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Optimization of Deep Learning Workload on Kubernetes Cluster
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Abstract: Owing to the rapid development of artificial intelligence (AI) technologies and the efﬁciént deployment of Al
applications on cloud-native platforms, an increasing number of developers and ir}temet companies deploy Al applications
on Kubernetes clusters. However, Kubernetes is not designed chiefly for deep learning; which, as a special field, requires
customized optimization. This study designs and implements a'series of optimization schemes, mainly from the
perspectives of data processing, graphics processing unit. (GPU) c'aléulation, and distributed training that deep learning
requires, for the scenario of deploying deep learning workloads on Kubernetes clusters of a certain scale. The proposed
optimization schemes involve data processing and calculation. These technologies reduce the difficulty in deploying Al
workloads on large-scale clo,ydénativé platforms and improve operational efficiency greatly. Moreover, the practice also
verifies their significant improvement effect on Al applications.
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% 1 CUDA driver API i F 5.

AP CUDA driver API

Eicpay

cuMemAlloc
cuMemAllocManaged
cuMemAllocPitch

Allocate device memory.

Allocate memory that be automatically managed by the unified memory system.

Allocate pitched memory.

cuMemFree Free device memory.
cuArraryCreate Create a 1D or 2D array.
Memory-related APIs cuArrary3DCreate Create a 3D CUDA array. %
cuMipmappedArrayCreate Create a CUDA mipmapped array. ‘
cuPointerGetAttribute Return infometion about a pointef.
cuGetErrorString Get the string description of anserror code enum name.
culnit Initialize the CUDA«driver APIL.
cuCtxCreate , Create a CUDA context.
cuDeviceTotalMem Return the total amount of memory on the device
Device-related APIs cuMemGetInfo Get free and total memory.
cuDeviceGetUuid Return an UUID for the device.
3 !
"B %2 NVML API {0
AP . 'NVML API ik

nvmlDeviceGetComputeRunning-

Get information about processes with a compute context on a device.

Processes

Acquire the handle for a particular device, based on its globally unique immutable UUID

Device-related nvmlDeviceGetHandleByUUID

APIs nvmlDeviceGetIndex
nvmlDeviceGetMemoryInfo
nvmlDeviceGetComputeRunning-

associated with each device.
Retrieve the NVML index of this device.
Retrieve the amount of used, free and total memory available on the device, in bytes.

Get information about processes with a compute context on a device.

Processes
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AR, 1328 T 8 H UM LI, K N> N A7 5 B 45

UM %3, UM 1] DL 5k 45 — 45 314 Fo AR i sk 1.

GPU BA7F %R, Wi UM 8ty & 7 R4+ GPU nf H
BAFRN, ﬂu%&@ﬁ%%ﬁ‘ﬂ’mﬁuxﬂiﬂﬁﬂE@
Y 7 R4S R R AR EE KN 8 GB
i, W T UM &S R4 UM BA7%5 % 4 24 GB
(FH 8 GB A RGENAF), IXFELE WL IR 1 B 2% 1T LABRAT
UM 375t T (i 2 55 0%, B 16 GB 247 K/M GPU &
] CAFIZAT 3 A GPU EME (Wil 7 9 taskl task2
Al task3), FEAMENLAE ] 8 GB WAFRLEE. I, UM 3
JRT ARG BAF R =, LFRHBITHEZ K GPU {RL.

3 T AL VIR SR BT AL ) 8 SR
3.1 AN NUMA FERMEEE
NUMA (FEG—BIWN AT i) &2 —M7EZ CPU &

120 #%i % # System Construction

T %
Gi LT HER, S8 VFAN I A CPUBAAN [ (3 5 15 i)
Kﬁ%ﬂ%ﬁ@w\m AT fo] B P23 2 51 CPU 19 A7 #54
A R, R PR Uy 17 Y% BRI R E
CPU AL T P9 2B B A R AR AR ML 1, 3 FLA6 5 7T
2 Bl 5 K FR 7 ) I 1), 3 H R T b 25E i £ /b A B E
e RE B AR, EHACRSGH, <A fI<dE At ] 7F
M &t o] DAY Je 1) 71 % &, 40 NIC 8 GPU. A T
SCHLE MRS, ROZE 4N C CPU A & R AT RERIAEEA]
REME U ) A [ 0 A b Y A7

NUMA $hMEH 2 F SR AL ST MERE N ¥ CPU
5 GPU WA RIS, =84 EIR 2 IRE 2= 21
MR T WA GPU T RE 1 2 A, ST e S ik 1 B2
[FIFEXT CPU tHAG %5 HOm I A, WS di mdb 2 . ¥
Wi S5 fE. K AE P AT 51, % 8 E] NUMA # 4h
Bk, K RALAL I NUNA 48 20 BL 41 5%, T REE 3
PETFEARGERE RIS AT R AN G IR F 2R 1R R

BAR B, T A NUMA SRR 1 B2 1A DA T P,
WK 8 Fran: 4 Pod Al & B I, 15 & kubelet H )
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i H AR G N H

topology manager M #& i B 1) policy K B& K % Pod,
ForA T U SR

(1) none (BRIN): TCIRE, B2 5 7= A= i FE 1 Pod £
FI) CPU. WAEFIA R 73 762 T AN [F] ) NUMA node .

(2) best-effort: fR¥E 24 FT Pod M ¥LIRIE K, K2
J& Pod 77 B FE IR, AN 2 e =k 4.

(3) restricted: ZAGARIE Pod BEIRIE R, 405 BE IR AN
/& Pod ] affinity 77K, Pod <@ A\ terminated JR7.

(4) single-numa-node: Jifi /£ policy ] Pod 1% K #f 2>
M=/ NUMA node WEEAT 2 FT, QAN 2,
Pod i A terminated ARZS. 1X /N ERAT AN 1) X ) 2,
BT AN AT A SR AP~ NUMA node #5853 B3 5.

GPUO GPU4 GPU2 GPU3

8GB| | 8GB| [ Taskl: 4GPUS GB
8 GB 8 GB 8 GB 8GB | []'Task2: 2 GPUx8 GB

[ Task3: 2 GPUx8 GB
CPUO CPU1

I Task4: 4 GPUX8 GB
II

UM &47: 24 GB —

GPU V¥ 5. 47: 16 GB

K7 vCUDA &5 it

Intersocket connection
Socket 0

5
—
7

PCle PCle t

Local memory
NUMA node 1

K8 NUMA MM REE

32 RRXE

A NUMA #6838 id topology-
Manager 1 deviceManager. cpuManager\ GPU % %
ZNB) SR 5E A, AR B AR B Th e 1 1R A A2 T AR
TAIE 9 FiR.

(1) NUMA 4N HE 2% topologyManager: 1847 %

Socket 1 -}

Pl 5925, #E4T CPU A GPU %5 4 fic (s 35 42 1)
PR AR A A RO A B A i 45 R [ B
4:37" CPU Al GPU B BUR A5 B

(2) CPU & # 2% cpuManager: #2350 NUMA %
RS Bz 1 4 B BEE AT BRI CPU 49 it B 4F
HH CPU A EUIRE.

(3) W& EH S deviceManager: $#2{it GPU B4 1
NUMA 15 &,; #%& 77 B E AT BAR 1) GPU 4 BLd A,
e H A, 3 1 4% ) B R 1 4 ﬁ‘ HARVEII R
WIS HT Y AL kubelet %iﬂTﬂii&k%E [GPU-0, GPU-1,
GPU-2, GPU-3] f%r% NUMA 3 I i 0 3% 45 [GPU-2,
GPU-3] {19 (5, TSbi 25 0 3/ GPU - I

~ GPUAF 2 MR U5 4 B GPU BA5$T 4 U (W3 3)(i%
HEET GPU 5 GPU Al 77 N #f €, T
NVLink BH GPU [H L ek, BiiziEs )y
o ECh 100 HBESERK o B, FoAh iz £z 07 K K
JBI). $2 R R T 0 FUU A [GPU-0, GPU-1] Hr ik B
i1 — 4~ GPU (1 GPU-0 (B f 5 GPU2 5 GPU3
NVLink ##)) 2 J5, B4l 4 [GPU-0, GPU-2, GPU-3]
NI L G F A DI RE AN SE IS GPU 4 ik 2 A1)
Mk 5z ORI EE 3T GPU Jr BlIRAS 4.

topology- Kubelet \
Manager = \

. RPC | NUMA | GPU
——{dovieehtanmager 0TS "8 | device

o Db 277
IE‘Q ubelet 55 device plugin 32 Hor = &

\
= K3 Device plugin [ B IB{ZHT /8 (GPU %)
GPU link type Score
P2P link, cross CPU socket 10
P2P link, same CPU socket 20
Host PCI bridge 30
Multiple PCI switches 40
Single PCI switch 50
Same board 60
Single NVLink"*! 100
Two NVLinks 200
Three NVLinks 300
Four NVLinks 400
Five NVLinks 500

(4) PRHEAE FE 2% checkpointManager: #2417
CPU Fl GPU 73 FURZS 5 B E B SERAIN R = 1.
3.3 §t%F ALJIZAY Kubernetes S B8R & =M AE

TESERE FIgAT KRR E R AR I 2RI, 238 31 4 )
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25 B P R 1) 2 T 5 AR SR U # L Il 2R Pod FTTETT
S R BIR R ARSI SR E AT A
e B, XL AR KBRS e CUF R 2
H/NESE) 1L 2 ORIE K IR (] F (5 ) 245
7T, DRI A SO S B AR 048 4 tH — P s AR 0
TR T8 FBE SR WS SRR v AR S B — 0 40 B8 B ) B AR G A
FEARASE FH 288023 R0 [ 4 ok e S A ) b T 00 B A ity R
(s 5 o5 .

R A P S S R v U R B Pod BT
5 BUHE 4R 58 AV IC Ay R S A AU AR 17T A W T
A A B 23 iy oY e ) 2 % A A 5 R 1 SR
H AU B 10 2849 U B E s JE SR A vk, ndE A
Nodel 1 Node2 W77 &, Forf Nodel F U Z2F A%
4 A, Node2 b 4247 A Hdli 4 B FAR WL T4
4 A, WA 2 25 75 224 Nodel 1 T 2% 1T, JF: 56

A= DU TCAE b Fr 75 0408 £ B A R 15 1 1 2 21 Nodel
FL A SRAEE T B RS A, Nodel A3 & Tk 45 1F,
Node?2 §if§ /& T 2 1, T P 2% 2 K 16 Ml 3 5 43 Fic 3
Node2 b, B HHE g 55 R 5 A — Rh It i B9 SR mg

Nodel
dataset-A: 1 G

Pod Req

dataset-A Kss L

3 \
! Node2
dataset-B: 5 G

e

3

| R0 R R A

A8 AT A 3 PP R BE RS 3 T R AT 4T 4,
ELARHIE A HT R T,

W MEAT RS AR

0, YmatchDataSet # podRgDS or UpdateDatssetInUse

ZNodeMatchDataSet(dsname) ,YmatchDataSet = podRgDS and UpdateDatasetInUse

Vnode € clusterNodeList,YmatchDataSet € (podRqDS NnodeCacheDataSet)

Hor, node NEERENT RUL RS, WP ALK SH
nodename &1 1, clusterNodeList NHERETT HAIEK;
NodeMatchDataSet 911 715 s VT FCAE b 2R B4 45
dsname NEIEEES ; podRgDS N Pod T 7 I EHE 4
UpdateDatasetInUse 3278 F 1) 250405 45 5 22 58T
nodeCacheDataSet J91%71i ;i L AT WHIR L.

AU

NodeMatchDataSet 744117 5 sUVCECAF b 2R 2 4w

£, 4 Pod 1 3R A A4 G2 A M AT S R B SR 2L |

SO0 RULEC N Rz 85, 5 ML g, .
U IR A S DA B SR R S8 & DL e AR L K 4%,

WA EES R0 N
1 SR Ly T T A T 7R R 1 KR £, 78
o IR

40 SRAE ML T 75 ot B A i P T S A B 4R,
HAAR AT, W5 S 80 5215 70 v 5e 4 DL e Kot 5
ANER, B BT 5 Bt 4R 5

AR SR A AT 1 b i 7 B SR AN R SR S R
5 RAS3 8 0.

VRO E 8T R R R SR IR 1S 0), SRR R4 H—
WAL B 5, 7 Re R B DUk S S R A R B4 2R 1%
o (E M, P e, 150K, PEegutifR. i

122 Z%i% % System Construction

AT B R ML Pod FT A %R S, 3L
1845 0; WIS 5 A Pod FT 6 B 1 4 M B 4R, Tl
1545 AR A SR B B AN A M B S P
AR LA 5 4, B B T 25 LR 4 SR
FHE. 5
4 9 5o

S b vCUDA . NUMA. 00 42 32 A i
4 W 28 16 FLAAS I 25 72 BF B 43 BB, LA R it
s B H M RE R
4.1 vCUDA LI

A% H YOLOv3P!, ResNet50%*, BERT™! 7£

ME B AR 5 AR TR AT ) i R 3247010 vCUDA
PERERCR.

SKIG IR AN T :

Fi#Y: % YOLOv3, ResNet50 Al BERT f74 %4
ZARRAE T EEOEGLE, ARES A E RS
FEXS 52 A B X 2% 5 44 BE A% 78 73 I GPU 5

W ZEHRE: KM COCOPY, ImageNet large scale
visual recognition challenge (ILSVRC 2012)"*" Il 2 ¥
£ (41130 G, 120 FF5KIIZRE ), SQuAD1.17°

YIZFHELE: TensorFlow™”), Darknet”].
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i H AR SN A

GPU: Tesla V100S 32 GB.

SN AT

TEH GPU kAT BAME 5 R AT 550, K
BEAEH GPU LA BEUIZRAT 55 (BPASBR 1) Py 4745 F A
B 25) FOAE A vCUDA E4T A A7 B RS 29 547 % L.

SR AT R

W 11 s AT 55 I 250 e 45 SR B OR7E GPU
HB —MNINGAESE, 5 benchmark 25 R Eb#e, XA
vCUDA library X JIIZR¥ A 520, Bl CUDA 5177
IR A BRI G RE Bk, 7E[R— /> GPU L[]
I AT AN YIZRAE S5, K H vCUDA J7 IR AL
RAEA R AE CUDA HRIEAEBRKRES, L EERE
K H vCUDA J7 0] LAk AT 4k 55 S5 A7 FH AN g 9
{1 [ IR} I ARAIE [R] — Bt GPU _EBEAT 22 4F 55 [ R 22 A

%, DL AERE (. \
¥
E% 20 15.14 15.38 7.57 7.92
EX- ) — —
£E HAYIZAT% BANATS5
E<
® Benchmark vCUDA
(a) Darknet-YOLOV3, #f54: COCO
E@ 500 310 311.2 163.5 135.5
<=0
%D b 0 | ——
2 E BIGAES RANGAT S
E<

m Benchmark = vCUDA

(b) TensorFlow-ResNet50, £#44:: ILSVRC 2012

30.18 30.12 13.72 13.81

[E———
BINGES

wn
o o

KNS5

Throughput
(image/s)

m Benchmark = vCUDA
(c) TensorFlow-BERT, i&%&% SQuADI.1
Bl 11 ARSIt b s

4.2 NUMA FEMMER

HYIER NUMA P9 55 58 J06 IR AR 55 SR A
L FRI MR, BT T S

SEESIAE IR

GPU: A100 40 GB;

CPU: Xeon Platinum 8268 @ 2.9 GHz, 2 Sockets,

Cores per socket: 24;

7% & %5: NFS.

SIS A AEUTR:

(1) 2R TensorFlow HEZEFIT ResNet50 1# ] ILSVRC
2012 4 4 347 3R, batch size=418, steps=500,
GPU 5 [f] NUMA node A4 [i] NUMA node ] CPU %
7€ FEAT I,

(2) &M PyTorch™ F1 Transformer™” f#i ] wmt14
en_de FEAER" #A4TIR, GPU 5 [F NUMA node
AN[F] NUMA node ] CPU 25 & #4714,

X H TensorFlow #H ResNet50 ﬁﬁﬁ ILSVRC 2012
$HR4E1E GPU 5[ NUMA node AI/S[ NUMA node
[ty CPU %5 4 M T WL %5 % 41 4, SR PyTorch
Al T,‘ranstrmér ffH wmtl4 en de HIHLEL GPU 5
i NUMA node FIA< Al NUMA node ff) CPU 455 4 4
AL R WL 5 PR,

* 4  {EILSVRC 2012 %4k _ER ] TensorFlow il
ResNet50 [J Throughput K45 5 (image/s)

CPU%H GPU%H=1 GPU%(H=2
TeFR il (benchmark) 860 1715
4, FINUMA A 455 861 1712
4, REINUMA RN 452 861 1710
8, FINUMA N4 5E 861 1714

#5 1£ wmtld en de FHE4E R PyTorch F1
Transformer [ Throughput JiRX4E R (image/s)

CPU%H GPU%(H-1.  GPU%H=2
JCPR# (benchmark) 11.16° 9.79/GPU
4, [FINUMA W48 & 1137 9.82/GPU

4, 7 FAINUMA &5 & 1136 9.81/GPU
9.88/GPU

18, AINUMA P 4552 11.38

M 4 F1E 5 v LLE R A AT CPU AR NUMA
f) GPUO A1 GPU1 # A7 MR, NUMA 455 78 ff H
GPU #EAZ WENL TN AA R, £ GPU i
Gt 9w = — 2 Jt, HIF) NUMA P GPU. CPU.
A7 T B A FH RO B 47, RIS CPU RN A7 B AN 22 1%
NUMA node 1 .
43 BUREZFEMFEMNMEEAE ST

B ot B4 B 2 A 0 5 R 1R SR P Vg /N ST 1)
W35, BIfE ] ILSVRC 2012 #5419 54 JPEG
#% R A ResNetS0 18R H3EAT I 25 M g AR, LA sk
USZERSS/ I

SIS R

GPU: A100 40 GB;
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PYIZRHEZE . 7Y PyTorch, ResNet50;

HAEEE: ILSVRC 2012 H#E4E (JPEG K 30);

it R4 Lustre;

P 2%: 100 Gb InfiniBand 4.

SR N2

(1) %M Horovod 7341 s - HE 4254, Py Torch 1
NG AT VI 2R, ResNetS0 {81 ILSVRC 2012 %4 5
BEAT I, batch_size=256, Il 2R G213 U7 2R HI M
26 W AR A 2 4 b 1) SO 7 SRR s R A AT
XFEE.

(2) K H PyTorch #EZEf DistributedDataParallel
(DDP)™* J5 AT I %, ResNet50 {3 ] ILSVRC 2012
B AT IR, batch size=256, I ZEE 5 BT

R 2% SRR o R 0 (0 S R R Aol

HEAT XL -

K H] Horovod fll ResNet50 i TLSVRC 2012 %t
A CE K S IO 3R 90 4 ST R G 7 A
W B AE R R AT I R R L 45 R A% 6 s, K
PyTorch ] DDP 11 ResNet501#i Jf] ILSVRC 2012 %4
AR Gr B AR L7 2R FH W 28 S Uik 3R 40 07 K
A BB AP GEAT I GRIX B 45 Bk 7 firs.

M 6 FIFR 7 Bdm T LLE HAET AP 8
& &1 | Horovod i&8 /& PyTorch-DDP J5 20tk AT )11 4k,
FOUN RO ¥ B L A T 0 286 S AT i R e 1
SAHRELS, I HAEL GPUAES FRIFRIE I &, B

FAT A RGP U TAEM 2. CPU Al GPU 2
T AR 5 DU AE 248 GPU 5 3 IR A T BR A,
(Rl b 2 sz Y 2580, BRI g B, 18] 12 FHE] 13 J@
7~ T AE L BRI GPU fd 150, A& 12(a)
FAEA 2 A GPU I ZRirgf e, 1 12(b) FE 13 il
H 8 /4~ GPU YIZRITE L. 7T LA H AT s A7 =0 R
HAEBRI FAME T GPU B R, {§73 GPU —H
b LA 3 HOE W I 2, £ PyTorch-DDP J5 2
TIC A, ﬁ‘ﬁﬁﬁﬂ%ﬁﬂ%ﬁﬁﬁ%éﬁﬁ’ﬂ RN
&% GPU ﬁﬂ%ﬁ*ﬁéﬁ’] S BARAS, WAl L2 7E & O
El*ﬂiﬁﬁrﬁﬁ—l:’gﬁjl:ﬁkﬁ oA 255
iKWL%%%ﬁ%ﬁﬁﬁ £ 20N I 4 L (4
E;’J?—JFI_JHT EIZRRUR.

S o I FH B 358 Hh A5 7 FH 500 4 18 2 S s T DA A
3 FH R R R A AR 4 b LB AT BB W R, 3R
PEE I ZRME BE RN SRR T S D IR K1 F 2.

F# 6 {F ILSVRC 2012 $#i4E K H Horovod Fl

ResNet50 FIIIR 45 F

GPU#%H HAE A R G S i 7 AR
2 3.20 s/iteration 2.30 s/iteration
8 3.05 s/iteration 1.87 s/iteration

# 7 7EILSVRC 2012 ##ls4_ERH PyTorch i) DDP 1
ResNet50 [¥1 45

GPUMH  BIHEMHTEME RS bk | W M

8 867.61 images/s b 2 1 017.96 images/s

5
\%
100 —‘ ‘ | 100 - T X N
80 }\ “ I 1 ““\ | 80 ﬂ / ‘P,“‘ 1\ LI
o fl1] l[ ! “\ D= [ |
40 | ‘ r\ l“ H“‘ H ‘ “‘ ‘H\‘ “\1“ 40 H‘ “ | ‘ “ [ [ | ‘\ f‘ “‘/.‘
23 H\ M\\ ‘H‘} \U \ H u w i \“H‘\ 20 “ | | il / | \ “/ ‘LH | “‘)’ | LJ
150 210 270 30 90 150 210 270
g B (a) i/ 2 4~ GPU Il
100 P T 100 “ “
80 | LT 80 | 1
th di UL B | | .
60 ‘ “ : ‘f | ,‘l I .I | 60 i ﬂ | {l
il 1 [ |
40 1l i It \ ﬂ' ‘\‘P" ' 40 ‘ ‘1 ‘ J\ I \
20 |l f :\} “‘ i ”\' 20 [ ‘ "\f I ]
0 \ \ ‘ fil JL\ W\ \l“"ﬂ ' 0 ﬂ 1811 UR I\"’ I
30 90 150 210 30 90 150 210

(b) f£/ 8 4~ GPU VIl

12 £ ILSVRC 2012 %44 |37 A Horovod-PyTorch #1 ResNet50 i) GPU FI % (YA GPU FIFH & (%), %ty 1] (s))
B B RS A R
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50
40
30
20

30 90 150 210
(a) BT RS

30 90 150 210 270 330 390
(b) 7 AR

K& 13 7E ILSVRC 2012 ¥#i4E F A8 Fi] PyTorch-DDP 1 ResNet50 i GPU I FHZ (il GPU FI 2 (%), 1% A 1] (s))

5 HRE

AICEEXTLE Kubernetes B2 4 b #1B IR B2 4 2] M H
FIT 388 B () — L ) 3, P ECHE . THEOT AR T — &5
AT EAN A, FE2E & bR st AT 1 I, Bk E
W H] TR RSCR . B B 4 A R SR A 1 B e

WA IR Hh T 11 26 00 10 28 B 85 R 1 R [

L 0 1 vCUDA B AR BRE AR Ui 2 3t T
g GPU 3522 353K, ¢ ELAIH UM ALk 5746
5540 NUMA 35 A0 8 B A0 B/ S0 HO B A
5 S B T 1A 72 5 5 e ) 0 5 0 L0
fes Tt

SE 3

1 Gu J, Song SB, Li Y, et al. GaiaGPU: Sharing GPUs in
container clouds. Proceedings of 2018 IEEE International
Conference on Parallel & Distributed Processing with
Applications, Ubiquitous Computing & Communications,
Big Data & Cloud Computing, Social Computing &
Networking, Sustainable Computing & Communications.
Melbourne: IEEE, 2018. 469-476. [doi: 10.1109/BDCloud.20
18.00077]
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Kubernetes-based scheduler framework. P}oceedings of 2018
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