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SEEETE AR M E AT 38 A IR 2 2L
SRS M R ESE BT 5 . LA Pytorch 1. 6. 0 4E
ZRAE NVIDIA GPU Wy HAT R, 55 3 5 4 24k
LR VEJZHE Pytorch HEZEXT B 957, L KFE GPU I
PP AR Lk s B n 2 2 B, SE bR g IR
KR 2 P A G R ESORIURE L 14 4 1 R B 5331
FE L kernel PREL, BEHLAE B 5 000 000 4~ 12X %L
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P, A nvprof T H 43 G 113X £ kernel pREL Y L Fx2 EZKHEE

PATEFE], Z2 IR AT HCEME . exp AU E X [H] B AR Pytorch & T FELRt: R B

[ -16.0 ’O] ,Tanh E@ﬁ{a[z I‘Eﬂm[ -4.0,4.0 :| , Sig- Softmax torch. nn. Softmax std: exp
torch. nn. Tanh std: : Tanh

moid [FE{E X [H] L[ -8.0,8.0], GELU [ 4 {E X Tanh

WIEC —5.0.3.0] . (RS M 64 256 1024 Sigmoid torch. nn. Sigmoid 1 /(1 +std; :exp)
ﬂl 4096, GELU torch. nn. GELU . :normedff
£33 MHsENEK
ATEFIE] 1 ATHsHE] 2 ArestE] 3 ATHtE] 4 ATHHE] 5
wanmn LU G meemn ooemn asmmn
exp 549.13 ms 484.70 ms 484.70 ms 484.72 ms 484.77 ms 1.13x
Tanh 574.43 ms 484.71 ms 484.72 ms 484.74 ms 484. 83 ms 1.19x
Sigmoid 767.46 ms 484.70 ms 484.77 ms 484.74 ms 484. 82 ms 1.58x
GELU 900. 52 ms 484. 64 ms 484. 64 ms 484. 64 ms 484. 63 ms 1.86x
ST LS MEREMR AN 3 R, 40 BIR T R F4 BMBMEYR
HEARLR M BR B R, A R (4R 1 BRI J6 1 o i AL e RO
BOBRAT I, Ik T2 B BT M Bl b AT B I Bert-Base-Uncased  if£:31.30%  fiif4:6.3%
1 GEH R BOSCF (0 kerel 50400 24307 Fife:35.28%  JfesT 1%
L, 2 BHE AT 2 3 4.5, AT R KR Svin Transformer - H1f;13.95% - Jafe,. 8%
FDLA B, AR AR B T B TR R 260, 1 ms o Suffec16.47% e 1%
LY I AT LA D T e r s gy e Trelormer W9 55% 2. 7
AL 11.27% Tt :3.2%
TERIPIAETFRY 375 (1 R S50 02 R Il 2 R CNMTNGE Mtk 11 45% 2. 7%
B, e TR TR, LA PR A i o 3 AR ), 22 37 15800 3. 6%
0.1 ms AN, XAITE TR N A, Transformer-Fairseq Riif% 6. 02% 1% 0. 7%
AT LAE W S PR X 4 FhARZe P R B, AL .7.28% 4% .0.9%
AEHUS 2 1. 44 £5 89 s R B RN E RegNetY 400MF s .0.44% Rif%:0.2%

& GELU pR%L, 47 {H sR 20T LLA B iy 1. 86 A5 1Y
I L, X R AT A T

P25 Ay MR (B 7 G BB s R . 21
[ 6 5B Ay GE T2 2 X 4 RAR v Z AR
e AT & b, DA RS A (A i AR ek
PRI, AR AL A AT i [ /D R e K LB 91, S g
Ringk4,

HRAEZR 4 LI LG Y AEAG 58 CNN B o
B 5 7 HEARAIR, H7E Transformer , LSTM 5 !
o AR AN W] 2 0 5 L R AR L )=
AT DA A5 Hb 4 o B R 1 R LRI g R, DA
Swin Transformer A5 ,8 R IZRTE 2L 4 d B [a], {#
TR T AR St s, S KT LA 7.56 b,

4.3 HEEMISEHEE

S H Y - BIE 22 B 0L 0 AN TR ARH f1 4f
PRI ZrkS B2 5

FEBI R 116 DAY FET Pytoch-
1.6. OfESL #1478 R4 I ZR (Bert i1 4 R),
BRI ZRE 2, Pytorch HEALI B [F] 3 seed,
PRAEINZRAZR T S I, A4 I A AR 2 1) de 2K
JEVER baseline, FREFARL R M )2 0 4 i (i
S SR PR By 4096, A R AL 72
IR AE YN ZRAT B A AER i P4 (A 55 7 21 7 43
ERREHERRS B, g 5 Fos, R(E gt R H
AT R S AN AR —BUW g oL~
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FHTI S, A EHRIE IR R, W3k 6 R .

SEHGEE IR A AR (B D A A ) o RS
JBEZERIAE 0. 2% LAPY, X HE SRS BE (9 52 Al /s o X
PIA U I G B i (8 U 25 5 5 AR DI 2R
JE2ZITE 0. 5% LA, RegNetY-400MF Fl1 Bert-Base-
Uncased fSRA S L S0 AE Y2500 ARG . SRR R
P K AR Lk )2 2 i A A B S22, AN 235 mm 43 R
YIZRARE EE

x5 HEREE

VESE NSt R (R s W 75 A /N, AT DA R A 7R 1Y
YNGR WA R 72 At | DT 44 e A5 250 A ) 3
K,

Vision Transformer X GELU R % 1480445 B 4%
U T AE BB 16 .64 256 1024 B, Ji ()11 25
(ARG B TG Il 30 A I RS L %o 3k — 2 A
o BT O (R B 47 (R BOR S G A E L pR B

%7 RegNetY-400MF fH{EIZH5E

TEBEL P ERR ARSI/ % HR(EREE/ % Diff

iR TR FERR  JRAERG /% R ER B/ %

Acc@ 1 84.09 84.06

RegNetY400MF
Acc@5 91.85 91.85
Transformer-Fairseq BLEU 28.00 27.92
GNMT-NGC BLEU 24.04 23.85
Exact 81.67 81.67

Bert-Base-Uncased
F1 88.91 88.91
Vision Transformer Acc@ 1 83.77 83.60
Acc@ 1 81.21 81.13

Swin Transformer
Acc@5 95.52 95.45

64 Acc@1 84.09 83.92 -0.17

Acc@5 91.85 91.77 -0.08

256 Acc@ 84.09 84.36 0.27
Acc@5 91.85 91.92 0.07

1024 Acc@1 84.09 84.04 -0.05
Acc@5 91.85 91.82 -0.03

4096 Acc@1 84.09 84.20 0.11
Acc@5 91.85 92.00 0.15

xo6 YIFHBE

% 8 Vision Transformer H{E &5 E

TEBEL PR TERR ARSI /% IRIEREE/ %  Diff

Fi Y W IEAR RN B % A (S %
RegNetY 400MF Acc@1 84.09 84.20
Acc@5 91.85 92.00
Transformer-Fairseq BLEU 28.00 27.79
GNMT-NGC BLEU 24.04 23.62
Bert-Base-Uncased Exact 81.67 81.68
F1 88.91 88.92
Vision Transformer Acc@1 83.77 83.50
Swin Transformer Acc@ 1 81.21 81.09
Acc@5 95.52 95.33

16 Acc@1 83.77 77.69 -6.08
64 Acc@1 83.77 77.13 -6.64
256 Acc@1 83.77 80.21 -3.56
1024 Acc@1 83.77 82.15 -1.62
4096 Acc@1 83.77 83.5 -0.27

%9 Bert-Base-Uncased $H{E I &5 E

TRIEEBR PN AR/ % HRIERTEE /% Diff

T UNZRRT A 52 22 N EURR, o T B UE A6 (1
B2 BN S5 28U 5K B 0 5% i, 43 X RegNetY -
400MF Vision Transformer Fl Bert-Base-Uncased 3 />
BEAY e T A [) 4 (0K B2 I 2 4 1 BB o0 il oy
64,256 ,1024 4096, 3 /™55 A 4 {H Il 25 09 45 B2 DL
#789,

Al LA i, RegNetY 400MF X Sigmoid PR I42)
BT RE IR, 4 R (8 BOECHR T USRI e 4
KSR TERRME BTN 256 11024 W, 5 2 )11 25 14
K EE = T IR AEVIRAE L o 332 RN ALG 152 22 7T LARR
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64 Exact 81.67 81.32 -0.35

F1 88.91 88.66 -0.25

256 Exact 81.67 81.61 -0.06
F1 88.91 88.78 -0.13

1024 Exact 81.67 81.43 -0.24
F1 88.91 88.72 -0.19

4096 Exact 81.67 81.68 0.01
F1 88.91 88.92 0.01

Bert-Base-Uncased Fll Vision Transformer #R{di
GELU W0 B %5, 15 Bert XF GELU bR %A 40045 2
FAHUR, 4 P (EDRT AR REIA B I A= I 2R

LA AR SCER A (A O SUaE T
X AR LM 2K B2 AT AN [R) R A L RL AT LRI Hf
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PERBUR 25
4.4 MEFHEERITEE
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P, BES 1-Bert' " AL ME 2 UG ik b 47 4F
Fe, B i-GELU k404 GELU 2, GELU &1k %

R B A A 2k S AT R LS

INT32, WAKA(14), HH a = -0.2888,b =
~1.769,

. 1 x

i-GELU (x) _x-7[1+L(ﬁ)] (14)

L(x) =sign(x) [a(clip( lx],max = = b) +b%)
+1] (15)

55 i-GELU {4 RS BEXT L UL 3% 10, ARSCHE
HAMET %, 1T 4096 B fE G GELU pR%L, AH o fiff
JH Float32 #%=UA1 INT32 #% 2 HY i-GELU #8145 GELU,
£ Bert-Base-Uncased A5 | #ERDRG B HAR

% 10 Bert-Base-Uncased HEIR#5 &

JFANGE /% HEBRSEE/%  Diff
i-GELU: Float32  Exact: 81.67 Exact: 81.63 -0.04
i-GELU; F1. 88.91 F1. 88.86 -0.05
INT32 Exact; 81.67  Exact: 81.54 -0.13
ARSCIRE T F1. 88.91 F1. 88.80 -0.11
4096 B Exact: 81.67 Exact: 81.67 +0.00
F1. 88.91 F1. 88.91 +0.00
Y5 i-GELU AR EEXF L 36 11, A SOl A

FEPL G AR LR )Z A T A Float32 ¥ i-GELU
(x) I R 2. 46 A% AHEC T AT INT32 1Y i-GE-
LU(x) SN 1.97 %, G ARt )2
FOHEBRPERESE AL . {H 1-Bert [F]MHEAL T 4 0k)2 A1k
ZRME)ZE DI AT A I b o S A () P R, A
SO ARRPEE M R B AT T O, AT DL S Rtk

SR IRSS G i D PR R

%11 GELU 4&ggmliz

Fi4: GELU 17

Emiaavms a:g?ms IR b
i-GELU ; Float32 900. 52 1190. 86 0.76
i-GELU ; INT32 900. 52 953.82 0.94
ENE VIR 900. 52 484.63 1.86

55 DianNao Fil NVDLA A48 B 5 1 47 4T [L
X2 PPy AR A B R, T B A A
{HBCEL, I HAR(E B %€ . DianNao ff [ 16 B
{H,NVDLA fifi ] 256 B¢4fi{H ., 7E Vision Transformer
AU A rh P 2 Fh oy 2 A4 (LB, SN 2k
K5 H 77.69% ( —6.08% ) .80.21% ( —3.56% ) ,
B LIE S, Y JC AR IE Vision Transformer Y581 3 Ji
ANGRRG BE L AR SOl 4096 B, B &I 2okt N
83.50% ( —0.27% ) , A] LA H i 64 31 Ji A= 311 25
K

Ko E W AR AR JE TR 25 1T e S U A
YIGRkG B2 3240, 5 28 S8 ks JE R (B S . B Di-
anNao NVDLA W4 {E 76D, A RS2 2 54
H BT IEAR O  n BOBfH A A RN O(log n) ,
RN NIIIEE gy & A SR SN TN NI N I N
H AR 75, AT LA RIS 0(1) .

7£ GPU |4} DianNao F1 NVDLA H4 {8 75 15
FPRLAU, (@ 7k ) | ik =0 A 4R 50 i A R
Y, 255 b T FEAR R E BT AN R 1
P L, PR 12, ATLLE B, AT DianNao (16
BO) A SCHRAAE 7 L R L 0. 404 £, MR T
NVDLA (256 Bt) , in# bk 1.370 1%, s By
4096 B, A SCHRAE 7 15 MR Lo 9. 645 %, AT LA
BE e mE BT A ST 7 s SR B
O, B TN 2Rt 72

# 12 5% GELU #ymiELt
HH B 16 64 256 1024 4096
WA E L 4.559 2.794 1.356 0.516 0.193
A1l 1.858 1.858 1.858 1.858 1.858
B 1AL 0.404  0.665 1.370 3.602 9.645

4.5 IHEEE
2.3 R AR B S ) A X ], TEAS
[ E X RN A R 25 25 5 K, LA GELU pRECH
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A method based on multi-segment interpolation fitting to
accelerate nonlinear layers in deep neural networks

HUANG Yifan® ZHANG Xin™ ZHI Tian™ ZHANG Rui™ ZHANG Xishan™ ZHOU Xuehai "

(" School of Computer Science and Technology, University of Science and Technology of China, Hefei 230026 )
( ™ Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
Abstract

Aiming at the problems that the classic quantization methods can not be used for layers with nonlinear compu-
tation, a method based on multi-segment interpolation fitting for nonlinear layer acceleration is proposed. It uses in-
terpolation tables to store parameters of interpolating function, looks up these tables to compute output of nonlinear
layers. This method can efficiently accelerate nonlinear layers and its fitting error is controllable. It only needs bas-
ic hardware instruction support, and it can be applied on edge devices and server. The experimental results show
that interpolated nonlinear layers can speed up the computation by 1.44 times on average. Those interpolating non-
linear layers can be applied conveniently on tasks such as image classification, natural language processing, and
sentence translation models, even though different models requires various fitting precision, inference and training
process can achieve promised accuracy.

Key words: deep neural network( DNN) , quantization, nonlinear layer acceleration, multi-segment interpo-

lation fitting
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