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Abstract  The great success achieved by deep neural networks (DNNs) mainly relies on the
computation ability provided by modern chips. Nvidia’s high performance and general-purpose
Graphics Processing Units (GPUs) are widely used to build deep learning tools and software.
There is an industry-wide trend towards domain specific neural network accelerators to extend
deep learning performance. For example, Google has released Tensor Processing Unit (TPU) and
has deployed TPUs in the data center; MIT proposed an energy-efficient reconfigurable accelerator
for deep convolution neural networks. In addition to these accelerators, Huawei has developed

the Ascend accelerator, including Ascend 910 for training and Ascend 310 for inference. Ascend
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accelerators feature super computing power, high integration and fast network bandwidth. Take
Ascend 910 as an example, it delivers 256 T half precision FLOPS, 32 GB memory with 1200 GB/s
bandwidth and 100G RoCE v2 network adapter. Compared with GPU, Ascend is mainly for neural
networks. Differences between Ascend and GPU are: (1) Ascend uses task-specific processing
units which is mainly for neural networks; (2) the computing power is based on lower precision;
(3) the compiler software stack on Ascend is different from GPU. The main goal of deep learning
is to train a statistical model based on train dataset and the fitted model should make high quality
predictions on unseen data, which is referred to as generalization. From the perspective of hardware
design, task-specific processing units can greatly speed up some particular workloads and lower
precision enables faster training for a single iteration. However, task-specific processing units
may not meet the need of a wide variety of deep learning models and lower precision hardware re-
quires special software-level optimization methods. Previous benchmarks and analyses focused on
deep learning with GPU platform. Ascend has its special and novel features and its potential re-
mains unknown. To thoroughly understand its performance and optimization method, we conduct
a systematic evaluation on Huawei Ascend and analyze optimization methods for faster training.
Our contributions include: (1) we compare the performance results between Ascend and GPU on
four end-to-end neural networks (ResNet, Transformer, DeepFM and LSTM) on well-known
public datasets; (2) we analyze optimization methods on Ascend including deep learning framework
developing, operator tile strategy and mixed precision training; (3) we measure hardware utilization
and memory access pattern on three compute-intensive operators (fully-connected, convolution
and RNN). To the best of our knowledge, we are the first to conduct comprehensive analysis on
Ascend. Ascend is suitable for dense neural network workloads, its power consumption is lower
than GPU when training and neural networks should be quantized from 32-bit to 16-bit precision.
Based on the characteristics of the architecture and compiler software stack, to achieve better
performance, we propose the following optimization strategies: when developing deep learning
frameworks, we should compile the whole computation graph of neural network models so that
operators can be fused. When developing operators, we should configure the tile size carefully with
lower precision. When training models, we should adopt mixed precision configurations within a
reasonable range. Ascend is not suitable for sparse workload. There are some internal errors
when allocating extreme big size memory.
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.

Sy 21 i RS 21 PR

Bl P Bl 4 BEBLAE B

VR RF 2% 3] A R SEL A i i
l{*fﬁh% jﬁi?ﬁl l{tb = *ﬁrl : ’ S84 A Batch Size/Inpul...‘
B a7 8] [ 5 3R AN |

Pttt [0 | fEal s (20Fe ] [FLOPS| Gk [V |
B2 PEI S A R B
R I X6 5 A ST 5 Ta) A, X T AR B g AT
R A% Sl P A ] 6 % 82 2% 0 HE S8 L AR () 17 7 2 5.
ARSCEESE T B AXT GPU H1F 15 Ik 4% ¥4 38 fic i 19
TensorFlow, PyTorch #1 MindSpore ¥ B 2% > HE
IR A ) 1Y T B2 o >0 HE 2R A B4k 2 4. CPU 5

O FHWEA X E M. https://www. hiascend. com/hardware/
accelerator-card, 2021,5,16
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B hy R B 2 2T VIR B AL DR 1 i) R AR S
BEOR A B DR DA 8O 1 500 4 B LA 156 . I
A B 2800 2 A L A S0 0l 3 T i 3 s A A
RS- T 2 A (] 28 Y B 2. s ) g A 7R AT 3K
TR #4552 B B A Az A g T A T A7 4 AR
1 Z ] 9 5 FR L AR St DA [r] 4 B35 %k s 38 i -5 55
T LAES AT T 20 47 - v 21 o A5 AL MAAS [] 14 K 2
2 O HE SR AN [R5 850 4 2 FE R AT T s 5
MR Batch Size 55 41 5 1) S 841 & #1471 70 #r.
B OF -1 A 3 A AICORS B2 A A SCEE SHESE T AN [
1R Gk B & 1A [F] Batch Size T 19 1 BE 3K 8. Jl
ISR B U 2 i I [R] L A ik L FLOPS 45 fE 45
PR X A AL R AR A T S T AR S L A S
Ay S i FH 5 4 b4 I
4.2 tEBEFRIR

Shy R T PN A [) o 28 D) 265 i 5 24 E 35 R i 28
25N Y PERE L L8 T 38 P Y M RE 4 bR i AT X0
LU o H P A8 b AL 455 3K 21 o o B (o) A 10 B (] L 7

FLOPS %,
4201 IR A B 1 R A R ]

2 W 45 I 25 AT: 55 22 B 78 T (i A5 R 5k 3] 5
AN VA R B % — 301 BB 2 IR i e A L
T E A i ki 2 o I S A AR R 0L ) L 35 4
PPN 5 o 4 G 3 4 2k A Y 30 B s ) 3k A O A
FEARECH o TE . B, 40 Bateh Size W] 78 43 N
RS 7 n PR B R 3% A B B L {H 3 K Y Batch
Size £33 BUB Y W SGH BE AR 18 . A SCIN N L 3k B 5 UE
AR VM 3 (L %) B () B 4% 23 15 i o R 1 R G e V)
AT 55 Lk RE.

AN TR 37 35T B R B 3 DF O B 1A TR AR S
HEAT UG 432 AL 25 B8 L a5 o 2R T4 19 8% 43 A Y
AT 55 0 I, o, IR S 2 fe AT 0 o e R
TOP1 E Ry PF i 35 br - UL 25 B2 ;| BLEU™ 24
PEM 48 A it i SR B 6 F AUCH AR S TEAN 48 45
5 8% 53 BT 088 P 43 20 o 8 32 A S DA R A L AR SCHE
# Epoch Y1 2k 45 5 )5 {1 FH 50 11F 5540 4 %o 45 20 0k 47
WERf T3
4.2.2 Hinti

Ak i, B AERD A B A RE AR 2 ) — P & fil
FH B o 3 3 ) 25 Ve RE Y 48 B AE 56 TIE S oE ) E AN
258 5 P AR B 7 B0 R A ik o T DA B A 1 R
i1 M fE.

RS K 5 T ot i — o B R A B [

REE R /) TENLAS B 5t T . ki — o
P00 B A 5 R i) X5 /) 5 78 o5, o SR 7045 I
Brise kit — Oy R R BRI REAS B (REAR /).
1.2.3 FLOPS

FLOPS & Ff > D {4 22 1 7 &5 008 R 54 B[]
PN TSE BT T B S R T R R ST
R0 1 AR AL BT 55 FLOPS B8 e 1. 76 55 B
N s S BR T E H BV AE 2 48 RN B
B B AR MESE B FLOPS g W (5. S 4R Bt A4~
HEAR S TER A S B FLOPS, 39 % 315 %
AT 5 1 FLOPs, BIZ 3T BAT 55 19 17 0 B VR 5
T B LLRD S BN AT SR % T ST 45 19 48 17 A )
FLOPS e e e 2

time

— Ml ZAE T TR e 2 R b A
ANEF R FLOPs, P8 U5 s 17 4 A 1134 L 8% B
BH T FLOPs BAIL L, Bl Ar 75 2] 5 A4~ -5 & 7Y
FLOPs.

LA B TR 2 S HEZR % FLOPs (1 32 £5 98 A 58
#. TensorFlow H AR AT & WA 719 FLOPs, {H
RNN 24 #i %) (4345 RNN, GRU,LSTM) %445 7 iy
FLOPs i & 4 i%. PyTorch 7£ 1. 8 MIAS {if A 42 it
FLOPs #5311, 1. 8 At A £ X) 7fe 20 46 FL
BT O A SCR G E A 77T
FLOPs fli it i B 5 i3 F A5 2 B B i
b G 1 2 I 45 LB PR B (ReLU %6) & 3. fi
m g ERERTMEN, — % EHE T
Conv2d () FLOPs {1 :

FLOPs=C, XK’ X HXW XC,,
Hep.Coo i ABIERK AERZE KRN H MW
Shy iy R AE LA i R S Cou oA fi H 0 T R
4.3 HBWREBA RS T

i Y ity 380 ity A5 TR 0 AT BT 5 T DA E R 2 )
HE 2 5 oft 22 ) 445 i T i ) 3 G 2 5 98 3. A S
T EMG 2 DA B L S S A A R BT U A
V7 3 AT iy 32 S A TR A1) 43 AT BT 0 P ) R TR L
Fhir 4 0 0 LA 0 AN 2 1 TR

F1 mEREMTEREER

time, Jf 4 FLOPS =

A IVARERZ7B5S YGRS TR 1 B (E
CIFAR-10L28] 90. 0%
ResNetH1] % 2
e S E ImageNet 2012029) 75.9%
Transformert'2)  HLas#liFE  WMTI16 en-del30] BLEU 25.0
DeepFME13] W ARG Criteo® AUC 0. 8075
LSTMLE14) 15 1Ay By IMDB!3 83.5%

@ Display Advertising Challenge. https://www. kaggle. com/
¢/ criteo-display-ad-challenge/, 2021, 8, 20
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Xof b BB o 5 i i 3] s A AR )1 5 T ) 2
BHNRBZ ARG & 55 A SUS H R
YE i) — A T AE G 3R AE A [R5 & b R 3 2 ) A
ZFEE S50 B R R — 20, DL A ik 28 R R il ok
00O 2 AT 0. B 4, A AR e 2R 00 TAE gk B AR
X HE T MindSpore HE 4R, &% 11 A1 [F] 1 % 45 155 A1, fiff
FHTRRE I 2R 8008 78 GPU 518 6 447 & 2E 1791
G, (A B 0[] — A B 2, A< SCfE T AR [A] 09 8 1k
i SRR A R 2 ) SRR R R A

H T ol 25 O 2% i 45 A T 3 R AR A L 48
U P A R TR GRS BRI R B L i GPU 42
I ARG BE 2 £ 0 £ 4 3 FP64 . FP32 il FP16. 43¢
R FP32 5 FP16 418 i 18 A K BE B X 0 L
RUHEAT ISR [A) AL AF 5 1 TR A K BE 8 A [ 3 B %
TREA B2 NI 2 IsF R] 1) 52
4.3.1 KE1Grk

PR M5 53 22 DA 4 28 0 285 i 3o 2% B 1 B9AT: 55
Z— B E R RN — > b 28 X 2% A5 A 2% i
D32 AR S5 AT BB AR S ). PRI o B R A 28 6 Ay 4%
R AT AL AT 55 Can H bRz i 4 A il s

AR SCH AR 4y JAT 55 ff T ResNet!' 80 7,
ResNet $A i 2R 22 A 1 B R 25 R T
LA R —1LAl ReLU 455 7. ResNet LF I B
B 25 YL i £t O TR B30 i A 5k 25 e sE T ResNet
() 2B 7] £F %F TmageNet™" 224 X 224 R Sf Y
BN, B OB AL B A ResNet50. ResNetl101; £ X%t
CIFAR-1032 X 32 Rk 1 iy A, & UL i1 A58 84 45
ResNet56.

4.3.2  Hlis B

Bl 035 AT LU IR0 5 SOAS 17 97 B A H bR i
T ORI FE TR 2 4% ) BIL g BH R 2w A g
i #5719 #5 (Encoder-Decoder) 45 14 , 4% i #5 F 2k
AT TR T SUARTT O i 2% DR AE B AR IR S
AIFH). AL FE LI T Transformer 5 FINH
F WMTI16 3% {515 (WMT16 en-de) Bl 15 20 3%
DA T PEM. Transformer #1757 RNN 254
T EEMH TEEJIZE . ER Encoder il Decoder
B f 6 A B M THEENE,
HEJ 2 FE 2% Softmax %5 14 L.
4.3.3 il HUG

ST RS SE )T Iz T AE LI A R
AR MR g5 v i AU SR LA P R AR
SN A B R AR 0 B N 25 A BT R
T AT WAL . A SO ] DeepFM R RSV g8 47 970

DeepFM i = 28 715004 1 - v i 42 i #3562 VI 100 i
BLFIHR % 42 i 12 2
4.3.4  TFEA T

15 8% 53 AT R XA A S A R 1) SO R AT 40
BrAnA 2. & T B3 - & P AR B 9 20 B
0 5 A S5 A SO P T 1 RS2 28 ) LSTM A
RV R IMDB HL 5 9 36 B04E £ k1T T 1 &4
BT s YR G 04 A5 AU ] DL F ] — 2% H 52 97 38 10 28 iz
.

LSTM /& RNN [ —Fp A2 fA, & 0] LU 4 — B
J 50 vh AR G &L A TE TR 2 3% BER L RNIN
G I WA E 28 A H: At 19T 1] R AR AL il B, A
AT LSTM BRI Sy AR G 2. Do AH Fe B 25
FEAS, LSTM 2R KA T 55 52 J% B SR, I 5 70 7R &
JEAEL N AR ZAT 55 598 T RNN FH AR (4, A 45
BEXT RNN Z5fg #E47 PE . A SCS2 8y LSTM LY
o, R T A LSTM 4 i 5 % 5 1
4.3.5  TAEER S

TE AR BOAEs SE  e F b L AR SCh itk A7 T
0 08 A N 3 5 2 T, BT S A Y R A 2 AL
i THPE | U R, L B B i S % T3 5L 43 il
RETTEHIE R HEE R ARG S b Bk
5% 181 B 4 =L )2 i » ResNet fil Transformer i
W TR 5 DeepEM A X 0t LSTM R 7
I [R] 2 1 i A BT BT 8] 25 0 A4S 45 780 38R 5 1 ol
28 W 4 2 A I 1

BEXS R 53 24T 55 ResNet 2 K15 73 2 SO
PRI RL 2 — A S A S8 L UETE I vh 22 % {1 )
AR AL AR 2 31 5 LA 98 28 BF 98 &5 7E ResNet 1y
AL bR AT R 45 28 H bR AR I S AT 55 2 it R
ResNet 1 g FFAEHl A . PG A 3G ResNet g
WG A AE R R 53 BAT 55 1Y BE . [a) I, A Sk 4%
CIFAR-10 #1 ImageNet 2012 1F Jy %045 &, W 1~ %
P AR T A BHE ML

BRI AL BT 55 W 5 1 5 R R L BB 2 A
MR E W R B RTE S AT 55 B A s AT
TEE AL RNN. 7 2 ) HLi e Ok B2 1 B 2R
1B S PAT AL AT 55 F AT, Transformer A
AR VE R S LRI 2B, LSTM KR a] £ 3% RNN 2%
BT,

e AU B 1 — ik 32 AT R T 0 A LR 4
B 22 F) 2 A 28 ) 2% , AH kb ResNet 1 Transformer,
Sl BRI B R R 2 B8 D, DeepFM Bl G T
T 42 7 H 2 TR O SR LRI B 28 4 i 2 AR
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B 1 % ity 380 ot A5 AR 0 AT I L AR St R = R
RSB L BV - AT T A 0E AP A 4R A 0%
Bz B U RNN. 4 1 4 2 pi 28 ) 2% v d5 i fil 1Y)
LA T BB T R 43 J 0 SOAR b B
AR S5 b RNN 2% H T HLE% #1518 B S5 E
S5, DL R =R O R AR T IRt X = A
L HEAT SR PR R A T AR T B A AR E.

PRI 2o A% o A S 2 5000k 9 PRI 7 kL 4y
M THEFAEANFRSEA S T ERE. 6, 53
T 1K A S 80H #L K/ (Bateh Size) Vi A FR1E
E K/ (Input Size) . i A IE %X (Input Channels) |
iy 4 38 50 (Output Channels) | % U K/ (Filter
Size). 3 2 JEI/R T X 4 BUR T PRI i fef A 1 2 80l
B WEERME AP S A ST 8
B O BT 8 RS E . A Rl B 4 bR AL 910 0
Tesla V100 [ MAC {18 #.5¢.

*2 BRNETFSHAESIFR

f/ME ISP NIEN A

Batch Size 128 512 X2

Input Size 112 336 X2

Input Channels 32 128 X2

Output Channels 64 256 X2

Filter Size 1 5 +2
AR WS B4 4 19 Batch Size, Input Size

p

S A E I KN BEBILAE BT U R B O
R P ZE ) A A st 25 7= A — 52 10 B ) TR 4 L O 3k
A7) s P B [60) T 85 140 52 ) £ TIE JIF i 46 3 1) 32 47 I )
B v R M 78 I ST M RRIEI AT  SE EAT T I
LRSI/ N SR e A D) T+ S
10 58 a4t 162X M 7k BB PE I T 100 ¥ AR
AR AL AT 11 1) RS ) R 3 S RRUGE AT A U L IR
47 FLOPS #E RIS 40 A7 U Il & ik i 25 1
REFE br. (8 F 2 800k 1 PF I 5 3 vl AR 3 1 72 A
[l 50T R PERE R B N B T AL S SR 8.

5 MEESWSHR
5.1 B
ARSCH T — G5 8 Yty 5L 910 15 5
5B 2 BIeffih Tesla V100 GPU #4747
B, Ao LI 910 B3k 1y HBM {74 K/h A 32GB,
W98~ 1200 GB/s, FP16 T B9 FLOPS i I {H

256T. 715 910 45 mUBC A 19 2 192 4.0 19 e O i 15
920 CPU,768 GB F1f, Ja 3C LA NPU #5 R IKF &.
Heffiik Tesla V100 gk K B9 HBM 174 K /My
32GB, %5 h 900 GB/s, Tensor Core [ FLOPS 3
WIEAE Jy 125T. Tesla V100 45 5 g £ #9264 4.0
i) Intel Xeon 5218 CPU,256 GB £ 7f. )5 X Lk GPU
FRACIET & P Fhohn 2 8% DL S H i 78 1 3 55 A
PEfE S En 3k 3 Fik.

R3I XBRTAREGSHE

NPU GPU
CPU AR RN 920 Intel Xeon 5218
T 768GB 256 GB
S B A4 SSD SSD
T g AL S £l A 910 Wik Tesla V100
T 2 32GB 1200GB/s 32GB 900GB/s
Jin s FLOPS 256T 125T
AT EE CANN 5.0.2 CUDA 10. 1
tensorflow-ascend 5. 0. 2 tensorflow-gpu v1. 15
S IV i T R
TR S HE SR pytorch-ascend 5. 0. 2 -
L3 I pytorch-gpu v1. 5
mindspore-ascend v1. 2 mindspore-gpu vl. 2
BT B Gl S B CPUL SR E

T8 PRAUIE — 2 i3 4 PR 2K A0 T AE X i 2] s A5 28 )1
R 7 A R A SO I i A R i T — T
TR R A R S X S TR R i R B 3L A - (D A
L S B A A AT o 38 s 1) S e D I B 2 T AE 2R
P& At 19 22 A7 HL L RSB I S Ko G2 A7 B AT
(2) {6 JFH Bl WL A B S80H0e 20 A7 A ) S kAT TR 72
DI Ton o 85 P BE A S 98 R] A5 ek R I o T o e
P Fo Ok He O I IS AT R A 46

5.2 iR EIuhAEE AR
5.2.1 IFREE

NPUEERZITEH . X T & A% 8
HMET TSR 2 1 5 NPU A GPU EfE 2 T
Bl 2.

ResNet fil Transformer 5 % 2 5 25 1 % A
AR H  ResNet %0 H 5 8 & B I &
H— 46 F1 ReLU Wi & %5 2H B 1 5% 22 e, Trans-
former Y #% 0> 3155 Fy 50 4 e 15 A1 Softmax 15 b6
HEEN L IEDIED- VIR

%7 F ResNet f# #, A& 3¢ 78 CIFAR-10%% F1
ImageNet 2012 B4 4 b kA7 T o 21 o 1) 5 74 1)1
2. CIFAR-10 Hdls &£ m 18 i Rty 3232, Il 4146
3£ 50000 KK A, B EAE 3 10000 7K & F. ImageNet
2012 %4l S 0 B ROST oy 224 X224, Il 5 4 3t
1281167 5k & Jr . B ik 5 3 50 000 5K & J. & X
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ResNet BRIP40 = Fhdg 5t A [ AR
A [ % % 4 K /N B NPU Ry M fg. /£ R ~F Hy
32X 32 1) CIFAR-10 [ ffi i ResNet56 #F 47 Il % .
YERA BE A0 1R] 3 Ca) FiF i 5 B CIFAR-10 By & RSk g
FE 3] 224 X224, FF-fdi 1] ResNet50 #4725 . 1 i
i 3 (b)) fr /s s 76 RSF i 224 X 224 1) TmageNet
2012 Ffdi il ResNet50 #4711 25, 5 1 40 & 3 (e)
JrR. 3 Ca) 2 &L 3 Co) 8 il ¥ S IF (0], G\t 35 o 3
WESE I TOPL 6 i, 78 32X 32 RF . BL 90 1)

TOPL #6520 {8 . NPU 7 & 1P G GPU F- &
1) 2. 70 £ K B R 9 7 5| 224 X 224, NPU *F- &5
J& GPU 1Yy 2. 34 . 1 i FH AU £ 42 K 19 TmageNet
B AT INZEET, L 75. 9% (MLPerf v1. 0 47 4E) 14
WERR 0 (B, NPU F &5 Mg 2 GPU 1) 2. 89 5.

%} F Transformer LB, A L /E WMT16 en-de
Bt 4250 B HEAT T s 30 v (A AL 2. B 4 Ca) BT
7~ .53 BLEU 2y 25. 0 i #E#f B B {8, NPU J& GPU
(1. 67 £5.

80-
N
= 604 W o 80x
= ;
g
& 404
N GpUll 21 [ GPU||  201F [ GPU
——NPU ——NPU ——NPU
0 10 20 0 100 0 2000
B[] /min B[] /min B[] /min
(a) 32 CIFAR-10 ResNet56 (b) 224 CIFAR-10 ResNet50 (¢) 224 TmageNet ResNet50
10' TicrU
Z_ZINPU
'\J}
rin
N
i
H
& 10°1

Epoch 1 Epoch 2-90 Epoch 1

32 CIFAR-10 ResNet56

224 CIFAR-10 ResNet50
(d) Frt &

Epoch 1 Epoch 2-90
224 ImageNet ResNet50

Epoch 2-90

E 3 7£ NPU #1 GPU | ¥)I| % ResNet £ [ i 5 HE 3 T8 ((a) 7E 32 X 32 CIFAR-10 || 2 ResNet56; (b) 7E 224 X
224 CIFAR-10 | )l|%k ResNet50; (¢)7E 224 X 224 ImageNet | Jl|%: ResNet50; (D) Fit & . UFEAFRG R T E

& Epoch 53 E % Epoch V- {f)

241

BLEU

221

0 500 1000 1500
H5J 18] /min
(a) HEME

2000
=16y
7 o0 |[EZNU
3
€ 10001 / 7
<
[]EH DK
_‘:_‘ 500 .o.o.u .o.o.-
H@ : e e e
0 o.o.o. /| o.o.o. /
Epoch 1 Epoch 2-20
(b) Frih i

Bl 4 1 NPU fl GPU E il Transformer #5# I 1) 5 B8 26 B8 (4245 15 % Epoch 53E 1 % Epoch ¥ it 2 {H)

NPU #1384 8 4. NPU 75 % 75 B % Epoch
U B S0 A AR T T DL BRI
B AT AT SO WA A RE N R

AR — 43 # T ResNet = iz 5 T K [F
Epoch fy#Ent &, WK 3(d) frn. B 3D T 5
il %37 5§ A % Epoch it & il 4E B # Epoch
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(9725 k. — R 2R 1§86 Epoch X040 48 i
13 Ak B, 78 1 AT BRI 255 X T MindSpore
TR )3 T80 25 A UR B 2 S HE 2R T 2 1 %
oA BT EL X NPU F- &, 228 H CANN 1 {4:4%
£ NPU 545 B AIEE B F 3C Bl AR R TR B 2 T HE
20T A R A T 3 oA R T PR T S 32X32
) CIFAR-10 |, ¥ % Epoch 4% mt &4 N I 4 %
Epoch /1 8. 89% . FZL[H 2 . NPU 45 5 7£ 1 # Epoch
HAE AR B AR f Ak, o CIFAR-10 97 75 8] 224 X
224 J5.9" % J5 1 CIFAR-10 #£ NPU | i % Epoch
HAE B % Epoch Huk 11 27. 27%. ImageNet [
# Epoch J&9E B % Epoch # ik 11y 81.44%. BN
ImageNet FEA % 11 38 K F CIFAR-10, 45 I I 25 /Y
i [ 28 R F 0 4 Ak B 1) 70 s fk e (] o B 35K

NPU EH BT EZRE TRAFR K GPU. X T
B R AR R A1 RNN, 1 F NPU & & 454 F1 CANN
AR Rk 3 R R IR K GPU.

DeepFM Fl LSTM J2 i 25 i i AU+ 55 1 70 4R,
. DeepEM ¥ =215 Rk 2 & 2 FH
Sy fRALE T e R 5 B A A )2 AR R Y
BRI (H R R . LSTM 48 RNN 284 I £ —
A~ RNN BRLIC N F 47 26 1 0 1 9fe A0 eR 25045
S e B5F ) A5 1) i AR AT ) 1) 25 i e L R TR
B A Vi AS S i BT k.

X F DeepFM A, A& SCHE Criteo B4 4 I ik
17 7%k, Il 5 Ca) firzs . a5 3] AUC 25 0. 8075 1Y
HERA B2 B, NPU 3y GPU ) 73005 E H 48
Epoch i+, NPU & GPU #4 63. 16 % , Z B& B3 1

0.805 A
O
-
<
0.8004 J
fi5 [E] /min
(a) Hiffl 2
le6
1.0 m GPU D)

CRCRCN
LY
CRCRCNY
LY
CRCICY |
LY
CRCRCY |
LY
CRCICY |
LY
CRCIC |

ZZINey

Fent i/ BEA/s)

\\

LN 2 7
O e e o 9 /
Epoch 1 Epoch 2-20
(b) F¥nt i
5 fE NPU fil GPU Ll DeepEM BB 11 1 g 2 81
(B 45 &5 % Epoch 54k & % Epoch “F¥{H)

AbFRFN NPU #1 iR 655 K 2 NPU [P REAS & GPU.

XFF LSTM AL, A SC7E IMDB 5% PF 18 £ 4l
HUU F AT T UNZE W 6 (a) T 7 - 35 B HERG N
83. 5% F MR B S8, NPU 3 JiF 2 GPU 4 0. 13. NPU
PR A RN . T (D B % Epoch iy % it &
NPU ¢}y GPU ) 7% . NPU 75 & 4¢ 8 £ i} i) #17
NPU (%) b JUH I T3 18 1 G 12 o 78 >4 Ai7 09 310l
PERrf  NPU LE R [ 2596 25 3 55 T 1 G 128 ) [R) 40 5
(2) dEE #& Epoch 77k 5 63 %6 , 2 W H5 4% 191 40 2 A1
NPU %) #4645 2%, NPU FyPEREAR & GPU.

e 801
_& 0.13x
=
=70
25 5.0
I ] /min
(a) Hiffl B2
T GrU AN
“ VAN
Elooo Sos
< o'o'o'/
i — ol /
'5‘ oo 0 L) o/
H@ o'o'o' . o'o'
0 e e /
Epoch 1 Epoch 2-20
(b) Fit

B 6 £ NPU fil GPU bl %k LSTM 7% i i ¢ ik 2 81
(I F5H % Epoch 54 % Epoch 7 it & - ¥{H)
LSTM KRS iy rh S8A R 58 % B 55 IMDB
B im A ImageNet 1 WMT16 en-de /N, B A
YR E) Ky 0 B 2%, 454 IMDB [ LSTM DL
CIFAR-10 | RestNet56 , 4% 4 4 45 /N o 455 7 3
S /NI BRI 25 BT R B )30 NPU L (19 %)
U A B T 7 4 A i 32 3 1] 5 s ) BG R it B
BRI A e GPU A 3 B 1 3.
5.2.2  IEESHT
FR AR R S A4 Y 15 5L NPU i 80E i K2
o 300W,GPU Wy #iE fie KIFNy 250 W, 18 5L bR
TAEf R b s A A — € e IS B i KPR
o P RSE P ) g 4 0 ) R A B VAR T S PR
VE G 28 b i 4% D) 3 80 L o F 8 I ks B fE
JE A AR b P S T R T AR T () R
] TAE 38 0 24 h 2 /7 (b) g AN ) A f 3%
(1) 5 T #E.
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(a) P F
10
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ZZlsru
=
B
]
S~
107
R
s N N ¢ N D
&9 ?g.g ?%' o & <§ &
GEESEE S &V
b SOV S
P P Poe <
(b) B IIFE

P 7 BRI S s B A R R (L A 3 T RN S D A

ERZEITEZH=.NPU Ih#E L GPU K. 7&
ResNet, Transformer #4152 8 T /e % . NPU
SRS B e 4y KR N SR TR, S I REAH HE
GPU BH B F&A%. 7£ ResNet ImageNet 35 F , NPU
HISE 3 I 3%k 148. 2 W, 2 GPU B4 84. 5% ; NPU |
SRy B RERTJE , BT AE N 2. 52kWh, & GPU 1)
27.4%. #£ Transformer WMT16 en-de 35 F ,NPU
FSEI %A 114. 0 WL J& GPU () 80. 0%, &L Ih#E
J9 1. 43kWh, & GPU #y 26. 4 %.

L iEKRE NPU & /18.NPU By I F Ltk GPU
& TETARAT AT 55 M 2 8GO0 T NPU 34 3)
KA 67.5W, M GPU 3%k 22.5W,NPU
2 TR GPU ) 3 ff. XK E , MR
Jowk ey A NPU #9538 J5 isf NPU iy 7 H 25 202
e MIFERGE. B, 7E LSTM 5 F . NPU
HIh#eh 70 W. 0 GPU i 1. 58 f%. M Ih#E & GPU
[ 3. 65 ff. NPU 78 2 2 & . L 2 [N O fgk NPU
I gs N E S T Al CPU, Al Core, HBM #i1 RoCE
e ) 4% 55 22> BT,

5.3 BETFRE
5.3.1 WNHESE
A4y HI7E NPU #il GPU i T2 A58
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x4 ZANETFEARASHASTETHRIER

SRAGRE NPURBIIRE  GPU IR
L 192 180 192
B 243 155 207
RNN 144 122 144
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5.3.2 FLOPS
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Hy 84.7%.
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R IFRTCIE IR AT, Seqlen 8K B 0 55 ) 1 K&
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Batch Size B K}, % T 0] 3843 Fl i NPU (1% /7.
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EERFHNE A BERE NPU 8. MindSpore
H1 TensorFlow ¥ 3 A~ 8 I 4 PR #4 2 , 4 He Py Torch
i R BN B g R AL AT R PR RE SR T

=R A ) HE 22 vp , MindSpore fll TensorFlow
RS IR HEZR 1 S e R A R Y T 5 1
JE FH CANN B Ak v 8 2 36 i o FF 3103 IR 4 1y —
HEF AT AT SCIE. G 32 AR R R B — R 9 g
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T SR R TR RO A AR ) A
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T G 1R K 5 R ), 3 Py Torch &
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TR NG A R S BEAT R R S B0 5L PRI 4
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6.3 HTMWL
6.3.1 Jrbe

FESHAIRA NPU EF 8. /£ 7 & NPU
ERE TR LORER TR R RS R R R Y
T HEAT Sy LA FE 5 M NPU 575

NPU Al Core H1 iy Ze A7 X 25 ] 47 B i AT TIK
HEAT B IF S s — M 7 X Rl 47 43 B o 43 B
BRI N AT Core BAMIE R B A K R EAF X
s & L0 BA7 X, 5k Y S NPU B3 TIK %
1A~ A 3 02 A 1 o AR I A A Y
PIDFERE ALm, & JF0 B L., SRR YE 0 S50
m_tile_size k_tile_size Fl n_tile_size 47 = Z1F
. NPU B FE R 3153 BT e AT — U B 7 125 )
B 16 2K BETF B0 55 5 die AR 0 S5 6 i i A%
FH BRI E E L S47 X, H L1 271X B
A_L1 FIB_L1 #Z 88 16 X 5% 425 98 ] TIK o 1y fE
Fe B OS2 E. 3RS B m_tile_size k_tile_size
Ml n_tile_size SN0 146 PR UK . 3 10 52 el 450408 #i iz

BiE Y. NPU MFETR L.

BN FERE ALm k] HE M BLe ]

B HBE CLmyn]

m_cycle_times=m /m_tile_size

n_cycle_times=n /n_tile_size

k_cycle_times=Fk /k_tile_size

FOR n_ida FROM 0 TO n_cycle_times

FOR m_idx FROM 0 TO m_cycle_times
FOR k_idx FROM 0 TO k_cycle_times
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data_move(A[m, k], A_L1[ k_tile_size /16,
m_tile_size,16])
data_move(B[k,n],B_L1[ k_tile_size /16,
n_tile_size,16])
C_L0 =matmul(A_L1,B_L1)
data_move(C_L0O,C[m,n])

AL AL16,256 1 B[ 256, 1024 K /)N i 4 [
AT TR B n_tile_size Fl b _tile_size VB WA
[) B /0 & 59 B 5 A AL A =2 ) Y 5 DL ]
{534 Al Core I BYTFAER; . 45 R AN 14 BT 7R,
MG & 14, 72 G2 47 X RN L VR RY I O0 T 8 24 389 n
G3 BRI S AT B o YR S R
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6.3.2 A&KE

NPU LW EFREMEA FP16 S EREE.
NPU i B 1155 5 o0 HRE A7 FP16 sl 38 AR A &
THE L FP32 1506 2 0l o8 3 3 58 0 AR i 1) o B
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Background

The great success achieved by deep neural networks
(DNNSs) mainly relies on the computation ability provided by
modern chips. Nvidia’s high performance and general-
purpose Graphics Processing Units (GPUs) are widely used

[1-2]

to build deep learning tools and software There is an

industry-wide trend towards domain specific neural network
accelerators to extend deep learning performance’™. For ex-
ample, Google has released Tensor Processing Unit (TPU)
and has deployed TPUs in data center'*' ; MIT proposed an
energy-efficient reconfigurable accelerator for deep convolu-
tional neural networks™.

In addition to these accelerators, Huawei has developed
the Ascend accelerator, including Ascend 910 for training
and Ascend 310 for inference. Ascend accelerators feature
super computing power, high integration and fast network
bandwidth. Take Ascend 910 as an example, it delivers 256 T
half precision FLOPS, 32GB memory with 1200 GB/s band-
width and 100G RoCE v2 network adapter. Ascend is a new
type of neural network accelerator. Differences between
Ascend and GPU are; (1) the chip uses task-specific processing
units which is mainly for neural networks; (2) the computing
power is based on lower precision; (3) the compiler software
stack on Ascend is different from GPU.

The main goal of deep learning is to train a statistical
model based on train dataset and the fitted model should
make high quality predictions on unseen data, which is referred
to as generalization. From the perspective of hardware design,
lower precision enables faster speed for a single iteration.
However, lower precision could prevent convergence or need
more iterations'” . Previous studies focused on low precision

training'®! and performance analysis'®'”) on GPU platform.

Can lower precision of Ascend meet the need of different
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scenarios? What’s actual performance of the hardware and
software stack on Ascend? The potential of Ascend remains
unknown,

To thoroughly understand its feature and performance,
we conduct a systematic evaluation on Huawei Ascend and
analyze optimization methods for faster training. Our contri-
butions include: (1) We compare the performance results of
Ascend and GPU with four end-to-end neural networks
(ResNet", Transformert'*, DeepFM!* and LSTMY*) on
well-known public datasets; (2) We analyze optimization
methods on Ascend including deep learning framework
developing, operator tile strategy and lower precision training
configurations; (3) We measure hardware utilization and
memory access pattern on three compute-intensive operators
(fully-connected, convolution and RNN).

To the best of our knowledge, we are the first to conduct
comprehensive evaluation on Ascend. The main findings are
as follows: (1) Ascend is suitable for dense neural network
training and neural networks should be quantized from 32-bit
to 16-bit precision. (2) To fully utilize the Ascend hardware,
deep learning framework should compile the whole computation
graph of neural network, making operators fused. When
implementing operators, tile size should be carefully configured
and lower precision is preferred. Models should be trained
with mixed precision mode. (3) Ascend is not suitable for
sparse workload. There are some internal errors when
allocating extreme big size memory. The power consumption
is relatively high when there is no workload.

This paper is supported by the National Key R&D
Program of China under Grant No. 2018 YFB1004401 and the
National Natural Science Foundation of China under Grant

Nos. U1711261 and 62172419.





