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GPU FR ey AT R A F RS TAMR, X -8, 28T —# GPU 2 FAE R4%. —7% @, 4 T Kubernetes #
Operator HLH XTI A EFHEH L HATT R, FINT %/~ Pod 2 F 44 A GPU F R, R A&+ T —AREMNFHKIET 5 R A Kuber-
netes (A, F—F@. AT GPUMNE K 5 EH.EAT GPUR RN HIERSRAE.ESNMESZ RAHITMEENG
WL RS THES TR, FHEREAN.5 R A Kubernetes A E R4 . iZ R AR BHF — WK EF TN HAE S50 %m0t
PR Y Y 20% AR R ERE GPU FRA A E-FHRIY 10%., AL FHA GPUMH SR AZESHEME TR E GPU Hi4£
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GPU Shared Scheduling System Under Deep Learning Container Cloud Platform

WANG Zhuang' s WANG Pinghui' , WANG Bincheng' , WU Wenbo' , WANG Bin* and CONG Pengyu®
1 Ministry of Education Key Lab for Intelligent Networks and Network Security,Xi’an Jiaotong University,Xi’an 710049, China

2 China Mobile Research Institute, Beijing 100053, China

Abstract In recent years, containers have gradually replaced virtual machines and are widely used in deep learning cloud plat-
forms due to their lightweight and high scalability. However, the deep learning cloud platform still has deficiencies in GPU re-
source management,which are mainly manifested as multiple containers cannot share GPU resources due to the limitation of con-
tainer orchestration technology. For some small-scale model training tasks and model inference tasks,a single task cannot fully
utilize the computing resources of the entire GPU card. The current exclusive mode will result in a waste of expensive GPU re-
sources,reduce resource efficiency and service availability. In response to this problem, this paper proposes a GPU sharing sche-
duling system. On the one hand.the Kubernetes-based Operator mechanism extends the existing cluster functions,enabling multi-
ple Pods to share GPU resources,and designs an agent mechanism to ensure that compatibility with native Kubernetes. On the
other hand,based on the GPU time slice and preemption mechanism, the dynamic management and scheduling of GPU resources
is realized,fine-grained coordination among multiple tasks is performed.and task interference is reduced. Experimental results
show that compared with the native Kubernetes scheduling system, the proposed system can reduce the completion time of a
group of deep learning training tasks by about 20% on average,and increase the utilization of cluster GPU resources by about
10% on average. When the GPU is shared, the performance loss of high-priority tasks is less than 5% compared to the exclusive
GPU,and the low-priority tasks can run on the same GPU with 20% of the performance.

Keywords Deep learning cloud platform.,GPU sharing.,Container scheduling.Docker, Kubernetes
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1.S=[1;
2.if r. priority == high then
3. foreachd € D do

4, if r. memory > d. memory then continue;

5. if d. highTag 7 null then continue;

6. S=append(S.d) ;

7. else if r. priority is low then

8. for each d € D do

9. if r. memory > d. memory then continue;

10. if d. gpu_util > gpu_util_limit or len(d. lowTag) > low_
nums_limit then continue;

11. S=append(S,d) ;

/% Step2: MRFE B B : AT & B8 IR 4% 11 19 18 45 9 38 P 3 FR e AR 19 vG-
PU & #

12. d=worst_fit(r.S);

13.if d == null then d=new devO;

14.if r. priority is high then

15. d. highTag=r. highTag;

16. else if r. priority is low then

17.  d.lowTag=append(d. lowTag,r. highTag) ;
18. return d. id.
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Table 1 Intercepted CUDA APIs functions
API Functions Features
cuLauncKernel HE BT R

cuLaunchCooperativeKernel LZEBEHT AL
cuMemAlloc k& NELR
cuMemAllocPitch —HREENELR
cuMemAllocManaged K—-NEEEHR
cuArrayCreate =4 AR A
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Table 2 Cluster hardware configurations

Configuration Model or Size
CPU Intel(R) Xeon(R) CPU E5-2690
RAM/GB 512
GPU NVIDIA Tesla V100
Memory/GB 32
GPU Nums 4

4.1 BIR&E
ARSI Github HEE 5 T 5 i UL i IR BE 2 ) BERL DL
P T I e 4 T X H SE L a3 Sl
R3O B S B AR

Table 3 Deep learning models and datasets

Models Frame Datasets
VGG11
VGG16
VGG19 P LL15] Cifarl0
ytore Cifar100
MobileNet
SqueezeNet
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Table 4 GPU utilization and job completion time

GPU Utilization Completion Time

Kubernetes 49.71% 59min50 s
Our System 60.35% 48minl0s
Improvement 10. 64 % 19.49%

XS g 4 AT LA & B, 5 5 A Kubernetes & 48 A L
ARG GPU FI RIS # 82 7E T 10. 6456 AT 55 £ 58 BN
> T 19.49%
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ARSI B AT 55 O — 4 WAL BI SR 1 5 o s 78 o
Bif B35 IR R0 R B0 0 4R F5 B TR BE 2 S U R AT 55 . e b —
MMES R IRERAL S o7 — MMES AR SERAE 55 MR
HAR LR 58 F Kubernetes J& 42 3 48 DL K 2 78 B AL A % w5
MMEFLER —HP GPU K RS T4 55 0 S 0SB AT 55 A AL
Tl GPU B 9 M B 48 DL S AR AR e AT 55 PR RE 0 4 7t

XTG4 T 5 S g A R ] LR B, R AT Y
77 2B BT 55 B AE R — 5K GPU L, BAR AR H R A Ku-
bernetes RE 5 AR RY I 5, HAE 55 5 58 i 1] f 4 L (AR
BT 7 38 17 B 5 B 58 G AT 55 AH L IR A= Kubernetes
ROV THIREANT 32.88% . MIELAMESILZEAH GPU
B SR 0 B H AT AL 19 J7 2T 2 AR E & 0 S AT 55 ke s O
H ., #1 F A Kubernetes A #3532 GPU, A i Je 2% B #
T X T 3 T Kubernetes B E 22 = F G .
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Operator j& Kubernetes £ (1) F F 97 Ji'é 45 B 3L A3 % W5 A 1)
REMIRESL . FEAS SO, vPod J& A LRI BEIR . vPod 1Y I8 BE &%
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BEAS 7E AN B Kubernetes Y55 L K AS 52 i B A 48 AR IR S 1
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4 TSR S ST R RS L TR O TR AT R 8 AR 6 R SR A
R R A P PR IR A R BE L . AR R B R IRR
He AR AR B, AR SCH] FH Kubernetes 99 DaemonSet % ¥ X 4 A%
FEPE (45 GPU B3 5 I8 3 450 e AR 0 AR 41 19 2 Bl i sh A A 4
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HEGFn YR,
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e IL 2l — 3 GPU R .
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BFIRLFr 43 B DA i 8] R 4 5 AL, 23T T GPU %R 3 A
PR, BB S A 2 AT 55 22 6] 547 20007 BE 04 B 0 L 908 2 AT 55
T

G gEREW, 5 R4 Kubernetes 1 R G M, A R
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