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Abstract  Distributed deep learning systems are the engine of large-scale deep learning model
training. As both of the volume of training datasets and the complexity of training models go up,
the resource cost for the deep learning model training increases significantly, and hence, becomes
a new concern of the distributed deep learning systems. In the distributed deep learning systems,
the resource allocation refers to the number of computing nodes allocated to a parallel model
training job and the batch sizing determines the training data size processed by a single training
task. The empirical studies demonstrate that, from the perspective of the resource cost optimization,
there is complex interdependence between the configurations of resource allocation and batch

sizing. However, extant works ignore such interdependence and only take these two configuration
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methods as the independent ways to optimize the accuracy and computational efficiency of distributed
deep learning model training respectively, and hence, are difficult to meet both goals of maximizing
training accuracy with the training time constraint and minimizing resource cost. Aiming at this
issue, a collaborative configuration method of resource allocation and batch sizing is proposed for
distributed deep learning systems in this paper. Here, the resource cost is defined as the product
of resource allocation and the training time. The proposed collaborative method is designed based
on the observation that both function relationships of the resource allocation to the training time,
and the batch sizing to the training accuracy, are monotonic. In the proposed method, the train-
ing accuracy prediction model and training time prediction model are first established with the iso-
tonic regression technique. The training time prediction model is established as a function of the
resource allocation and batch sizing and it can predict the elapsed time of one training epoch. The
training accuracy prediction model is a function of the bath sizing and the total number of training ep-
ochs and it can predict the convergent accuracy of the model training. Then, with the given training
time, the total amount of training epoch under the different configurations of resource allocation and
batch sizing can be calculated with the training time model, and correspondingly, the convergent
training accuracy can be predicted with the training accuracy prediction model. Finally, based on
the above predictions, the optimized configurations of resource allocation and batch sizing, that
satisfy the requirements of training accuracy, time constraint and resource cost, can be found by
using Tabu search heuristics. We implement our proposed method in TensorFlow and verify its
efficiency with representative deep learning models and training datasets. Experimental results
demonstrate that the mean relative error of the proposed training time prediction model and train-
ing accuracy prediction model is 7.5% and 1. 65% by maximum, respectively. Compared to the
independent configuration methods, the proposed collaborative method can reduce the resource
cost of deep learning model training by the maximum of 26. 89%.

Keywords  distributed deep learning system; model training; batch sizing; resource allocation;

resource cost
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ik 2. 8- BIRPMRIEC B LA R A L.

HiA AR DK R ACC, ZR YNGR E] T »

[ 7 BRI e s B REARIREL NG

Hith SRR soloy

1. INITIALIZE T=NULL //¥11§ sol,, fbEE 2T K=
g=getRandomE[f (D) //BEHL 1 BUA %19 %] 1 ff
50loy<NULL, sol,<NULL
getSolInfo(sol. ,g)

5. REPEAT

_~ W Do

) /I

6. tprediee <= calRuntime (50, .Dgye s SOL. . Toum

Tl P B T B e I i)

7. 50l . epum<—getOptIter(sol,  Tym s ACC) / /35 Y4
FTHC B T AT AT 1 di KU ZR R

8. sol..acc<getACC (sol,.enm) //TFE ST E
YT AT 35 ) f) K5 2

9. sol..rew <=1/ (50l .Toum X tpreai
2Hi T 0 A

10.  TF sol in T DO //#i HHTH B TEAE R R T

11. sol.<=mowve(sol, ,step) //VAHK Fy step %5,

F A A At RS R U

a X 50l e //IE

12.  END IF

13.  ELSE DO //45 HEif &M AT 2 R+

14. IF sol..rew>>s0l,y .reww DO

15. s0Lop <=sol. / /B HUAR I N I 25 4 A 1Y L i

B AL

16. END IF

17. IF sol..rew= =sol,y.rew DO

18. 50Lop<=MAX(s0l..acc 50l .acc)

19. END IF

20. addTabu(sol. s T) / /¥ 4 i 14 fi O Ak A 21
LS Pl

21. END ELSE

22.  update(T) //THHEEBHE

23.  until iteration reaches NG//i%& X B 3 3§ & fix K

LY AVE 1R/ 8

24.  RETURN soloy

4 HEBETA
4.1 SHWHEHR

N T BT OS i BAT B H PERE AR B AR S0k
Sy A A AR AR DA T 85 A D X EEXS 4R

(D FETANLEK NN &I L N T a5,

BIEA A RIS 256 7 5 19 9 1A B 220K 60 41

DA S A 2 I e A i A1 A I A

(2) LB-BSP J5 k. Wit 80 0 5 b &t
R O B AR T BT IR S AR e i 5
00 b o A5 R )1 G (] e f A AT A TR BE 2
SHRGT # 3 IR A SCHE T GPU S B 1%
7 AT PR B HL AR

(3) DU Hr ffe A e 07 3. DAUITZRAS O 1k
b 5% FH DU D8 Ak J7 9 i 3 A 5 SCARY At R fige
[ A SR A SR e O I R T

(4) Cynthia J5 . LB BAS fie /M H s
FRAEPEAT BT IRAC B AL AL, O A T e AR AR S
% rf K Cynthia w1 25 5 25 10000 S A58 45 5 0 A
SCEA N 5o 2 T A A T R 0 B A
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TR - LR B [ X VR AR 1 I Ak R

ZEA UL L6 LEX R B SEIR PN R S8, A SO Ak
BT eV RS TensorFlow RGEHEA TS BLAPEMN. 7E
S Y SN AR AR A B b AR ST CIFAR-10
BoE 5 25 CIFAR-10 DNN #8 f1 VGG-19 £
7 MNIST %88 & 45 LeNet-5 f7 ; SVHN $
4% ResNet-18 I

LI IEEH 11 B MRS A A 1 B IR 55 e
TERSBURS#% Hor 10 GRS a8 /E b TAE Y R
HEMRSHOEEME 1 L8R g, HAE S5
s TensorFlow ‘B W 7 1] #2 - 4 72 il B, £ 2%
B AL 2 RO 0. 01,5 2] A WORA 0. 9, 14k
Shy A (AR BE T RO Ak 2 L 01 % oRIERCH 38 U pRER

&1 MARREE

TR 44 B IR E
CPU Intel Xeon Skylake 6151 v5 3. 00GHz
GPU 1 X NVIDIA T4/1X16GB
W1 32GB
W 1TB
i 26 45 5 PS: 5Gbit/s

Worker: 2 Gbit/s

4.2 EEEREE T EIEN

AT SE VAR AR SCHE A A R AR A 1
HER FE . 2500 T8 — > B s AR PR AL, 431 i %
PRTCE M 13 8 A TAET AU RS IE E LA A S
Gy AR AR (16, 256 1 X [H] P4 Bl ML 3% B 10 A~
{E SERN ZRR B A 5] oy A i 0 e [ 1,40 ] X
] P BE ML L 3 B K bR e B 24T 45 T8 K
240 HECE A A . FTIXFF R —DIE X5 . 43 5l
£ 240 4L E T AU 25 i () F0 B 2N Rk B L S fil
FARE R ARAT ) TOM A F A7 A s SR RO 34 A0 15 22
(MRE) ,i+84n X (12) fi.

D lyi—ai]

MRE="—— 12)
ny

Hop, N5 AR A S Ry S AR v

Shy TN ASE A Ay Y 0
P4 25 H PO PR G i gt 2R e 1 AT R
PO PF DU X 52 B I 25K BE 7 289 A0 X R 22 2/ T
1. 65 % Y ZRmf ] (1 P-4 AR X 32 22 B /N F 7,590, A
A LI 1A RO T A A 3Kt |y TR ORI R ] A
TR ) BRI AR A Y 2 R K AR RE 6 T MR A R B
AKHE 1 9 #E A, o, MINIST + LeNet=5 (14 1)
GRNG JE 1 X R X 5% 22 g O I I (] S 2 AR D R 22

B/, 13Xy MNISTH LeNet-5 75 8 /N 1) #it R~
0 R P ORE EED B8 0 A T AL TR P 22
ORI O € G AR R B TP I N = 5o a0 U
Be iz AR AR T B — 2 ) W B . o) — . A
YIRS ] 9 £ B2 MINTST B8 B0 A /0N, AT e B
IR 0 5T DX T A /N o AR T 5 R A 5 40 D)
B R e R s LA TG B T A A R AR TEI X S 1
YIRS IR 2570 1. 41% ~ 1. 5% , VIl S5 isf ] 1% 2% 76
5.7%~6.6%.

1.65

1.60[ ]

1.40F
1.35F
1.30 ; ;

CIFAR-10 ResNet-18+ LeNet-5+  VGG-19+

— —
wn w
(=] al

T T

AHXF IR 25 /%

DNN SVHN MNIST  CIFAR-10
(a) YK
8
; _
6 —
=5
Hd
g
-
z3
2
1
0
CIFAR-10 ResNet-18+ LeNet-5+  VGG-19+
DNN SVHN MNIST  CIFAR-10

(b) YLkt [A]
Bl 4 BB TSI S T o

4.3 FRZE I 2B i) 5% 44 T B9 1 BE VI
AR S G AE BR 2 I 2 ) /Y 2570 T LA SC
J i i iy [ BC B U5 95 5 LB-BSP Jr ik & Ol
PEAG T B J7 ¥ 7T AR AT B U ZRoRG HE . 52 56 AR 40 A
AL G A S5k 42 B 035 HBCAS ] F9 Rk ] B 1) 30
ST AR (8] 2R L I G L AT LUK SRS . i T
LB-BSP J5 i AL DU -y 016 A e 75 2k A3 L
F4 T 1 T AL A AR AT A RO B L.
A1 5258 2 IR B[R] I 75 3 A6 A () B 1) 2% 4 R T
4 PIC AL B JRUEE L R AT LB-BSP 75 3 A 0L i 34 £t 1k
e 8 07 35 SR AR L 0 RO G A TS B AF - I X = b
@ i1 T Cynthia J5 3 o SEARGERS BEARY R AT BT IC B 1 1k

FRI 17 7E BR A I ] 25 4 05 R B 9 2 0, T 7k 2R AT R
Fic 2 (AL » PR A 5 5238 AN 2508 Cynthia 45 4 47 X 42
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B BRAT R B MY SRR AT . & 2,38 3. %5 VGG-19+CIFAR-10 3#iZ &
P AR5 4 B = A PEI X G R [R] Y1 25 A B ] LB-BSP LI 347 01 b ] i
T R K A 1 HH R T R TR AL B BUE/s SRS TAEAL R TR R TR
13000 256 3 64 3 32 3
% 2 CIFAR-10 DNN %ﬁiﬁﬁ 15000 256 4 64 4 32 4
I 5 Bsp SR T R o o . i
BRAE/s HERF TR HERSE TAEW&A MRS LA
2000 512 10 256 10 128 10 o U .
2000 512 ; . ; 61 ; 5 25 i = AT X 2 AE R 5 1] 25T il
1000 512 6 128 6 128 6 SERERE LR, i B A, 5 LB-BSP R &, B R I R
6000 512 4 61 ! 61 ! KSR T KR 2,81 % 5 5 DU 3 7 2 A0 Eb L K
s TR Ty 1. 406, X JE i T LB-BSP %) #5 AL |
3 ReNeISTOVIN SRR E U R AR T 4 5 T VIR LR
IR /\\\n \‘/\/ a Y M
e L-BSP TUF I 08 1t [ A IR R ke PR AR

BRAE/s SiERSF TfE & RS TEYA RS TN

1000 512 8 128 8 256 8

2000 512 6 128 6 256 6

3000 512 5 64 5 256 5

4000 512 4 32 4 64 4
% 4 LeNet-5+MNIST S #i& &

it i) LB-BSP DL itk oy [ FiE 5

BGE/s #HERSF T/ A #RSE DA #RSE TET A
50 256 4 64 4 128 4
70 256 3 64 3 64 3
2 2 2

1 1 1

100 256 64
200 256 64

0.990
0.975
0.960
0.945
M0.930 F
$£0.915 |
0.900 |
0.885
0.870 1
0.855 ¢

—LB-BSP
IE==LNS R
7] e

2000 3000 ‘
RR &2 At [8] /s

(a) CIFAR-10 DNN

4000

0.985 =
— LB-BSP
0.980 e L i 1t
0.975H ez 1 [] e
0970+
0.965
MOQGO F
$£0.955}
0.950+
0.945+
0.940+
0.935+
0.930

0 100
BRERE B6F 1] /s
(¢) LeNet-5+MNIST

& 5

SRR AR SCER AT Y 3 S R A R I R Y S
PR AR SRS B 5, ik, LB-BSP ik iy “sh&”
FRAE A K FEAE B 8 S [R) 0 % U6 B0 1 1 RSE i e
FEAB AR TR D o 34 0 A AT X 4 RT3 R
BEANTR] B IR SR A B AN [R] R et R
WA 22 5. BEAA DL Hn 0 Ak 5 3k AE DI 2 ) ) AS 32 FR
IR T » LA AL DI 25 d5c Ul SO 1 0 H A gk 474t
RF R, AR F AR SCH S 09 U ) B 2 0 3 i
2% T A RS R S I T SRR s e, B I R
FETE B A Bsf (1] P 8 205 e 1) DI 20

0.990
= LB-BSP
0.975 Hem DL M-l fk
3 7] P
0.960}
0.945
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iz
420915+
0.900
0.885 |
0.870 7
0.855 .ﬁ/
1000 2000 3000 4000
P B 1] /s
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08 r=ipDoe
ik
0.80 rzza {7} [ Fic
0.75
%
T 0.70 7
é
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é
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13000 15000
B s i 1] /s
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18000 20000
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4.4 REFBESFHTHMEEETN

A S A FRGE YRR BE H AR 19 260 R 5 HUER
AR SCHT R Y B[R] BE B D7 i 5 LB-BSP Jiik . Dt
WU A J7 % & Cynthia J5 3 1 852 B4 I 5 5 1]
S 6 A AT I R 3l 145 R SR AR BROEAS
AT A AR Y 5 3 30 R R T R 1Y g 6 b i
BTN (00 2 B2 - SE B0 0 R S R B AR 6
TR 8 M 9 Fran . i T LB-BSP J5 ik A DL M
AL T AU R B B AT LA e 5 4.3 7

% 6 CIFAR-10 DNN 2 #i& &
A LB-BSP DM fifife Cynthia 1) e
B

o M T # TR M AR # TR
Reb g Rk W ReF Wl R WA

0.945 512 3 16 3 32 2 32 3
0.955 512 3 64 3 32 3 32 3
0.975 512 5 128 5 32 1 64 5
0.985 512 9 256 9 32 8 64 9

% 7 ResNet-18+SVHN S#i& &
LB-BSP  DLmdifife Cynthia I i
i

g M TAE M IAE o Ik M IAE
Kb A R WA ReF WA ReF A

0.945 512 3 64 3 32 3 128 3
0.965 512 5 128 5 32 4 64 5
0.975 512 6 128 6 32 6 64 6
0.985 512 7 256 7 32 6 32 7
7000 o LB-BSP
6000 = dim 1
ezza b [ i
5000+
= 40001 3
%4000 Q?
E N
3000 §¢
- N
2000 %é
Z
1000 \%
\
0 0945 0955 0975
iy
(a) CIFAR-10 DNN
175 H= LB-BSP
-[ﬂﬂfﬁfrﬁtﬁc
150_ ynthia
zza U}IJEBE
L1251
100}
gy
501 2
251 g
. 7

.96 0.985 0.987

Bz
(¢) LeNet-5+MNIST

% 8 LeNet-5+MNIST S#ig &
LB-BSP DU £ 1k Cynthia P [R] i B
bt

s M T Mt THE M T # T
Rof Bl R W RoF W RS B

0.965 256 2 16 2 32 2 32 2
0.975 256 2 32 2 32 2 64 2
0.985 256 3 64 3 32 3 128 3
0.987 256 4 64 4 32 4 128 4

& 9 VGG-19+CIFAR-10 B #i& B
i LB-BSP b S il ik Cynthia By 1) e
i

map M LfF A TfE ft Tt TAE
Ko st b e R el Reb s

0.75 256 2 32 2 32 2 16 2
0.78 256 4 64 4 32 3 16 4
0.80 256 5 64 5 32 1 16 5
0.85 256 6 128 6 32 5 64 6

AEARL S 7 A 77 2 56 vh b AR W 28 Tk i 9 U TG A A
ok F 225 U [m) B v 9% 0 e O A 1 O ik

6 2 th PO AN TEIN X G2 A R e R B A% 14 T I 45
SV ] E e gk . B AT LAE R AS TR B U1 2ok
JEE T SR YN ZRA5E B N 0 4 o 0 FHAS SC T 2 3 1) D3 [
e 5y 3 R AR AU ) 2 B ) AR FH LB-BSP Fit il
IO A A A [ R R a0 s B Kb 1 19. 86 26 5 A
e Cynthia @991 205 (8] B K020 T 16. 36 %, 53X &
T SASCHT$E B 0 D[R] EC B 5 A A B . LB-BSP U7

4000

£3000

2000 r

YLt a] /s

1000
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Y
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—LBBSP
20000 ez J-Hi ik
== Cynthia
wzz 1)} [F] i
18000 ¢
%
§16 000
14000 | I
’
é
12000 Z

. 0.80
K
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Hl

Y,
&

i 2022 4F

2 T B X AR Y A ) B R AL 25 A X AR 3
NI RS ENIE 2 9 R 5 it i 5y
HERSFRAG. PR . 8K 5K B 4% A 9 i 8] A 3 55
T AR HE B AH 3k 3 B 2 U 250K BE A i ) A 4K 5 DL g
A e B 5 vk 5% v AR R I 2% Y A 4 W BIOKG B
8 K 2 58 3R B SORS FE 19 B[R] R 8% 5 AR L R L ik
) B R B ) B ) 48 KL AH BT Cynthia 7535 A 3C
P A IR [E) I B 5 v S0 AL T BRI R S R
R T el 1 R NS BT P AN K 7 W [T 17
IR F PR R BE L 45 T VI Rk ] 3R TSR AOR. B
A o DA A O 2 A TR I 2 5 R T, B TR A O
1E CIFAR-10+VGG-19 M 41 rh £z o4 B 5. axX & A
AT HAR N AR R VGG-19 % 5 2% . Bk 58
FYN it R L 3 3 B R I ] AR A A AR
BRI TS Iy K R B P [ i & 5 9 3 A Ak it
FROST 5 R B R I 4 s 11 SRR3R 1 (] I B 88
U 1A R JEE W SR8
4.5 THE F IR KA R BT

AR S 50 AE A [R) 1) B G B ) FIORS B 2SR T, 45
B I U5 AR FIOKG B2 S H s PEAS B 42 Hh 1 B ] i
BT AR TR 0 U IR G R R O S T
N T 25 B IE 8 7 2 . LB-BSP Jy i, D13t ft Ak i
B 7k ) Cynthia Jy ki 17 L.

AR S0 R — A DI 52 5 R A 37 PR
(i) A B2 225K . SRR T B AN R 10 FR.

R10 HEARELBSHIETE

PYEITE S L WFEZESR /s REREEZER  mARWEIRE/ A

CIFAR-10 4000 0.963

CIFAR-10 S
DNN 5000 0.983
2000 0.947

SVHN ResNet-18 8
3000 0.970
_ 70 0.973

MNIST LeNet-5 _ 4
140 0. 985
14000 0. 800

CIFAR-10  VGG-19 8
18000 0. 850

P11 5 AR EL & 7 32T B I Zhoks JEE b e 4
ROHApP G FATLRE  AXERAGARNERE
SN L HEAT IR s DA 2 R B B T 58 B ) 5 %oF
T LB-BSP., A4 58 B r A0 At RO i L 3% HBCmT DL
JE R 5 ) PR SR A e /N W% 5 TRC 5 o6k T DL S0
fRTC & 38 ot [ 398 2R L B IGR B b5 RS B At R
Bic & s %t F Cynthia, i@ i B 308 1615 5] 5 e 98 U6 i
B IFARPE SRR 18 % L R ) A7 e B il T g
AT (K B B B 225K R, AR S 2 1 P TR G
B Y TR PR e R] P R I ORS R R TE

R LA S T e G P R IR KT 4 TR AR
34.83%. M4, 5 LB-BSP Al ULt i 4 4k 7 2 te
B, AR ST A B ) T O AT 3R A 1Y) B &I R
i B WA L S 4 3F 0. 62 %, 33 2 T AR SC T R Y
J7 355 s P ORRG JBE F0 B () SR A AT R L ek 2D S )l
R B ARG EARR TR A, ) Z , LB-BSP i1 I
30T P Ak 1 AR AR AR T 3w I RS B L (R RE 2
TR Z I GRE ) e K T 24. 9%, N TG &
BT P G SR AR ARAR T B RS A
FEUR LA ARXT T — i B P 75 A K 2% R A I
A BRI O ) I5F ) RN AR 5. Cynthia 78 4

x11 HhEBREXLWER
(a) CIFAR-10+CIFAR-10 DNN 45— S35 % Lt

N . v Y1 TAEFT S Uk s .
256 4642.87 4 0. 967 L8571 48
NN 64 2529.91 8 0.973 22;16: 5

256 3259.45 7 0.972
LB-BSP 512  3612.77 5 0.966 18063. 85
IFied 256 3349. 422 6 0.968  20096. 532
Cynthia 32 4095.21 4 0.965 16380. 84
B3 [ B 64  3773.01 4 0.967 15092.04

(b) CIFAR-10+CIFAR-10 DNN % — 4] 5288 %t Lt

3 o HERSE Uk TAEW A U
RN g whws vomm o mg RAE
512 6427.96 4 0. 982 Y571l 8
- - 25 .84~
ATE® 256  3741.62 3 0.985 o0 o
64  3887.14 7 0. 985
LB-BSP 512 5315.81 5 0.983  26597.5
Ak 256 3788.224 7 0.986 26517.568
Cynthia 32 4582.73 6 0.984 27496. 38
PrETERE 128 4064. 32 6 0.984  24385.92
(¢) SVHN+ResNet-18 45— 20 ST X [
) o HERGE Ik TAEY A I s .
] . . BN " Y P A
R TR
32 1739.40 7 0. 945 191758
. _ . . J. 07~
ATHEE 512 2135.71 6 0.958  io0s
128 1661.90 3 0.951
LB-BSP 512 3417.63 4 0.949  13670.52
DAL 128 1969. 113 7 0.950  13783.791
Cynthia 32 1939.23 6 0.947  11635.38
PEEE 256 1775.2 6 0.948 10651.2
(d) SVHN+ ResNet-18 45 — 41 5256 %) [t
) o HERSE U TAEW A U ;
ATTE e whiss wmso A~ g OMRE
32 2459. 62 7 0.971 L5 826 86
b . i
AT & 64  2637.81 6 0973 17017 5
128 3421.27 5 0.972
LB-BSP 512 3669.54 4 0.971 14678.16
DR 128 2563.488 6 0.976  15380.928
Cynthia 32 3067.45 5 0.972 15337.25
PrEmCE 256 2671.23 5 0.970 13356.15
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(e) MNISTH LeNet-5 45— 2 523 X e

o MR U TERA e g
etk Jr ik et B s ﬁ?ﬁﬁ//l\l}lléﬁt*ﬁfi PR AR
32 86.80 978
ATRE 64 98.53 975  L73.6~

253. 4
128 58.85 977

LB-BSP 256 68. 71
Dm-srfife 64 60. 58
Cynthia 32 70. 47
B3 [ i 64 64.01

973 206. 13
977 242.32
975 211. 41
973 192. 03

W W o W N
o O O OO0 © O

() MNIST+ LeNet-5 45 — 20 5235 %t Lt
RS Ik T IR

BACHE Tl s vems o~ g ORORE
32 142. 34 3 0. 986
ATHE 256 182. 47 2 0. 982 zgi g“
64 121. 80 4 0.987
LB-BSP 256 157. 41 3 0.985  472.23
ML 64 121. 80 4 0.987  487.2
Cynthia 32 142. 34 3 0.986  427.02
PrFI e 128 118.73 3 0.985  356.19

(g) CIFAR-10+VGG-19 45— 4 525 %} 1,
HRS g TfEWA VI
B mfE/s WIEER/A O RE
128 16156.73 803
N T E 32 14849.55
64  15565.08
LB-BSP 256 14159. 25
Ntk 64 14142.91
Cynthia 32 15588.96
B[] i 16 13742.46

(URCWIRES IR A

64626. 92~

803
93390. 48
824

0.
0.
0.
0.825 84955.5
0.
0.
0.

825  70714.55
8125 77944.8
809  68712.3

[SIEESI IS Bl o N SA BTSN

(h) CIFAR-10+VGG-19 45 — 41 8256 %} H
RS Ik TAE A gk
BME mhE/s WEECAS KR
128 22914. 90 5 0. 859
ANTHE 256 19765.48 0. 875
64 20351.66 0. 859
LLB-BSP 256  23039.414 0. 861 115197. 07
0
0
0

(R AIRS BRI A

114574. 5~
142461. 62

TUMEEHEAE 128 19351, 344 .891  116108. 064
Cynthia 32 18686. 384 .859  112118. 304
3 7] e 64 15473.249 .891  92839.494

D > o U~

JEE VG A 1 25 2R b A O P R G X A
Rz A A B bR R B 25 & T R E IR RS
JE S AH H TR 2 A ROST L T B3 R0 TR 2 UL S5 AL
R RYSEm R OT A B0 0 BCE R AN 2 R L.
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Background

Distributed deep learning model training is the popular
way to train large-scale deep learning models, which deploys
training tasks on multiple computing nodes and executes
tasks in parallel so as to accelerate the model training. Previ-
ous works on distributed deep learning model training mainly
concern on the accuracy and computational efficiency of the
model training. However, as both of the volume of training
datasets and the complexity of training models go up, the
resource cost of deep learning model training increases
significantly, and hence, becomes the new concern in the
distributed deep learning. How to meet the training accuracy
requirement with the time constraint while minimizing the
incurred resource cost is an open issue in distributed deep
learning.

Most related works take the resource allocation and
batch sizing as the independent methods to optimize the
computational efficiency and training accuracy of distributed
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empirical study results demonstrate that, from the perspective
of resource cost optimization, the configurations of resource
allocation and batch sizing have complex interdependence. In
detail, with the given resource allocation, the batch sizing
can be optimized to accelerate the training convergence and
reduce the resource cost. Moreover, the optimized batch
sizing varies among different resource allocations. Based on
the above study, we establish two isotonic regression-based
models for the elapsed time and accuracy predictions of deep
learning model training, respectively. We cooperate these
two models and adopt Tabu search heuristics to find the
optimized configuration combination of resource allocation
and batch sizing, which satisfies the requirements of training
accuracy, time constraint and resource cost of distributed
deep learning model training.
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