EHEARIET 2024 4F 4534 % 556 W.567-577

doi:10.3772/j. issn. 1002-0470. 2024. 06. 002

—ME T BIEN PoT 48T EME M & 277 E"

X @ 5k

("HFEHFEREAF JE 100049)

("R EMFR T EEART R AR O

4.3 100190)

(THERFRTERAFRALEESF2EELELHE  JLIK 100190)

s B OUMNREMENLENNERI BT EECERKENLHEER L In(MAC) # 1,
RHEANEEANARE (L EEREM2EERE)NIT AR T a4 b B R
R BRI, K 90% U £, RAXRE T —F B ERNRZE S KRGE NI ST &, T LHF
EHARENEARB(MAEBEMENEEH KL BEMETNARERESEN 4
g g dmEit Bl MR8, LRERKW, bR T FEREER T 7 @AML
FHA T E, T XHEENEH TR PR IE 95.8% i & E ##., & ImageNet K18 £ F th
A2 W % Fofe WMT En-De £ 4% _F 9 Transformer W 445 2| /NT 1% W EH %

Kol

VTAES R 2% ( deep neural network , DNN)
FEVFZ N T RE R P S T R ROk . ki,
YIZ% DNN SsiHFER B g s, B0, IIZR— TR
15 7 RALB T ZFE 048 kW « h RYREIR, Xl
T BT R N R E IR (731 kW - h) 12,
U4, DNN Y1125 14 B R 8 5 5 #E 2% 58 % 19 i itk HE
T, TR 4k A g = Ak R T R e B, 1A
FTTE AT DNN Y2 RERE

7E DNN Il Zrf et 2 (A B RR 2 4 i 4%
JZ) BIREFE b7 B BERE A 48 KR4, B 90% 7
RFE L 2 ( multiple accumulate , MAC) $47 Hh K &
i FHAERE M K5 1 32 37 77 2281 (32bit floating point,
FP32) ik, FP32 Jfeikiz AR HFERE , /0 R A 7E
TEREAITE, §lin, FP32 ik i REFE K2 & FP16
Ferkmy 4 A5, K, T AFRAEFERY DNN A AH
T3 A AR PR A 5 e 1 AR 4 bG B Tk
o — 2 g Ak Ty 3k A ARG B (FP32) TN 2R

AWML, B4 NS mE; Kk

YT T R A SR T AR A R I AT AS B ik
D Gk B b RE AR I A U ¥R GE A A
(weight, W) 8% (activation, A ) FIIE0E B4 ( gradi-
ent,G) LA 16 710 Bl 8 {7 T L LR VI Lk
BRY, AN Tk AS B B REAE I B & Tk AR Ar
SEARTHRE IR, 0, 32 7 5E 1 %k (32bit Integer,
INT32) Tk HORERE K 20 HE INT32 Jinvk & 22 £,
I, A —SeTe ek 1y 2 AT LA B Tk S o 55
RoFEs B TR SR, DL B3 1Ak
Ty A TCT S 7 AN RE LU B (IS RERE SRR A0 i
] R T A5 40 3 A v 9 T 4 B Bk 2 e 1
I, 388 TAE AT LA D 1 YI 2R BERE S A PRI
ARTAESEE T —Fp o3 1L MAC (multiplication-
free multiple accumulate, MF-MAC) , F] INT4 il %5 Al
1 758 (XOR ) #AEI B FP32 ik, LLBELA ik
REFETEAR, T 4% MF-MAC, A& TAE4R T —Fh
38 53 )2 46 T PoT 1t 4k (adaptive layer-wise scal-

O FERELSEH LT (2018AAA0103300) , [H5 H AR # 34 (62102399, U22A2028 , U20A20227 ) il v [ Rl [ A4 2 7 #5 SERRAF 5T 45358,

TAFE H AT ( YSBR-029) % Bh T H

@ 4,1996 4EA T A BHF ST 07 ) S HL R GESE M TR 24 ) 595 s E-mail ; liuchang]8s@ ict. ac. en,

@ W#{EMEH , E-mail; zhangrui@ ict. ac. cn,
(Wki B 39 :2023-02-03)

— 567 —



BRI 2024 46 A 4534 % $FHo6 M
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Ik a5 XOR % HARSS & R AT 5
FIECT 23] INT32 505 2; )5, 8 INT32 £04fE 2
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LogNN PoT4  PoT4  FP32 x - 14.53
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) FP32 Mul
ShiftCNN PoT4  FP32  FP32 x FP32 Mul 14.53
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, INT INT INT324 Shift INT32 Mul
ShiftAddNet PoT5 VvV , 9.08
32 32 INT32 Add INT32-4 Shift
AdderNet FP32  FP32  FP32 vV vV FP32 Add FP32 Add 5.70
INT FP32 Mul
DeepShift-Q PoT5 FP32 VvV Vv INT32-4 Shift 7.81
32 INT8 Add
INT FP32 Mul
DeepShift-PS PoT5 FP32 Vv vV INT324 Shift 7.81
32 INTS Add
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ResNet50 T— WL A REFE, R 2 T ss
F I AR SCHR O IR A SR TFRE T A T A T
IEAh, 3 2 BB T B 5 A A ) A — U R
INQ''" LogNN "1 F1 Shift CNN'" i i} FP32 i3Il 24
BRI S TF R I 25, B0 & TS Rk 2 111 25
FIBER T AL ; LogNN'"' F1 ShiftAddNet ™' %4 7F Ima-
geNet 45 K B0 A 50 9% 48 b ik 47 52 5 S2FP8H™) Al
LUQ! e ki B h S| A T HUAMY R L2 H, X2
Bl g
3.2 ilgEmE

AR TAEAE TensorFlow™*" Fl TensorPack HEZE4R I
M E AR EaEAT T NSRS, 7 B R S, AL
i AHILR Fb 25 02 Bk 1 Sk TC T IE S 40 A5 (un-
truncated normal distribution ) A~ 25 KT IE 282015
(truncated normal distribution) , & T #EAT 4 TH AY Fb

B AR TAEVHAL T BRI AT 55 1 T 1, IR R 24K
FHOC TARRR R B 1Z 7 ok AL PE g, 7F ILSVRC12
ImageNet 73 25 % Hi FE50 b ffi B AlexNet™™ | Res-
Net18'®' ResNet50'™ #7905, 3 44 T 5T
VY v i 356 b %, b A B INQE! | Shift CNN'™®
AdderNet'®"  DeepShift" | Ultra-low' ™' il LUQ"™" | 1
EH AT EARS LogNN'™ il ShiftAddNet ™! #E17
FbAsE, 302 R R BT A K 07 122 1% F T ImageNet
SER AL AR I 25, DR st /D A DG BOHE . RV
i, A3 T DeepShift Al LUQ T4 H M Sk FF 4R
YIRS AR A TR S R . SR, INQ i
ShiftCNN H A M FYII 2R FP32 A5 1h Tl ] 1) 45
F AR ML TGN ZR, B e /R T e
TEFER R R (] = 5RR) .

%3 ImageNet #[#E5 F# CNN REUAERHER

I 2% WRZS RiSE W/A/G  WERRZE/ % RS R/ %
BRI 25 32/32/32 58.00 -
INQ 5/32/32 56.13" -1.87
AlexNet
Ultra-low 4/4/4 56.38 -1.62
ALS-PoTQ 5/5/5 57.22 -0.78
YN 25 32/32/32 70. 10 -
INQ 5/32/32 68.98" -1.12
ShiftCNN 4/32/32 64.24" -5.86
AdderNet 32/32/32 67.00 -3.10
DeepShift-Q) 5/32/32 65.32 -4.78
ResNetl8 .
DeepShift-PS 5/32/32 65.34 -4.76
S2FP8 8/8/8 69.60 -0.50
Ultra-low 4/4/4 68.27 -1.83
LUQ 4/4/4 69.00 -1.10
ALS-PoTQ 5/5/5 69.52 -0.58
T 25 32/32/32 76.32 -
INQ 5/32/32 74.81" -1.51
ShiftCNN 4/32/32 72.58" -3.74
AdderNet 32/32/32 74.90 ~1.42
DeepShift-Q) 5/32/32 70.73 -5.59
ResNetSO poenshifi-ps 532732 71.90 —4.42
S2FP8 8/8/8 75.20 -1.12
Ultra-low 4/4/4 74.01 -2.31
LUQ 4/4/4 75.32 ~1.00
ALS-PoT(Q 5/5/5 75.36 -0.96

FE o " IR R A TSN R Gl g v Bt R R, R P RIS R A DS IR B R 45 2

— 573 —



BRI 2024 46 A 4534 % $FHo6 M

bR T R AT55 Z 00 AR TAEIRF ALS-PoTQ
J7¥E R FF WMT En-De %0#5 4 I ) Transformer-
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Multiplication-free neural network training

based on adaptive PoT quantization

LIU Chang” ™ , ZHANG Rui ™ ™", ZHI Tian ™ ™"
( ¥ University of Chinese Academy of Sciences, Beijing 100049 )
( ™ Intelligent Processor Research Center, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190)
(™ State Key Lab of Processors, Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
Abstract

The current deep neural network training process needs a large number of full-precision multiply-accumulate
(MAC) operations, resulting in a situation that the energy consumption of the linear layers (including the convolu-
tional layer and the fully connected layer) accounts for the vast majority of the overall energy consumption, reac-
hing more than 90% . This work proposes an adaptive layer-wise scaling quantization training method, which can
support the replacement of full-precision multiplication in all linear layers with 4-bit fixed-point addition and 1-bit
XOR operation. The experimental results show that the above method is superior to the existing methods in terms of
energy consumption and accuracy, and can reduce the energy consumption of linear layers by 95.8% in the train-
ing process. The convolutional neural networks on ImageNet and the Transformer networks on WMT En-De achieve
less than 1% accuracy loss.

Key words: neural network, quantization, training acceleration, low energy consumption
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