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Abstract: To address the high communication cost and low efficiency caused by long inter-node distances in distributed ma-
chine learning over computing power networks, This paper proposes a communication optimization method for distributed ma-
chine learning. In the gradient compression phase, the method combines stochastic gradient quantization with Elias Gamma
coding to reduce the per-communication data volume. in the gradient merging phase, it adopts the merged gradient wait-free
backpropagation MG-WFBP strategy to decrease the communication frequency. Simulations are carried out on a computing
power network environment with 2 to 1 024 nodes, training and testing GoogleNet, ResNet-50, and mnistNet models. The re-
sults show that when the number of nodes scales to 1 024, the proposed method achieves significantly better speedup than the
traditional MG-WFBP method. Moreover, under a reasonable compression ratio, the method can markedly reduce the time
spent solely on communication, thereby improving training efficiency.

Key words : computing power networks, machine learning, gradient quantization, distributed system

03l KIERMEZEFE ., oA XL dr il 245

W% HLES 2 S H R SR WA A DR AR PR AR 2 T I 450 A BEAT 2 408 B S A
WS, 3 TR MUBOER 2 0 AL AR ST E o B S, DA BIL i 57 > s A, AT AT 000 phe e e
HAFE A R A R RA TR . R, 25 R T R I

Y B #5:2024-05-20,

BEETE Ky RHE R H (kh2301011) %80 . IRACHE R AR I =5 P 3, o A SABL 2R
EE A AT (1986—) , 55, I IS A, 1 H-BF58 2% > ) S T I A9 R Bk R R T A S 2 B ARG

A TR, SRS 7 I 45 N T3 RE AR
AR SIS T RIS 5 E 5 AR MR 10 47000, 4

WAERORS By W 281 WE Sk — i gs P43 i A AL
T, AT DA b A BB AL L D IO At e, DT R

FPEAERUR A OT RI20 0 TR AESR , 45 o 4 S 250 68 B U 7 RS )45 5

MEEAEE 2R C(1984—) , AR AR T AT 5 1L S5 A B [ L [ 500 3

JAE TR TS T R B ‘/\ HEAT % i A S BUBEAL A SE [ I 25070 R0
25 114 43 AR L% 27 2 BENEAE R — Fh AR s B il

202644 31 RABIEIS @)



GRSESEHEBEE AN CHEBEHBG

AT XA, AT SO, A T 1 3 AT S LS T T AR A 5 i

PRI S 5 5 192 2 F B, AT DATE R L 2 2 I
AL B O 1 0 R AT R A 2 ST {HR AR % )
LR K P A A 3 {5 AR A R 1 )

T RS, Zhang Hao 558 N 256 TR B i 22
W25 (DNN) (4 53 )2 25 460 , 48 0 70 3380 RS J2 T 114 [ B
ST AR T2 S50, S T S R A
P BR A TC A5 A B ) A% (WFBP) o Yang You 55
NP T — BB 2 (5 HLT] (SyncEASGD) , & B
A BB A IE 2 A U RS AR Y A 4 SR UE g R A
v TV AT DAY/ RS o B A S S ] . 5
JEEIH — B 13 15 AT 55 9 R B AT 55 T LAk b
HAHE {5 A, Shi Shaohuai 25 AU H T —Ff & 346
FE£ WFBP(MG-WFBP) (1) 43 A s I 553010, ST gk A
e /D BB, E— AL T A sCHL A 2 ) Sl A5 5K
o AHLL b JURRE 15 p Ay =0 313 153 7 W 4%
(1) 53 A5 SCHLA 27 > I R AFAE P 245707 S 1K, DA TG TG 7k 3K
AR RE R I, JETF I, AR SO — Rl T8
I 2% (1) 40 A A LA 2 T A5 Ak 2 o

1 BEMHTEET

ASCHR T — Tl B T 03 ) 4% 14 43 A AL A% o
BRI B AL O A A 24> T B
PR AR B e A B2 5 IR E . TE I RIT 40 i AR 4 B 2
s S AT PR AR 14 1 40 3 0 7 I 2 A B g 2 A e,
MG IFIr % . SRR MG-WFBP Ji ik £
BB BEFEAT G T IFH5 1 IS AR BE A 4 3 rh e ik 55
Ao DA e adk SR A B e 20 A R RIS 88 5 A
Peoy b 17l AE AL S TE T IE AR, AR T
BE T8 M4 1) o3 A P > T A T8 L 4
e AR AR RN B
1.1 B EERERR

b 2 TR AR A, 25 PR 40« 2 — ¥ 70 R FH BB AL
JEEAL T PR R B AT B D s B SR ERAR 2 8
53-8 Elias Gamma 2 % 77 24 5% A0 = 10 B0 B2 04T =
e IR
111 BN EEN T E

BEALBE FZ i AL 7 EE K HILAS 2% ~ R vh T 2 15
AR B AT e 46, LADSG/ VB B B Ak 2 1) AL i
X — o PR U AR S T B B 48 A AT L R R 1Y
R E SRR IE A, T A oK

BEALBR B A5 i i DT R A (D B

Qs(vi)z||v||2sgn(vi).9i(1j, s) (1)

Lo N OB B IRE s R T4 T 1 S50
NAEAL T BB, sgn (v,) S5 BREL, HFR k=0
K (2) FR.
-1, ifx <0
sgn(x)—{(), ifx=0 (2)
+1, if x>0
e(v, s) RIS FENLS &, IR A
Vs, #HM1 = p(lo )]0l )
’(l +1)/s, HAtRE B
KPR p (o, s)=as—L,ael0, 1];102%.
1.1.2 Elias Gamma % %3 77 i%
Elias Gamma Zi i1 fdff FH] 7 722 1 5 G B 4 3 7 B 4L
Fe i, TR AR 5B B0 51 G i o — 2B AT R . 1%
2 1) 1) BEAR SRR ol ] — S A 28RS, G v 1 B %o
IO — A~ TE R, g Bt ) B AR I Kl 5 1 KT A2 4k
R 8l Y B ) i B, 3K e 2 ) 7 2 E X K
J7 5 BEA T i AR R4
i i SRR AR WL VR . X — 1,
T P R floor pRECHH A Y BT B S I BE L, SR 5 K%
R A5 — IR R SRR b T ST DRE 15
#| Elias Gamma Z ",
&£ 1 Elias Gamma Ji i
BN R ImAL ) E R n
i : Elias Gamma 265 J5 19 — 1 6l =457 &
Db« n¥ 4y g
2) L+ floor(log,n)+1 /158 ki Gt v 4L
3) if n == 1 then
4)  return b
5)else
6) RIS — I L-110
7)  result «— BUZR+L Y ik H]+b
8)  return result
9)end if
TE A I, 5 B 4% JRAH B 1) 20 BRI AT 484 - X T
ity N, A2 A IO RS |, B e 4R 3 VAT Hh i 2L
0 N8, SR 5 MR 8 X Bl e B i 8. 4R
R, T IO A 5 BV Ay B R — i s, Ok L
J b o+ i RDE A n
1.2 SEE G HRR
TERB A IR A SOl F MG-WFBP J7 1%, 1%

(3)

elv, s)=

42 RBIZTHA 20264534



GRSEBEHEBEE AN CHBEHBG

JrRBIA T A IR B A, GBS SRR 7 o 2%
B o3 A BRI 250 7 55 1) 38 5 400, AT K it
P& o An LA 2T I ZR0%

TEVIERTF LR T, 1% 07 8 e MR AL 1 I J — 2 17
HIEAT i Iy o X TR —X AR -1 )2 R )2 i ik
LLEE 16 2 23845 A I EAT N Ar A T P 2 22 ) 1Y
WAFLH, W FRR N

rll-1]1+¢ll-1]<z]l]+a (4)
Kz, [1 - VIR L2 TF R 1155006 52 A ) 1] 8
6l 1= 112 B UGEA D R AL FE I A] 7 [ 1] 3R
55 L )2 T bR B R Y B TR, o ROR 2200 2 (all-
reduce) 1Y 3 B[R] (KEIR ) o 2720 (4) Jiar, W) B
5 1-1)2 5 U2 E 37 6 IR lces 35K, Beig 15 4y
WAF AR, BIF LA T A IR0 o

2 XWIZEEME RO

SRy 9 UESE AR A 7 WA ROV AR SCGHAT T X L
B T RER R R, 557 2% 37 S AR 48 S PR
(L EDE AL BRI (GPU ) MERE AN 285 ME RER B A T .

AL N 2T SRR 1024 475 mik I 2k
GoogleNet , ResNet—50 F1 mnistNet #5751 | 43 i1 13X
3 MR ALLE S ) [ £ 37 557 v i MG-WEFBP 5 12 Al fift
FHAS SCHE S 038845 Ak D7 i O SCRRTRRAS J7 12 ) B (1Y
PERETE bR (VLN LG RAE ), 25 R & 1 Bs . o,
mnistNet AN J& 478 1Y B 27 > IR 44 B, 1T 2 A AL 2
HE T MNIST i 46 19 T 5 B0 U 55 15 g 55 (%) b
G v ey 1 R E g = i BT K b NN
L, BE A% 354 T Ml S I A SR H 9 38 175 D0 Ak U vk 1Y 1
THIRCR

B 1 (a) FIEL 1 (b) AT LA Y, 78 2~16 719 501
ERER, AT 5 MG-WFBP J7 i: U PEAE R IR LA —
o BEE T ABEEN 16 YRR 1 0244 A T kA
KB IR BT MG-WFBP J5i% . MIE 1(c) Al
DAVE I 7R s Rl T R 3 128 S F ARy () i sk A5 R
AT MG-WFBP J5 ik, 33X 2 K2 MNIST £4i5 4 v 4
AN A BB/, 3 H mnistNet B35 y fj 2., Hol
fHElt GoogleNet #1 ResNet—50 15174 /b

TAN TR R B E O AT TE VAR
T ITHIFA WZE o OR Y S R R D
AT ST B PR BT S5 AR R A 22 | A TS AR AN
SR R A7 AR /N o PRIk R 3 A A Ak
P/ T 3E A B R] AEUXE S A8 I 2R T ek A B,

SRR XS , A S, 5 i TR 2% 1 3 AT UL g ) AR L A i vk

160 1| —m— Kk
@~ MG-WFBP7# % "

140

120 /

100 ;

80 '/

60
40 /

Amig b

20 r/.
0
2 4 8 16 32 64 128 256 512 1204
T EEE/A
(a) ResNet—50 571
g0 L™ Rk .
- MG-WFBP7 i% /
60 :
X
¥ 40
. 1
20 (/ —
0 "
2 4 8 16 32 64 128 256 512 1024
W EAFA
(b) GoogleNet FEL R
900
—=— Kk r
800 H-—®— MG-WFBP7 % /
700 |
600
2 500 §
b .
| 400 /
300
°
200 F Tt
.
100 s
o S s, AN 61 | | | | L
2 4 8 16 32 64 128 256 512 1024

TEEEA
(c) mnistNet F5%!

B 3FEEIEE N M%7 R R AT E T R R ERE R AR X LE B
BOERESR T AR . JF B A 2N 2R 0 1k e 4 THR
KRB AR T I AT R o 1 i R B R E I AT
JEABR X BRI T AT IR BESARAT RO I L. BEE Y

20264553 RABIEHS ©



GRSESEHEBEE AN CHEBEHBG

ST RV, T S, S < T I 1 oA UHL R 2 175t Ak ik
SRR RS, OFAT B L AR LA YRR A B
[TE

N T AR SO 5 MG-WFBP J7 i 7E il {5 it |
AL RICR | 7 SCR 38 45 1 1) B 3 5, 7Rk T
B2 09 oA ML AN 2 ) i AR ELEE T GoogleNet
ResNet—50 Fll mnistNet #5275 43 51| i F 3 2 07 ik i 47
Y 1) A% 76 5 5 1) 4% 49 1 TF 58 6k 8] 45 A0 738 45 i
[i] , 25 SR & 2 B

M 2 (a) FTEL 2(b) AT LLE H, £ X GoogleNet F1
ResNet—50 31X 2 B A, A J5 WA H 38 5 A s a1 T
MG-WFBP J5 ko o 45 s 800 2 A1 4 i 249 00 /N UK
TR0, PRIk T A I B G A /0 TS i B 8 IS T
Rt A5 5 [F) 20 JT 4 L A D7 ki i e B S kA
AR AR, DA R D T AT T 38 45 B ], A
TMFEAR T B YGRS i — 2P 4R T TR ) M
2Rt T W o3 An LA S R0

ME 2 (e) W] LA 765 A R 15 0 T

0.06 M
A il ||
005 it Hon i)
0.04
@
=
Zom

FEHEA

(a) ResNet—50 511

0.20
MG-WFBP
0.18 | (L JF T8 1% 69 B 18] S
B 1)

0.16 17

MG-
0.14 | .

WFBP A7 &

B 18] /s

HEHEIA

(bh) GoogleNet ALY

MG-WFBP

SR B A5 44 8 8]
tE

B 18] /s

0.01

FEHEA

(¢) mnistNet 581

2 3TEEERARE T AR BT E R 8 5R T @ E R E X Lt

ARIFEAAE T REAUH TEE R & W
mnistNet B ROF /I  ASSCRERE 1 B RAERERLRL, LA
MA T AR

AL S 45 R UE W 1 AR D7 vk A d £ 1 S IR
SRy AU o DLW T3k n] LS4 st A 5
GEUR, 4 0 A1 SLAS 27 T BORSCR A R] J o X %)
T R RIS A X 2R G0 0300 % 155 T s 140368 15 117
v FIR ) 053 9 AT R A 1) LA R 5 S

3 &RIE

ARSCHE T — T3 T IR W4 B A LA A
STIRAF A T 1%, 38 i B R AR S ORI B 5 Rk
e Ul /b 38 A7 e FE A R . R B R 4 A
FEHLES B B AL Fl Elias Gamma Zi 6% 757 20, A 2008 2> T
WAEE . TEME SIS I AT MG-WFBP J5 12,
A DA A0 AT A A% 3l A X 2~ 1 024 45 S 4R
128 37 SR SR 45 SRR WY, A SCHE M 38 AR TR 4
B 5 gt 7 SRE S A AUE4E 25 s (B A 3E 15 1, A
TS AR R 980 A SR T 38475 18 BsF ], 2 I 280 %
%5 AT AR B T8 W28 1 o A AL 27 > )
SN, DO R ach R v 25 71 R 22 18] e 2 4
HEFE $ s AR RCR M RE

S 3K

[1] Xing E,Ho Q R, Xie Pengtao, et al. Strategies and principles of distrib-
uted machine learning on big data[J]. Engineering,2016,2(2):179-195.
[2] Lee K, Lam M, Pedarsani R, et al. Speeding up distributed machine
learning using codes[J]. IEEE Transactions on Information Theory, 2017,
64(3):1514-1529.

[3] Duchi J, Hazan E, Singer Y. Adaptive subgradient methods for online

A RBIZTHA 2026553 4]



GRSEBEHEBEE AN CHBEHBG

learning and stochastic optimization[J]. Journal of Machine Learning Re-

search,2011,12(7):2121-2159.

[4] HHE, B AL, Hoat, 55 BB S BB RAR A 5 2 A D T 5T 253 1],

LA, 2023,46(5) 1 1019-1044

[5] Xing E,Ho Q R, Dai Wei, et al. Petuum:a new platform for distributed

machine learning on big data[J]. IEEE Transactions on Big Data, 2015, 1

(2):49-67.

[6] HOL -, B %, A B . 500 W28 4t 5 s 4 BT (0. A5 KLl

2020, 14(4):16-22.

(7] BEOCR, T Hi, KU, 45 50 00 I 2R A E 0 e ik

2#42,2021,7(5): 1-12.

[8] 4=/, 228, N . 550 W28 - A28 Sy o O A BRI 4 |
PLEIREAR ,2021,27(3):29-34

[9] Xiao Xiong,Li Chuanying, Jiang Bingting, et al. Adaptive search strat-

WFEA,

[J]. P2 50 EL 2 4

egy based chemical reaction optimization scheme for task scheduling in
discrete multiphysical coupling applications[J]. Applied Soft Computing,
2022,121:108748.

[10] Yang Li, Xiao Xiong, Zhang Xuedong, et al. A real-time partition
generation mechanism for data skew mitigation in spark computing envi-
ronment[J]. Journal of Grid Computing,2023,21(4):62.

[11] Xiao Xiong, Tang Zhuo, Yang Li,et al. FDSFL:Filtering defense strat-
egies towards targeted poisoning attacks in iiot-based federated learning
networking system[J]. IEEE Network Magazine,2023,37(4) : 153-160.
[12] Zhang Hao, Zheng Zeyu, Xu Shizhen, et al. Poseidon: an efficient

SRR XS , A S, 5 i TR 2% 1 3 AT UL g ) AR L A i vk

communication architecture for distributed deep learning on GPU clusters
[C]// ATC. Proceedings of the 2017 USENIX Conference on USENIX An-
nual Technical Conference ATC. Santa Clara: ATC,2017:181-193.

[13] Awan A A, Hamidouche K, Hashmi J M, et al. S-caffe: Co-designing
mpi runtimes and caffe for scalable deep learning on modern gpu clusters
[J]. Acm Sigplan Notices,2017,52(8):193-205.

[14] Shi Shaohuai, Wang Qiang, Chu Xiaowen, et al. A dag model of syn-
chronous stochastic gradient descent in distributed deep learning[C]/
IEEE. Proceedings of 2018 IEEE 24th International Conference on Paral-
lel and Distributed Systems (ICPADS). Singapore: IEEE,2018:425-432.
[15] Yang You, Bulug A, Demmel J. Scaling deep learning on GPU and
knights landing clusters[C]//IEEE. Proceedings of SC17: International
Conference for High Performance Computing, Networking, Storage and
Analysis. USA:IEEE,2017:1-12.

[16] Shi Shaohuai, Chu Xiaowen, Li Bo. MG-WFBP: Efficient data com-
munication for distributed synchronous SGD algorithms[J]. IEEE Transac-
tions on Parallel and Distributed Systems,2021,32(8):1903-1917.

[17] FIfR 3 . m 38R 230K 51 R4 CHBR BT [D]. 5t SR
2%,2019.

[18] Fenwick P M. Punctured Elias codes for variable-length coding of the
integers[R]. Auckland: Department of Computer Science, The University
of Auckland, 1996.

20264F4 31 RABIEHS ©



