the PE based on the
velocity. Fig. 6(e) illustrates the input states corresponding to
the maximum velocity values of 1, 2, and v on the right side,
providing detailed insights into the input configurations. Here,
IB/OB denotes the input/output buffer, Ii/Oi represents the
input/output of the ith PE, and n denotes the number of PEs
within a column. Based on different maximum velocity, we
configure different multiplexers for fast paths. Specifically, if
the maximum velocity is 4, then we will set up 4-to-1 mul-
tiplexers, meaning the current PE’s multiplexer can receive
outputs from the preceding four adjacent PEs. Subsequently,
depending on the runtime velocity, one of them is selected as
the current PE’s input. For instance, if the runtime velocity
is 2, then the PEi selects the output of the PEi-2 as its input.

Similarly, its output will be transmitted to the PEi+2. If it
exceeds the range of PEs, it will obtain input from the input
buffer, or the output will be transmitted to the output buffer.
In Section VII-B1, we conduct experiments on setting the
maximum velocity and based on the experimental results, we
configure a 4-to-1 multiplexer for each PE.

Host Processing Modules: This section encompasses two
distinct modules: 1) preprocessing and 2) post-processing. It
is customary to store sparse matrices in HBM using a dense
format. The preprocessing module assumes the responsibility
of compressing and encoding these matrices before their
transfer onto the chip. Subsequently, the compressed data finds
its place in the on-chip buffer, employing CSXD format. Upon
the completion of computation, the post-processing module
undertakes the task of restoring the result to either a dense
format or an alternative compressed format, contingent upon
the specific requirements at hand. It is a widely adopted
convention to offload the computational tasks performed by
these modules to the host side, where they can be co-processed
by CPUs or DSPs.

C. Dataflow Within PEs

Actually, sparse matrices are challenging to compact into
fully dense matrices. Therefore, the compressed matrix retains
increased density while containing zero-valued data. To min-
imize power consumption in PEs when involving zero-valued
elements in computations, dataflow into the compute unit is
prevented. In such cases, the PE skips the calculation and
passes the data to the next adjacent PE. Fig. 7 details the
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(a) (b)

Fig. 7. Micro-architecture and dataflow within a PE in IS dataflow mode.
(a) Calculation of C∗

out = A∗ ×B∗ +C∗
in. (b) Skip zero-value calculations and

pass the input.

dataflow of C∗
out = A∗ × B∗ + C∗

in in IS mode. Specifically, B∗
remains stationary in the register file, while A∗ and C∗ flow
horizontally and vertically, respectively. Simultaneous pass and
compute functions are performed by the PE when both A∗
and B∗ are nonzero values. This involves concatenating the
indices of A∗ and B∗, matching the items in C∗, and subse-
quently sending the three matched values to the multiply–add
calculation (MAC) unit to obtain C∗

out. Conversely, when either
A∗ or B∗ is zero, the computation is bypassed, and A∗ and
C∗ are directly passed to the next PE, as shown in Fig. 7(b).
It is important to note that dataflow within PEs remains
uninterrupted, with only the computation path disabled based
on specific conditions. This design ensures efficient data
processing without blocking the dataflow within PEs.

VII. EVALUATIONS

A. Experimental Setup

We built cycle-accurate simulators to explore the design
space and measure performance for SPSA. Furthermore, we
generated RTL design of SPSA and synthesized the design
with the ASAP 7nm open source PDK [33] to estimate the
chip area and total power.

Baselines: We compared SPSA with designs on three
different platforms.

1) CPU Platform: We use Intel’s MKL [34] and J_stream
[1] on Intel Xeon CPU E5-2660v4@2GHz. The CPU
supports a peak memory bandwidth of 76.8 GB/s.
Since sparse matrix multiplication is mostly memory-
bound [2], [18], and the peak bandwidth of HBM used
by SPSA is 128 GB/s, we have accordingly extended
the CPU performance to the same bandwidth for com-
parison, as in [18].

2) GPU Platform: We use cuSPARSE library [35] and
Sputnik [36] on GeForce RTX 2080 Ti. The peak
bandwidth of this GPU is 616 GB/s. Similarly to the
CPU, we have quantized the bandwidth to 128 GB/s for
comparison.

3) ASIC Platform: We compare SPSA with the STPU [14],
the work of Kung et al. [16], TPU-like architectures [6],
Mentha [15], SIGMA [12], MatRaptor [18].

For a fair comparison, they were all configured with the same
number of PEs (64), as well as identical HBM modules with
a peak bandwidth of 128 GB/s. All designs utilized a 32-bit

Fig. 8. Compression visualization at different thresholds.

single-precision data type. Both TPU-like and Mentha were
set up with an 8 × 8 configuration, matching SPSA, at a
clock frequency of 2 GHz. For SIGMA, we employed 8 flex-
DPEs, each sized at 8, adjusting the number of elements
distributed per cycle according to bandwidth, while increasing
the frequency to 2 GHz. As for MatRaptor,we increased the
number of PEs to 64 and employed a round-robin allocation
strategy consistent with the original paper, along with a
2 GHz clock frequency. It should be explained that the Kung’s
work supports integer matrix multiplication with losses due to
pruning and fine-tuning, and the STPU mainly supports SpMV
according to this article, so our comparison with them mainly
focuses on the performance of compression algorithms.

Datasets: We evaluated the SPSA algorithm and the afore-
mentioned designs using three matrix datasets.

1) Randomly generated square matrices with sparsity rang-
ing from 0.7 to 0.99.

2) Sparse matrices from the SuiteSparse collection [37], as
referenced in various studies, such as [2], [18], and [36].
These matrices are representative of real-world data
structures commonly encountered in computational
applications.

3) Sparse transformer datasets obtained from DLMC [38]
achieve sparsity levels of 0.5–0.98 through pruning algo-
rithms, as utilized in [36], [39], and [40]. Additionally,
we conducted end-to-end evaluations using three DNN
workloads: a) BERT-base; b) VGG19; and c) ResNet50.
All datasets are processed using 32-bit floating-point
numbers.

B. Experimental Results

1) Design Space Exploration: Threshold of Sparse-
Packing Algorithm: We investigated the impact of different
threshold values on the compression performance of a
4096 × 4096 matrix with a block size of 8 × 256 and a
sparsity level of 0.9. Specifically, we considered threshold
values of [2, 3, 4, 8]. Fig. 8 provides a visualization of
a 256 × 256 submatrix from the original matrix. When
varying the threshold values, as shown in Fig. 8 (right), we
observe that the compression ratio is approximately [2.0,
2.3, 2.7, 6.7] times. Therefore, elevating the threshold value
results in enhanced density. Furthermore, the bottom left of
Fig. 8 presents the number of additional PE buffers required
for SPSA under different threshold settings. Sparse packing
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Fig. 9. Velocity distribution under different sparsity.

Fig. 10. Compression ratio for different sparsity and block sizes.

introduces numerous partial sums in a single PE, and buffers
are utilized to retain these partial sums without aggregation.
Consequently, the quantity of buffers corresponds to the total
of these partial sums, yet it does not exceed the dimensions
of the systolic array. Sparse matrix-matrix multiplication
(SpMM) entails one packed matrix, while generalized SpMM
(SpGEMM) involves two packed matrices, leading to varying
quantities of buffers. In particular, for an SPSA at the scale
of 8 × 8, the additional PE buffers needed are [2, 3, 4, 8] for
SpMM and [4, 8, 8, 8] for SpGEMM when utilizing threshold
values of [2, 3, 4, 8]. Regardless of the threshold, SpGEMM
requires more extra buffers compared to SpMM.

Velocity Configuration: Fig. 9 presents the distribution of
velocity at different sparsity levels (from 0.5 to 0.98). With
increasing sparsity, the proportion of allometric dataflows
(velocity >1) gradually increases. For instance, at a sparsity
level of 0.98, allometric flow accounts for more than 50% of
the dataflows. However, it is worth noting that the maximum
velocity did not exceed 8 due to systolic arrays being set to an
8 × 8 scale, and the majority of the allometric dataflows are
characterized by low-velocity values (velocity = 2, 3, 4), while
the proportion of high-velocity values (velocity >4) remains
low. Based on these observations, it is unnecessary to cover all
velocity values when constructing fast paths, as the associated
costs outweigh the benefits. Similar to the sparse-packing
approach, we introduce the threshold parameter maxFlow to
control the velocity within the specified range, effectively
reducing additional hardware overhead. Typically, we set the
maxFlow to 4.

Block Size: When the matrix size exceeds the dimensions
of systolic arrays, it is common practice to partition it into
multiple smaller blocks for calculation, similar to the illus-
tration in Fig. 1(b). To evaluate the compression performance
under different block sizes without a threshold, we utilized
randomly generated matrices of size 4096 × 4096, with
sparsity levels ranging from 0.7 to 0.99. Fig. 10 demonstrates

(a)

(b)

Fig. 11. Packing efficiency of SPSA compared to baseline designs.
(a) Dataset 1: Square matrices with sparsity from 0.7 to 0.99. (b) Dataset 2:
SuiteSparse collection.

that the maximum potential compression ratio can be [2.4, 3.5,
6.6, 12.3, 47.9] times higher when the sparsity levels are [0.70,
0.80, 0.90, 0.95, 0.99], respectively. From the experiments,
it is evident that setting the block size to M × N, where
N represents the size of the systolic array, results in higher-
compression ratios as M increases when N is fixed. Conversely,
when M is fixed, smaller systolic arrays demonstrate better
performance.

2) Evaluations on SPSA (Packing Efficiency): First, we
define the matrix density D as (NNZ/N), where N is the
number of elements of the matrix, and NNZ is the amount
of nonzero valued elements. Next, we define the compression
ratio as (D∗/D), where D and D∗ are the densities of the
sparse matrix before and after packing, respectively. We
randomly selected ten sets of data from the suitSparse dataset,
including C0: gent113, C1: Goodwin_010, C2: fs_541_1, C3:
S10PI_n1, C4: M20PI_n, C5: lns_511, C6: celegansneural,
C7: will199, C8: raefsky1, and C9: west1505. Fig. 11 shows
the compression ratio obtained from SPSA without threshold,
STPU and Kung’s work. From the experimental results, we
can see that Kung’s performance is generally low across
different sparsity levels. In contrast, SPSA and STPU show
superiority in both datasets. This is because Kung does not
effectively handle conflicts among columns/rows in a local
context. Although STPU allows for local conflicts and ensures
correctness through the hold and latch operations in PEs, the
resulting stalls sacrifice computational efficiency. Meanwhile,
SPSA minimizes conflicts by considering matrix globally,
ensuring both continuity and efficiency during calculations.

Storage Efficiency: We evaluated the storage efficiency of
COO, CSR, and CSXD formats. The results in Table I demon-
strate that all three formats achieve better-storage efficiency
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TABLE I
STORAGE EFFICIENCY COMPARED TO DENSE FORMAT

Fig. 12. Impact of different technologies on performance.

compared to the dense format. CSXD falls between COO and
CSR in terms of storage efficiency for different sparsity levels.
On average, COO, CSR, and CSXD achieve storage improve-
ments of approximately [14.2, 16.6, 15.0] times, respectively.
Although CSXD doesn’t surpass CSR in storage efficiency, it
offers advantages in computational efficiency. CSXD doesn’t
require data reorganization during consumption, making it
more efficient. Moreover, for systolic arrays, CSXD is well-
suited for sparse computation optimization, such as eliminating
all-zero columns after zero padding.

Ablation Experiment: We evaluated the impact of sparsity-
aware packing and CSXD on performance using matrices
with a sparsity of around 0.9. Fig. 12 presents the speedup
results obtained for two different scale systolic arrays. The
baseline involved directly performing matrix multiplication
on the systolic array, disregarding the influence of sparsity.
Following this, experiments were conducted based on the
baseline: using only the packing technique, using only the
CSXD technique, and employing both techniques (SPSA).
In the three experiments, average performance improvements
of [4.6, 1.5, 5.7] times were, respectively, achieved. The
performance boost in SPSA, leveraging sparsity, mainly stems
from the packing technique, while CSXD, in addition to
providing a friendly encoding format, further contributed to
a 24% acceleration in performance. Additionally, we also
observed that smaller-sized systolic arrays tend to achieve
higher-acceleration ratios.

Sparsity Sensitivity: We tested the performance of SPSA at
different sparsity levels. As shown in Fig. 13, which represents
the speedup ratios achieved compared to the dense baseline,
it can be observed that as sparsity increases, the speedup
ratio also increases. This is because higher sparsity elimi-
nates more ineffective zero calculations, leading to improved
speedup ratios. Furthermore, the line in the chart represents
the proportion of the achieved speedup ratio to the maximum
theoretical speedup ratio, which is obtained through 1/(1-
sparsity). We found that SPSA maintains an efficiency of over
80% in speedup when sparsity ranges from 0.5 to 0.8, and

Fig. 13. Speedup ratio achieved by SPSA at different sparsities, as well as
the ratio of the achieved speedup ratio to the maximum theoretical speedup
ratio.

Fig. 14. Performance and normalized runtime comparisons on SuitSparse.

after 0.9, the efficiency begins to decline from 60%. Although
higher-speedup ratios are more easily achieved at high-sparsity
levels (greater than 0.98), the efficiency at these levels is not
high, indicating room for further improvement.

3) Performance Analysis Across Diverse Platforms: When
presenting throughput, we only consider operations pertaining
to nonzero multiplication and accumulation to ensure con-
sistency across designs. In order to provide a fair basis for
comparison with CPUs and GPUs, we disregarded memory
allocation time and solely focused on the execution time of the
computational functions (memory allocation and computation
being separate functions).

SuitSparse: We conducted a random selection of over
100 sparse matrices from the suitSparse dataset. In Fig. 14,
we depict the maximum, minimum, and average GFLOPS
achieved by each design, as well as the normalized average
runtime. The performance of SPSA is [1.4, 5.3, 4.5, 5.5, 18.8,
1.4, 6.8, 2.1] times that of [Sputnik, cuSPARSE, J_stream,
MKL, TPU-like, Mentha, SIGMA, MatRaptor].

DLMC: We selected a sparse transformer from the DLMC
dataset, which exhibits sparsity levels of 0.5, 0.6, 0.7, 0.8,
0.9, 0.95, and 0.98, respectively. The average performance and
normalized runtime for various designs with different sparsity
are presented in Fig. 15. Specifically, the average performance
of SPSA across all levels of sparsity is reported to be [1.9,
6.8, 6.9, 8.7, 5.9, 1.3, 3.8, 3.3] times higher than that of the
other designs [Sputnik, cuSPARSE, J_stream, MKL, TPU-like,
Mentha, SIGMA, MatRaptor].

Due to the inability to handle sparsity, TPU-like exhibits
poor performance. Mentha enhances the density of sparse
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Fig. 15. Performance and normalized runtime comparisons on DLMC.

TABLE II
EVALUATIONS ON PE IN TPU-LIKE SYSTOLIC ARRAYS, KUNG ET AL.,

STPU AND SPSA

matrices through preprocessing, effectively reducing zero-
value computations and alleviating this pain point for
TPU-like. Additionally, SPSA eliminates zero values in
Mentha computations, further improving the efficiency of
sparse matrix multiplication on the pulsating array. SIGMA
addresses sparsity by employing sophisticated allocation
networks, yet the inefficiency in indexing intersection at higher
levels of sparsity leads to a decline in performance. MatRaptor
utilizes Gustavson dataflow and customized hardware to han-
dle sparsity, yet strong dependencies exist in data retrieval,
making the input delay difficult to overlook. Moreover, while
the sorting queues within the PE are intelligent, the delay
remains notable. In contrast, the superiority of SPSA is
attributed to its maintenance of the systolic array dataflow,
enabling it to leverage the high-density computing advantage
at low-sparsity levels, while relying on packing and CSXD
technology to compensate for losses at high-sparsity levels.

4) Area Overheads: Table II provides detailed information
on the PE area and power overheads of SPSA and other
designs in both INT8 and FP32 formats. Additionally, four
extra buffers are added to each PE of SPSA. Specifically,
compared to the TPU-like design in INT8 format, Kung et al.,
STPU, and SPSA exhibit area overheads of [2.70, 2.12, 2.78]
times and power consumption overheads of [2.48, 2.69, 2.87]
times, respectively. However, these multiples are significantly
reduced in FP32 format. The area overheads is [N/A, 1.14,
1.28] times, and the power consumption overheads is [N/A,
1.82, 1.21] times, respectively. It should be noted that FP32
format is not supported, as stated in Kung’s paper, hence
denoted as N/A. Furthermore, Table II includes the overhead
of SPSA when skipping zero-value calculations. In INT8
format, the power consumption of this approach is 2.55 times
that of the TPU-like baseline. In FP32 format, the power

TABLE III
AREA AND POWER BREAKDOWN OF SPSA, INCLUDING THE FRACTION

OF DECODER AND FAST PATHS MODULES

Fig. 16. Performance/area comparison of TPU-like, Mentha, and SPSA on
two datasets at 8 × 8 and 16 × 16 scales.

consumption is 0.61 times that of the TPU-like baseline. The
overhead in INT8 format is primarily due to the index register
of the input matrix, which is comparable to an INT8 multiplier.
In FP32 format, the area and power consumption of the
floating-point multiplier dominate, resulting in limited addi-
tional overhead from the extra registers and logic.

Table III presents the area and power consumption of the
8 × 8-scale and 16 × 16-scale SPSA designs in INT8 and
FP32 formats, respectively. Additionally, the table includes the
proportions of the decoder and fast paths modules. Overall,
the proportions of the decoder and fast paths modules are
relatively low, with the area and power consumption not
exceeding 10% in INT8 format and 5.3% in FP32 format.
The higher percentage in INT8 format can be attributed to
the presence of the index register of the input matrix that is
comparable to an INT8 multiplier.

Fig. 16 depicts the performance/area achieved by TPU-
like, Mentha, and SPSA on two datasets. The systolic array
sizes of all three designs were configured to be 8 × 8
and 16 × 16. The results indicate that at an 8 × 8 scale,
SPSA outperforms TPU-like and Mentha by 7.4× and 1.23×,

Authorized licensed use limited to: National Univ of Defense Tech. Downloaded on March 12,2025 at 01:24:35 UTC from IEEE Xplore.  Restrictions apply. 



510 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 44, NO. 2, FEBRUARY 2025

Fig. 17. End-to-end runtime evaluations using DNN workloads.

respectively. Further analysis reveals that for both Mentha
and SPSA, the 8 × 8 scale consistently outperforms the
16 × 16 scale in terms of performance/area, particularly when
handling highly sparse matrices. This can be attributed to the
fact that the smaller-scale designs impose fewer constraints
on packing and CSXD techniques, offering greater flexibility
when handling sparse matrices. In conclusion, while larger-
scale designs may offer superior FLOPS, smaller-scale designs
demonstrate better performance/area.

5) End-to-End Evaluations for DNN Workloads: We eval-
uated SPSA using three DNN models, recording the inference
runtime. The models included BERT-base, VGG19, and
ResNet50. The matrix multiplication in BERT can be directly
mapped to SPSA, whereas the convolution operations in
VGG19 and ResNet50 are transformed into matrix multi-
plication through the im2col method before being mapped
to SPSA. We utilized pruning techniques to sparsify the
model’s weights to approximately 0.9 and all data is in
single precision. Sparse packing and CSXD encoding were
implemented through software, and we recorded their runtime
on the CPU. Leveraging the parallelism of matrix multipli-
cation, we optimized the packing and encoding operations
with multithreading to reduce preprocessing overhead. Finally,
we compared the total runtime of running DNN workloads
on SPSA with the dense baseline, which does not require
preprocessing. In actual runtime, packing and encoding oper-
ations are conducted offline and overlap with online matrix
multiplication. For instance, while computing the current block
matrix, the sparse packing and encoding for the next block
are also being executed. This approach significantly reduces
latency. From Fig. 17, We observe that SPSA demonstrates
varied performance across diverse workloads, attributed to dis-
parities in the matrix dimensions engaged in the computations.
In detail, SPSA achieved performance improvements of 2.9×,
4.5×, and 4.2× compared to the dense baseline across the
BERT, VGG19, and ResNet50 workloads, respectively. The
superior performance on VGG19 and ResNet50 is primarily
attributed to the frequent reuse of weight matrices.

VIII. CONCLUSION

This article introduces SPSA, with the objective of accel-
erating sparse matrix multiplication on systolic arrays. To
accomplish this, we utilize sparse packing and CSXD encoding
techniques. Through the incorporation of these two innovative

methods, SPSA achieved a remarkable 6.4× performance
improvement compared to the dense baseline. In comparisons
across various datasets with multiple designs, SPSA has
demonstrated superior performance. Furthermore, in compre-
hensive end-to-end evaluations, SPSA achieved a notable 3.9×
performance improvement across the workloads of BERT,
VGG19, and ResNet50.

REFERENCES

[1] S. E. Kurt, A. Sukumaran-Rajam, F. Rastello, and P. Sadayappan,
“Efficient tiled sparse matrix multiplication through matrix signatures,”
in Proc. SC IEEE/ACM, 2020, pp. 1–14.

[2] S. Pal et al., “OuterSPACE: An outer product based sparse matrix
multiplication accelerator,” in Proc. IEEE HPCA, 2018, pp. 724–736.

[3] B. Cui, Y. Li, M. Chen, and Z. Zhang, “Fine-tune BERT with sparse self-
attention mechanism,” in Proc. EMNLP/IJCNLP, 2019, pp. 3546–3551.

[4] G. Zhao, J. Lin, Z. Zhang, X. Ren, Q. Su, and X. Sun, “Explicit sparse
transformer: Concentrated attention through explicit selection,” 2019,
arXiv:1912.11637.

[5] H. T. Kung, “Why systolic architectures?” Computer, vol. 15, no. 1,
pp. 37–46, 1982.

[6] N. P. Jouppi et al., “In-datacenter performance analysis of a tensor
processing unit,” in Proc. ISCA ACM, 2017, pp. 1–12.

[7] F. Li, G. Li, Z. Mo, X. He, and J. Cheng, “FSA: A fine-grained systolic
accelerator for sparse CNNs,” IEEE Trans. Comput.-Aided Design Integr.
Circuits Syst., vol. 39, no. 11, pp. 3589–3600, Nov. 2020.

[8] L. Lu et al., “Sanger: A co-design framework for enabling sparse
attention using reconfigurable architecture,” in Proc. MICRO ACM,
2021, pp. 977–991.

[9] Y. Cao et al., “MZ core: An enhanced matrix acceleration engine for
HPC/ AI applications,” in Proc. IEEE 24th HPCC, 2022, pp. 126–134.

[10] J. Yang et al., “BP-Im2col: Implicit Im2col supporting AI backpropa-
gation on systolic arrays,” in Proc. ICCD, 2022, pp. 415–418.

[11] A. Parashar et al., “SCNN: An accelerator for compressed-sparse
convolutional neural networks,” in Proc. ISCA ACM, 2017, pp. 27–40.

[12] E. Qin et al., “SIGMA: A sparse and irregular GEMM accelerator
with flexible interconnects for DNN training,” in Proc. HPCA, 2020,
pp. 58–70.

[13] K. Hegde et al., “ExTensor: An accelerator for sparse tensor algebra,”
in Proc. MICRO ACM, 2019, pp. 319–333.

[14] X. He et al., “Sparse-TPU: Adapting systolic arrays for sparse matrices,”
in Proc. ICS ‘20 ACM, 2020, pp. 1–12.

[15] M. Tang et al., “Mentha: Enabling sparse-packing computation on
systolic arrays,” in Proc. ICPP, 2022, pp. 1–11.

[16] H. T. Kung, B. McDanel, and S. Q. Zhang, “Packing sparse convo-
lutional neural networks for efficient systolic array implementations:
Column combining under joint optimization,” in Proc. ASPLOS ACM,
2019, pp. 821–834.

[17] A. Gondimalla, N. Chesnut, M. Thottethodi, and T. N. Vijaykumar,
“SparTen: A sparse tensor accelerator for convolutional neural
networks,” in Proc. MICRO ACM, 2019, pp. 151–165.

[18] N. K. Srivastava, H. Jin, J. Liu, D. H. Albonesi, and Z. Zhang,
“MatRaptor: A sparse-sparse matrix multiplication accelerator based on
row-wise product,” in Proc. MICRO IEEE, 2020, pp. 766–780.

[19] Y. Hsin Chen, J. S. Emer, and V. Sze, “Eyeriss: A spatial architecture
for energy-efficient dataflow for convolutional neural networks,” in Proc.
ACM/IEEE ISCA, 2016, pp. 367–379.

[20] Y.-H. Chen, T.-J. Yang, J. Emer, and V. Sze, “Eyeriss v2: A flexible
accelerator for emerging deep neural networks on mobile devices,” IEEE
J. Emerg. Sel. Topics Circuits Syst., vol. 9, no. 2, pp. 292–308, Jun. 2019.

[21] Z. Zhang, H. Wang, S. Han, and W. J. Dally, “SpArch: Efficient
architecture for sparse matrix multiplication,” in Proc. IEEE HPCA,
2020, pp. 261–274.

[22] S. Han et al., “EIE: Efficient inference engine on compressed deep neural
network,” in Proc. IEEE Comput. Soc. ISCA, 2016, pp. 243–254.

[23] S. Han et al., “ESE: Efficient speech recognition engine with sparse
LSTM on FPGA,” in Proc. FPGA ACM, 2017, pp. 75–84.

[24] M. Zhu, T. Zhang, Z. Gu, and Y. Xie, “Sparse tensor core: Algorithm and
hardware co-design for vector-wise sparse neural networks on modern
GPUs,” in Proc. MICRO ACM, 2019, pp. 359–371.

Authorized licensed use limited to: National Univ of Defense Tech. Downloaded on March 12,2025 at 01:24:35 UTC from IEEE Xplore.  Restrictions apply. 



TANG et al.: SPSA: EXPLORING SPARSE-PACKING COMPUTATION ON SYSTOLIC ARRAYS FROM SCRATCH 511

[25] Z. Gong, H. Ji, C. Fletcher, C. Hughes, S. Baghsorkhi, and J. Torrellas,
“SAVE: Sparsity-aware vector engine for accelerating DNN training
and inference on CPUs,” in Proc. 53rd Annu. IEEE/ACM Int. Symp.
Microarchit. (MICRO), 2020, pp. 796–810.

[26] X. Zhou et al., “Cambricon-S: Addressing irregularity in sparse neural
networks through a cooperative software/hardware approach,” in Proc.
MICRO IEEE, 2018, pp. 15–28.

[27] M. Mahmoud et al., “TensorDash: Exploiting sparsity to accelerate deep
neural network training,” in Proc. MICRO IEEE, 2020, pp. 781–795.

[28] Z. G. Liu, P. N. Whatmough, Y. Zhu, and M. Mattina, “S2TA: Exploiting
structured sparsity for energy-efficient mobile CNN acceleration,” in
Proc. HPCA IEEE, 2022, pp. 573–586.

[29] S. Cao et al., “Efficient and effective sparse LSTM on FPGA with bank-
balanced sparsity,” in Proc. FPGA ACM, 2019, pp. 63–72.

[30] D. Yang et al., “Procrustes: A dataflow and accelerator for sparse deep
neural network training,” in Proc. 53rd Annu. IEEE/ACM MICRO, 2020,
pp. 711–724.

[31] M. Soltaniyeh, R. Martin, and S. Nagarakatte, “An accelerator for
sparse convolutional neural networks leveraging systolic general matrix-
matrix multiplication,” ACM Trans. Archit. Code Optim., vol. 19, no. 3,
pp. 1–26, Apr. 2022.

[32] Y. Saad, Iterative Methods for Sparse Linear Systems. Philadelphia, PA,
USA: Soc. Ind. Appl. Math., 2003.

[33] V. Vashishtha, M. Vangala, and L. T. Clark, “ASAP7 predictive design kit
development and cell design technology co-optimization: Invited paper,”
in Proc. ICCAD IEEE, 2017, pp. 992–998.

[34] Intel Math Kernel Library, Intel Corp., Santa Clara, CA, USA, 2019.
[35] CUDA CUSPARSE Library, N. Corp., London, U.K., 2012.
[36] T. Gale, M. A. Zaharia, C. Young, and E. Elsen, “Sparse GPU kernels

for deep learning,” in Proc. SC, 2020, pp. 1–14.
[37] T. A. Davis and Y. Hu, “The university of Florida sparse matrix

collection,” ACM Trans. Math. Softw., vol. 38, no. 1, pp. 1–25, 2011.
[38] “Deep learning matrix collection.” Google Research. [Online]. Available:

https://github.com/google-research/google-research/tree/master/sgk
[39] Z. Chen et al., “Efficient tensor core-based GPU kernels for structured

sparsity under reduced precision,” in Proc. SC’21, 2021, pp. 1–13.
[40] S. Li, K. Osawa, and T. Hoefler, “Efficient quantized sparse matrix

operations on tensor cores,” in Proc. SC’22, 2022, pp. 1–15.

Minjin Tang received the B.S. and M.S. degrees
from the National University of Defense Technology,
Changsha, China, in 2018 and 2020, respectively,
where he is currently pursuing the Ph.D. degree.

His research interests include computer
architecture and sparse processing.

Mei Wen received the B.S., M.S., and Ph.D.
degrees in computer science and technology from
the National University of Defense Technology,
Changsha, China, in 1995, 1999, and 2006,
respectively.

She is currently a Professor with the Computer
College, National University of Defense Technology.
Her research interests include computer architecture,
parallel programming, and scientific computing.

Jianchao Yang received the B.S. and M.S. degrees
from the National University of Defense Technology,
Changsha, China, in 2020 and 2022, respectively,
where he is currently pursuing the Ph.D. degree.

His research interests include GPU architecture
modeling and optimization.

Zeyu Xue received the B.S. degree from the
National University of Defense Technology,
Changsha, China, in 2022, where he is currently
pursuing the M.S. degree.

His current research is focused on supporting
sparsity in AI/DL on GPU and he is also interested
in computer architecture and high-performance
computing.

Junzhong Shen received the B.S., M.S., and
Ph.D. degrees in computer science and technol-
ogy from the National University of Defense
Technology, Changsha, China, in 2012, 2015, and
2020, respectively.

He is currently with the Department of Computer
Science and Technology, National University of
Defense Technology. He does research in computer
architecture, parallel computing, reconfigurable
computing and programming languages.

Authorized licensed use limited to: National Univ of Defense Tech. Downloaded on March 12,2025 at 01:24:35 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


