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Abstract—Sparse Matrix-Vector Multiplication (SpMV) is a
fundamental operation in sparse computations. Although many
techniques have been developed to speed up SpMV, optimizing
this process on low-power multicore digital signal processors
(DSPs) has often been neglected. This paper presents the FT-
M7032, a cutting-edge CPU-DSP hybrid multi-core processor. We
assess the data transfer efficiency among various units to identify
performance constraints of SpMV on multicore DSPs. Based on
our evaluation, we develop a method for block sparse matrices,
namely SpMV BLOCK, which can break the bandwidth bottle-
neck of SpMV and achieve significant performance gains. We
then propose a load-balancing strategy for each thread by using
binary search and devise a pipeline that overlaps data transfers
and computations to improve SpMV performance. To measure
our method’s effectiveness, we compared its performance against
a baseline on the FT-M7032’s general-purpose CPU cores. Our
experiments show that our approach delivers a notable 5.80×
speedup over the baseline.

Index Terms—SpMV, Multi-Core DSP, Performance Optimiza-
tion, Load Balancing, Double Buffering

I. INTRODUCTION

Sparse matrix-vector multiplication (SpMV) operations are

pivotal in computational science and engineering [1]. With

the expanding applications of SpMV, continuous research is

being conducted to accelerate its performance on various

high-performance architectures [2]–[4]. As energy efficiency

becomes paramount, low-power embedded architectures, like

digital signal processors (DSPs) [5], [6], are making their

way into heterogeneous high-performance computing domains.

While some efforts have been made to optimize general matrix

multiplication on these platforms [7], [8], a standardized

approach to optimizing SpMV on emerging multi-core DSPs

remains elusive.

For better SpMV performance, optimizing the irregular

memory access pattern is crucial. A basic method might store

matrix A and vector x in main memory (like DDR RAM)

and access x inconsistently. A more efficient strategy employs

on-chip memory units, such as the FT-M7032 platform’s

scalar memory (SM), array memory (AM), and global shared

memory (GSM) for data caching. Each memory unit has its

own storage space and bandwidth. It’s essential to distribute

‡Corresponding authors.

data across these units thoughtfully to maximize their use

and enhance performance. To address this, we assess the data

transfer capabilities between units to allocate matrix elements

appropriately.

Sparse matrices arising from the discretization of partial

differential equations, in which each grid point is associated

with several degrees of freedom, exhibit a dense block sub-

structure [9]. We show that such block sparse matrices are

suitable for FT-M7032 when stored in SELL format [10],

and we propose a new SpMV algorithm for its base FT-

M7032. Taking the example of a sparse matrix containing

4*4 dense blocks, this approach requires only 1/4 of the

access overhead for x to complete the SpMV computation,

breaking the bandwidth bottleneck of SpMV. We refer to this

new SpMV algorithm as SPMV BLOCK and storage format

based on the SELL format. We also use optimizations such

as load balancing and double buffering to further improve

SpMV’s performance. We test our approach on the FT-M7032

and compare it with the SpMV implementation on standard

CPU cores. Our results show that SPMV BLOCK is superior

on the FT-M7032, achieving up to 5.80× faster speeds when

using DSP to boost SpMV.

The main contributions of this paper are as follows:

• We conduct a straightforward and useful analysis to steer

SpMV optimization on DSPs for block sparse matrix.

• We introduce a novel SpMV algorithm for sparse matri-

ces with dense blocks, which can break the bandwidth

bottlenecks of SpMV and efficiently perform SpMV.

• We design a load balancing method using binary search

and propose a double buffer strategy to overlap data

transfers and computation.

II. BACKGROUND

A. FT-M7032 Heterogeneous Processor

The FT-M7032 platform consists of a 16-core ARMv8 CPU

with four DSP clusters, providing a heterogeneous computing

environment.

Fig. 1 presents the architecture of the FT-M7032 platform.

It has a general-purpose (GP) area with CPU cores and an ac-

celeration (ACC) area with four clusters, each cluster includes

eight DSP cores, its own global shared memory (GSM), and
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Fig. 1: Overview of the FT-M7032 architecture

Fig. 2: Micro-Architecture of DSP Core in FT-M7032

off-chip DDR memory. While CPUs run at 2.0 GHz, DSPs

operate at 1.8 GHz. Each cluster works independently, and

the CPU cores manage inter-cluster data transfers.

As depicted in Fig. 2, the DSP core features a VLIW

architecture, integrating an instruction function unit (IFU),

scalar processing unit (SPU), vector processing unit (VPU),

and a DMA engine. The IFU can handle 11 instructions per

cycle, with five for scalar and six for vector operations. The

SPU, containing a scalar processing element (SPE) and a

64KB scalar memory (SM), manages scalar tasks. In contrast,

the VPU, designed for SIMD operations, boasts 16 vector

processing elements (VPEs) and a 768KB array memory

(AM), each VPE with 64-bit registers. The VPU process up

to 1024 bits at once. The SPU and VPU communicate via

broadcast instructions and SVR registers, while the DMA

engine enables efficient data transfers between different levels

of the memory hierarchy.

On the software front, hthread boosts multi-core DSPs’

usability, while its runtime bridges the GP and ACC sec-

tions [11]. The GP acts as the host, and each acceleration

cluster serves as a compute unit. The FT-M7032 has a

dedicated communication channel, APip, in its DSP’s DMA,

which supports indirect memory access through a mode named

SuperGather (SG) [12] or dma sg. This mode transfers data

across various memory spaces, and we utilize it to minimize

SpMV memory access latency.

B. Sparse Matrix Storage Format

Sparse matrices are usually stored in a compressed format.

This section introduces a mainstream sparse matrix storage

Fig. 3: An example of the SELL format for Srow=2. The

matrix is horizontally sliced into two slices, each stored in

column-major order.

Algorithm 1: SpMV pseudocode for the SELL format

Input: matrix A, vector x and Srow.
Output: vector y.

1 // rslice: number of slices
2 // colwid = (A.slice start[k + 1]−A.slice start[k])/Srow
3 for k = 0 to rslice do
4 for i = 0 to colwid do
5 for j = 0 to Srow do
6 idx = A.slice start[k] + j + i× Srow
7 y[k × Srow + j]+ =

x[A.column[idx]]×A.value[idx]
8 end
9 end

10 end

format suitable for SIMD-based processors.

1) Sliced ELL: The SELL (Sliced ELL) [10] format is an

enhanced version of the ELL [13] format, offering greater ef-

ficiency in storing and processing sparse matrices. This format

segments the sparse matrix into row slices, with each slice be-

ing represented in ELL format. The parameter, Srow, defines

the number of consecutive rows within each slice. The SELL

format consists of three data structures: slice_start,

column, and value. As shown in Fig. 3, column and

value store the column indexes and values of the nonzero

elements in column-major order, and slice_start stores

the index of the first element in each slice. Thus, the last num-

ber in slice_start denotes the total number of elements,

e.g., there are 6 elements in Fig. 3. Then, we can calculate the

number of elements per row in a slice i including the padding

elements as (slice start[i+ 1]− slice start[i])/Srow.

Algorithm 1 presents the SpMV algorithm using the SELL

format. Comprising three loops: The outer loop cycles through

each slice. The middle loop traverses the columns of the

current slice. The innermost loop performs multiplication and

addition for nonzero elements with vector x to produce the

vector y.

C. Block Sparse Matrix

The block sparse matrix is characterized by having multiple

dense blocks, where each dense block has a fixed size and

consists of nonzero elements (see Fig. 5). Sparse matrices

arising from higher-order discretizations and problems with

multiple degrees of freedom per mesh point often exhibit

a dense block substructure [9], [14], [15]. The dense block

consists of many nonzero elements, while the rest of the

matrix is zero. Block sparse matrices are widely used in
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scientific computing, engineering, and data analysis. For exam-

ple, stiffness matrices in finite element analysis often contain

dense blocks to describe local deformations in a structure. In

statistical modeling, covariance matrices can also have a dense

block structure, reflecting the correlation between variables.

The handling of block sparse matrices is therefore crucial

for many applications in high-performance computing and

scientific simulation.

III. OUR APPROACH

A. Architecture Analysis

In our study, we analyze the memory bandwidth character-

istics of the FT-M7032 hierarchy. Following this, we conduct a

thorough assessment of data transfer patterns and, based on our

findings, provide a prediction for SpMV’s peak performance

in this context.

1) Performance evaluation: As illustrated in Fig. 4 [16],

the DSP’s memory architecture is structured into three main

layers: an external DDR, an on-chip GSM used collectively by

the DSP cores, and an AM/SM dedicated to each individual

DSP core. AM serves as the storage space for VPU, requiring

the loading of matrix nonzeros and vector x before performing

multiplications and additions of SpMV. SM serves as the stor-

age area for scalar operations, including scalar multiplication

and addition, along with vector reduction tasks. GSM functions

as a high-speed on-chip memory serving as a shared L2 cache,

accessible by both SPUs and VPUs.

The DMA engines of the FT-M7032 facilitate data transfer

between memory units through two distinct mechanisms: the

direct point-to-point mode (dma p2p) and the more com-

plex super-gather mode (dma sg). While dma p2p is a non-

blocking direct transfer, dma sg specializes in gathering opera-

tions on x. Table I presents bandwidths between storage layers.

dma sg has notably less bandwidth than dma p2p, especially

from DDR to AM (around 4 GB/s in Table I). Thus, optimizing

dma sg usage is vital for SpMV performance on FT-M7032.

In SpMV, matrix A’s nonzero elements are stored sequentially,

but vector x is accessed irregularly. Boosting data locality by

caching or prefetching x can uplift SpMV’s efficiency. Thus,

it’s advisable to cache x’s elements in GSM instead of directly

using dma sg to transfer vector x from DDR to AM.

Fig. 4 shows the data transfer process: matrix values move

from DDR to AM via dma p2p. The vector x moves from

DDR to GSM via dma p2p, and then it is gathered from GSM

to AM via dma sg. The maximum bandwidth achievable with

the dma sg from GSM to AM is approximately 28 GB per

second. Translated into computational terms, it can move 3.5G

double-type elements per second when operating in double

precision (FP64) for SpMV, calculated as 28 ∗ 8 ∗ 109/64.

This gives a peak throughput of 7 GFLOPs (3.5G elements

per second times two operations per element), which is the

upper limit of SpMV performance achievable with dma sg on

the FT-M7032.

This analysis forms the foundation for our SpMV imple-

mentation and performance prediction on DSP, independent of

TABLE I: Measured bandwidth between storage layers

Function Direction Bandwidth

dma p2p DDR↔SM 39 GB/s
dma p2p DDR↔AM 34 GB/s
dma sg DDR↔AM 4 GB/s
dma p2p GSM↔AM 206 GB/s
dma sg GSM↔AM 28 GB/s

Fig. 4: The FT-M7032 storage hierarchy is abstracted into a

three-level memory structure, with an example of three DSP

cores in a cluster.

the chosen storage format. For this study, we chose the SELL

format. Subsequent subsections detail our idea stemming from

this analysis.

2) Breaking the bottleneck of dma sg: From the prior

section (Section III-A1), we discern that dma sg is SpMV’s

bandwidth bottleneck, with a performance peak of just 7

GFLOPs, even when caching x in GSM. To break the bottle-

neck of dma sg, we develop a new SpMV algorithm called

SPMV BLOCK for the sparse matrices with regular block

substructures. If they are stored in the column major order,

dma sg is not the bottleneck any more, and the performance

of SpMV can be improved significantly. The main idea is

shown in Fig. 5.

For the matrix shown in Fig. 5, the column indexes of the

elements in the same column of each sub-block are identical.

As a result, we can exploit this structure to optimize the SpMV

computation. Specifically, we can use dma sg to gather only

1/4 of the data (elements in green), and the remaining three

entries can be copied directly in the AM (elements in blue).

This approach can effectively alleviate the access bottleneck

of dma sg. In the next subsections, we describe our design

based on the above analysis.

B. SpMV BLOCK Design and Implementation

In this section, we introduce the basic implementation

of SpMV BLOCK and use optimization strategies such as

thread-level load balancing and pipelining to further improve

performance.

1) Reduce startup overhead: As shown in Fig. 4, the

transfer of the value array and vector x requires calls to

dma p2p and dma sg. A transfer process can be divided into
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Fig. 5: The block sparse matrix. It consists of multiple dense

blocks, each of which is a nonzero block with fixed constant

size.

a startup overhead and a transfer overhead. Once the amount

of data to be transferred is determined, the transfer overhead

is unchanged. However, the number of calls affects the startup

overhead, and if too many calls are made, the startup overhead

will be high. So use the full bandwidth of dma p2p and

dma sg as much as possible for each transfer. The AM has a

capacity of 768KB. To perform the SpMV operation on the

AM, we need to partition it into at least three sections to store:

the transmitted x, the A.value, and the calculated y. From

the storage space of AM, we can figure out that the maximum

length of each transmission is: 768KB/(64 ∗ 3) = 32768,

which is about 30∗1024. So each time we can transfer 30∗1024
value and x of double type to AM.

2) SPMV BLOCK: Algorithm 2 outlines the workflow of

SPMV BLOCK. According to the multi-core feature of FT-

M7032, we design a multi-thread parallel SpMV algorithm,

namely SPMV BLOCK.

The operations conducted between the head and tail are

multi-thread parallel SpMV operations (Lines 1 to 33). The

vector x is transferred from DDR memory to the GSM using

the dma p2p operation prior to the SpMV operation, as

depicted in Line 3. After moving the vector x, get the indexes

of the start and end slices that each thread is responsible for

processing (Line 7). After that, each thread processes its own

slices in parallel, nslice slices at a time (Lines 8 to 32).

Note that if the number of slices processed by the thread is

less than nslice, it processes stop−start slices. Lines 10 to

30 represent the processing of nslice slices. The st array

represents the slice_start array in SELL format (Fig. 3).

Initially, we use dma p2p and dma sg to load matrix values

and column indexes into AM (Lines 11, 12). Note that since

only 1/4 of the column indices are stored, only the length/4

vector x is loaded from the GSM to the AM. Lines 14 to 18

show the exact procedure for the expansion of the vector x.

We traverse each element of the vector x stored on AM from

back to front, expanding it in turn. where the mov_to_vlr

Algorithm 2: SPMV BLOCK algorithm

Input: matrix A, vector xv, Srow, and coreNum.
Output: vector yv.

1 Function SpMV_BLOCK(A, xv, Srow, coreNum)
2 // Moving x from DDR to GSM via dma p2p and m is the

dimension of the vector x.
3 dma p2p(xv ddr,m ∗ sizeof(double), xv gsm)
4 // define length 30× 1024
5 nslice = length/Srow
6 // tid indicates the thread index. tid ∈ (0,...,coreNum-1).
7 start = block ptr[tid], stop = block ptr[tid + 1]
8 for sli = start; sli < stop; sli += nslice do
9 begin = sli, end = sli + nslice

10 for offset = A.st[begin]; offset < A.st[end];
offset += length do

11 dma p2p(&A.value[offset], length ∗
sizeof(double), val am)

12 dma sg(xv gsm,&A.column[offset/4], (length/4)∗
sizeof(double), xv am)

13 // Extend the vector x on AM by copying it.
14 mov to vlr(0x0001)
15 for i = length/4 to 0 do
16 temp = vec ld(i, xv am)

vec st(temp, i ∗ 4 + 0, xv am)
vec st(temp, i ∗ 4 + 1, xv am)
vec st(temp, i ∗ 4 + 2, xv am)
vec st(temp, i ∗ 4 + 3, xv am)

17 end
18 mov to vlr(0xFFFF )
19 slice id = begin
20 precol = 0, curcol = colwid[slice id]
21 colnum = length/Srow
22 while curcol <= colnum && slice id < end do
23 for j = precol to curcol do
24 vec += val am[j] ∗ xv am[j]
25 end
26 yv am[slice id− begin] = vec
27 precol = curcol
28 curcol += colwid[++slice id]
29 end
30 end
31 dma p2p(yv am, nslice ∗

sizeof(double),&yv ddr[begin ∗ Srow])
32 end
33 end

instruction indicates the switching of the VPE. 0x0001
indicates that only one core is turned on, at which point the

VPU has only scalar functionality. 0xFFFF indicates that 16

VPEs are enabled, restoring the VPU to vector operation.

This instruction facilitates access to a single element for the

expansion process. Once the vector x has been expanded, the

SpMV calculation can be performed (Lines 22 to 29). The

column widths of each slice are recorded in advance in the

colwid array (Line 2 in Algorithm 1). slice_id is the

index of the current slice (Line 19). precol and curcol
are the cumulative number of columns from the begin slice

to the previous slice and the current slice respectively (Line

20). Lines 22 to 29 indicate the number of columns processed

at a time, these columns of length Srow come from multiple

slices. Lines 23 to 25 show the computation process for the

current slice, where 16 double-type elements can be calculated

by VPU each time. Lines 26 to 28 indicate that the calculation

results are buffered on AM and the next slice is calculated.
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Algorithm 3: binary search algorithm

Input: A.slice start, A.rslice, and bound.
Output: index.

1 Function binary_search(slice start, rslice, bound)
2 // rslice: number of slices.
3 start = 0, end = rslice− 1
4 while end >= start do
5 mid = (end+ start)/2
6 key = slice start[mid]
7 if bound >= key then
8 start = mid+ 1
9 end

10 else
11 end = mid− 1
12 end
13 end
14 return start
15 end

When nslice slices are computed, the results are written

back to DDR memory (Line 31).

SPMV BLOCK assigns slices to each thread, allowing effi-

cient parallel execution of threads. By exploiting the structural

properties of matrices, only part of the data of vector x is

moved to AM, avoiding the bandwidth bottleneck of SpMV.

The VPU consists of 16 VPEs, which can process 1024 bits

in parallel, i.e. 16 double-precision operations simultaneously,

further developing data-level parallelism.

3) Load balancing: To allow the DSP cores to achieve

better thread-level parallelism, we design a load balancing

strategy. We use binary search to determine the indexes of

the start and end slices processed by each thread. In this way,

each thread processes a similar number of nonzero elements

to achieve load balancing between threads.

Algorithm 3 describes our binary search algorithm. The

input parameters are the slice_start array of the sparse

matrix A, the number of slices rslice, and bound. The

bound indicates the start boundary of the thread’s processing

range under ideal load conditions. The bound is computed

for each thread as follows:

avennz =
slice start[end]

coreNum
, bound = coreId× avennz.

First, calculate the average number of elements processed by

each thread, avennz. The index of the DSP core is multiplied

by avennz, which is ideally the start boundary for thread

processing. The start boundary of the next thread is the end

boundary of the current thread. The slice just larger than the

ideal start boundary is searched using Algorithm 3, this is then

used as the start slice for thread processing. The indexes of the

slices returned by Algorithm 3 are stored in the block_ptr
array in preparation for performing the SpMV operations (Line

7 in Algorithm 2).

Fig. 6 illustrates two allocation strategies, here using four

threads as an example. Fig. 6-I shows an average allocation

based on the number of slices, and Fig. 6-II shows an al-

location using the load balancing strategy. Fig. 6-I allocates

slices based on the number of slices, without considering the

Fig. 6: Two allocation strategies. Figure I allocates slices based

on the number of slices, without considering the number of

elements contained in each slice. Figure II allocates slices

by using Algorithm 2, which implements thread-level load

balancing.

Fig. 7: Double buffering mechanism. We divide the AM space

into two parts, one for data import and one for computation

and export, in alternating order.

number of elements contained in each slice. There are 12 slices

and each thread is allocated 3 slices. The number of elements

processed by each thread is 13, 9, 8, and 6 respectively. After

the last thread completes its processing, there’s an additional

wait time for 7 more elements before finalizing the matrix

computation. Fig. 6-II uses Algorithm 3 to allocate slices

to four threads. The start slice indexes processed by each

thread are 0, 2, 5, and 8 respectively. The number of elements

processed by each thread is 10, 9, 9, and 8 respectively, which

achieves better load balancing compared to Fig. 6-I.

4) Double buffering: We implement a double buffering

technique, which allows DMA data transfers and computa-

tional tasks to occur simultaneously [16]. As illustrated in Fig.

7, the AM is split into two sections: one handles data import,

while the other manages computation and export. They work in

turn. This setup lets us overlap data transfer with computations

for all but the final data segment, enhancing the algorithm’s

overall speed and efficiency.
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TABLE II: Input matrices used in our evaluation

ID Input Rows(N) #nnz #nnz/N S(%)∗

1 1w-4 0.01M 2.00M 200.13 2
2 2w-4 0.02M 7.98M 398.78 2
3 3w-4 0.03M 17.98M 599.43 2
4 4w-4 0.04M 32.03M 800.77 2
5 5w-4 0.05M 50.01M 1000.21 2
6 6w-4 0.06M 36.00M 600.03 1
7 7w-4 0.07M 48.99M 699.91 1
8 8w-4 0.08M 63.98M 799.75 1
9 9w-4 0.09M 81.01M 900.10 1
10 10w-4 0.10M 100.02M 1000.17 1
11 1w-2 0.01M 2.00M 200.12 2
12 2w-2 0.02M 8.00M 400.00 2
13 3w-2 0.03M 18.00M 600.03 2
14 4w-2 0.04M 32.00M 799.94 2
15 5w-2 0.05M 50.00M 1000.05 2
16 1w-8 0.01M 2.02M 202.37 2
17 2w-8 0.02M 7.99M 399.52 2
18 3w-8 0.03M 18.03M 601.03 2
19 4w-8 0.04M 32.12M 803.11 2
20 5w-8 0.05M 50.32M 1006.31 2
∗S: The sparsity of block sparse matrices.

IV. PERFORMANCE RESULTS

A. Experimental Setup

The matrices in Table II are the block sparse matrices we

generated. These matrices vary in size and sparsity, simulating

different application scenarios. Take the matrix 1w-4.mtx
for example, where 1w is the dimension of the matrix and

4 means that it contains 4*4 dense blocks. We compare the

performance of SPMV BLOCK with the classical SpMV on

the CPU cores in the GP area. The CPU cores run the Linux

kernel version 5.4.0. The SpMV kernels are compiled with

GCC version 9.3 and “-O2 -lpthread -fopenmp” option. Note

that we use four threads for CPU execution.

B. Performance Evaluation

1) Performance of SPMV BLOCK: Using the first ten

matrices from Table II, we evaluate the SPMV BLOCK’s

performance. We compare SPMV BLOCK with a highly

optimized SpMV kernel that runs on CPU cores with CSR

storage formats, labeled as CSR CPU in Fig. 8. The CPU

kernel leverages four CPU cores in the FT-M7032’s GP

area, whereas SPMV BLOCK is executed on eight DSP

cores within a single DSP cluster. Fig. 8 provides a visual

representation of the results.

We implemented four versions of SpMV on DSPs to facili-

tate analysis of the strengths and weaknesses of our approach:

1) SELL transfer the entire vector x from GSM to AM;

2) BLOCK is the base implementation of SPMV BLOCK,

effectively breaking the bandwidth bottleneck of

dma sg;

3) BLOCK-LB use binary search for thread-level load

balancing;

4) BLOCK-LB-DB overlap data transfer and computation

using double buffering strategy based on load balancing;

The comparison between SELL and BLOCK highlights

SpMV bandwidth constraints. BLOCK overcomes the dma sg

bandwidth bottleneck, the process as depicted in Fig. 5.

Referring to Fig. 8, BLOCK achieves an impressive average

speedup of 1.57× over SELL.

The performances of BLOCK and BLOCK-LB are compared

to show the impact of load balancing optimization. The only

difference between these two versions is the use of load-

balancing optimization. Due to the typically regular distri-

bution of block sparse matrices we generated, there is no

performance gain from load balancing. However, for general

sparse matrices, load balancing methods can significantly im-

prove SpMV performance. To evaluate the benefits of double

buffering, we compare BLOCK-LB with BLOCK-LB-DB. The

latter uses pipelines to overlap data transfer and computation.

From Fig. 8, BLOCK-LB-DB outperforms BLOCK-LB by

an average speedup of 3.3%. The CPU results in Fig. 8

are obtained by running SpMV on the four CPU cores that

access the same DDR in one DSP cluster. Compared with the

CSR CPU implementation, the speedup of BLOCK-LB-DB is

5.80× times on average and is used as the final implementation

of SPMV BLOCK.

2) Impact of sparsity on performance: To explore the

effect of different sparsities on the performance of SpMV,

we generated five more matrices with a sparsity of 6%, as

illustrated in Fig. 9. We use the first five matrices in Table II

to compare performance with them. Fig. 9 shows that perfor-

mance improves as sparsity increases. Yet, this improvement

tapers off with increasing matrix size. On average, tripling the

matrix’s sparsity leads to a 16% performance boost.

3) Scalability of SPMV BLOCK: This section uses the

matrices numbered 1-5 and 11-20 in Table II to test

SpMV BLOCK. These matrices have the same sparsity but

contain dense blocks of different sizes, which can be used

to evaluate the algorithm’s scalability. Each set of test cases

in Fig. 10 contains three matrices, consisting of 2*2, 4*4,

and 8*8 dense blocks respectively. From Fig. 10, it’s evident

that for every doubling of the dense block size, the average

performance increases by 0.65 GFLOPs.

4) Bandwidth utilization analysis: For memory-bound op-

erations, bandwidth utilization serves as a crucial metric for

assessment. It’s computed as follows:

bandwidth utilization =
Actual bandwidth

Stream bandwidth
× 100%,

where Actual bandwidth is the actual bandwidth cost of

SPMV BLOCK and Stream bandwidth is the bandwidth

measured by using the STREAM benchmark [17], which is

modified by using hthread to run on FT-M7032. The total

access memory of SPMV BLOCK equals to

slice start[end] ∗ (4/4 + 8) + n ∗ 8 +m ∗ 8,
where slice start[end] is the length of arrays column and

value of SELL format (see Fig. 3), n and m are the row

and column dimensions of the matrix, respectively. Note that
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Fig. 8: Performance comparison of CPU-based SpMV vs SPMV BLOCK

Fig. 9: Impact of sparsity on performance. We use two types

of matrices with sparsities of 2 and 6. For example, for the

1w-4-26, the left bar represents 1w-4-2.mtx and the right

bar represents 1w-4-6.mtx.

Fig. 10: Scalability of SPMV BLOCK. Each test case set

comprises three matrices with 2x2, 4x4, and 8x8 dense

blocks, respectively, to assess the algorithm’s scalability.

the actual access of the column array needs to be divided

by 4 (4/4 in the formula), as we transmit only 1/4 of the

column index. As shown in Fig. 11, the bandwidth utilization

of the test matrices in Fig. 8 ranges from 47% to 96%, with

an average of 86.8% (Stream bandwidth is measured by using

dma p2p from DDR to AM, i.e., 34 GB/s).

V. RELATED WORK

A lot of effort has gone into making SpMV faster by using

various tricks, such as workload balancing [18]–[21], exploit-

ing data locality [22]–[25], and using machine learning [26]–

[30] to choose the best formats. Among the various strategies

explored, tapping into block structures has gained significant

interest. Earlier research [31]–[34] focused on using CPU

registers to optimize tiny blocks, especially those coming from

areas like finite element methods. Buluç [35] et al. developed

the CSB format to take advantage of block layout and cache

locality. Martone [36] came up with a recursive blocking

method specifically for SpMV. Meanwhile, Yan [37] et al.

Fig. 11: Bandwidth utilization of SPMV BLOCK. We test

the bandwidth utilization of the matrices in Fig. 8 The max-

imum and minimum bandwidth utilization is 47% and 96%

respectively, with an average bandwidth utilization of 86.8%.

focused on storing dense blocks and adjusting their sizes to

boost performance.

Ryan [9] et al. proposed the BCSR format for block

sparse matrix storage and computation with good compression

efficiency. However, the bandwidth utilization of BCSR-based

SpMV on Intel Xeon Phi KNC and K80 GPUs is very low.

In this study, we introduce a novel SpMV algorithm tailored

for block sparse matrices using the SELL format. Tested on

the FT-M7032 architecture, our approach outperforms conven-

tional CPU-based SpMV and enhances bandwidth utilization.

VI. CONCLUSION

In this paper, we propose a new SpMV algorithm for block

sparse matrices, which can break the bandwidth bottlenecks

of SpMV and efficiently perform SpMV on the FT-M7032.

We further develop a load-balancing approach using binary

search and design a computation pipeline to enhance memory

access efficiency. Experimental results show that our approach

significantly improves the performance of SpMV for block

sparse matrices, with good scalability and high bandwidth

utilization. Compared to SpMV on CPUs, we achieve a 5.80×
speedup, with an average bandwidth utilization of 86.8%.
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