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4Bit-based Gradient Compression Method for Distributed Deep Learning System
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Abstract In order to reduce the communication overhead of distributed deep learning system,compression of gradient data before
transmission is an effective method,such as 2Bit method in MXNet. However, there is a problem in this kind of method, that is,
too high compression ratio will lead to decline in accuracy and convergence speed.especially for larger network models. To ad-
dress this problem,a new gradient compression strategy called 4Bit is proposed. Four bits are used to represent a specific gradient
value. Compared with 2Bit, this method can approximate the gradient more finely.thus improving the accuracy of training results
and convergence speed. Furthermore, different approximation thresholds are selected according to the gradient characteristics of
each layer of the network model, which makes the compressed values more reasonable,and finally improves the convergence speed
and final accuracy of the model. The experimental results show that,although 4Bit is slightly lower than the 2Bit method in terms
of acceleration,its accuracy is higher and practicability is better by using more bits and multiple thresholds. It is very meaningful

to reduce the communication overhead of the distributed deep learning system while maintaining high accuracy by 4Bit.
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B SO, 45 - — TP T 4B S 5 A R B 27 > B J8E T 44 ik

223

— & 3 44 T Cifarlo 048 % I+ Inception M 2%
Z‘ﬂtjf:Eﬁi\£U||,§*¢%§H1%§U59Wi*qzi@ﬁe ME R L

TR T LA 2 FRUR AR S 3 B LR B9 L B T A

BESE-{E M /N, DN conv_inSa EFFIAHE R A 0.05 T . X F il
Je T B A 25 5 R A I 00 L A6 T B B 2 2 i .

g

kg

B 015

#

& 010

0.05

> o » N PP
. &b” o ,&‘b" & & g & F
& ¢ & & S S S
& & &S & S & S

& 3 Cifarl0 | Inception M &2 1 2 04 B B S 4 (E

Fig. 3 Gradient average values of Inception layers on Cifarl0

4.2 ResNet-110 W% B K8 E 45 R 7

Cifar10 3048 4E I+ ResNet-110 W25 4% 2 1 86 B 20 A 45 5
W 4R, WESRaTUUE W & — 2 E R T 0.4 M4
FEHR EL B /N B T A AR R N conv0 35 BUZ Ab , Hiflh )2 A HS
WA KT 0.4 BRI,

050 —*—fcl

—#— conv0

045 —#*— stagel_unitl_convl

040 —— stagel_unitl_conv2
x —#— stagel _unit2_convl
i 035 —o— stagel_unit2_conv2
# 030 —+— stagel_unit3_convl
% 0.25
S

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29
Y B (Epcon)

[ 4 Cifarl0 F ResNet-110 ¥ KT 0. 4 # L il (4]
Fig. 4 Gradients greater than 0. 4 scale of ResNet-110 on Cifarl0

&5 45t T T 2B B2 —AJE 1A B 6 T35
fH. P4 ResNet-110 M4 110 J2, g 40 57 5 8 4% 1 4
JLAS KB BRSO e b 52 /i (4 4 AU 197 B, I
K H stagel _unitl _convl,stage2 unitl_convl il stage3_unitl
convl ;5 Inception F44—FE 55 #YJZ FePE P BIE AR

035
030
025
020
015
010
0.05

0 4

BEFHE

& 5 Cifarl0 b ResNet-110 [ 4% 2T 2 (486 B 7 {8

Fig.5 Gradient average values of ResNet-110 layers on Cifar10

4.3 DFN W& ZE X6 EHFERN ST

6 43 T Cifarl00 B85 5 1+ DEN M 2% & 2 86 B 43 1
B . INEH A LLE B — 2B E R T 0. 8 95 L L
BN o B R W 4% T O TR Y 2 g0 _convy 1 86 {H
KT 0.8 19 Lh i) b A 3 B2 2 1 1T R, LAt 23 0 A B {E L ARE K
AT BN £,

—e— cls—fc

—=— g0-conv

—a— gl_bl_dl_twol_conv
—— gl_bl_dl_two2-conv
—#— gl_bl_d2_twol_conv
07 —e— gl_bl_d2_two2_conv
—— gl_b2_dl-twol_conv

ATO8H Ikt

1357911131517192123252729

W& BB Epcoh)

[ 6 Cifarl00 |- DFN KT 0. 8 iy L B &l
Fig. 6 Gradients greater than 0. 8 scale of DFN on Cifar100

LA AR SE R 0 LA B BUZ 6 0T R K
e HHE g0_conv )2 5 55 B 48 BUZ 6 BE A Y (AR X NS £
X5 T U 2 A B Y I B X T X K AR 4 Ak ™ I
A P 245, SR P — L 1R o AR B B 4 U N R R
T T 2R

B 7 4T Cifarloo $4E % - DFN W% %5 F 252
Y ZR— A J 1A A5 51 (0 26 1 Y 10

BEFHE
&

€ 7 Cifarl00 £ DFN [ 2625 T2 946 BE S 4
Fig. 7 Gradient average values of DFN layers on Cifar100

4.4 ZHBERERME

MIEL 3 &5 FIEL 7 AT LA Y A [ 9 19 2 HOR [ J2 1

FEV B AR 25 02 LU By, JUH I 7 rh k)2 B B2 AR 2

HRZ P RS BE - AR 22 E R, 2R R4 A — 2 B ok
BEAT ABit 8 B 45 , YN SR 45 5 0 HE B Rk LA AS B AR E., (K
W B HRE T EE, T 82 MY RIEZZE A R
JEE 1) Y5 (L o 325 56 359 (L B 3T 19 — 2R 01 Sk MR T 4 0 b 7
ZEWMFTAEME, 5 4Bit M, 2Bit B T RA — 4 BHE, 7
FOBR BE(E /N T % A A0 B 2 b 0. R TR Z M
MR B .

WM LS FIR 3 AT, B LU R B A A i — L R
— P iy I 55 SR A R B R AR N 1 HOR BB L BERE JR
BRZ KA BB B RE A /N TF 0. 05, [R] B A7 — 35 43 1 86
JEAEAE 0. 1~0. 4 Z (8], 1) B /NE) — T 43 B8 FEE R T 0. 4,0
X — 43 H A (M R T R T e TR B R R o R
AT, AR S5 TR X S W 4% 2 6 H 1 B R (0. 04,
0.07,0.1,0.2,0.3,0.4,0.6}, 28 M-FHEAF 0. 1~0.5
Z R 3 PR % 21 R

YT RERZME - BERE, RS KB B 24
R K, BARUABRRK M E/NT 0.5, HZEH
6 B B ML EREIR B 0. 8. S T IR AR X FloR B 28 A 1
KIZ T T A T E — A Y B (A A, 3R AT (i 4
#{0.1,0.3,0.5,0.6,0.7,0.8,0.9}), 48 MFEIHMHEKT
0.5 B, ff i 41 .



224

Computer Science THEMLEL2:  Vol. 47,No. 7, July 2020

T3 A AT T B9 P78 B TT LU Hh o 0 24 A5 IS T 1) 2 B2
HE ARG B B T REARAR /N, HE AR KAE/NT 0.1, H B KIE
L, T B — 2 {E A /N Y A 41 { 0. 01,0. 03,0. 05,0. 06,0. 07,
0.08,0.09}, 4B 0PI ME/NT 0. 1 B, HIZ 4 B 1E .

Ik 3 éﬁlﬁﬂﬁ%%ﬂ%%?ﬁf;%%ﬁ% 3 FAE L, BE B 4
Hb3E NS [ J2 2 TD A 25 S v e oK, DT 42 v 1) 2 45 2R 1 o A
R, R VI T BIE A BRSO

F1 B{HEMR

Table 1  Threshold distributions
W E E 1R &
0,0.04,0.07,0.1,0.2, .
& — M H : SRR ~0.5
W EE 0.3.0.4.0.6 HEHEH 0.1~0.5
0,0.1,0.3.0.5.,0.6,
% = 4 5 B 4 p
% HEE 0.8.0.9 HEHEAT 0.5
,0.01,0.03,0.05,0.06, N
=k 0+0-01-0.03.0.05.0.06 HWEHMEANT 0.1

0.07,0.08,0.09

5 MAMKSXEE S

5.1 ik F 6 & 7 % 15 B

SEH N IR FEHEAE 5 R RO A S AR B AT LA Ci
far10 ¥ % + Inception ® 4% | Cifar100 0¥ 4 + Inception ¥
% Cifar100 % # 28 + DFN R £ | Cifar10 {4 2 + ResNet-
110 P45 F1 ImageNet' " 545 £4£ + ResNet-50 R 4%,

A IR B — A 4 M55 237 S R IR 55 4%
Z EE T IR L%, SRR IR 45 48 19 CPU #7124 Intel Xeon
E5-2680 @ 2. 40 GHz(2 5/ % #%) . GPU Wit A< 2 NVIDIA
Tesla P100(2 1~/ 55 #%) , WAF2H 256 GB,

S 43 G A B B BE e 4 WS L 2Bic B BE T 4 5K W

baseline JCA B 40 06 W%, JF X5 &5 R 47 0Mr . 5546, 43 il 7E

AT AN 2 AT A BT TN IR AR LA R AR .
5.2 HEWmEMNR ST

T SE I SR — 41 R £ A B Y 4B B R
AR . O T IR ABit BB R 4 5 w4l T 2 41 (A e 1%
80 Hh B v VIR 45 2R 0 e A 3, AT T Cifarl0 -+ Incep-
tion [ 4% , 43 5l i1 2Bit F1 ABic Hff 45 — 40 4 & 4Bit {# 1

3B 3 ROy AT GRS oL . BLARZE RGP 8 iR

09
08
07
06

§‘ 05

S

§ o4 —4— 2 bit

T —— g b AS— AR
02 —— Abit A ZHEH
01
0

0 1 2 3 4 5 6 7 8 9 10
Epcoh

[l 8  Cifar10 I Inception #6 & J& 45 5 W& A% i i % X L

Fig. 8 Accuracy comparison of gradient compression strategies

(Inception on Cifar10)

NI 8 WAl LU L 78 ABic A6 B2 IR 4 5 s b an 2R A
— 2 B I 5 45 2R B0 R RO 28 T 2B B E R 4 R
Mo HTE ABic AL 44 5 M P AR 5 B RE I 0 A R A R B 4%
T T A IR (L P 45 20 Y DI S 5 2R A v R T, S B B

FHZ 41 BI(E 1T LA 250 42 3 e 0 32 . S5 T A9 3R, 4 Bie B
JBE .40 R W 147 fF P 22 P IR0 R AT TR AR HRAE

25 ok 43 o 4 11 AT T 22 20 B 1 4Bit SR L 2Bit 5K g RO
baseline JCH BE FE 45 9 W 35X 3 o 7 32 %) 610 T 45 1 0 5 Rl I 45
A A B0 SR 0

B Se 2 Cifarl0 B8 4 + Inception M £, I 25 J8 1 4 30
AT 0.1, A TR S5 SRR IR T 2 5T R A S R
HFH0.94, WA 9 Frm, 28 A 4 A5 81 ZRmt, 790 2k
JAHA R % £ )5 . ABit. 2Bit F1 baseline 5 W& fix 48 (10 U i S FRAR
AT, [HSEAEHT 20 4N JE I . baseline B9 48 R — JF 46wk e
B L ABit KIE AN baseline b4 30T , & 4 JR 301 25 TR s o 1 %
HH2E R 507247 5 ThT 2Bit 6 B2 F 406 5K s (4 E B R AE T 20 1>
JHII NN 5 baseline #1228 K, 2 H 2 A7 A I 2Rt (L
B 100, 1T LAR B AR 4538 .

08

2 06

N

3

8 04

< —— 2bit
02 == 4 bit

ke baseline

0 2 4 6 8 10 12 14 16 18 20 22 24 26 29
Epcoh

&9 Cifarl0 I Inception #f & FE 4 3¢ W A i S5 %t HE (4 5 40
Fig. 9 Accuracy comparison of gradient compression strategies

(Inception on Cifar10) in 4-node

Accuracy

—— 2bit
02 —8— 4bit

—f— baseline

02 4 6 810121416182022242629
Epcoh

[ 10 Cifarl0 I Inception %6 & F& 45 5 W& (14 fE B #8460 HL (2 5 )

Fig. 10 Accuracy comparison of gradient compression strategies

(Inception on Cifar10) in 2-node

T X A LA B A 4 A 4 T A S B (2
SRR .

K11 451 T Cifar100 45 4E + Inception M 4% | 1) 52 16
ZER, MEFRA LA H .5 Cifarlo 4§ 4 + Inception M %%
AH LG ZERT 20 AN JE HA P9, 3 0 5 W Y o B 2R TR B2 5 — 26, R
2Bit 5% 9 ME T T AR T 4Bit SEIEH baseline AYHERR R,

09
08
07
06
05
04
03
02
01

0+

Accuracy

—— 2 bit
—m— 4 bit
—h— baseline

0 2 4 6 810 12 1416 18 20 2 2 2 2
Epcoh
11 Cifarl00 | Inception J& 4 5 W& B4 v A R 6 FE (4 35 2D
Fig. 11

Accuracy comparison of gradient compression strategies

(Inception on Cifar100) in 4-node
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Fig. 12 Accuracy comparison of gradient compression strategies

(DFN on Cifar100) in 4-node
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(ResNet-110 on Cifar10) in 4-node
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Fig. 14 Accuracy comparison of gradient compression strategies

(ResNet-50 onlmageNet) in 4-node
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