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Padding Load:Load Reducing Cluster Resource Waste and Deep Learning Training Costs
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Abstract In recent years,large-scale models have achieved remarkable success in multiple domains such as bioinformatics,natural
language processing,and computer vision. However, these models often require substantial computational resources during the
training and inference stages, resulting in considerable computational costs. Additionally, computing clusters experience imba-
lances between supply and demand. manifesting as low resource utilization and difficulties in task scheduling. To address this
problem., the concept of Padding Load is introduced, which leverages idle computing resources for computational tasks. Resources
allocated to Padding LLoad can be preempted by other tasks at any time. However, they operate with a lower resource priority,
leading to relatively lower costs. PaddingTorch is a distributed deep learning training framework tailored for Padding Load. Utili-
zing data from the Alibaba PAI cluster,job scheduling is simulated on four GPUs, specifically during peak task-switching inter-
vals. PaddingTorch is employed to train a protein complex prediction model using the Padding LLoad approach. While the training
duration is 2. 8 times that of exclusive resource usage,there is an 84 % reduction in training costs and a 25. 8% increase in GPU
resource utilization during the periods when Padding Load is employed.

Keywords Deep learning.Distributed training. Resource utilization, Computing cluster, Programming framework
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Table 5 Performance of various frameworks in image classification
(s)
HE 4 i E B K & fE K
PaddingTorch 0.025 0.90
PyTorch Lightning 0.030 0.02

5.2 EHEBLE

BT R L B A AR AL 1ok B SEBR A PR SR R L o
#% Alibaba Platform for Artificial Intelligence (PAD 7E 2 4E 1)
WA~ A B B 3 6 500 4~ GPU(Z) 1 800 A HL#%) B
AI/ML T fE &, i E# 3 135 4~ VIooM32 8-
GPU 5 &, BIdE A 1080 4~ V100M32 GPU, M IE 5 Al 40, A
60 %6 B e 5 25 A K TF 1 h, 3 18 B8 Al 4 B A0 08 SR A A
PET& a3 (7], #4653 BE VR AFE B Y 45 N B I

10
—— CDF

2
= 08
2
<
2
S 06
a
o
2 04
=}
]
3
g o2 //‘—"/-
3
|8}

0

0 1000 2000 3000

Time interval/s

5 V100M32 GPU 95 IR i [l [l & CDF [
Fig. 5 CDF of idle time intervals of V1I00M32 GPU

Tja

rigat1

IR GO q UCHUE I 52 )RR A 55 BOA o el

6T 1. We;., 4 g, T 20 A SIS HA R

P 70 26 A A A A 1 4 R ] B O B B, B R
AR O K TR A A SR AT, A o R A B
RG>, EEE R A B A, S, KT 1800s
B 56, 32 3 M BRAE 0. 8, WK T 45 A5 3l AR 48 2% 9 B i) L 9%
PEBE A 7 5 BT 45 K 58 BLIR 9% (0 s (8] 0] Z2 0 A3

K6 VI00M32 GPU A7 1Rk £ 5 1Rk S A T e & Yy
CDF &, fEmAH BN A GPU AT ARk SN 1
B 125 RE B 20 % PR S AT B R B &) 3h, GPU A %
F /NI 1 2 PR B I S AT A o Sk 1 I B LT )
VLW AT GPU 3% 2 25 T /N i i 47 W) — 1Bk 09 31 5 T 1E
W, GPU RIS & A S WA Ttk far, X
15 B0 35 AR AR SCS TR I B A

10 10
08 08
o 06 . 08
[} [
© o © 04
02
0.2
0
0 50 100 0 10000 20000 30000
Job number Runtime

(a) CDF of GPU job number (b)CDF of runtime

Bl 6 V100M32 GPU M /El £ 5 $hAT i ] CDF [&
Fig. 6 CDF of job number and runtime of V100M32 GPU

# PATE b 135 4~ V100M32 GPU i fdi Fl 15 v %1 43
HELER A B O, IR GRS GPU FE 4 h P9 AY £k W 4 R 4K
Rl 9 4 R A5 AR ez 8] B N 24 | GPU K A ) 4k AR
RIS TR )AL F 25 RS . ARS8 TR Ul R SR 2
B 4 ANE L 7 RR T X GPU By TR A% o . i
S R - S e 1 7 Y e e A R R L 2 T 207

GPUO || ‘
|

0 2000 4000 6000 8000 10000 12000 14000
Time/s

Idle time Work time of gpu0 B Work time of gpul

mm Work time of gpu2 M Work time of gpu3

B 7 44 GPU Ry fdi B ol

Fig. 7 Usage of four GPUs
A 4 4 V100 GPU X Lk 4 4~ GPU By 1l $h A7
FEOLIEAT T E B E LA N R m I e Bl . Bk



78

Com puter Science IHEAMLELZE  Vol. 51,No. 9, Sep. 2024

AT Ry I AR SE AR AL B 7 i A IR B L AL
BE 284 B PALZE B GPU (/B i g0 AT 155 B 20 47 18 B, %% IR
25 PR B e 3l B 50 P A A B0 ok K 5l AR G B %) s 2k S
PE BT 1 PAT . BB B R S IR B FOR 8) .

BASTAET S — P V100 GPU, H b PaddingTorch
W A I AU ZRHE SR, IR Kl 7693 s,
TEZAEAL I &7 4 Bt GPU BRIRES I 2k BF Ky 2 745 s, BLB fifi
FH 2 R VR 0 I el R Ry SR R L T Y 2. 8 L B

P =2.8% Py 12

F /A~ GPU R Al F i 4 A8 0, wF DL A5 310 35 58 1 28 107 1Y
B R A AL /D

3 %61_4181475-GPU (13)

j=1gq=1

FEA 5 BRSO F U ZR B 2745 s, W IR LB
7 10980s « GPU, fdf F &L se PE & for J5 o 9E IR R B sl 2 7
26 %0 AR ILIE AT B B A T AR T R B
5 YI 2 T 5 DR T 5 B 8 I 18 1 1T 5 B 2 T
YIRHE R OIT BEAT R 2L . 25 R, i 8 Bim . S TR SR 4L 8
RELRACTR N SR R] . AUEE FA B 7 0 23 I 9 R A W] A Al
MR ERCRN T % T 2 MK & oh Bt K i 78, 08%,
A BRI R 4 S B A 7031 % ., RIS 1
52 L SRR R 4 M HL L 20 (8 B 4 AR 3 10 45 A e a) A BT
Wb, WAL, Padding Torch A] LA JF 45 $b 38 137 50 25 28 1k B9 %
PEBCRY E U A R R R A AL R el B
FE P A A RO R B E B R D T 26 4

o — IR
W AT - HH R
- YT
| FHERT
i H AT {
wth | |

[ 8  ON[E AT BE T AT 55 19 [l 28 (i F R R ED

Fig.8 Task synchronization at different parallelism levels

TR 2 d, V100 GPU W # 258 4US $ /h, 135
32GiB WA£5 8vCPU, M W) 4b #E 25 05 H 145 32GiB W1 5
8vCPU B CPU R M Z9H 0.5US$ /b, BB 3 58
2R A7 {58 Y ) S5 I I 51 9 R AR A S v 0 56 0 R A A 1 T 4
2, I R AT TS M A 09 B AR g A R o RN T Y
16% MR T 84X RN GRmiA . IR, 4 A~ TR st
R T 28 . TAEN B FFEA R 1s &, 5 ik
G AR AR PRI R B RE  1s. PAT SR T3 % 5
BFEI 292 1 884 s, B 78 M # far 5 By 470 41 HE BA B € /) F
0. 1% . ¥ TAE 055 2 58 H TF 8 4900 A 38 70 1k 48 Ao 4 %6
TR e S B0 A A0 IF 4 L B B IR BE Y GPU % R 9F W L IE
FFALSs . i 5w AR T I B N 1 R 4 9 IR R %O
PRI T 25.8%.

PyTorch Lightning AN i& ‘B AE M 1% 5t F 09Il ZrHE 22,
32 1 %), PyTorch Lightning 7N 32 35 75 Il 24 3o F2 vh Wi 28 55
B X FERAT PyTorch Lightning 45 7 223k 47 41 98 B2 i 40
EREITA IR AT . AR 7 b, T R IR S R B A

7. 3106 A AR AR B R T IR
6 MEXTIE

DAEFEH RN . S TR FER B A A T2 THE
TR EL A JHE R, Weng 0@ 1 fiff § GPU 3
LR TN E A S ) 0 5 22 B ) SR 4R GPU LA R
IR AT BE 58 B £ 4F 5. Hu 25048 1 — B vfis 5 4 IR
551l 4 (Quasi-Shortest-Service-First) 18 B J7 1 8 I /> £ #E 11
SR 5E BUAT IA] . Xiao 450 FE IR HE S8 1) o4 47 A0 3T 58
B TT g | T AT sh3S  BOUL L i R LS 9 B (Oppor-
tunistic Scheduling) & &5 S #E B¢ A % . Weng 5508 I %
Ji B BE R B# (Fragmentation Gradient Descent) XA 45 #E 47 3T
£, 0 GPU 5 38 K, #2855 GPU 4yl 2, Li %1005
A A B (Capacity Loaning) ¥ R 49 2 21 ik 55 4% F1 T 1)1
A, I8 B Al 50 1k B R LA FE 43 R A R B4 IR 55 4
IRERRCRTE 2 PSR (IR EEIR R S8 Sy 2N R Ll D
AL 29 R 25% ~50%,

Przybylski %17 #% 3+ T — 4~ 44 4 HPC-Whisk AJ FaaS
2 ] FaaS MERIA R m kR . 249 90 %6 19 FaaS 11 4% 7[
FEAE] Tmin P58 AL, 25 N B R BE Y AT BE S S A — A g 2 4
FaaS J8 F# VR, — & 9 BLAL A 0 ] DL [R] A 7 P58+ 3 240
BB, 50T 3 L, FaaS 673k $T i e Je L %6 R
FRAE., ERTAEBA % IE GPU I B0 A o, B H e
i ] FaaS 28R 471 2%, 38 50 1 2 £ m] LUK B 6 75 5K K AT
R ] 1 PR 2 2 ST I 5 f R ST B R G i S TR B R e

DIREHE . IRE I E (Colocation) F5 ¥ I %iE £ 5% AY 7F
2R A 5 508 B SE B SR S 1R 14 1 R VB A 3 T ] — SR R e,
T EARAE LA A IR AE 3R, B B 22 D 7E R AR M 43 IE 2o
VRO T R AR A R B K Y T SR R S BRI AN
JE o BRI R LA 1 B R 4 TC 45 B AR T A R X —
JELETTHE S ETE LA 5 B R AE ML A M E T 4. 7 SCiEk
L2109 AA 52% M 15k AR 45 5 B R 32 5% i, 15 % /9 46 i
QoS W KT 10% . i HE A L& B R ER R
BB I N2y 0. 1%,

GRIE  RSCEE THEFEE R — e R AR
SNAS B AN PAT I 3. BT Ay R AR B P A A R R
PRHEATVTE 7T LLBE B B o 5 B0 R e R 5 AR - H HEBA
Ff SESE I 0. 196 A2 A7, SBT3 T 3 30 4 A8 AT 104 I 25 A 48
PaddingTorch, 1ZMEZ2 I A7 fdH: A 308 15 21 . 0T A2 2 5 s Bt s
A SR W S IR SR AT 5. A 4 B GPU
BT PAT B HF e B0y 4 A~ GPU B i) Be b i 7Rl 34 2
L, ) FH 2 B B 1 22 PR B U R AT 2R 1 A2 A T A L
Rt 1] g fdt A 5 R PRI R R A 2. 8 A H AR R T
84 % M TR BE N B9 GPU WIR A RIEFH T 25.8%.

AL 15 T4 77 1 » Padding Torch i J1] 2 3 I 45 28 J7 ¥ 3
FT AT 1207 VA0 L B it 0 38 5 21 T B 38 i 738 15 TR
B AR ST L AE TR /D 3 (AL U P B
WESEPE %, 7€ GPU M HE T, AT e 74T
SEAZS R B GPU BER, Kok & A X IEAEZ TR SM
TR T i A7 R RO X BB GPU B IR 09 5 2R




#t

B85 SRR B < DR R T U UROR 9l 5 TR 2 > YN A B B 79

DL o AR St 70 T R MUASE f) A T b 6 A )ttt DR/ A 2
A /N AL b R A LS A R AT S R A P RE AT

[1]

[2]

[3]

(4]

(5]

(6]

7]

(8]

[9]

[10]

[11]

£ % X M

JUMPER J,EVANS R,PRITZEL A,et al. Highly accurate pro-
tein structure prediction with AlphaFold [ ]J]. Nature, 2021,
596(7873) :583-589.

BATEMAN A, MARTIN M J, ORCHARD S, et al. UniProt:
the Universal Protein Knowledgebase in 2023[]]. Nucleic Acids
Research,2023,51(D1) :D523-D531.

DISKIN M,BUKHTIYAROV A,RYABININ M.et al. Distri-
buted deep learning in open collaborations[ ] ]. Advances in Neu-
ral Information Processing Systems,2021,34:7879-7897.
WENG Q,YANG L,YU Y,et al. Beware of Fragmentation:
Scheduling GPU-Sharing Workloads with Fragmentation Gra-
dient Descent[ C]//2023 USENIX Annual Technical Conference
(USENIX ATC 23).2023.

WENG Q.XIAO W.YU Y.,et al. MLaaS in the wild: Workload
analysis and scheduling in Large-Scale heterogeneous GPU clus-
ters[ C]//19th USENIX Symposium on Networked Systems De-
sign and Implementation ( NSDI 22). USENIX Association,
2022:945-960.

JIA Z.MAGGIONI M,STAIGER B,et the
NVIDIA volta GPU architecture via microbenchmarking[ ] J.
arXiv:1804. 06826,2018.

NVIDIA[EB/OL]. [2023-06-29]. https://developer. download.
nvidia. com/compute/ DCGM/docs/nvidia-smi-367. 38. pdf.
YEUNG G,BOROWIEC D,FRIDAY A.et al. Towards GPU

al. Dissecting

utilization prediction for cloud deep learning[ C]// Proceedings of
the 12th USENIX Conference on Hot Topics in Cloud Compu-
ting. 2020:6-6.

HU Q,SUN P,YAN S,et al. Characterization and prediction of
deep learning workloads in large-scale gpu datacenters[ C] //
Proceedings of the International Conference for High Perfor-
mance Computing, Networking, Storage and Analysis. 2021
1-15.

LI J, XU H,ZHU Y,.et al. Lyra: Elastic scheduling for deep
learning clusters[ C]// Proceedings of the Eighteenth European
Conference on Computer Systems. 2023:835-850.

XIAO W,REN S,LI Y.et al. AntMan: Dynamic Scaling on GPU
Clusters for Deep Learning[ C]// OSDI. 2020:533-548.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Amazon Web Service (AWS)- Cloud Computing Services[ EB/
OL].[2023-04-15]. https://aws. amazon, com/.

Alibaba Cloud[ EB/OL]. [ 2023-04-15]. https://www. alibaba-
cloud. com/.

Tencent Cloud[ EB/OL]. [2023-04-15]. https://cloud. tencent.
com/.

SERGEEV A,DEL BALSO M. Horovod:fast and easy distribu-
ted deep learning in TensorFlow[J]. arXiv:1802. 05799.2018.
PyTorch Lightning[ EB/OL]. [2023-04-15]. https://lightning.
ai/docs/pytorch/latest/.

PRZYBYLSKI B,PAWLIK M, UK P,et al. Using unused: non-
invasive dynamic FaaS infrastructure with HPC-whisk[ C] //
SC22: International Conference for High Performance Compu-
ting » Networking , Storage and Analysis. IEEE.2022.1-15.
GOYAL P,DOLLAR P,GIRSHICK R B, et al. Accurate, Large
Minibatch SGD; Training ImageNet in 1 Hour[]J]. arXiv:1706.
02677,2017.

Alibaba Cluster Trace Program [EB/OLJ. [2023-04-15]. ht-
tps://github. com/alibaba/clusterdata.

WANG K J,JIA T,LI Y. State-of-the-art Survey of Scheduling
and Resource Management Technology for Colocation Jobs[ ]].
Journal of Software,2020,31(10):3100-3119.

ROMERO F,DELIMITROU C. Mage: Online and interference-
aware scheduling for multi-scale heterogeneous systems[ C] /
Proceedings of the 27th International Conference on Parallel Ar-

chitectures and Compilation Techniques. 2018:1-13.

DU Yu,born in 2001, postgraduate. Her
main research interests include distribu-
ted systems and deep learning frame-

works.

YU Zishu, born in 1996, Ph. D candi-

date. His main research interests in-
clude distributed systems and runtime

management,

GUL%i T80



