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ABSTRACT

The sparse matrix-vector multiplication (SpMV) is widely used in
large-scale scientific computing and engineering. However, opti-
mizing SpMV for high-performance digital signal processors (DSPs)
has received limited attention. We present HaLAV, a method to
accelerate SpMV on CPU-DSP heterogeneous platforms, using the
FT-M7032 DSP platform as a case study. HaLAV partitions the input
matrix into ‘dense’ and ‘sparse’ parts through column reordering.
For the dense part, HaLAV automatically selects storage formats
optimized for vectorization to run on the DSP. At the same time,
it offloads the sparse component to be processed by the CPU us-
ing the standard CSR algorithm. We evaluate our approach on the
FT-M7032 platform and an Intel Xeon CPU. Experimental results
show that our techniques achieve average speedups of 2.09× and
1.66× over the competing baselines on the FT-M7032 and the Xeon
platform, respectively.
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1 INTRODUCTION

Sparse matrix-vector multiplication (SpMV)1 is found in a variety
of applications [7]. Despite its widespread use, optimizing SpMV on
parallel architectures remains challenging due to its irregular indi-
rect data accessing pattern [13]. With the increasing importance of
power and energy consumption in HPC systems, high-performance
digital signal processors (DSPs) are being integrated into HPC sys-
tems [6, 19, 21]. To the best of our knowledge, there has been limited
research on optimizing general SpMV for these emergingmulti-core
DSP platforms [4, 5].

This paper aims to bridge the gap of optimizing SpMV on DSPs
by taking the FT-M7032 CPU-DSP heterogeneous platform as a
case study [1, 2]. The FT-M7032 DSP implements a sophisticated
VLIW instruction set with SIMD units and software-managed on-
chip scratchpad memory features which are widely used in other
DSP architectures. Like other DSPs, memory management on FT-
M7032 is bare metal, requiring the software to carefully utilize
the memory space. As a result, optimization techniques developed
for the FT-M7032 DSP can be applied to a wide range of other
DSPs [4, 5, 21, 24].

Heterogeneous multi-core DSPs typically consist of two types
of cores: a general-purpose CPU and a multi-core DSP. Taking full
advantage of heterogeneous architectures is important for SpMV
performance, but there is still little research in this area. The two
processor cores’ distinct computational and memory access capa-
bilities make it non-trivial to utilize the processing units.

The DSP side offers extensive on-chip memory and robust vector
processing capabilities, outperforming the CPU side. If the task is
not divided properly, this architectural difference usually causes a
load imbalance, and how to use the rich storage and computation
resources on the DSP is still a problem. In addition, the highly
irregular nature of sparse matrices makes it more difficult to develop
efficient SpMV on heterogeneous processors.

To address the above challenges, we first capture the performance
characteristics of the processor cores by runningmicro-benchmarks
and then propose HaLAV2. HaLAV first divides the matrix into rel-
atively ‘dense’ and ‘sparse’ parts using efficient column reordering
1An SpMV operation, y = A · x, multiplies a sparse matrix A of size𝑚 × 𝑛 by a dense
vector 𝑥 of size 𝑛, and then produces a dense vector 𝑦 of size𝑚.
2HaLAV =Heterogeneity and Locality-Aware Vectorization
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algorithms. It then automatically selects vectorization-friendly stor-
age formats according to the distribution of the elements in the
dense part. With the diverse storage resources on the DSP, the
dense part can achieve a high locality of memory access by using
column blocking. The CPU side processes the sparse part using
the standard CSR algorithm. The DSP and CPU sides are executed
simultaneously to improve SpMV’s computational efficiency. We
evaluate our approach on FT-M7032, and experimental results show
that compared with the SpMV implementation on the CPU cores of
FT-M7032, HaLAV using one cluster achieves up to 2.09× speedup.
We also compare HaLAV with the novel locality-aware vectoriza-
tion (LAV) method [25] on FT-M7032, where HaLAV showcases
significant performance advantages. To fully exploit the perfor-
mance of FT-M7032, we implement an MPI-level parallel SpMV,
where each DSP cluster runs an MPI process. We utilize METIS [8]
for load balancing across the four clusters. HaLAV using four DSP
clusters is competitive with the highly optimized MKL on a 12-core
Intel Xeon E5-2692 processor, with an average speedup of 1.66×.

The main contributions of this paper are as follows:
• We propose a new partitioning scheme for heterogeneous
multi-core DSPs, which partitions the matrix into dense and
sparse parts through efficient column reordering.

• We propose HaLAV, a new SpMV method for heterogeneous
architecture. HaLAV achieves high vectorization efficiency
for dense parts through the adaptive selection of vector-
ization strategies. The sparse part using the CSR format is
executed in parallel with the dense part.

• Experiments show that our approach achieves an average
speedup of 1.66× over Intel’s highly-optimized MKL library
with low preprocessing overhead and good scalability.

2 BACKGROUND

2.1 FT-M7032 Heterogeneous Processor

The FT-M7032 is a CPU-DSP heterogeneous computing platform.
It has 16 ARMv8 CPU cores, which run the operating system, and
4 multi-core DSP clusters. As shown in Figure 1(a), the FT-M7032
platform’s CPU cores form the general-purpose area (GP), while the
4 clusters form the acceleration area (ACC). Each cluster has 8 DSP
cores, a global shared memory (GSM), and off-chip DDR memory.
The DSP cores operate at 1.8 GHz, compared to the 2.0 GHz of
the CPU cores. The four DSP clusters can operate independently,
with each cluster having access to its own private GSM. The CPU
cores in GP can access the entire DDR space across different DSP
clusters. The GSM is shared by the eight DSP cores within each
cluster, which is 6 MB and can store about 780,000 double-precision
elements. Data transfers between DSP clusters are managed by
CPUs.

Figure 1(b) shows that the DSP core is a VLIW-based architecture.
It comprises an instruction function unit (IFU), a scalar processing
unit (SPU), a vector processing unit (VPU), and a DMA engine.
The IFU can issue at most 11 instructions per cycle, comprising
five scalar instructions and six vector instructions. The SPU, which
includes an SPE (Scalar Processing Element) and an SM (Scalar
Memory) with size of 64KB, is responsible for instruction flow
control and scalar computations. The VPU has 768KB AM (Array
Memory) and 16 VPEs (Vector Processing Elements), which work in
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Figure 1: The overview of the FT-M7032 architecture (a) and

the micro-architecture of a DSP core in FT-M7032 (b).

a SIMD fashion and can perform 1024 bits (16 FP64 data) at a time. To
transfer data between the SPU and VPU, broadcast instruction and
scalar-vector register (SVR) are utilized. Finally, the DMA engine is
used to transfer data between different levels of memory, including
main memory, GSM, and SM/AM.

2.2 SpMV with Vectorization and Locality

We review existingmethods to inspire our designs, such as SELL [17],
Sell-c-𝜎 [10], ESB [15], and LAV [25] techniques, which are fre-
quently used to implement SpMV vectorization and locality.
SELL. The SELL (Sliced ELLpack) format is a modified version of
the ELL [9] format. It divides the sparse matrix into row slices of
size c and each slice is stored in the ELL format. All rows in a slice
are processed together with the same vector instructions, so if the
rows in a slice have different numbers of nonzeros, they are padded
to the same length. The slice size c is typically given by the width
of the machine’s vector unit and determines the degree of padding.
When the number of elements in each row varies greatly, SELL will
introduce more zero padding.
Sell-c-𝜎 . Sell-c-𝜎 initially groups 𝜎 consecutive rows of the matrix.
Within each group, rows are reordered based on the descending or-
der of their nonzero elements. This process aims to ensure that each
set of 𝑐 consecutive rows possesses a similar number of nonzeros,
thereby reducing the zero padding.
ESB. ESB introduces two additional optimizations over Sell-c-𝜎 :
column blocking and the bit array. By setting the column block size
to the cache size, the cache locality of the input vector is effectively
improved. Using the bit array can reduce the required memory
bandwidth, but it technically does not increase SIMD efficiency
because ESB still performs arithmetic on padding zeros [15]. When
the variance of the row lengths of the matrix is too large, ESB can
hinder the efficiency of the overall vectorization.
LAV. LAV uses column reordering to improve the efficiency of
vectorization. It reorders the columns based on decreasing numbers
of nonzeros, this is called column frequency sorting (CFS) [25].With
CFS, columns with more nonzeros are processed in close temporal
succession, reusing input vector elements. If the matrix is large,
input vector elements are evicted from the LLC before being reused.
Therefore, LAV partitions the matrix into column blocks after CFS.
LAV divides the column block into dense and sparse parts using
the fraction𝑇 (e.g., 80%), which denotes the percentage of nonzeros
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in the dense part. LAV applies the global row reordering to each
column block in the dense part, known as row frequency sorting
(RFS) [25]. LAV first performs SpMV vectorization on the chunks
(i.e. slices) of dense part and then processes the sparse part using
the CSR algorithm.

3 ANALYSIS OF SPMV APPROACHES WITH

HETEROGENEOUS DSPS

We find that on modern multi-core DSPs, the existing techniques
sometimes are not faster than a simple CSR implementation on the
CPU. In this section, we analyze this behavior on a representative
FT-M7032 DSP processor in three ways: zero-padding minimiza-
tion [10], column reordering [25], and blocking [15, 25].

3.1 Architecture Analysis

Figure 1 shows that DSP memory architecture has three main lev-
els: an off-chip DDR, an on-chip GSM shared by DSP cores, and
AM/SM private to a DSP core. The values array of nonzeros and
vector 𝑥 must be loaded into AM before performing vectorization
computation on VPUs. GSM is high-speed on-chip memory serving
as a shared LLC cache, which can cache vector 𝑥 to improve locality.
However, GSM’s limited memory means that it can’t hold the entire
vector 𝑥 if 𝑥 exceeds GSM’s capacity. To perform SpMV calculations
for arbitrary matrices using GSM, we employ column blocking.
The cache locality of the input vector corresponding to each column
block is improved by transferring it into GSM. The DMA provides
two data transfer modes: point-to-point mode (dma_p2p) and super-
gather mode (dma_sg) [14]. While dma_p2p is a non-blocking direct
transfer, dma_sg specializes in gathering operations on 𝑥 .

3.2 Zero-padding Minimization

To improve the efficiency of SIMD vectorization, zero padding
should be reduced as much as possible. The SELL format uses row
slicing to reduce zero padding, and the sell-c-𝜎 and LAV use row
reordering to reduce it further. The sell-c-𝜎 uses local reordering
in the 𝜎 range, while the LAV uses a global row reordering (RFS).
In matrices for power-law graphs, the number of nonzeros in both
rows and columns is highly imbalanced. RFS can effectively reduce
the zero padding for such matrices, but it may be harmful to sparse
matrices used in scientific computing. This is because all rows are
reordered, which typically results in a loss of spatial and temporal
locality for the input vector, as nearby rows tend to have similar
nonzero patterns [15, 26].

Figure 2 shows the comparison results of RFS and 𝜎 reordering,
with c set to 16 and 𝜎 set to 512. Figure 2(a) shows the percentage
of nonzeros in SELL after different row reordering, and Figure 2(b)
shows the overhead of RFS relative to 𝜎 reordering. We use the
coefficient of variation [23] (CV = Standard Deviation / Mean Value)
to measure the difference in row lengths of sparse matrices. The
first four matrices have smaller CVs and the last four are larger
in Figure 2. As shown in Figure 2(a): when CV is small, indicating
a balanced number of elements per row, RFS exhibits only slight
competitiveness over 𝜎 reordering. When CV is large, indicating
an imbalance in the number of elements per row, RFS introduces
significant zero padding. However, as shown in Figure 2(b), the
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Figure 2: Comparison of row reordering methods. Figure 2(a) shows

the percentage of nonzeros in SELL after different row reordering,

and Figure 2(b) shows the overhead of RFS relative to 𝜎 reordering.
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Figure 3: Impact of CFS on zero-padding. Figure 3(a) illustrates the

CFS and Figure 3(b) shows its effect on ESB’s zero padding.

overhead of RFS is several times that of local reordering. Thus, RFS
does not offer significant advantages over 𝜎 local reordering.

Although the article [26] claims that Sell-c-𝜎 effectively accel-
erates matrices in SuiteSparse, Figure 4 in the same article reveals
that Sell-c-𝜎 is not always the fastest method. Similarly, Figure 2(a)
shows that for matrices with larger CVs, Sell-c-𝜎 still produces
significant zero padding, which affects SpMV performance. The
inadequacy of these current methods motivates us to search for
new vectorization methods.

3.3 Column Reordering

We evaluate the impact of column reordering on SpMVperformance.
Column reordering is often used in conjunction with column block-
ing. This can concentrate nonzeros in the first few column blocks
to increase locality and vectorization efficiency. However, our find-
ings indicate that CFS does not always improve SpMV performance.
Using the ESB format with two column blocks as an example, Fig-
ure 3(b) illustrates the zero percentage in ESB and indicates that
CFS can lead to increased computational tasks for certain matri-
ces. This is because CFS breaks the original locality in the matrix,
causing the zero padding to increase instead of decrease.

LAV stores the sparse part of the matrix in CSR after CFS and
blocking, reducing the zero padding in the sparse part without
reducing it in the dense part. It is worth noting that LAV has no
heterogeneous parallelism for dense and sparse parts stored using
different formats. The dense part is processed first before the sparse
part [25], which reduces the performance of SpMV to some extent.

3.4 Mask

ESB and LAV both use the mask load instruction to reduce band-
width requirements. However, the slice still needs to pad zero to
achieve computational alignment of SIMD lanes for the vectoriza-
tion [15, 25]. Therefore, the mask technique does not reduce zero
padding to improve vectorization efficiency, and introduce addi-
tional control logic. Since many matrices in scientific computing
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have a balanced distribution of nonzeros to rows [26], there is no
need to use additional masks for such matrices. The FT-M7032
currently lacks the mask load interface, so our work does not use
the masking technique. If the number of rows in a matrix is not a
multiple of the number of SIMD lanes, zero padding is usually re-
quired to implement vectorization for the last slice. LAV computes
the row_mask [25] to identify zero rows. For this case, we propose
a new matrix partitioning scheme that avoids zero padding and
row_mask calculation, as described in Section 4.2.

4 HALAV: HETEROGENEITY AND

LOCALITY-AWARE VECTORIZATION

The analysis above highlights the shortcomings of existing vector-
ization methods in addressing heterogeneous processors, posing
challenges in task distribution and vectorization efficiency. Draw-
ing from these insights, we introduce HaLAV and delve into the
detailed design concept of HaLAV for a single DSP cluster.

4.1 Design Overview

HaLAV is a new approach that speeds up SpMV on heterogeneous
multi-core DSPs by enhancing locality and vectorization. HaLAV
proposes a new partitioning of heterogeneity-aware. It divides the
matrix into dense and sparse parts using a lightweight and effi-
cient preprocessing step. The DSP in the cluster and the CPU in
GP compute the dense and sparse parts, respectively. The dense
part automatically selects vectorization-friendly formats based on
the distribution of nonzeros, which effectively improves the com-
putational efficiency of SIMD lanes. The sparse part uses the CSR
algorithm without additional zero padding. The sparse and dense
parts are executed simultaneously, efficiently exploiting the perfor-
mance of heterogeneous processors.

4.2 New Partition for Heterogeneity-Aware

To establish the foundation for our partition design, we conduct
a basic micro benchmark to test the performance of the DSP and
CPU side. We implement SpMV vectorization on the DSP side in
the ESB, because it uses column blocking, which can utilize GSM to
cache 𝑥 . The CPU side is implemented using CSR. Figure 4 shows
that the performance on the DSP side is much higher than on
the CPU side, due to the DSP obvious vectorization advantage.
The performance difference of these two types of cores motivates
us to find a new partitioning. We propose a heterogeneity-aware
new partitioning by implementing an efficient CFS and two-level
partitioning: preliminary and heterogeneous partitions.

CFS concentrates the densest columns to the left, which reduces
zero padding on the DSP side and boosts vectorization efficiency.
To achieve CFS of a matrix, it is necessary to create a sortedCols
array to record the sorted column index. The most time-consuming
part in CFS is to query the sorted new column index based on the
old column index, and the traditional query process as shown in
Lines 15 to 19 of Algorithm 1. In the worst case, the complexity of
this linear search for a nonzero column index is O(N). When the
matrix is large, it will take up more time. To address this problem,
we propose MapCFS, an efficient CFS based on map arrays.
MapCFS. MapCFS accelerates the query by constructing a map
array, colIndexMap (Lines 1 to 3 in Algorithm 1). The map array
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Figure 5: The heterogeneity-aware partitioning workflow.

Algorithm 1:MapCFS Algorithm
Input: matrix𝐴, 𝑠𝑜𝑟𝑡𝑒𝑑𝐶𝑜𝑙𝑠 .
Output: 𝑛𝑒𝑤𝐶𝑜𝑙𝐼𝑛𝑑𝑖𝑐𝑒𝑠 , 𝑛𝑒𝑤𝑉𝑎𝑙𝑢𝑒𝑠 .

1 for 𝑘 = 0 to𝐴.𝑛𝑢𝑚𝐶𝑜𝑙𝑠 do

2 𝑐𝑜𝑙𝐼𝑛𝑑𝑒𝑥𝑀𝑎𝑝 [𝑠𝑜𝑟𝑡𝑒𝑑𝐶𝑜𝑙𝑠 [𝑘 ] .𝑐𝑜𝑙𝐼𝑛𝑑𝑒𝑥 ] = 𝑘

3 end

4 for 𝑖 = 0 to𝐴.𝑛𝑢𝑚𝑅𝑜𝑤𝑠 do

5 𝑟𝑜𝑤𝑆𝑡𝑎𝑟𝑡 = 𝐴.𝑟𝑜𝑤_𝑝𝑡𝑟 [𝑖 ], 𝑟𝑜𝑤𝐸𝑛𝑑 = 𝐴.𝑟𝑜𝑤_𝑝𝑡𝑟 [𝑖 + 1]
6 for 𝑗 = 𝑟𝑜𝑤𝑆𝑡𝑎𝑟𝑡 to 𝑟𝑜𝑤𝐸𝑛𝑑 do

7 𝑜𝑙𝑑𝐶𝑜𝑙𝐼𝑛𝑑𝑒𝑥 = 𝐴.𝑐𝑜𝑙𝐼𝑛𝑑𝑖𝑐𝑒𝑠 [ 𝑗 ]
8 𝑛𝑒𝑤𝐶𝑜𝑙𝐼𝑛𝑑𝑒𝑥 = 𝑐𝑜𝑙𝐼𝑛𝑑𝑒𝑥𝑀𝑎𝑝 [𝑜𝑙𝑑𝐶𝑜𝑙𝐼𝑛𝑑𝑒𝑥 ]
9 // Update column index.

10 𝑛𝑒𝑤𝐶𝑜𝑙𝐼𝑛𝑑𝑖𝑐𝑒𝑠 [ 𝑗 ] = 𝑛𝑒𝑤𝐶𝑜𝑙𝐼𝑛𝑑𝑒𝑥

11 𝑛𝑒𝑤𝑉𝑎𝑙𝑢𝑒𝑠 [ 𝑗 ] = 𝐴.𝑣𝑎𝑙𝑢𝑒𝑠 [ 𝑗 ]
12 end

13 end

14 //Appendix: Traditional method of querying the new column index.
15 for 𝑘 = 0 to𝐴.𝑛𝑢𝑚𝐶𝑜𝑙𝑠 do

16 if 𝑠𝑜𝑟𝑡𝑒𝑑𝐶𝑜𝑙𝑠 [𝑘 ] .𝑐𝑜𝑙𝐼𝑛𝑑𝑒𝑥 == 𝑜𝑙𝑑𝐶𝑜𝑙𝐼𝑛𝑑𝑒𝑥 then

17 𝑛𝑒𝑤𝐶𝑜𝑙𝐼𝑛𝑑𝑒𝑥 = 𝑘 , 𝑏𝑟𝑒𝑎𝑘
18 end

19 end

stores the map from the old column index to the new column index,
i.e. the old index finds the new index (Line 8). This method avoids
expensive linear searches for each nonzero and can reduce the time
complexity to O(1). In addition, MapCFS works directly with the
CSR format (Lines 4 to 13). Since CSR is the default format in many
sparse matrix applications, MapCFS has high applicability and low
preprocessing overhead.
Preliminary partition. Blocking takes the output of MapCFS and
divides the matrix into dense block and sparse block. The dense
block contains column blocks with dense columns. The standard
for selecting the number of column blocks (𝑁𝑑 ) that make up the
dense block is to pre-balance the DSP and CPU task divisions,
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Figure 6: The layout of the dense and sparse part in HaLAV.

and we will discuss it in Section 5.2.3. After using the blocking
strategy, we implement the initial partitioning of the matrix for
the heterogeneous processors and output a “splitColumn" index.
splitColumn is a column that distinguishes between dense and
sparse blocks. The column blocks in dense block will use GSM
caching to ensure the locality of the data.
Heterogeneous partition. Based on the results of the preliminary
partition, we further divide the dense block. We compare the num-
ber of rows in the matrix with 𝜎 . If𝑚 is not a multiple of 𝜎 , we take
𝑚 −𝑚%3𝜎 as the "splitRow" index. We use splitRow to split the
dense block into the dense part above, and the remaining part to-
gether with the sparse block form the sparse part. This ensures that
the number of rows in the dense part is a multiple of the number
of SIMD lanes, and avoids using row_mask to mark empty rows.

Figure 5 shows an example of the HaLAV partition. The first
step performs MapCFS on A to attain Figure 5(b). Note that the
input vector 𝑥 is also permuted according to the new order in
sortedCols. After MapCFS, most of the nonzeros are now in the
first few columns. The next step divides A into column blocks. The
number of columns per block, blocklen, is the size of GSM in
practice. The splitColumn, the multiple of blocklen, is chosen to
partition matrix into dense block and sparse block. The dense block
consists of the first 𝑠𝑝𝑙𝑖𝑡𝐶𝑜𝑙𝑢𝑚𝑛

𝑏𝑙𝑜𝑐𝑘𝑙𝑒𝑛
column blocks, which contain the

majority of the nonzeros. The sparse block contains the remaining
columns. Figure 5(c) shows the dense and sparse blocks of A with
blocklen = 4 and splitColumn = 4, where a single column block is
sufficient to form the dense block. Finally, by calculating splitRow,
the dense block is split into the dense part above, and the remain-
ing part together with the sparse block form the sparse part, as
shown in Figure 5(d). Figure 5(d1-3) shows that when splitRow and
splitColumn take different values, the sparse part can correspond
to different shapes. This allows dynamic adaptation of partitioning
styles based on matrix dimensional properties.

4.3 HaLAV Matrix Representation

HaLAV uses different representations for dense and sparse parts to
facilitate subsequent SpMV parallel execution. To utilize the vector
components of DSP, we store the dense part in a format that is easy
to vectorize. For the sparse part, we adopt CSR format.

3Here, the % represents the modulo operation.

Algorithm 2: Search for regularlen in the irregular slice
Input: 𝑆𝑟𝑜𝑤, 𝑠𝑙𝑖𝑐𝑒𝑙𝑒𝑛, and 𝑟𝑜𝑤𝑙𝑒𝑛_𝑠𝑙𝑖𝑐𝑒 .
Output: 𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑙𝑒𝑛.

1 𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑙𝑒𝑛 = 𝑠𝑙𝑖𝑐𝑒𝑙𝑒𝑛, 𝑝𝑟𝑒𝑠𝑖𝑧𝑒 = 𝑠𝑙𝑖𝑐𝑒𝑙𝑒𝑛 ∗ 𝑆𝑟𝑜𝑤 ∗ 𝑛𝑛𝑧𝑟_𝑠𝑖𝑧𝑒
2 for 𝑙𝑒𝑛 = 𝑠𝑙𝑖𝑐𝑒𝑙𝑒𝑛 − 1 to 0 do
3 𝑛𝑛𝑧𝑖_𝑛𝑢𝑚 = 0
4 for 𝑖 = 0 to 𝑆𝑟𝑜𝑤 do

5 if 𝑟𝑜𝑤𝑙𝑒𝑛_𝑠𝑙𝑖𝑐𝑒 [𝑖 ] ≥ 𝑙𝑒𝑛 then

6 𝑛𝑛𝑧𝑖_𝑛𝑢𝑚+ = 𝑟𝑜𝑤𝑙𝑒𝑛_𝑠𝑙𝑖𝑐𝑒 [𝑖 ] − 𝑙𝑒𝑛

7 end

8 end

9 𝑛𝑒𝑥𝑡𝑠𝑖𝑧𝑒 = 𝑛𝑛𝑧𝑖_𝑛𝑢𝑚 ∗ 𝑛𝑛𝑧𝑖_𝑠𝑖𝑧𝑒 + 𝑙𝑒𝑛 ∗ 𝑆𝑟𝑜𝑤 ∗ 𝑛𝑛𝑧𝑟_𝑠𝑖𝑧𝑒
10 if 𝑛𝑒𝑥𝑡𝑠𝑖𝑧𝑒 >= 𝑝𝑟𝑒𝑠𝑖𝑧𝑒 then

11 𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑙𝑒𝑛 = 𝑙𝑒𝑛 + 1, 𝑏𝑟𝑒𝑎𝑘
12 end

13 𝑝𝑟𝑒𝑠𝑖𝑧𝑒 = 𝑛𝑒𝑥𝑡𝑠𝑖𝑧𝑒

14 end

4.3.1 The dense part representation. There are two commonly used
strategies for vectorization: in-row vectorization of row-major or-
der and cross-row vectorization of column-major order [11]. In-row
vectorization processes same-row values using SIMD units. If the
row length is not multiple of SIMD width, the outliers are com-
puted separately. The cross-row vectorization uses SIMD lanes to
process adjacent rows in the same slice simultaneously and does
not require any additional operations for reduction and outliers.
When adjacent rows in a matrix have similar lengths, cross-row
vectorization is more efficient, and all formats in Section 2.2 adopt
cross-row vectorization. However, cross-row vectorization tends to
underperform when row lengths vary widely, as excessive padding
zeros lead to performance penalties.

Therefore, the format in Section 2.2 is not always efficient when
the distribution of row lengths is uneven. This inspired us to ex-
plore new vectorization formats. After heterogeneous partition,
HaLAV uses 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 = 𝐷𝑒𝑛𝑠𝑒𝑍𝑒𝑟𝑜

𝐷𝑒𝑛𝑠𝑒𝑁𝑁𝑍
to measure the storage effi-

ciency when dense part uses cross-row vectorization with 𝜎 row
reordering. Here, 𝐷𝑒𝑛𝑠𝑒𝑁𝑁𝑍 and 𝐷𝑒𝑛𝑠𝑒𝑍𝑒𝑟𝑜 represent the num-
ber of nonzeros and the zero-padding in the dense part. Note that
obtaining 𝐷𝑒𝑛𝑠𝑒𝑁𝑁𝑍 and 𝐷𝑒𝑛𝑠𝑒𝑍𝑒𝑟𝑜 does not require physical
reordering of rows. HaLAV can compute these values by simply
counting the nonzeros in each row. HaLAV uses 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 to auto-
matically select vectorization strategies for the dense part.

If 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 is less than the threshold 𝑅, it indicates that cross-
row vectorization is more efficient and there is no need to consider
in-row vectorization. In this case, HaLAV first performs continuous
𝜎 row reorder on each column block and then divides each block
into slices. Figure 6(b) continues the example of Figure 5(d) and
shows the block divided into two slices. We use two rows per
slice because we assume two SIMD lanes. Afterward, vectorization
calculation is performed on each slice using column-major order.

If 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 is greater than or equal to the threshold 𝑅, it means
that the sparse matrix has rows of "special" length, which results
in more zero-padding. For example, the second row in Figure 6(c).
This significantly affects the efficiency of cross-row vectorization.
HaLAV introduces in-row vectorization to deal with such rows.
Firstly, HaLAV directly divides each block into slices, eliminating
row reordering since it does not effectively reduce zero padding.
Secondly, HaLAV uses CV to evaluate the row length distribution of
each slice. If the CV is less than 0.2 [18], the distribution is balanced,
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indicating that the slice is more regular and stored in column-major
order (see the second slice in Figure 6(c)). Otherwise, the row length
distribution is unbalanced, thus this slice is irregular (see the first
slice in Figure 6(c)). In this case, HaLAV first finds the more regular
part of the irregular slice and stores it using column-major order.
The remaining irregular part is stored using row-major order. Note
the regular part of a slice can be the whole slice (CV < 0.2) or a part
of the slice (CV >= 0.2). Finally, HaLAV appends the regular parts
of each slice together and stores them in a column-major order data
structure. The irregular parts are appended together and stored in
a row-major order data structure. This is shown in the green and
orange boxes in Figure 6(d).

HaLAV finds the length of the regular part (regularlen) in
the irregular slice using Algorithm 2. Srow is the slice size, sim-
ilar to the c in SELL, and rowlen_slice array stores the num-
ber of nonzeros of each row in the slice. For irregular slice, if
the regularlen is large, such as equal to the original length of
the slice (slicelen), it will result in more zero padding. If the
regularlen is small, too many nonzeros will be split into irregular
parts. Because irregular parts use in-row vectorization, there will
be additional processing overhead. Therefore, Algorithm 2 tries to
preserve the regular parts of the slice as much as possible, while
reducing zero padding. HaLAV stores the regular part in column-
major order, only storing column indexes and values. Each nonzero
occupies a storage size of: 𝑠𝑖𝑧𝑒𝑜 𝑓 (𝑑𝑜𝑢𝑏𝑙𝑒) + 𝑠𝑖𝑧𝑒𝑜 𝑓 (𝑖𝑛𝑡), which we
use nnzr_size to represent. The irregular part needs to store the
row and column indexes and values of nonzeros, occupying a space
of: 𝑠𝑖𝑧𝑒𝑜 𝑓 (𝑑𝑜𝑢𝑏𝑙𝑒)+2∗𝑠𝑖𝑧𝑒𝑜 𝑓 (𝑖𝑛𝑡). We use nnzi_size to represent.
It is easy to see that each element of the irregular part requires
more storage space. Only columns with more zeros are divided into
irregular parts, resulting in a lower storage overhead for irregular
slice. Therefore, Algorithm 2 searches for the most appropriate
regularlen based on the slice storage cost. Line 1 initializes the
regularlen to the slicelen. Lines 3 to 9 calculate the slice stor-
age size (nextsize) for each length, including both regular and
irregular parts. Searching one by one until the nonzeros are added
to the irregular parts can no longer reduce the slice storage size
(Lines 10 to 12). The regularlen that balances zero padding and
in-row vectorization overhead is found.

Figure 6(c) shows the HaLAV processing when 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 is
greater than the threshold 𝑅. For the regular part, the cross-row
vector computation is taken directly. For the irregular part, the
in-row vector computation is taken and the computed result is ac-
cumulated at the corresponding position of the vector 𝑦 according
to the index of the current row. If a row length of irregular part
is not a multiple of the number of SIMD lanes, the remaining ele-
ments in each row are spliced. A vector computation is performed
on the spliced data and the computed result is scattered to the
corresponding position of vector 𝑦 according to the row index of
each element. If the remaining data is not sufficient for the number
of SIMD lanes, the scalar computation is directly performed. For
instance, in Figure 6(c), the yellow nonzero C represents such a case.
HaLAV dynamically adjusts the vectorization strategy according
to the distribution of matrix elements, which effectively reduces
zero-padding and improves the vectorization efficiency.
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Figure 7: The HaLAV workflow.

4.3.2 The sparse part representation. As shown in Figure 5(d1-3),
the sparse part includes three types: RightLow, Low, and Right. If𝑚
is not a multiple of 𝜎 , a Low type is generated. When the number
of columns in the matrix is greater than 780,000 (see Section 2.1), a
Right type may occur. When both situations exist simultaneously,
the sparse part is the RightLow type. Different types of sparse parts
correspond to different numbers of rows. The number of rows for
the Right and RightLow types is the same as the original matrix.
However, for the Low type, there are only𝑚%𝜎 rows. HaLAV de-
signs a unified CSR-based SpMV algorithm for sparse parts, which
can efficiently execute SpMV using OpenMP. To ensure that the
different types are calculated correctly, a starting row needs to be
recorded. The starting row for the Right and RightLow types is 0,
while for the Low type is𝑚 −𝑚%𝜎 .

4.4 HaLAV’s Workflow

Figure 7 shows the HaLAV workflow. Firstly, HaLAV uses MapCFS
to preprocess the input matrix, Afterward, the heterogeneity-aware
partition is used to divide the matrix into dense and sparse parts.
The sparse part may contain three types, and HaLAV uses a unified
CSR algorithm for calculation on CPU. HaLAV calculates 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧
of the dense part for comparison with the threshold 𝑅. If it is less
than the 𝑅, HaLAV reorders the consecutive 𝜎 rows for each column
block and uses cross-row vectorization on each slice. If it is greater
than the 𝑅, HaLAV performs row slicing on dense parts and splits
each irregular slice. The regular part is calculated using cross-row
vectorization, while the irregular part uses in-row vectorization.
The dense and sparse parts execute simultaneously to enhance
SpMV performance.

4.5 SpMV Algorithm with HaLAV

In this section, we introduce the implementation of HaLAV’s SpMV
and use optimization strategies such as: reducing startup overhead
and thread-level load balancing to improve SpMV performance.

4.5.1 Reducing startup overhead. Transferring the values and vec-
tor 𝑥 involves calls to dma_p2p and dma_sg (see Section 3.1). A
transfer process involves startup and transfer overhead. The trans-
fer overhead remains constant once the data volume is fixed, but
excessive calls can significantly increase the startup overhead [2].
To perform SpMV on the AM (768KB), we need to partition it into
at least three parts to store 𝑥 , A.values, and the calculated𝑦. Based
on the size of AM, we can figure out that the maximum length
of value and 𝑥 each transmission is: 768∗1024∗8(64∗3) = 32768, which is
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about 30 ∗ 1024. When using in-row vectorization, it is necessary
to scatter the calculated vector result to the corresponding position
of 𝑦 based on the nonzeros row index. We use the SVR register to
complete the scatter process on SM (64KB). SM needs to store the
row index and the calculated 𝑦. So, the maximum transfer length
of row indexes is 64∗1024∗8

(64+32) = 5461, about 40 ∗ 128.

4.5.2 SpMV_HaLAV. HaLAV’s SpMV algorithm consists of two
parts: cross-row vectorization and in-row vectorization, which are
used to handle regular and irregular parts of slices, respectively.
Algorithm 3 demonstrates the SpMV_HaLAV algorithm. To make
it concise, scalar calculations in the irregular parts are not shown
here. It works by operating on one column block at a time (Line
2), processing slices of the block in thread-parallel. The vector 𝑥 is
transferred from the DDR to the GSM using the dma_p2p before the
SpMV operation (Line 3). After moving the vector 𝑥 , the indexes of
the start and end slices that each thread is responsible for processing
are obtained (Lines 5 and 6). After that, each thread processes its
slices (including regular and irregular parts) in parallel.

Lines 8 to 23 show the cross-row vectorization algorithm. First,
we use dma_p2p and dma_sg to load matrix values and vector 𝑥
into AM (Lines 11 and 12). Then, the transmitted data is converted
into columns, these columns of length Srow come from multiple
slices (Line 13). Srow refers to the slice size and is set to the number
of SIMD lanes in the DSP, which is 16 (vec_len). Since the length
of the 𝑖-th slice can be calculated using (𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑖+1]−𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑖 ] )

𝑆𝑟𝑜𝑤
.

The lengths of each slice are recorded in advance in the slicelen ar-
ray. Afterward, the vectorization of the column-major order is com-
puted for each slice. slice_id is the index of the current slice (Line
13). precol and curcol are the cumulative number of columns
from the start slice to the previous slice and the current slice respec-
tively (Line 14). Lines 16 to 18 show the computation process for
the current slice, where 16 double-type elements can be calculated
by VPU each time. When the calculation is complete, the results
are written back to DDR (Line 22).

Lines 25 to 44 show the in-row vectorization algorithm. Line 25
gets the start and end row numbers that each thread is responsible
for. Lines 29 and 30 transfer matrix values and vector 𝑥 of irregular
parts to AM. And convert the data length into the number of vector
calculations (Line 32). Then we transfer the row index to SM and
calculate the corresponding number of vectors (Lines 33 and 36).
Lines 38 to 41 show the calculation of the currVecNum vectors and
scatter the results to SM. When the calculation is complete, the
results are stored back in DDR (Line 43).

4.5.3 Thread-level load balancing. To allow theDSP cores to achieve
better thread-level parallelism, we propose a load-balancing strat-
egy with the granularity of slices. Since the dense part stored in
HaLAV format consists of multiple slices, distributing the slices
across the DSP cores according to the number of slices can result in
a serious load imbalance. To solve this problem, we propose a linear
scanning allocation (LSA) algorithm, which can make the slices
computed by each core have an approximate number of elements.

Algorithm 4 describes the LSA algorithm. To make it more con-
cise, only the regular slice is considered here. Lines 1 to 19 iterate
through each column block in turn. Lines 3 and 4 indicate the
start and end positions of the current column block in slice_ptr.

Algorithm 3: SpMV_HaLAV Algorithm
Input: matrix𝐴, vector 𝑥𝑣, 𝑆𝑟𝑜𝑤, and 𝑐𝑜𝑟𝑒𝑁𝑢𝑚.
Output: vector 𝑦𝑣.

1 Function SpMV_HaLAV (𝐴, 𝑥𝑣, 𝑆𝑟𝑜𝑤, 𝑐𝑜𝑟𝑒𝑁𝑢𝑚)
2 for 𝑏𝑖 = 0 to 𝑛𝑢𝑚𝑏𝑙𝑜𝑐𝑘𝑠 do

3 dma_p2p: transfer xv[bi] from DDR to GSM
4 // tid indicates the thread index. tid ∈ (0,...,coreNum-1).
5 𝑠𝑡𝑎𝑟𝑡 = 𝑡ℎ𝑟𝑒𝑎𝑑_𝑝𝑡𝑟 [𝑡𝑖𝑑 + 𝑏𝑖 ∗ 𝑐𝑜𝑟𝑒𝑁𝑢𝑚]
6 𝑠𝑡𝑜𝑝 = 𝑡ℎ𝑟𝑒𝑎𝑑_𝑝𝑡𝑟 [ (𝑡𝑖𝑑 + 1) + 𝑏𝑖 ∗ 𝑐𝑜𝑟𝑒𝑁𝑢𝑚]
7 // Cross-row vectorization handles the regular part in slices
8 for 𝑠𝑙𝑖 = 𝑠𝑡𝑎𝑟𝑡 to 𝑠𝑡𝑜𝑝 in parrall do
9 𝑜 𝑓 𝑓 =𝐴.𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑠𝑙𝑖 ]

10 // The transmission length is amlen: 30 × 1024.
11 dma_p2p: transfer A.valc[off] from DDR to AM
12 dma_sg: transfer xv from GSM to AM by A.colc[off]
13 𝑠𝑙𝑖𝑐𝑒_𝑖𝑑 = 𝑠𝑙𝑖 , 𝑐𝑜𝑙𝑛𝑢𝑚 = 𝑎𝑚𝑙𝑒𝑛/𝑆𝑟𝑜𝑤
14 𝑝𝑟𝑒𝑐𝑜𝑙 = 0, 𝑐𝑢𝑟𝑐𝑜𝑙 = 𝑠𝑙𝑖𝑐𝑒𝑙𝑒𝑛[𝑠𝑙𝑖𝑐𝑒_𝑖𝑑 ]
15 while 𝑐𝑢𝑟𝑐𝑜𝑙 <= 𝑐𝑜𝑙𝑛𝑢𝑚 do

16 for 𝑗 = 𝑝𝑟𝑒𝑐𝑜𝑙 to 𝑐𝑢𝑟𝑐𝑜𝑙 do
17 𝑣𝑒𝑐 += 𝑣𝑒𝑐_𝑚𝑢𝑙𝑖 (𝑣𝑎𝑙_𝑎𝑚[ 𝑗 ], 𝑥𝑣_𝑎𝑚[ 𝑗 ] )
18 end

19 𝑦𝑣_𝑎𝑚[𝑠𝑙𝑖𝑐𝑒_𝑖𝑑 − 𝑠𝑙𝑖 ] = 𝑣𝑒𝑐

20 𝑝𝑟𝑒𝑐𝑜𝑙 = 𝑐𝑢𝑟𝑐𝑜𝑙 , 𝑐𝑢𝑟𝑐𝑜𝑙 += 𝑠𝑙𝑖𝑐𝑒𝑙𝑒𝑛[++𝑠𝑙𝑖𝑐𝑒_𝑖𝑑 ]
21 end

22 dma_p2p: transfer &yv[sli*Srow] from AM to DDR
23 end

24 // In-row vectorization handles the irregular part in slices
25 𝑟𝑜𝑤𝑠𝑡𝑎𝑟𝑡=𝑠𝑡𝑎𝑟𝑡 × 𝑆𝑟𝑜𝑤, 𝑟𝑜𝑤𝑠𝑡𝑜𝑝=𝑠𝑡𝑜𝑝 × 𝑆𝑟𝑜𝑤

26 for 𝑟𝑜𝑤𝑖𝑑 = 𝑟𝑜𝑤𝑠𝑡𝑎𝑟𝑡 to 𝑟𝑜𝑤𝑠𝑡𝑜𝑝 in parrall do
27 𝑜 𝑓 𝑓 = 𝐴.𝑟𝑜𝑤_𝑝𝑡𝑟 [𝑟𝑜𝑤𝑖𝑑 ]
28 // The transmission length is amlen: 30 × 1024.
29 dma_p2p: transfer A.valr[off] from DDR to AM
30 dma_sg: transfer xv from GSM to AM by A.colr[off]
31 //vecNum: number of vector calculations
32 vecNum = 𝑎𝑚𝑙𝑒𝑛/𝑣𝑒𝑐_𝑙𝑒𝑛
33 𝑟𝑜𝑤𝑜𝑓 𝑓 = 0, 𝑐𝑢𝑟𝑟𝑉𝑒𝑐𝑁𝑢𝑚 = 𝑠𝑚𝑙𝑒𝑛/𝑣𝑒𝑐_𝑙𝑒𝑛
34 for 𝑗 = 0 to 𝑣𝑒𝑐𝑁𝑢𝑚 do

35 // The transmission length is smlen: 40 × 128.
36 dma_p2p: transfer A.rowr[rowoff] from DDR to SM
37 𝑟𝑜𝑤𝑜𝑓 𝑓 += 𝑠𝑚𝑙𝑒𝑛

38 for 𝑘 = 0 to 𝑐𝑢𝑟𝑟𝑉𝑒𝑐𝑁𝑢𝑚 do

39 𝑣𝑒𝑐 +=𝑣𝑒𝑐_𝑚𝑢𝑙𝑖 (𝑣𝑎𝑙_𝑎𝑚[ 𝑗 + 𝑘 ], 𝑥𝑣_𝑎𝑚[ 𝑗 + 𝑘 ] )
40 𝑠𝑐𝑎𝑡𝑡𝑒𝑟 (𝑣𝑒𝑐, 𝑟𝑜𝑤𝑟_𝑠𝑚[𝑘 ∗ 𝑣𝑒𝑐_𝑙𝑒𝑛], 𝑦𝑣_𝑠𝑚)
41 end

42 end

43 dma_p2p: transfer yv from SM to DDR
44 end

45 end

46 end

cblocknnz represents the number of elements in the current col-
umn block, while corennz is the average number of elements that
each thread ideally processes (Lines 5 and 6). Lines 7 to 17 iterate
through each slice in the current column block to find the starting
slice for each thread. The bound indicates the starting boundary of
the thread’s processing range under ideal load conditions [2] (Line
8). Lines 9 to 16 find the slice index closest to the starting boundary
and this slice as the starting slice for the current thread. Line 15
saves the slice index to an array and continues to find the starting
slice for the next thread. Line 18 records the end position of the last
thread’s processing range. The thread_ptr array records the index
of the starting slice processed by each thread, and the starting slice
of the next thread is the ending slice of the current thread. After
that, each thread gets the range of slices to process by accessing the
thread_ptr array (Lines 5 and 6 in Algorithm 3). In this way, each
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Algorithm 4: LSA Algorithm
Input: matrix𝐴, 𝑐𝑜𝑟𝑒𝑁𝑢𝑚.
Output: 𝑡ℎ𝑟𝑒𝑎𝑑_𝑝𝑡𝑟 .

1 for 𝑏𝑖 = 0 to 𝑛𝑢𝑚𝑏𝑙𝑜𝑐𝑘𝑠 do

2 // rslice: number of slices in each column block.
3 𝑠𝑡𝑎𝑟𝑡 = 𝐴.𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑏𝑖 ∗ 𝑟𝑠𝑙𝑖𝑐𝑒 ]
4 𝑒𝑛𝑑 = 𝐴.𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [ (𝑏𝑖 + 1) ∗ 𝑟𝑠𝑙𝑖𝑐𝑒 ]
5 𝑐𝑏𝑙𝑜𝑐𝑘𝑛𝑛𝑧 = 𝑒𝑛𝑑 − 𝑠𝑡𝑎𝑟𝑡

6 𝑐𝑜𝑟𝑒𝑛𝑛𝑧 = 𝑐𝑏𝑙𝑜𝑐𝑘𝑛𝑛𝑧/𝑐𝑜𝑟𝑒𝑁𝑢𝑚, 𝑡𝑖𝑑 = 0
7 for 𝑠𝑙𝑖 = 0 to 𝑟𝑠𝑙𝑖𝑐𝑒 do

8 𝑏𝑜𝑢𝑛𝑑 = 𝑠𝑡𝑎𝑟𝑡 + 𝑡𝑖𝑑 ∗ 𝑐𝑜𝑟𝑒𝑛𝑛𝑧, 𝑝𝑟𝑒𝑠𝑙𝑖𝑐𝑒 = 𝑏𝑖 × 𝑟𝑠𝑙𝑖𝑐𝑒

9 if 𝐴.𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑝𝑟𝑒𝑠𝑙𝑖𝑐𝑒 + 𝑠𝑙𝑖 ] ≥ 𝑏𝑜𝑢𝑛𝑑 then

10 𝑑1 = |𝐴.𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑝𝑟𝑒𝑠𝑙𝑖𝑐𝑒 + 𝑠𝑙𝑖 ] − 𝑏𝑜𝑢𝑛𝑑 |
11 𝑑2 = |𝐴.𝑠𝑙𝑖𝑐𝑒_𝑝𝑡𝑟 [𝑝𝑟𝑒𝑠𝑙𝑖𝑐𝑒 + 𝑠𝑙𝑖 − 1] − 𝑏𝑜𝑢𝑛𝑑 |
12 if 𝑑1 ≥ 𝑑2 then
13 𝑠𝑙𝑖 − −
14 end

15 𝑡ℎ𝑟𝑒𝑎𝑑_𝑝𝑡𝑟 [𝑡𝑖𝑑 + 𝑏𝑖 × (𝑐𝑜𝑟𝑒𝑁𝑢𝑚 + 1) ] = 𝑠𝑙𝑖 , 𝑡𝑖𝑑 + +
16 end

17 end

18 𝑡ℎ𝑟𝑒𝑎𝑑_𝑝𝑡𝑟 [𝑐𝑜𝑟𝑒𝑁𝑢𝑚 + 𝑏𝑖 × (𝑐𝑜𝑟𝑒𝑁𝑢𝑚 + 1) ] = 𝑟𝑠𝑙𝑖𝑐𝑒

19 end

thread processes a similar number of nonzero elements to achieve
load balancing, effectively improving the SpMV performance.

4.6 Four-Clusters HaLAV Design

This section shows how to apply the HaLAV algorithm to four clus-
ters. Since the FT-M7032 are distributed architectures, the initial
step involves matrix partitioning. A common method partitions
rows into equal-sized row blocks, assigning one to each cluster.
While simple, this approach often leads to load imbalance. To gen-
erate a more balanced load between clusters, we need to perform
an equal partitioning of the matrix nonzeros.

We use graph partitioning-based reordering, which has been
proven to be the best for SpMV performance among different re-
ordering methods [20]. Graph partitioning can be used to define
ordering by partitioning a matrix into a given number of parts,
and then grouping rows and columns according to assigned parts.
We design a partitioning method based on vertex weights using
METIS [8], to balance the number of nonzeros within the parts. This
is achieved by weighting each vertex in the graph by the number
of nonzeros in the corresponding row. To better execute SpMV on
the divided parts, we implement an MPI-level parallel SpMV, with
each DSP cluster running an MPI process. The MPI processes on
each cluster call the SpMV_HaLAV algorithm described earlier.

5 EXPERIMENTAL RESULTS

5.1 Experimental Setup

Table 1 lists the matrices from the SuiteSparse Collection [3] used
in our evaluation. These matrices vary in size and sparsity, which
were extracted from different application areas and can represent a
wide range of inputs for SpMV in HPC applications. We benchmark
HaLAV against traditional CSR SpMV on GP area CPU cores and
further evaluate its performance by implementing vectorized ESB,
and LAV on the FT-M7032. Since Sell-c-𝜎 can be seen as a subset
of ESB, it was not selected. In addition, to better analyze matrices
with large 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 , we also considered the SpMV performance
of In-row vectorization (In-row in Figure 8(a)). The CPU cores in

Table 1: Input matrices used in our evaluation

ID Input Rows(N) #nnz #nnz/N 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧

1 af_shell10 1.51M 52.67M 34.93 0.22%
2 ASIC_680k 0.68M 3.87M 5.67 302.39%
3 atmosmodd 1.27M 8.81M 6.94 1.21%
4 audikw_1 0.94M 77.65M 82.28 1.57%
5 bone010 0.99M 71.67M 72.63 1.64%
6 CoupCons3D 0.42M 22.32M 53.56 0.45%
7 CurlCurl_2 0.81M 8.92M 11.06 0.97%
8 Emilia_923 0.92M 41.01M 44.42 1.50%
9 Fault_639 0.64M 28.61M 44.79 1.05%
10 ins2 0.31M 2.75M 8.89 156.21%
11 lp1 0.53M 1.64M 3.08 238.00%
12 marine1 0.40M 6.23M 15.55 0.83%
13 mip1 0.07M 10.35M 155.77 17.94%
14 pwtk 0.22M 11.63M 53.39 0.27%
15 rajat30 0.64M 6.18M 9.59 122.29%

the GP area run the Linux kernel version 5.4.0, and the CPU codes
are compiled with GCC version 9.3.0 and "-O2 -lpthread -fopenmp"
options. For the performance of the four clusters, we compare
HaLAV with the highly optimized MKL library on a 12-core Intel
Xeon E5-2692 processor. The E5-2692 processor runs at 2.20GHz
and has 64KB of L1 cache per core, 256KB of L2 cache per core, and
30MB of L3 cache shared by 12 cores. The MKL (version 2018.0.0)
codes on E5-2692 are compiled using the Intel compiler ICC version
18.0.0 with the options "-O3 -ffast-math -qopenmp -march=native".

The In-row, ESB, and the dense parts of LAV and HaLAV in
Figure 8(a) utilize eight DSP cores, thus a single DSP cluster. The
sparse parts of LAV, HaLAV, and the CSR run on the 16 CPU cores
in the GP area. To better utilize the on-chip cache, the column block
length blocklen is set to the size of GSM (780,000 i.e. 0.78M). The
slice size in ESB, LAV, and HaLAV is 16, which is the vector length
of FT-M7032. In our method, we experimentally set 𝜎 to 512 and
𝑅 to 15% based on our findings that these two values generally
yield better performance. Since the article [25] did not provide a
criterion for choosing𝑇 in LAV, only setting𝑇 at 80%, we chose the
partitionwith the highest LAV performance tomake the comparison
fairer. We also use optimization techniques such as reducing startup
overhead and thread-level load balancing for In-row, LAV, and ESB.

5.2 Performance Evaluation

5.2.1 Performance of HaLAV. In this section, we assess the per-
formance of HaLAV on a single DSP cluster by utilizing all the
matrices provided in Table 1. The Figure 8(a) compares the speedup
of In-row, ESB, LAV, and HaLAV over CSR. HaLAV delivers an
average speedup of 2.09× over standard CSR. In-row and ESB also
provide significant average speedups of 1.41× and 1.71× respec-
tively. However, the performance of LAV is inferior to CSR. This
is because LAV is mainly applied to skew matrices of dense law
graphs, and the speedup is not significant for matrices on SuiteS-
parse. And LAV uses RFS, the sorting range is too large, so the
computation results cannot be scattered on the chip, which also
causes overhead. In addition, the sequential execution of dense and
sparse parts in LAV reduces the SpMV efficiency.

Matrices with more balanced row length distributions have less
zero-padding and ESB typically have higher performance, such
as audikw_1 and marine1. In-row performance is higher for ir-
regular matrices such as ins2 and rajat30. HaLAV combines the
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(b) Speedup comparison of MKL vs SpMV_HaLAV using four clusters.

Figure 8: Performance comparison of SpMV_HaLAV with other SpMV methods.

features of both formats and provides better acceleration, especially
audikw_1. For the matrices atmosmodd and af_shell10, HaLAV is
not the fastest. This is because these twomatrices have good locality,
making HaLAV’s optimization methods less effective. For matrices
with dimensions less than 0.78M, such as CoupCons3D, Fault_639,
marine1, pwtk, the corresponding vector 𝑥 can be transferred di-
rectly to the GSM cache. Since there is no column blocking, their
sparse part is only of type Low and contains fewer nonzeros. There-
fore, the performance of HaLAV’s heterogeneous parallelism is
insignificantly improved compared to ESB. However, HaLAV has
significant speedup for matrices with large dimensions that require
column blocking, e.g., audikw_1, Emilia_923.

5.2.2 Performance of FT-M7032. We compare the performance of
HaLAV using four DSP clusters of FT-M7032 with the highly opti-
mized MKL on an Intel processor. HaLAV (four clusters) uses four
MPI processes, with each MPI process running HaLAV on one DSP
cluster and 4 CPU cores. And the MKL uses the E5-2692 processor’s
12 threads for parallel execution. Figure 8(b) shows that HaLAV
(four clusters) has a significant acceleration compared to MKL for
many matrices, with an average speedup of 1.66×. Especially for
matrices audikw_1, bone010, and af_shell10, the acceleration is
more pronounced. The 16 CPU cores in the GP region are distributed
across 8 NUMA nodes, and accessing data across NUMA nodes can
cause significant performance degradation. CSR-O uses 𝑛𝑢𝑚𝑎𝑐𝑡𝑙 to
interleave memory allocation on all NUMA nodes to improve CSR
performance and achieves an average speedup of 0.65× compared
to the MKL.

Figure 9(b) tests the scalability of HaLAV. HaLAV has an average
speedup of 2.66× when using four clusters compared to one cluster.
Note that the speedup of af_shell10 is greater than 4. This is
because the dense part of each cluster has a different 𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 .
Therefore, each cluster can dynamically select the most appropriate
HaLAV kernel, which effectively improves the scalability.

5.2.3 Evaluation of the parameter 𝑁𝑑 . We use 𝑆𝑑2𝑐 to represent
the speedup of the DSP side compared to the CPU side, which can
be measured by using micro-benchmarks. If the task is divided
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Figure 9: Analysis of HaLAV.

between DSP and CPU according to 𝑆𝑑2𝑐 : 1, HaLAV has the high-
est parallel efficiency, with a time consumption proportional to
𝑁𝑁𝑍
𝑆𝑑2𝑐+1 . However, nonzeros are stored in column blocks, making
it difficult to achieve optimal task allocation. We try to find the
near-optimal division. If the DSP side calculates all the tasks, the
time consumption is proportional to 𝑁𝑁𝑍

𝑆𝑑2𝑐
. If the task is divided

between DSP and CPU according to 𝑆𝑑2𝑐 − 1 : 1, the CPU becomes
the performance bottleneck. At this point, the parallel computation
time is proportional to 𝑁𝑁𝑍

𝑆𝑑2𝑐
, which is equal to the computation

time on the DSP side only. Therefore, the CPU computation task
cannot exceed 𝑁𝑁𝑍

𝑆𝑑2𝑐
, otherwise, it will affect the parallel efficiency.
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Specifically, 𝑁𝑑 can be calculated as:(
NNZ −

𝑁d∑︁
𝑖=1

𝑁𝑁𝑍𝑏𝑙𝑜𝑐𝑘𝑖

)
<

NNZ
𝑆𝑑2𝑐

, (1)

thus,
𝑁d∑︁
𝑖=1

𝑁𝑁𝑍𝑏𝑙𝑜𝑐𝑘𝑖 > NNZ ∗ 𝑆𝑑2𝑐 − 1
𝑆𝑑2𝑐

. (2)

We can select a relatively small 𝑁𝑑 that satisfies the Formula (2)
as the number of column blocks of dense block in Section 4.2, where
𝑁𝑁𝑍𝑏𝑙𝑜𝑐𝑘𝑖 represents the nonzeros of the 𝑖-th column block. The
𝑆𝑑2𝑐 of HaLAV in Figure 8(a) is the speedup of ESB compared to
CSR. In practice, HaLAV typically divides a matrix into only a few
column blocks. A simple way to determine the optimal 𝑁𝑑 is by
trial and error.

5.2.4 Percentage of nonzeros. Figure 9(a) shows the percentage of
nonzeros in different formats. In-row is not considered here because
it has no zero padding. Overall, HaLAV is the most effective in
reducing zero padding, followed by LAV. For regular matrices, LAV
has a slightly higher percentage of nonzeros, this is because LAV
uses RFS. However, for irregular matrices such as ASIC_680k, ins2,
lp1, rajat30, the advantage of HaLAV in reducing zero padding is
more significant. Figure 9(a) also breaks down the nonzeros’ share
of the dense and sparse parts in HaLAV and LAV. It can be seen
that for most matrices, the dense part of both formats contains at
least 80% nonzeros. This is because the sparse part takes data from
the DDR for each computation, and if there are too many elements
it will affect the SpMV overall efficiency.

5.2.5 Preprocessing overhead. We use 𝑇𝑖𝑚𝑒𝑝𝑟𝑒
𝑇𝑖𝑚𝑒𝑐𝑝𝑢

to measure the pre-
processing overhead.𝑇𝑖𝑚𝑒𝑝𝑟𝑒 is the preprocessing time and𝑇𝑖𝑚𝑒𝑐𝑝𝑢
is the execution time of CSR. Figure 9(c) shows that LAV prepro-
cessing is the most expensive, costing on average 43× CSR runtime.
In-row has the lowest overhead of 16×. HaLAV is also light, re-
quiring only 32× runtime. We find that for matrices with large
𝑅𝑎𝑡𝑖𝑜𝑧2𝑛𝑧 , such as ASIC_680k, lp1, and rajat30, the preprocess-
ing overhead of ESB and LAV is high. This is because ESB and the
dense parts of LAV introduce more zero padding. HaLAV maintains
a low preprocessing overhead for all matrices. Note that format
conversion can be done offline and the SpMV kernel is often called
many times, so the one-time preprocessing overhead is usually
negligible.

6 RELATEDWORK

In this section, we briefly introduce some current optimization
methods for multi-core DSPs. Gao et al. [5] developed an SpMV
approach utilizing on-chip scratchpads for the TI Keystone II DSP,
achieving a performance improvement of about 50%. Liu et al. [16]
designed a two-level DMA double-buffer optimization method to
achieve overlapping computation and data access, which effectively
improves GEMM performance. Wang et al. [22] proposed a struc-
tured grid-based SpMV algorithm onM-DSP, achieving a bandwidth
utilization of about 72%. Bi et al. [1, 2] developed efficient SpMV
kernels for banded matrices and block sparse matrices on DSP by
exploiting the characteristics of structural matrices. However, this

method is not suitable for general SpMV operations because general
sparse matrices don’t have such structural properties.

Heterogeneous processors integrate two different types of cores.
Using such architectures can improve SpMV performance, but re-
search in this area is limited. Key challenges arise from the archi-
tectural differences between the core types. Li et al. [12] proposed a
parallel algorithm called HASpMV for asymmetric multi-core pro-
cessors (AMPs). By testing different core characteristics, HASpMV
achieved good cache locality and load balancing across different
core types. In this paper, we propose HaLAV, which can efficiently
improve the SpMV performance on heterogeneous multi-core DSPs
by enhancing locality and vectorization.

7 CONCLUSION

In this paper, we present our experience in optimizing SpMV on
heterogeneous multi-core DSPs, using the FT-M7032 platform as a
case study. To enhance the efficiency of SpMV on heterogeneous
architectures, we propose HaLAV, a new SpMV method for het-
erogeneous architecture. HaLAV partitions the input matrix into
a dense and a sparse part. The dense part automatically selects
vectorization-friendly storage formats and exploits data locality.
The sparse part is processed using the standard CSR algorithm. We
evaluate our approach on FT-M7032, and experimental results show
that HaLAV achieves average speedups of 2.09× over the compet-
ing baselines in the GP area. When utilizing all four DSP clusters,
HaLAV demonstrates superior performance compared to the Intel
highly optimized MKL library, and the average speedup can be
up to 1.66×. However, we also find that HaLAV is not the fastest
method for the atmosmodd and af_shell10matrices in Figure 8(a).
In the future, we will analyze the characteristics of such matrices
to further improve the SpMV performance of HaLAV.
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