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Abstract. Sparse matrix-vector multiplication (SpMV) plays a piv-
otal role in large-scale scientific computing. Despite the increasing use
of low-power multicore digital signal processors (DSPs) in high perfor-
mance computing (HPC) systems, optimizing SpMV on these platforms
has been largely overlooked. This paper introduces the FT-M7032, a
new CPU-DSP heterogeneous processor multi-core platform for high-
performance computing. The FT-M7032 provides programmable mem-
ory units at multiple levels, but effectively utilizing these units poses a
challenge. To address this, we evaluate the transfer capability between
different units to map matrix elements to storage units. Based on our
evaluation, we propose an efficient parallel implementation, SpMV _Band,
specifically designed for banded matrices. Furthermore, we devise a com-
putation pipeline that optimizes memory access overhead by overlapping
data transfers and computations. To evaluate our approach, we compare
its performance with a baseline executed on the general-purpose CPU
cores of the FT-M7032 heterogeneous platform. Experimental results
demonstrate that our techniques achieve a significant speedup of 2.0x
compared to the competing baselines.

Keywords: SpMV - Multi-Core DSP - Performance Optimization -
Double Buffering

1 Introduction

Sparse matrix-vector multiplication (SpMV), as the key program of the Basic
Linear Algebra Subroutine (BLAS) library, has been widely used in scientific
simulation, data analysis, deep learning and other fields [12,22,39]. Due to
the wide application of SpMV, research on accelerated SpMV in various high-
performance architectures such as multi-core CPU [34], GPGPU [15,41] and
MIC [40] has been constantly emerging. Due to energy efficiency and power con-
straints, low-power embedded architectures are being introduced into hetero-
geneous high performance computing domains, such as digital signal processors
(DSPs) [11,32,33]. Compared to CPUs and GPUs, DSPs typically have very long
instruction words (VLIWSs) or vector cores without out-of-order execution [38].
DSP cores typically operate on software-managed on-chip memory and incor-
porate a direct memory access (DMA) engine. Therefore, existing optimizations
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for SpMV on CPUs and GPUs cannot be directly applied to SpMV on DSPs.
Although some studies have optimized general matrix multiplication [23,38],
there is no consensus on how best to optimize SpMV on these emerging multi-
core DSP platforms.

To improve the performance of SpMV, it is essential to optimize the irregular
memory access pattern [21]. A naive implementation would simply store the
matrix A and the vector x in main memory (e.g., DDR RAM) and access x
irregularly. However, a more effective approach is to use on-chip programmable
memory units, such as the scalar memory (SM), array memory (AM) and global
shared memory (GSM) provided by the FT-M7032 platform [38], to cache the
data. These memory units have different capabilities in terms of memory space,
access latency and bandwidth. Therefore, it is crucial to strategically distribute
data among these units to maximise their utilisation and improve performance.
We evaluate the data transfer between different storage units. Our results show
that GSM has a particularly significant impact on SpMV. By exploiting the
caching capabilities of GSM for the vector x, significant improvements in SpMV
performance can be achieved.

Banded matrices are a common type of matrix with a wide range of applica-
tions, and many sparse matrices in SuiteSparse [6] can be converted into banded
matrices by using the Reverse Cuthill McKee (RCM) ordering [5,16]. To opti-
mize the use of onchip storage for large-scale SpMV, we implemented a horizon-
tal matrix partitioning approach. This approach partitions the banded matrix
into row blocks, each of which corresponds to a vector x segment, which pro-
motes good data locality for x. The row blocks are then computed sequentially
using GSM. We refer to this new SpMV algorithm as SpMV _Band and storage
format based the SELL format. We evaluate our approach on FT-M7032 and
compare it with the SpMV implmenetaion on the general-purpose CPU cores.
Our experimental results demonstrate that SpMV_Band outperforms other com-
peting methods on the FT-M7032, achieving speedups of up to 2.0x, when DSP
is used to accelerate SpMV.

The main contributions of this paper are as follows:

— We make an effective analysis to guide SpMV optimization on DSPs.

— We propose a new SpMV algorithm for banded matrices, which partitions the
sparse matrix horizontally to achieve a better data locality of x.

— We design a computation pipeline that overlaps data transfers and computa-
tion to minimize memory access overhead.

2 Background

2.1 FT-MT7032 Heterogeneous Processor

The FT-M7032 platform combines CPU and DSP capabilities for heterogeneous
computing. It features a 16-core ARMv8 CPU that runs the operating system
and four DSP clusters for general-purpose computing (GPDSP).
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Fig. 1. Overview of the FT-M7032 architecture
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Fig. 2. Micro-Architecture of DSP Core in FT-M7032

Figure 1 shows the FT-M7032 platform’s architecture. It consists of two areas:
the general-purpose area (GP) with CPU cores and the acceleration area (ACC)
with DSP cores. The ACC area has four clusters, each with eight DSP cores, a
global shared memory (GSM), and an off-chip DDR memory. The CPU cores
run at 2.0 GHz and the DSP cores run at 1.8 GHz. Each cluster in the ACC area
can work independently and access its own GSM. The CPU cores manage the
data transfers between different DSP clusters.

The DSP core is a VLIW-based architecture, as shown in Fig.2. It has an
instruction function unit (IFU), a scalar processing unit (SPU), a vector pro-
cessing unit (VPU), and a DMA engine. The IFU can issue up to 11 instructions
per cycle, including five scalar and six vector instructions. The SPU handles
instruction flow control and scalar computations. It has an SPE (Scalar Pro-
cessing Element) and an SM (Scalar Memory) of 64KB. The VPU performs
vector computations in a SIMD manner. It has 16 VPEs (Vector Processing Ele-
ments), each with 64-bit registers and various units for arithmetic and memory
operations. The VPU can process 1024 bits at once. It also has 768KB Array
Memory (AM). The SPU and VPU communicate through broadcast instructions
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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.

and shared registers. The DMA engine transfers data between different memory
levels, such as main memory, GSM, and SM/AM.

On the software, hthread is provided to improve the programmability of
multi-core DSPs [7]. The hthread runtime handles the interaction between GP
and ACC regions. The GP side acts as the host and each acceleration cluster
as a computing device. FT-M7032 has a dedicated host physical communication
channel, APip, in the DSP’s DMA. It supports indirect memory access by using
a special data transfer mode called SuperGather (SG) [18] or dma_sg. It can
move data between different memories. We use the dma_sg to support indirect
memory accesses to reduce the latency of SpMV memory access.

2.2 Sparse Matrix Storage Format

This section presents two common storage formats for sparse matrices that suit
SIMD-based processors. They compress the sparse matrix to save space.

ELLPACK. The ELLPACK [13] format is for GPUs and vector architectures.
It stores nonzero elements in column order. Each row has K elements, where K
is the largest number of nonzero elements in any row of the Sparse Matrix. Rows
with fewer nonzero elements are padded with zeros. The drawback of ELL is that
it wastes space with padding. It works well for matrices with similar numbers of
nonzero elements per row.

Sliced ELLpack. The SELL (Sliced ELLpack) [27] format is a modified
version of the ELL format. It is more efficient than ELL for storing and com-
puting sparse matrices. It splits the sparse matrix into row slices. Each slice is
stored in the ELL format. The slice size Srow is a parameter of this format. It
determines how many adjacent rows are in each row slice.

The SELL format has three data structures: slice_start, column, and
value. Figure3 shows how they store the sparse matrix. column and value
store the column indexes and values of the nonzero elements in column-major
order. slice_start stores the index of the first element in each slice. The last
number in slice_start is the total number of elements. For example, Fig. 3 has
6 elements. We can calculate the number of elements per row of a slice i, includ-
ing the padding elements, by (slice_start[i+1] —slice_start[i]) /Srow. When Srow
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Algorithm 1: SpMV pseudocode for the SELL format

Input: Matrix A, vector z and Srow.
Output: Vector y.

1 // ns: number of slices

2 for k=0 to ns do

3 for i =0 to (A.slice_start[k + 1] — A.slice_start[k])/Srow do
4 for j =0 to Srow do

5 ide = A.slice_start[k] + j + i x Srow

6 ylk x Srow + j]+ = z[A.columnlidz]] X A.waluelidx]
7 end

8 | end

9 end

= 1, SELL is the same as the CSR format and does not need padding. When
Srow = 1 (the dimension of the matrix), SELL is the same as the ELL format
and has the most padding. A small Srow saves space and improves bandwidth
usage. A large Srow is better for vectorization, which suits the DSP architecture.

Algorithm 1 shows the SELL-based SpMV algorithm. It has three loops. The
outer loop goes through each slice. The middle loop goes through each column of
the current slice. The inner loop multiplies and adds the nonzero element values
of each column and the vector x to get the result vector y. Section 3 explains
how the SELL format enables parallelization and vectorization.

2.3 Banded Matrix

If the nonzero elements of a matrix are distributed only along the main diagonal
and its adjacent diagonal lines, it is called a banded matrix [10,30]. Banded
matrices have a wide range of applications and many matrices can be converted
to banded matrices by reordering. Since the nonzero elements of banded matrices
have certain distribution characteristics, some specific storage and computation
methods can be used to improve the efficiency of operations.

The bandwidth of a banded matrix refers to the maximum distance that
nonzero element deviates from the main diagonal. In a banded matrix, the
nonzero elements can be divided into three parts: the upper triangle region,
the main diagonal and the lower triangle region. The upper triangle region con-
tains all nonzero elements above the main diagonal, and its bandwidth is called
the upper bandwidth. The lower triangle region contains all nonzero elements
below the main diagonal, and its bandwidth is called the lower bandwidth. The
upper bandwidth and the lower bandwidth can be different. As shown in the
band matrix in the Fig.7, we use SBL and SBU to denote the lower bandwidth
and upper bandwidth respectively.
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Table 1. Measured bandwidth between storage layers

Function |Direction |Bandwidth
dma_p2p | DDR«+SM |39 GB/s
dma_p2p | DDR+—AM |30 GB/s
dma.sg |DDR—AM 4 GB/s
dma_p2p | GSM—AM | 206 GB/s
dma.sg |GSM—AM |28 GB/s
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Fig. 4. The FT-M7032 storage hierarchy is abstracted into a three-level memory struc-
ture, with an example of three DSP cores in a cluster.

3 Our Approach

3.1 Architecture Analysis

We evaluate the memory access bandwidth between the levels of the FT-M7032
memory hierarchy. Based on the evaluation, we perform a data transfer analysis
and predict the peak performance of SpMV. We then propose that a horizontal
partitioning approach can guarantee data locality and efficiently execute SpMV
on FT-M7032.

Performance Evaluation. The DSP memory architecture has three main lev-
els, as shown in Fig. 4: an off-chip DDR, an on-chip GSM shared by DSP cores,
and AM/SM private to a DSP core. AM is the storage space for VPUs. It needs
to load the matrix nonzeros and the vector x before doing multiplications and
additions of SpMV. SM is for scalar processing, such as scalar multiplication and
addition, and vector reduction. GSM is a high-speed on-chip memory that acts
as a shared L2 cache. Both SPUs and VPUs can access it.

The DMA engines on FT-M7032 move data between memory storages
using two modes: the peer-to-peer mode (dma_p2p) and the super-gather mode



Efficiently Running SpMV on Multi-core DSPs for Banded Matrix 207

41 SpMV_ORG mmm SpMV_GSM
(]
T 37
S
T 2
G]
1<
1 O ) o> o b o
e e © a0 o¢ 1 (
o Co\)QCO @o\‘/ o (0& Q\,(\O\“/ ¢

Fig. 5. Performance comparison of SpMV_ORG vs SpMV_GSM. SpMV_GSM, which
uses GSM to cache x, but SpMV_ORG, which stores x in DDR without caching.

(dma_sg). The former is a non-blocking point-to-point transfer function. The
latter is for gathering operations on x. Table 1 shows the measured bandwidth
between storage layers. This is an average value selected after several tests, and
the actual values may fluctuate around the table values. We can see that dma_sg
has a much lower bandwidth than dma_p2p, especially when moving data from
DDR to AM. Therefore, effective use of dma_sg is important for SpMV perfor-
mance optimization on FT-M7032.

For the SpMV operation, the nonzero elements of matrix A are stored contin-
uously while the elements of vector x are accessed irregularly. Therefore, improv-
ing data locality through caching or prefetching x can enhance SpMV perfor-
mance. However, the bandwidth of the DMA gathering operation (i.e., dma_sg)
for transferring data from DDR to AM is low (around 4 GB/s in Table1), so
we should avoid using dma_sg to transfer vector x from DDR to AM. Instead,
we use GSM to cache as many elements of x as possible, which allows for faster
data access and better bandwidth utilization. Figure4 illustrates how we move
matrix values and vector x among different storage units. First, we transfer the
nonzero values of the sparse matrix from DDR to AM directly via dma_p2p.
Second, we transfer vector x from DDR to GSM via dma_p2p and then gather it
to AM from GSM via dma_sg. We can use SM to cache intermediate arrays used
in SpMV, such as the slice_start in SELL format or the row_pointer [39] in
CSR format, to reduce access latency. We transfer the intermediate arrays from
DDR to SM via dma_p2p.

The peak bandwidth of dma_sg from GSM to AM is about 28 GB per sec-
ond. This means that we can transfer 28/8=3.5G elements per second using
double precision (FP64) for SpMV. Therefore, the peak throughput is 3.5*
2=7 GFLOPs, which is the maximum SpMYV performance we can achieve using
dma_sg on FT-M7032. This analysis provides a basis for our implementation
and performance estimation of SpMV on DSP, regardless of the sparse matrix
storage format we use. In this work, we choose the SELL format to implement.
In the following subsections, we describe our design based on above analysis.
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Fig. 6. Band matrix for horizontal division. SpMV_Band divides the matrix into row
blocks. Each block is equally allocated to each DSP core for parallel computation. When
a row block is to be computed, the corresponding segments of vector x are moved into
GSM.

Strengthen Data Locality. In the previous section, we showed that caching
the vector x in the on-chip memory GSM can reduce the memory access latency
for SpMV. To evaluate the performance benefit of this optimization, we com-
pared SpMV using GSM with SpMV_ORG, which stores x in DDR without
caching. Figure 5 illustrates the speedup of SpMV using GSM over SpMV_ORG
for different matrices. We can see that GSM improves the SpMV performance
for all cases. Therefore, we conclude that storing x in GSM for indirect memory
access is a general and effective optimization strategy on FT-M7032.

Although SpMV using GSM can perform well on the FT-M7032, it should
be noted that the memory capacity of GSM is limited. If the size of the vector
x is larger than GSMlenMax (6MB or a double precision vector of about 780,000
elements), GSM cannot hold the entire vector x. To solve this problem, we
develop the SpMV _Band algorithm, which partitions the matrix in the horizontal
direction, each row block is calculated one by one using GSM, and can handle
arbitrarily size banded matrices.

As shown in the Fig. 6. Because the nonzero elements of each row block in
the banded matrix are centrally distributed, good data locality is ensured and
irregular memory accesses to the vector x are avoided.

3.2 SpMYV _Band Design and Implementation

Loading Vector x to GSM. To move vector x into GSM space, the vector
x range is calculated firstly based on the row block length blockLen, upper
bandwidth UBL, and lower bandwidth SBL. As shown in the Fig.7, according
to the start row number StartRow and end row number EndRow (StartRow +
blockLen) of the current row block, the moving range of x can be calculated



Efficiently Running SpMV on Multi-core DSPs for Banded Matrix 209

SBU
-«

SBLI

StartRow

blockLen

=1
=
a
=
5
=

Fig. 7. Loading X to GSM in segments. According to the start row number StartRow
and the end row number EndRow of the current row block, the corresponding movement
range of x can be calculated.

as (StartRow - SBL, EndRow + SBU). Note that the x fragment corresponding to
each row block has the overlap of SBU + SBL length.

SpMV _Band partitions the matrix into row blocks. When a row block is to be
computed, the corresponding segments of vector x are moved into GSM. Since
the segments of x are moved to GSM one by one, new segment will overwrite
the old segment of x in GSM. So, the index of current segment of x in GSM
is changed. Therefore, the column indexes of sparse matrix should be updated
when accessing the elements of x stored in GSM via dma_sg. We can preprocess
the column index array on the host side to ensure the subsequent matches is
correct, and the preprocessing is shown in Algorithm 2.

alpha is the number of row blocks divided, it can be calculated from the
matrix dimension n and blockLen. First, we determine whether there are more
than one row block divided, and if only one row block is divided, no preprocessing
is required (Line 1). Otherwise, the column array from the second row block to
the penultimate row block is index shifted (Lines 4-11). The column index offset
of the i-th row block is: columnli] — col_shift , where col_shift = ixblockLen —
SBL. The last row block is the boundary value and needs to be handled separately
(Lines 13-17). Before updating the column array, the indexes of the first and
last slices in the row block are calculated (Lines 5-6). The column index of the
element in the current row block can then be updated (Lines 7-9).

Multilevel Partitioning. Since AM is often too small to fit all matrix and
vector elements, we designed a multilevel partitioning mechanism for SpMV to
take full advantage of the memory hierarchy on FT-M7032. As shown in the
Fig. 6, we partition the input matrix, A, into row blocks of length blockLen,
where blockLen is equal to coreNum*Srow+beta. Here beta is a hyperparameter
indicating that in each row block, each DSP core is responsible for processing
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Algorithm 2: Column index preprocessing
Input: Banded Matrix A, SBL, beta, core Num and blockLen.
Output: A.column.

1 if alpha > 1 then

2 // The second to last-1 BLOCK.

3 col_shift = blockLen — SBL

4 for i =1 to alpha — 1 do

5 StartSlice = beta * coreNum, * i

6

7

8

9

EndSlice = StartSlice + beta * coreNum
for j=A.slice_start[StartSlice] to A.slice_start[EndSlice] do
L A.column[j] = (A.column[j] — col_shift)

end
10 col_shift+ = blockLen

11 end

12 // The last BLOCK.

13 StartSlice = beta * core Num * (alpha — 1)
14 col_shift = (alpha — 1) * blockLen — SBL

15 for j=A.slice_start[StartSlice] to A.slice_startlend] do
16 L A.column[j] = (A.column[j] — col_shift)

17 | end

18 end

1024 bit

One Row Block

Fig. 8. Multilevel partitioning. For each row block, it is equally assigned to all DSP
cores for processing. Four cores are used here as an example, and there are eight DSP
cores in the actual experiment.

beta slices of length Srow. For each row block, multiple cores compute in parallel.
The single row block partitioning process is illustrated in Fig.8. Due to the
capacity of AM, we use AMlenMax to denote the maximum size of matrix values
and vector x that can be moved into AM at one time. The length of Srow cannot
exceed AMlenMax. Each time, matrix elements of length Srow are processed. The
computation is performed in the column-major order, and each column is divided
into cells with a length of 16, and is calculated cell by cell. If the matrix cannot
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Algorithm 3: SpMV_Band Algorithm
Input: matrix A, vector zv, Srow, coreNum and Beta.
Output: vector yv.
Function SpMV_Band (A, zv, Srow, coreNum, Beta)

1
2 // Get the ID of each running thread.
3 corel D = get_thread_id()
4 oneCoreLen = Beta x Srow
5 blockLen = core Num * oneCoreLen
6 for blockCycle = 0 to alpha do
7 // X_Start = StartRow — SBL and X_End = EndRow + SBU.
8 X_Len = X_End — X_Start + 1
9 // Moving z from DDR to GSM via dma_p2p.
10 dma_p2p(zv_ddr + X _Start, X _Len * sizeof(double), zv_gsm)
11 group_barrier()
12 // Where blockoffset is equal to blockCycle * blockLen and coreOffset is
equal to corelD x oneCoreLen. corelD € (0,...,coreNum-1).
13 of fset = blockOf fset + coreOf f set
14 570 = of fset/Srow
15 // oneCoreLen is divided into Beta * Srow.
16 for sliceCycle = 0 to Beta do
17 yv_ddr = &yvlof fset + sliceCycle * Srow]
18 sj = sj0 + sliceCycle
19 colwid = (A.slice_start[sj + 1] — A.slice_start[sj])/Srow
20 // Iterate across the column width of each slice.
21 for colCycle = 0 to colwid do
22 sliceOf fset = A.slice_start[sj] + colCycle * Srow
23 val_ddr = & A.walue[sliceOf f set]
24 col_ddr = &A.column|sliceO f f set]
25 dma_p2p(val_ddr, Srow * sizeof(double), val_am)
26 dma_sg(zv_gsm, col_ddr, Srow * sizeof(double), xv_am)
27 // Srow is divided into vpuTimes*16, and 16 doubles are
calculated each time.
28 for vpuCycle = 0 to vpuTimes do
29 L yv_am[vpuCycle]+ = val_am[vpuCycle] x zv_am[vpuCycle]
30 end
31 end
32 dma_p2p(yv_am, Srow * sizeof(double), yv_ddr)
33 end
34 group_barrier()
35 end
36 end

be divided equally to multiple DSPs, the remaining elements can be computed
by the CPU cores within the GP region.
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SpMV _Band. According to the multi-core feature of FT-M7032, we design
a multi-level parallel SpMV algorithm based on the SELL format for banded
matrices, namely SpMV_Band. SpMV _Band is implemented in hthread, which
consists of host side and kernel side.

The host is responsible for allocating buffers, loading matrices and vectors,
and managing the kernel side. The kernel side divides the sparse matrix into
multiple row blocks, each with a length of blockLen. When performing SpMV
operations, each row block corresponds to a part of the result vector y (Fig. 6),
and the computations of row blocks are independent of each other. Each row
block is divided into coreNum blocks of oneCoreLen length. Because it is stored
in SELL format, each subblock of length oneCoreLen, consist of beta slices, and
each slices consists of Srow rows.

Algorithm 3 describes our SpMV_Band algorithm. The operations between
head and tail are thread-parallel SpMV (Lines 1-36). Before execution, get the
id of each thread (Line 3). The matrix is divided into alpha row blocks according
to the matrix dimension and blockLen, and Lines 6-35 are calculated one by one
for each row block. Line 8 calculate the length of the x segment corresponding to
each row block (Fig. 7). The start and end points of each segment must be greater
than or equal to 0 and less than the matrix dimension. The vector x segment is
moved from DDR memory to the GSM via dma_p2p (Line 10). Each row block
is executed in parallel by multiple cores. As the matrix is stored in the SELL
format, each row block consists of coreNum*beta slices. Each core is responsible
for executing beta slices. After moving the vector x, each slice is traversed for
calculation (Lines 16 and 33). To get the index of each slice in advance (Line 13,
14, 18), the column width of each slice can be calculated later (Line 19). Lines
21 and 31 are the core of the algorithm. For the current slice, it iterates through
each column and load Srow nonzero elements into AM at a time via dma_p2p
(Line 25). For the matched Srow length element in vector x, we load them into
AM space via dma_sg (Line 26). Lines 28-30 are the specific calculation process,
where 16 elements of the double type can be calculated each time. After the
current slice has been calculated, the result vector is stored back in the DDR
and the next slice is calculated (Line 32). It is noted that barrier synchronization
should be set to ensure that data movement and SpMV calculation for each row
block is correct (Line 11, 34).

SpMV Band divides the matrix into multiple row blocks, which are processed
simultaneously by different DSP cores. Each core computes different elements
simultaneously, realizing thread-level parallelism and data-level parallelism. The
VPU in the DSP core provides powerful vector computation capability and con-
sists of 16 VPEs. The VPU can process 1024 bits in parallel, which means 16
double-precision operations at once, further developing data-level parallelism.

Multi-core Migration As mentioned earlier, data in GSM can be shared by all
threads within the same DSP cluster. If only core 0 is responsible for moving the
data, other cores cannot access the data in GSM until core 0 has completed the
transfer of x to GSM. To improve performance, multiple cores can simultaneously
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Fig. 9. Double buffer mechanism. We divide the AM space into two parts, one for data
import and one for data computation and export, in alternating order.

move x from DDR to GSM via dma_p2p. Barrier synchronization should be used
to ensure successful data movement before SpMV computation begins (Line 11).
This strategy improves SpMV performance as shown in Fig. 10.

Double Buffering. We propose a two-level DM A-based double buffering strat-
egy to optimize data transfer between multi-level memory. This strategy overlaps
DMA data movement and computation time to further improve SpMV perfor-
mance. As shown in Fig.9, AM is equally divided into two parts: one for data
import and the other for data computation and export, in alternating order.
Except for the last part of the data, computations for all parts can be over-
lapped with data transfers to improve computational efficiency. The results are
shown in Fig. 10.

4 Performance Results

4.1 Experimental Setup

Table 2 lists the banded matrices from the SuiteSparse Collection [6] used in our
evaluation. These matrices vary in size and sparsity, which were extracted from
different application domains. Therefore, they represent a wide range of inputs
for SpMV in HPC applications. We compare the performance of SpMV_Band
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.

4.2 Performance Evaluation

In this section, we evaluate the performance of SpMV _Band by using the matri-
ces in Table2. We compare SpMV_Band with highly optimized SpMV kernel
that runs on CPU cores with different storage formats such ELL, SELL and
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Table 2. Input matrices used in our evaluation

ID | Input Dimensions(N) | #nnz #nnz/N
1 | afshelll0 1.51M 52.67M | 34.65
2 | apache2 0.72M 4.82M |6.74
3 |atmosmodd |1.27TM 8.81M |6.94
4 | bone010 0.99M 47.85M | 48.50
5 | CoupCons3D | 0.42M 17.28M | 41.45
6 | CurlCurl 2 0.81M 8.92M |11.06
7 |ecologyl 1.00M 5.00M |5.00
8 | ecology2 1.00M 5.00M |5.00
9 | Emilia_923 0.92M 40.37M | 43.74
10 | Fault_639 0.64M 27.25M | 42.65
11 | marinel 0.40M 6.23M | 15.55
12 | mc2depi 0.53M 2.10M |3.99
13 | PFlow_742 0.74M 37.14M | 50.00
14 | t2em 0.92M 4.59M | 4.98
15 | tmt_unsym | 0.92M 4.58M |5.00

CSR, which are denoted by ELL_.CPU, SELL_CPU and CSR_CPU in Fig. 10,
respectively. The CPU side codes run on four CPU cores in the GP area of
FT-M7032 and SpMV _Band uses eight DSP cores, and the results are shown in
Fig. 10.

We implemented three versions of SpMV _Band:

— Band_SIN uses a single DSP core to move x from DDR to GSM via dma_p2p;

— Band_MUL uses multiple DSP cores to move x from DDR to GSM;

— Band_MUL_DB uses multiple DSP cores to move x and further uses double
buffer movement strategy to overlap data transfers with computations.

The performances of Band_SIN and Band_MUL are compared to show the impact
of multi-core migration optimization. The only difference between these two
versions is the use of multi-core migration optimization. On average, the over-
all performance gains from multi-core migration are limited. This is because
SpMV _Band moves only one segment of x to GSM at a time. To evaluate
the benefits of double buffering, Band_MUL is compared with Band_MUL_DB.
According to the results in Fig. 10, Band MUL_DB is on average 9% faster than
Band_MUL.
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Fig. 10. Performance comparison of CPU-based SpMV vs SpMV _Band
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Fig. 11. The relationship between performance and the value of Srow. The vertical axis
represents the normalized time. We normalize the time of ecologyl to a time range of 0
to 1 to make it easier to observe trends. Normalization formula is time_normalized =
(time — time_min)/(time-maz — time_min).

SELL_CPU and CSR_CPU are generally superior to ELL_CPU for running
CPU code in the GP area, with SELL_CPU typically showing the highest perfor-
mance on average. The results in Fig. 10 show that the Band_MUL_DB imple-
mentation achieves an average speedup of 2.0x compared to the SELL_CPU
implementation when running on the four CPU cores accessing the same DDR
in a DSP cluster. And it is used as the final implementation of SpMV _Band.

Evaluation of the Parameter Srow. We evaluated the influence of the SELL
format parameter Srow on the performance of the SpMV _Band algorithm. When
Srow is small, the matrix is divided into many slices, resulting in higher latency
costs (see Lines 25 and 26 of Algorithm 3). As Srow increases, more zero elements
are filled, leading to higher bandwidth and computation costs. Thus, the time
cost of the SpMV tends to decrease initially and then increase as Srow increases.
However, the time cost is closely related to the sparse structure of the matrix, and
different matrices may have different trends. The NNZ distribution of banded
matrices is regular, such as matrix ecologyl, with very few zero elements padding,
the time cost generally decreases and then stabilizes as Srow increases (Fig. 11).
In this work, we empirically set Srow to 512 as it gives good performance in our
pilot studies.
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Fig. 12. The relationship between performance and the number of row blocks. As the
number of row blocks increases, performance tends to decrease.

Evaluation of the Parameter Beta. SpMV_Band divides the matrix into row
blocks and processes each row block one by one. We evaluated the impact of the
number of row blocks on performance. We have conducted a number of exper-
iments, which are illustrated here by the CoupCons3D matrix. Figure 12 shows
that there is no performance benefit to increasing the number of partitioned
row blocks. Therefore, our principle for choosing blockLen is to partition the
matrix into as few row blocks as possible and to partition the matrix as evenly
as possible, as long as the corresponding x segments can be stored in GSM. As
can be seen in Fig.7, the length of the x fragment corresponding to each row
block is blockLen + SBL + SBU. The formula for choosing blockLen is as follows:

blockLenMax = GSMlenMax — SBL — SBU (1)
n
M= Yock LenMaz @
blockLen — L (3)
num + 1

where n is the row dimension of sparse matrix. Since blockLen is equal to
Srow x beta * coreNum, we can solve for beta as follows:

blockLen

beta=——/¥.
Srow * coreNum

Bandwidth Utilization Analysis. Bandwidth utilization is an important
evaluation criterion for memory-bounded operations and is calculated as:
Actual -bandwidth

bandwidth utilization = Stream bandwidih < 100%,

where Actual_bandwidth is the actual bandwidth cost and Stream_bandwidth
is the bandwidth measured by using the STREAM benchmark [24], which is
modified by using hthread to run on FT-M7032. The total access memory of
SpMV _Band equals to

slice_start[end] * (4 +8) +nx 8 +m %8,
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Fig. 13. Bandwidth utilization of SpMV _Band.

where slice_start[end] is the length of arrays column and value of SELL for-
mat (see Fig.3), n and m are the row and column dimensions of the matrix,
respectively.

Figure 13 shows the bandwidth utilization of the test matrices in Table2
(Stream_bandwidth is measured by using the dma_p2p from DDR to AM, i.e.,
30GB/s). The maximum and minimum bandwidth utilization ratio is 83% and
53%, respectively, with an average bandwidth utilization ratio of 71%.

5 Related Work

In this section, we present some of the current optimization methods for DSPs
or multi-core platforms and some of the popular SpMV kernels. Prior works
have optimized SpMV for CPUs [21,34] and GPUs [19,20,26,29] using storage
formats like SELL-C-o [14], SpV8 [17], CSR5 [19], ESB [21], HYB [2], HYB5 [4],
and etc. Vectorization [3,14,35] and parallelization [1,25,28] approaches have
also been proposed for SpMV.

Gao [8] et al. conducted a case study of SpMV on the TI C6678 DSP and
found that DSP can achieve higher power efficiency than CPU and comparable
power efficiency to GPU. Gao [9] et al. designed an on-chip scratchpad-based
SpMV approach for the TT Keystone II DSP, improving performance by about
50%. Liu [23] et al. proposed a dense matrix multiplication vectorization method
for a multicore long vector processor (MATRIX2). Sun [31] et al. introduced the
SWCSR-~-SpMV, a method based on the CSR format, which effectively reduces
the parallel SpMV bandwidth cost on the SW26010 platform. Xu [36] et al.
proposed an adaptive sparse Matrix partitioning method based on the storage
hierarchy of Matrix 2000b, which effectively improved the data reusability of
SpMM.

Banded matrix has good data locality and can develop efficient SpMV opera-
tion with its own data locality. However, no one has yet optimized SpMV specifi-
cally for banded matrices. Yang [37] et al. proposed a parallel multi-core CSB for-
mat that has high scalability for banded matrices, but did not provide a specific
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optimization algorithm. In this paper, we propose a SpMV algorithm specifically
for banded matrices and evaluate its performance on the FT-M7032 architecture,
achieving significant performance improvements over CPU-side SpMV.

6 Conclusion

In this paper, we design and implement an efficient SpMV on the FT-M7032.
We evaluated the impact of GSM on the FT-M7032 on SpMV performance and
provided a quantitative analysis. Based on the memory hierarchy of the FT-
M7032, SpMV _Band can effectively improve the performance of SpMV oper-
ations through multi-layer partitioning and multi-level parallelism. We have
designed a double buffering strategy on the FT-M7032 that overlaps data trans-
fers and computation to minimize memory access overhead. Our experimental
results show that our optimization method significantly improves the SpMV per-
formance for banded matrices on the FT-M7032 platform. Compared to CPU-
based SpMV implementations, an acceleration ratio of 2.0x can be achieved with
an average bandwidth utilisation of 71%.
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