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(Improving the Efficiency of Deep Learning Applications in a
Multi-GPU Environment via Adaptive Mini—batch Data Redistribution )
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Abstract

More than one DNN model learning applications are usually executed inside a GPU cluster composed of several
GPUs. In this environment, competition between applications to occupy GPU resources is inevitable if the total
amount of GPU resources is less than that of resources required by all learning applications. Depending on the
degree of competition that occurred at this time and the degree to which each learning application uses each GPU,
some applications may complete learning in a short time and some must proceed for a much longer time than this.
This study proposes an algorithm that solves the allocation of GPUs to learning applications in such an unfair way.
Based on the current GPU resource utilization status of each application, the ratio of the predicted learning
completion time and the learning completion time when each application uses GPU exclusively is calculated and
defined as the current Slow-Down of the current application. The ratio of mini—batch data per GPU of each learning
application is periodically adjusted and a fair allocation of GPU resources is achieved so that the Slow-Down values
of currently executed learning applications become similar. As a result of confirming through various experiments, the
maximum Slow—-Down decreased by more than 53%, and the overall GPU utilization also increased by 25%.
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Table 1. Completion time for each of the applications
shown in Figure 1.
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Table 2. Example where two DNN model applications are

running on four GPUs.
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Algorithm 1 DR Management

GPU}goq: A set of GPUs utilized by App;
GPUge : {GPUy, GPUy, ... GPUy,}, m GPUs in the system
n : Predefined period

1: Function DR_management (SD;, DR;, SDge)
2: if # of Apps <m
3: GPUpin < A GPU with the smallest Util. in GPUg,,

4 for g in GPUs,,

5 if g == GPUpip

6: new_DR;[a] « 10
7 else

8 new_DR;[a] « 0

9. GPUset < GPUser - {GPUtemp}

10:  return new_DR;

11: if SD; != max(SDye,) or SDEST < SD,),

12:  new_DR; « current_DR;

13:  return new_DR;

14: else

15: GPUygax < A GPU with the biggest Util. in GPU{;sed

16:  GPUyin < A GPU with the smallest Util. in GPUsq,

17: if (Util. of GPUypyqy- Util. of GPUypyin)> Utilyy

18: new_DR; « DR,Update,Util(GPU{;wd, GPUget, GPUpyin)

19:  else

20: GPUgest < A GPU which has the minimum Avg. SD value in GPUsg,
21: GPUs;. < A GPU indexed by the biggest value in DR;

22: new_DR; «DR_Update_SD( SD;, DR;, SDe¢, GPUgre, GPUgest)
23:  return new_DR;

a3 3. DR Management &12|&
Fig. 3. Pseudo-code of DR management.

ie] 45, APP7} &3 = GPU & 7HE A&
=& GPU(Y 39 GPU,, )% AA GPUF AME:
o] 7H vk GPU(IH 39 GPU,,;,)9 A%
o7} wtil,, Bk 2o SDII > SD,, HE el
deh o]f g 9= 7 GPU 3t AMEE #ol7t 2]
uliol SDES 71Fo2 NZ$ DRE Zojof gl
APP;7} AH&8E GPU & APP;o] "YU dlo]g
Hgo] 71 & A& GPU,, 2, GPU,, . Z5E 944
vyl dolg ml&(0 < <100 7% GPUS
GPU, = 733kl 20~21).

DR_Update_SDO%5-= r, GPU,,,,, GPU,,. &%
AHgste] 2% DR E T3tk WA GPU,,. 9 DM
A BlE G APPO] s Astel mAE FEdS @
o8 x4 B, 5 Akt ol GPU,,, = &4
A vy dolg HlE & Sp,9F SD,,, o AWzt F
Zgkol Hgkel zelg E,, = 4%01 %Lfs&E}. }A]
ko 2 7|19 pRX GPU, EH et

o]

W

T sre
F Wi GPU,,,, 92 0*&# r“&% tate] A=
& DRE WHETHLH 49 29l 14~18).

DR%kO] WAL= &= g8 ZHdo] 3 71x &A%
o). App,7t Managero| 7| Notice 2155 HW& w 3}
S84 A7t AlzEle] A GPU )

sk 7Y e Agolth o] 4% 1) GPUIA 1)
o) S8R AYS S FriEl o) o) HE S5l AN

(967)

=zX M50 HM9&

55

Algorithm 2 DR Update by Util or SD

GPULgeq: A set of GPUs utilized by App;

GPUge : {GPUy, GPUy, ... GPUy,}, m GPUs in the system

GPUppiy : A GPU with the smallest Util. in GPUg,,

GPUges : A GPU which has the minimum Avg. SD value in GPUs,,
GPUg,. : A GPU indexed by the biggest value in DR;

: Function DR_Update_Util(GP
2 if GPUpin & GPUlgeq
GPUjiseq  GPUjiseq Y {GPUmin }

: Util. remained « 0

: forjin GPU}seq

Util. remained « Util. remained + 100 - Util. of GPU;
: forkin GPUseq

ifk in GPU}

used
new_DR;[k] « l
else
new_DR;[k] « 0
: return new_DR;

Ulseda» GPUset, GPUpin)

0N U AW

100 ~Util.of GPU)
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10+ 05|

— =
Mo o x
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14:

Function DR_Update_SD( SD;, DR;, SDse¢, GPUgypc, GPUgest)
SDi—
DRi[GPUsrc]
SDy—(max(SDser) +min(SDser))/2

Embr
new_DR; « current_DR;
new_DR;[GPUgyc] < new_DR;[GPUg,] -
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return new_DR;
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Fig. 4. Pseudo-code of DR update based on utilization or
SD.
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