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Abstract Today, scientific research has moved from the era of computational science to the era of data science.
Discovering laws from massive data and breaking through bottlenecks in scientific development are the main goals of
the data science paradigm. At the same time, high performance computers are also paying more and more attention on
intelligent computing power. Integrating Al algorithms on the basis of traditional high performance computing
methods (HPC+AI) is more conducive to solving practical science problems in the era of data science, and can give
full play to the intelligent computing power of high performance computers. However, on domestic HPC systems,
especially on HPC systems constructed by the new generation of domestic heterogeneous many-core processors, there
are many challenges to support HPC+AI programs. In this paper, we propose a data flow computing system for
domestic heterogeneous many-core processors, which is called swFLOWpro. The system supports the use of
TensorFlow interface to build data flow programs, and realizes many-core parallel acceleration transparent to users,
and implements two-level parallel strategy based on the whole processor perspective. Testing on sw26010pro
processor, sSWFLOWpro can get up to 545 times single core group (CG) many-core speedup ratio for typical OP, 346
times for typical deep learning models. Compared with the single CG of sw26010pro, we execute ResNet50 model on
all the 6 CGs for one whole processor, and the speedup ration is up to 4.96 times, whose parallel efficiency is 82.6%.
Experiments show that swFLOWpro can support the efficient execution of data flow programs represented by deep
learning on domestic heterogeneous many-core processors.
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Fig. 5 Dataflow scheduling example for single CG
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Fig. 6 Dataflow scheduling example after graph splitting
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Fig. 7 Graph node state transformation diagram

B 7 B R ]

AR Sk 6 b i TR e 25 ) 4% AR A Sk 08 O
B i A, J8 1 TensorFlow 4 2 22 1T 4 5 U5 Wi 72
JP, S AN (1 D ol B, T AR AR R HL AR Al
& HPCHAI S0 B HT 28 8 fiff F A A A HARB AL 2
e 1 pioR.

W 5 2 7 K sw26010pro Ab B 2%, AL 5 6
¥4, 6 1~ MPE Hl 384 4~ CPE, 42 i 4745 [A] K/
4 96 GB, £~ CPE WY i I /& 1 2% f+ LDM K/ H
256 KB.

USSR swFLOWpro Bt 1 24t . swHMAE



A TR I — Q7 S AR A A B A ) B R R R

2413

Table 1 Six Typical Neural Network Models

Table 2 Typical Core Computing

R1 6 FhEARIHNE M LEIER F2 HABEZOLITE
BAURIRY i AKHRE SR 1155 4/GFLOP [EYR S PIES
Alexnet™ 207x227x3 61.1x10° 077 Conv2D SW_Conv
a o Conv2DBackpropFilter SW_Conv
VGG16™" 224x224%3 138.36x10 15.61
. Conv2DBackproplInput SW_Conv
ResNet507 224x224%3 25.56x10° 4.14
Matmul SW_Matmul
44.55x10°
ResNet101 224x224x3 7.87 Relu SW._Activate
i n2l23 6
Inception3 299x299x3 21.16x10 5.75 Poolmax SW_Pooling
Inceptiond™ 299x299x3 41.22x10° 10.48 ApplyGradientDescent SW_OPs

iR 512, UK swPython Z 2 PR 553 .

AR S B ARAZ N3 L ManyAccRatio V8N F B 1)
PEREPEM 845, HoE R
MPE time
CPE time
H:HA MPE time 36 /71E MPE T#% |- #Yis 17} a], CPE
time F /N TE AL BES b 1)z 17 AF[E]. BT sw26010-
pro &5 A My ARk e, 5 GPU, TPU % AN T8 #E& H
O A B PE BB X L B SO K, 38 3 A A% I b T DA
B SwFlowpro £ sw26010pro 7 4 1Y 5 #4) fill &5 25 44 I
14 32 T PRI A SBOR
4.1 swHMAE $t3f R B RIZ O T B R ARAZ IR LR

A A ] swFLOWpro #4 £ 71 6 Fift it R AY , Jf:
Geit 1B b BT A R G S CRICHE D TR T ) R A,
PEPE 7 Fh ML A0 1TSS AY, 3 3 swHMAE 5 %8 iF
AT ARAZ . BARGEHE B 5k 2 i i Conv2D,
Conv2DBackpropFilter, Conv2DBackproplnput # J& #
BT, Matmul 256 PRSI 5T, Relw@ 3 26357,

ManyAccRatio = x100%,

Poolmax 2 ith f£. 2511 %, ApplyGradientDescent & il %k
b Y igan:N

TEZR 1Y 6 M ALEIA b Geat [ AL O R
1E sw26010pro [ HiAZ% 41 CPE - fYia 47 a], i id X He
swFLOWpro & 28 AR # A 46 1) MPE iz 17 05 8], Ff 3815
AAZ B LY 20 DU X B Al an 38 3 B R GE i, 3R
15 B 25 2 AU B MR AZ O T AAZ I B e A 5] 8 s

HRIIE R SIIR Y 6 Fh L AR ) SCEE, B
J& swHMAE <2 3 AR 2% il 3 1) 1 45328 55 swHMAE 2%
R A5 i A RS FIAH 56 240, H 38 ) 1 4% swDNN J
AR K 8 SE 45 SR T LU i, Conv2D
A9 AN A% 0 3 L 3K 250~545, Conv2DBackpropFilter Y A%
N3 H ik 107~583, Conv2DBackproplnput [ Ak 4% il
L EL IR 90~310, I SR R 47

HABAZ OB B AAZ I LI s an 5] 9
Fii.

BT R B Ofe 26 A% 0 31 5T, swHMAE M swBLAS
JE T 3 N R AR AR SR . MR Y, R R A% 0 i

Table 3 Test Time of Typical Core Computing in Typical Models

*3  AESRIch ) SR LT E R R

ms

TR Conv2D Conv2DBackpropFilter Conv2DBackpropInput Matmul Relu Poolmax ApplyGradientDescent
Alexnet-MPE 153470 141700 51100 20260 352 340 528
Alexnet-CPE 611 1320 238 548 11 23 21
VGG16-MPE 1629210 1114340 718380 37430 5260 2120 1080
VGG16-CPE 3140 1910 2310 1120 119 172 50

ResNet50-MPE 250690 285090 152940 181 2170 373 250
ResNet50-CPE 652 1690 1690 9 56 24 14
ResNet101-MPE 578 400 552900 303010 182 3410 372 449
ResNet101-CPE 1060 2200 2220 9 90 24 25
Inception3-MPE 489790 443 940 216 850 86 2140 3730 215
Inception3-CPE 1160 1480 1540 3 61 278 16
Inception4-MPE 1019110 1010510 472480 21 3610 6370 413
Inception4-CPE 2670 2960 3660 0.8 101 503 26




2414

AN S &R 2023, 60(10)

Z Alexnet 0 VGG16 & ResNet50

& ResNet101 @ Inception 3 © Inception 4
600

500
400
300
200
100

AN

SR

Fig. 8 The many-core acceleration ratios of convolutional core
computing for different typical models
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Fig. 9 The many-core acceleration ratios of other core
computing for different typical models
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Table 4 Single Step Training Test Data of Typical Models
x4 ABRRE 8PN EE

AU MPE iZ17i /s CPEZfTHfEl/s AN
Alexnet 379.8 3.1 123
VGG16 35255 10.2 346

ResNet50 973.6 8.2 119

ResNet101 1876.6 12.1 155

Inception3 1373.1 11.9 115

Inception4 2996.9 20.1 149

& 10 AT UL, VGG16 158 A B AR A% i L A
INF 346, Ho4x (9 BRI B LG AH 25 8 K, 7E 115~155
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Fig. 10 Muti-core acceleration ratios of typical models

10 SRR () A s L



A T — AR S O A B s B R T S R 2415
Table 5 Core Computing Proportion of Convolutional and Non-Convolutional of Typical Models
%5 HBERMNEREMIESRARZOEE ST %o
M AR Conv2D Conv2DBackpropFilter Conv2DBackpropInput BRI
Alexnet 11.5 27.2 54.8 6.5
VGG16 11.1 37.2 49.1 2.6
ResNet50 9.2 25.3 48 17.5
ResNet101 10.1 23.7 51.3 14.9
Inception3 11.8 31.6 40.5 16.1
Inception4 11.6 29.7 45.2 13.5

97.4%(11.19%+37.2%+49.1%) , JIF LA 3 4~ B ) A A% T
A S, Alexnet BB RSB B R S LE A
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Fig. 11  Full chip acceleration ratios of typical models without
graph splitting technology
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Fig. 12 Full chip acceleration ratios of typical models with
graph splitting
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