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Abstract: In recent years, research achievements in deep learning have found widespread applications globally. To enhance the training
efficiency of large-scale deep learning models, industry practices often involve constructing GPU clusters and configuring efficient task
schedulers. However, deep learning training tasks exhibit complex performance characteristics such as performance heterogeneity and
placement topological sensitivity. Scheduling without considering performance can lead to issues such as low resource utilization and poor
training efficiency. In response to this challenge, a great number of schedulers of deep learning training tasks based on performance
modeling have emerged. These schedulers, by constructing accurate performance models, delve into the intricate performance
characteristics of tasks. Based on this understanding, they design more optimized scheduling algorithms, thereby forming more efficient
scheduling solutions. This study begins with a modeling design perspective, providing a categorized review of the performance modeling
methods employed by current schedulers. Subsequently, based on the optimized scheduling approaches from performance modeling by

schedulers, a systematic analysis of existing task scheduling efforts is presented. Finally, this study outlines prospective research directions
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for performance modeling and scheduling in the future.

Key words: deep learning training; performance modeling; task scheduling

TR 2 1 R AE N A 20 10 248 B0, S B 1A TR HE VI R0 b P 3 ) BTV BR, FLAE IR 22 G 07 U,
FEER P R B R R AR T e DV 2 U T2 I SR PR TR BE 2 T B R AE
SRIRY, S T AL F MR A KR, JRH GPU %5 M R I B UEAT I A7 152, XA 43 GPU £ HE 7 vkl
TR PEE 27 51 N T B A% JE R BB, AR 1, GPU A3 N B 38 K e M TH SR BRI, O 5 RO 22 AL B TR 2 27 ST ARAE 55,
PRI, o] 5 BEARRIAE 55 5 B, DASRTHINZRACER S BEIRAIF 3R, sy b F A A F 3t [ i (K46 .

5 EEAE N —Fi e 2 e B R AR5 5 R R TR SIREAT AL UL RS A BOR, X T 3R THIIN R I B
MM REAREEAER. STk, 2 TR R AR 2] 1T 2 RTE, El I @R AR S5 Ve R, DyiR
FERFARMPEAT S SR, AT G ALK LI B2 48 v (] (0 1 RE R A5 R B D5 AT R ME 4R, DA BIRIT AL 1
B L RE AT KR, LR B T i an el A I B e A LS T R E AR

S O SRIE AR R A v P R T S b (AR 5 VR AR A B 5 R HEAT T BRI A8 e TR 78 40 5 IR
NG IEAPAT 5 TS TR RERS VL, DRI LA EL RN . 738k, B 70 SRR TR AR IR 2 SRR 55 1)
A R 2 R B IR B B B B AR TE S35 2 S, A S OV S A, DU S SRR e S KRS E
S ITER. B — S TAERIE T AR S MR SRR AL 7, X 5 ASOGTE I SRR AR AL A A T AN T B
IR B LR TAERFURE S I YN GMT S5 A BERAT 7 45 151, (0 L AR A 8 H ARtk AT 4328, T A SO 36 B4R
AT 12 B S SRR T AR,

ATCE 1 A QAR LR, I WTER P22 ST N ZRRp Ik, R AT 55 1 M F Mk e e b AT LA 77 5K, A
AL RE AL S T PR, 5 2 TR BUNE VI GO S5 RE R TTIEHEAT T 70 380 WT. 58 3 T AR 4 A1)
P e Tl AR A0 P A FEE 0 SRS, o 25 R BE D7 VAT 1 RGERI 73 RANTH 8. 56 4 50 ARSRIIBIE JTT7 [ #EAT T R 2.
55 TR AT A

1 BR5HK

1.1 ETHEEEENESAERIE

B BIR 73 TR AR IR T S S I AT 55 R B 0 AR IRAR. F P R38R 2= SIS AT 55 05, 1 e At
He o iiiis AR T AR IR B 2 ST ST 5, N MES E N PRI AL, MR A TR i B ME ST R
BIRACE FRMEREFe bR, P BRI E vl 24 GPU KA, GPU (&, GPU @ CPU ZEL. WAFK/NEE.
ASLTHEMMEREFE bR R A 3 28, AR TS HATHE . Bk FNSRCER, HA &k 245 57 i (8] P9 Il ZRas AR iR El.
RACAE S50
ek g R T
oA 54 4 BERCR
tRALHCE A

A

IR A AR FESTEREERE > ARSI RS IAT

—
FIE AT IR [ M SR
BT T RE L AT 45 R R R
145 MERE R VT, 330 NAT 5 TR BB B 3 B8 (AR S A AR AR ) P R H 0 20 AT 45 5 BHIR A AR AL DT T
LS. AEIX— W B, A RE B2 78 43R F A il R AR B SR B4 45 P R AR AR, s AR () 8 B AR A S, e b o v
BRTIR B ELVE, TR MT 25 1 S R R BRI & AR ST 45 4 PRl AL e, G RIS HEr . itk
FAVEERE . DL SRR 2O LA S A T E PR .l B P I e S, AT DA SITEI BN R A AR A B, i B SR T
S PAT R MAERER 2.
1.2 REZFE NG
55K B A MR RE T AT 55 MR L, TR FE 2 ST GRAT 55 LA HOMURR (R, 75 R AT 25k B AR 9 B v 5 1



R F R TR AR RS DI HIE 5L 5L 3

BRI I AR AL X SRR TR 4 A AT R P S SR PR R . Horh, AR B AT R AR S R IR AR, T4
55 GEEAE TR E AR LT 3 36 AR S VR A M . AR S5 SRR B L A 55 0B S0 MU . Rp 1k ) B AR e
TR

o (155 A IR ARE PO TR BE 2 ST R R IR — AN R AR . AR B 5 . AR AR S — it
X (bateh) FINGREHE, T 5 EBONIE TE, PRI 2 I H 00 1) J AR AR . X — M SR IR FE 2 SN AT S5 P e A
YRRV Rl PO R R B 2 S IR IR AN AR R A AT M R @A, SR LA ™ AN SR AR [, REE %t
TRAC B AR, AT Fnt 2t BAA TR e v, DRk, 8 B R T /R 4H 0T 55 M Re A B B I ) AR AL

o (L5 PERE A PE Y, PR BE 2 ST GRAE AR (A 3R B B B MR A e, B FASRIARBR GPU 7EZR 4
o, oOHE PAEZ R, WIZRI il RE 2 P AR B TR O MR B 22 3= LR, R AT 25 1 1 RE N 338 LU AP 7E B3
ZEoe. BT GPU, CPU. P55 oA TSt 25 5 i 54 FlAL 2 S5 A 00 52, AT o P e 7 A — S .

o (155 i 3 Bk 21, VR BB 2 STV G AT 45 ZE 384T JA 1) WY LA 388 Pt 4 5 90 0 T 0 DA AT 55 B 2 0. S8 2504
FEAT, VRIS STUN 5 AT R F 2 e GPU BEAT 40 A SRV S5, FFARHE 75 SE M % GPU A B0 & 2(a) Tom, 1E
EHPERSE T, AR5 2 TREHGAr IR MRS T, 4555 1 AT LUs s stk sk 5208 5 D, fE4E 55 2 s
SERPIEAT. B 2(0)" R T ResNet1 8P IEAR A GPU 43 Fit i Al batch size R HIEIEZR. ATLLE H, Bi# GPU &M
N, N SR RE e bR, (R 7 i 2R S IR BN 5%, I L BRALSL. AN [F] batch size FH IR FH ZA R, AT
SN TERE. DRIIEL, 2 7 V2% i AR A 55 i BE AR AR B A B U R Y R M A T %2 batch size 15 GPU #( &, LLR
SRR BRI SR80

Lo L 1.0 |~ Batchsize: 512 m
B[R PR " | -m- Batch size: 2 048 -
f£4%5 1 ¥ 08t
,,,,,,,,,,,,,,,,,,,,,,,,, —|I:—L] /.’
§ 0.6 + /'/
Lol A
/”
02
I 7] — : * * * *
12 4 6 8 12 16
GPU %
(a) FRIEHEE 7R (b) ResNet1 8/~ [A]GPUK [ 5 — L it R

K2 ARG PERRE T

o (T55 T80 B SR FMBURC: Y. TR [ (0T 55 50 B A 2 0o A 8 7 A R, BE T SR Rk RS I 3(a) TR,
FAMURCE S S50 1 4T 55 100 B0 19X 286 300025 28030 BRI, T 235 TS0 T U S a0 4 0 o) Tl R 2R BT 280 GPU TRl 7 X
Z ¥, U3 NVLink. PCle x16. PCle M. QPI BZREUM %%, ‘EAT 7 95 2 AR, Bl an s 3 48 NVLink 7 58 7]
% 600 GB/s™*, 1Ml 3 X 45 41 AU 1 GB/s. [N, IR0 2 X6 38 45 4 T8 (0 7 SR 5. i 3(0) PR,
ResNet50PY7E# PCle x16. PCle L. QPI MR S KM AE ZEERN, T VGG16P M I & /) 25,
I, VGG16 X T8CE #hAMBUBME BE . il ik P 26 347 I8 (5 8], VGG 16 5 ResNet50 #5427 tH 48 i I MR RE 7 K.

1.3 S AR WAF AR ER AR SR

P B8 AR LR PR R AL B O B AR . 55500 1 R TC B N P R 5 v A b, L 2% 1 R IR R 0 R B
VEBRIE TUINAT 55 40T S5 (R 1 RE, MTATA 10 1 b v TH R B AR AL S . Bk, vl tRAGATE S HEF . b & 4h
N PR o BRI Ak b 3 2 ) S, 5 AR TR SR AR LAARARAT 5 HE 5 A, $43F e ) PR 44 s g Ao
SR BRAT 551 B PR R

SEIG KM T Tiresias® 42 H1 ) SRSF (shortest-remaining-service-first) 5 77, Hl b HFR R IR S AT S5 K
B LTI e BT R R 55 i) 1) S A0 AT 55 0T, B TRk G A SK REL2E, AT INIEAT 55 52 . A T TR iR 5%



BF I, Wb T 92 5 R S5 PAT IS (8], Rk, S350 AT 45 AT BT (7] ] g it 14k e A R4 21, FEXT bE T @A ~F
AHXTiRZ (mean relative error, MRE) SN 0. 10%-. 25%- 50% 1 75% B FIAS R A FE G 0. RIS, St 5 1 A8 0 8%
BB /D IRAF RS 5 (LAS)P™R B 75 134T 1 % L.

1 PCle x16 =3 PCle F#ff =3 QPI &4k == W%
FABUBCE HEINE 1.0 F— —

RRAK e S
PR \ ( ) ﬁ 0.8 | T
1 L J 2 = |
SEY LA ®
P % Jn 04 +
| 2 o
T2 ( 77777777 ] ‘ /:/// 02 F
VGG16 ResNet50
(o) BN (6) VGG16, ResNetS0 7R B 1 — L 7t

B3 AR CE S I U

SLEHIE R B PN GPU &8 — ANk BT B EE4ER GPU &£ PAI® (5 6742 Bt GPU), #7421
BT 2 AN AR AR AR A R GPU EBE T (14 2490 B GPU), tHEFSEIREE T 2 AN H MSs (7K
>N Philly 25 4E). X Bl 440 25 1 A8 100000 AT 76508 AbEE B B, WA 46 h S BUE SRR 55
10000 MEZS, HALRK BN TS IR MPATI R 5, £ — NS 64 NN GPU 1 AR, IR IR ER 4L
0 AR 4R AT e 1] SRR B4R 45 O R BE RS 0. SR 36 SR P 3 AE 45- 58 ) 18] (TCT ) 1R R FE PR REFRAR, 28RN
ARG SRR . S RN 4 FiR, H, 0. 10%. 25%. 50% Fll 75% J& 24 MRE % B i BifE I (3=
I, LAS DI R e /0 3R AF R 25 A S 1500 T IR . A A K AT I A] 15 S BRI DL IR ZE7E 10% LA, i B2 250 R B
BARTHARE R, iR 2T 25% B, R RUCR B3 TR, se &AM M RE AR I FE 5 R B 22 . X B
W7 b 2% B, R VP RE B AN TR AT S HE P AR A R B AR S e

1 PAI
| =] Philly —

1.6
1.5
1.4
1.3
1.2

mmmﬂﬂ(@.

0% 10%  25% 50% 75% LAS
MRE MRE MRE MRE MRE

ENGI TS e
4 REEE BB JCT 50

st v, Tiresias' 7 1208 1 BT 55 PAT IR 1R) & BT 55 0 26 4, 5 1R ARG JE IR (K 11 FE D7 A B, 2
FARFHNZRBCR. FOAR IR B 52T R FE 14 e AR B AR A AR SRS SR AT R AR AL, 28 3 R4 B IX
L5 v A0 4] 1) A R R AR AT A
14 Bt A&

AR BAERNFINT I GE RS T FE T TG Bk, 2R 1R, 1t R AR (1A% O ) RBUAE T e A5 HE R IR
PR S AT 55 PR A f 0% 2%, T O P32 0 95 B AR R A 55 5 W U ) 0 g DAL DPC T i L. 3 19 2 3 [ DRy ) T KOG B
FARAT S AN TR, SR, X P K L3 35 R It A5 1) 22 1k, AT Mk R R ASE 5 8 2 5 R T 18 2 Bk, B R IAE
PAR JUANJT L

A4k JCT 5




AR S R TR ARG R A T I RIES R G R 5

o (T 2Rk, IR I NGAT S MR R E L. MMES WA E, TR 25 IR SO 2 P 2 BB Y
WS F RS IE TR, B BB R 57 B A8 BOR 28 5. W1 Be i 2 2 I AW A mT i A & LA
ITERENE T, T E 4% BERT-large™ M4 ik 18758 M A B R EIX R INE T, B 758 & HEEE WK

JHFEIE ZRERR R, IX Al 2 REVEAE 1S PR AR B LA SE —1b . ARdEAL. MAESSAMA R, 55 AT 6] 5 B IR &R

[EIRE B A BRI 2R, B0, 76 Philly " BE s, 5 4 Bt Bl E GPU ESHUN 5 11.09%, (B HBATR Al S
L2 =L 36.6%. b4, BEE P AT 55 (<30 min) & 55.98%, KAT5% (312 h) & 8.85%, HEH D EAT BT —K.
WA 75 I K 5 B IR 5 oR 22 S K PR 55 ) S TSP 48 1 3 LA Pkl

o HURMCHE ZFEME. WIsE 1.2 RS MR AU E . (TS BRI B M (T 55 8 MU AT IR, AR 1Y) 54 %
P RS DL ROCE AR P X RE R AR R . X SRR R B 12 A T REMEAR 2. T R AR, W AR T AR
RV AL BE 7 DL B A0 e vz ) B RS B — M. X TR &, X —Bhis T i — B4k N LR 3 N .

(1) FAISERIE ZREE. W T TERE A PERTIA, R SR GPU Xt T A 145 45 56 45 R, (B AR 55 1 A4
T LA AR 22 57 AT A A5k b T A0 4 TS S ) 50 B A [ e P SR A R R, A st K 4 JR0 AR U 40 R S — T U2 )
Bk

(2) Btk BB I B 2 R AT S PR B M T i, VR B 2 ST NS AT 55 A B B0 3 0 AT 45 R U (W0 GPU %4
) AN SHELE (W0 batch sizes %] 5) IAMEAR (b, X LB E &2, W 7 EE SR ni &), $2
i T VR

(3) B A ZREVE. W0AT 55 R 0 PMBUBE BT IR, BT 45 TR G B 5 2 8RR A AR, R [ (K808 40 Pt 2
T R 3 {5 T RE (R R AT 45 M RE. [RIEE, A 55 18] A0 T4 2 b — 25 0 ) 0 e PO AN o 12 ] o L 9 e
AFEHES BT S BAA, IR L REME R 25 (10 PCle. F4R4%) 18] - SR B0 s B A2 TR T 1) S — Kbk,

2 EEMREEE
2.1 FEmHER

AR R L 27 ST AR 55 (I VE REE BT L HEAT RS 21, WlET 5 Flow, IREETHEF Aoy 9 4 K26 (1) & T
ST #7595 (2) FTAES B BT % (3) TSRS TTE; (4) BT TS H T 5%

(o R4 7045 Bk -
pe S mlEL )
58
e
v R 45
AutoML Pl
2]

{iS vz
B |
A @3 . fieit)

i S P
r_ i ez
LTS AL T i ,
FFRBUE bl FTE (2 ||
3\ TR
), e wmmms 2
U LR T =

SERFHIHTIE

E AlzZ
— —» B8 sbimm |

= YRR
K5 AR PERE AR T vk o iR Y
MR T8 F 8 B R E, FE TSl AT B 77 v 7 B SE bR Is AT AT 45 DABEAT B SR mT et Gt 2 7 AR B ) R
P SRSB4, 1o FoAd 7 v ) 8 AR a5 285, v DLE R T 4515 B3 T @R, Mg @ % 515

il




6 A T

SRLEE, X EARTT A I 7 i m] At — 2 4090 O 3 96 TR S5 o5 Bk TR S ik T4l
GHETITE b, B TE S IOE B I UNEA NS EAR S I Z R AE ST A, 2 TR R S K T A AT
S5 B A RAE ., T2 T AT A 5 I 7R U 5 B e L L R S 5 R

MAERERE R KA T R, SR IE L E2ER A 1 36 B A, o it S S5 SR 55 o fa B s
125 0 2 T i Xl () RE e B R I R i 7 AT R BT T S DT R DA PSR
AP EH.

BTOR, B VEAI A 4K 4 KO P I, AR R SRR R, R R 1) JR s i Pk BE A 5 V26 o P AR R SRR,
“Or AT MR PR IR L TTVERE T3 SRS AT SR GRAE 55 B PR RE R, R BB AR5 R 7m 1207 1 3R B T e 15
. AR 55 A A 5] 4 P 7 S 6 36 U L S AR RN i S A R SR R . ROR B ] B s 127 iR R P R,
TR Z SR MRE R 2.
2.2 ETLMEIREIEE

F R 1 RA AR I B T ST AR 55 MR RE T i, IR SRTT VAR LL R R (1) I i B 2 AT 55
S R K, L — N S EAE S PR AR Y (2) FEAs ERAT 55/ — Fh ol 22 B SE B A Eia 4T 2 0%
AR, PASCERRR SE FIB AT I RHE; (3) FHT S AR IS AT I AR AE LA 72 S48, AT AT B BF X IZAE 55 10 R AL IR EA R,

R FETSEEIT A5 VERE AT i
IEBEHERR

w s I 155 AR e
VIR PATI ) 705 BSIIeR
Chronus™”
%ira[z:] SRR — v - - 14FCNN. RNN## AT )R 2R (£95%)
ox

Cynthia®"  Z3#frisy S \ — ResNet32%, VGG-1929 Fk IR ER (21.6%6.3%)

Synergy®? AMprAEE — — N — ResNet18*" FrikFARZER (Z13%)

Optimus™!  [a] G488 < N — ~ InceptionBNPY, Seq2Seq 5 Rii T it SRR 2 — % (£19%)
Shockwavel™ [+ ~ ~ — Accordion®™, SimiGrad™ AT I 1A] 5% 22 (i 7 (£913%)
Daydream® fjjEiss — ~ — AMP™ FusedAdam™! B FRAR AR (£12.8%)

Proteus™ (i ELEER 4 - v - 9FICNN, RNNHiH FE AR IR (H14.3%)

T SR AT ) 75 1 R AT 55 2 FEE IR R TR 7 . TOX RS W B 2 2 FEIAE 5%, rrids it it 49—
Ji SRR G AT 55 M REAE S (RIS AT BT ASRAE, AT VB BRAT 25 7E 4540 2 T 1 22 53 1k, 6 RCHAR pax — k. S pT ik
RURE % g, Il & AR L ) FURCRY DU R T 0 1) 43 A AR, AR S E A7 I R X A 55 1 P e idk A7 22
B EETERENEWT.

— L6 AR I 7 A A 55 SE AT I RHAE S5 PR R I OQ &R, BT T A 7 B A A gk A7 i, Horh — 8 TAE
) FH R 2 25 D W5 9 J 3 AR M JEA T 13 20 ) S U A, 41 Chronus™”\ Hydra™” J2 Allox"'% 5 7. AT MBI AT
S5 BRIBAT AR C RN n, SR8 I S5 2 UGEAR, SRIBGEARRI PSS 18] 7, , AT TS B 28 IR T I 1) n x 7
SR, I L] B S 5 VTR R, AR RO Al Ze . KE T BIR S IR L E F R 2 M s N T Xt
I3 A7 N ZRIR A 2 FF, Cynthia® %t % PS 224, %t BSP (bulk synchronous parallel) 5 ASP (asynchronous parallel) (1)
A3 AT N ZREAR [R5 5 AT T VRN Z 0, 5 a0 i TS, R, 815 & DR R IR 4 Bl &=
R HTAS A, 3 Bk S e A TR 2 MR AR 5 2 0 A1 2L B P R T KR S A TC B UL, Synergy I SGTE T
AT BRSO % TAEME2 3, 24 GPU KEUAARRS, CPU 5 GPU 14 Bt LU A5 5 Il 25 14 R 2 1814778 ] Tl (2%
b, AT SE /> A F CPU/GPU 43 e b A7) T FA P 8 BRI AT DRIg 2 B AR IS Gl P RE, k2 7 Sl F 4. e
TR 23 A A 2 R 6 v 1 S T A S S (A0 PS BR49) BUVERE BB, SRT, HH TN 5 3 AR E SRR A L R,
YR AEARET, XA TR S N LE A G, G TR E.



R F R TR AR RS DI HIE 5L 5L 7

S AR S Vi (R VAR, SR FE S BT A 2 3 7 AT R 510 Optimus™ R4 K i Sl A
Yt 28 N v [ R, B S5 70 28 1 B Bl i ST 5 5 RS SICIR S LA R A AR B S 40, AT A i 8k
2. Shockwave %1% batch size F 4 134T 55 HEAT VE B AR, % 7 JORHAT 2536 FE H Y batch size ZEALAL A%
75, H-454 batch size FHIEIALEIE (Accordion” . SimiGrad™™) A4 &R, A8 DU Rl A LR, FE 2% Lz
AT B B4R 252 S0 R B N 36 [ VAR, DT 0 5 U0 AT 55 PAAT T [ 3 e B T [l A A8 Y 1) v T S At
ZARAR, A AT IRAF T () BV OR, R S T B K.

B4y TAF 8 A AT R 5 T 8. 64, Daydream®7 S I ZERALHLE] (i AMPHY, S1Rb & M) %t
PERERI S, B R S 2 A% B8 BG5 AT 1B CUPTI #2537 CPU. GPU. MI4%3E 15 i BRI 2 2 BTk A, FEi@ it
AL B 05 B AT, EERLAL G B 2. Proteus™ &1 %40 A6 2 Il 2k 50 5 2% JEAT IR RN, HE57 T4 A
“Strategy Tree” N 4514, BEAS Gt — BRI ZRIT (1) 341 2O AS PR3 2 0], @S — A0 BRI B ¥ 07 AT 2%
(hierarchical topo-aware executor). i I S AT B2 FFANE S EUGE, M E 5B G 3T 07 B R BT Ak 2, B
T05 FLPAT B 5 AL A B O T B 3, a2 B T IX 2 T 9 LS SR B R AT 6 A R A AT 4 3L, S
I ST PAT AR, 59 AUNAE T J0 v RO A BE IR 12240, 24 GPU AS[RIE, D5 250 3 i Sl DUIRBOGHT 07 % 2 J5
AT R,

SR STIFIHTVE B B I M T W AT 55 2 PR MR B AR, (H7E RN B2 R C B 2 R PE B R I R IR 22 3 A2 BRI Dl S
R R M REHAE TIETEA R SR E FHHMTIEB Rz AL, SBOX 75T IR 2 M SR E T /0 AT S5, M
T 7= AR L T4, U B R A5 PR S Ay e 75 255 PR S B R e 75 R S 42 52 X R A T 4.

23 ETRESTEENEE

R2FNHE T — TS S B R A XU AHERETEENIUER, WEM LR, BSH0EE
(batch size. %% HAE), FIRHTEE/ATCE . HUE IR A RAT S FRASIT [ 58, (H AR IR AR FTAEY (1) 9 3405 . i
ZET7 I R IR AN B, JFIEAE DL R (1) B 58, BER KR EAR S HAT D7 S8, 1R IUE % 70(E BAEARHIE;
(2) B )5, I SRR AE B0 RN 2R SR (3) die i, P P28 2 B B SR ICHC At A 55 1) M BB ASE Y.

F 2 EETESHIUE BTSRRIk

‘ o . R bR . N

B2 JEy T Bkl A I ST Gt o 1E 55154 HES
MLaaS™ 3} J N - N PAI' 400000+1F55  PUTIN[Ai%2 B (£18.9%)
Helios™  4%2&[m 9 M J V — - Helios™ 15875+/1%5 AT IN 1A% 2% e (£110.8%)
Harmony™ 3842 > +MLP N N N — Seq2Seq™, CTC™  FibhZiRz—ik (£19.8%)
GENIE™ [n] =1 o 5 N N N - 6FFCNN. RNNBIR AT A2 2 i (4112%)

B TFAT 5 J005 B 10 77 AE RO BE IR T B 2 R M Bk R 7 T 2 It . THIXT 22 REAL I R RC B, 1X 877 VA e gl
I S R A R R IR B N A SRR, 3 20 I 25t 3@ S P 58 R A SR sh AR A ELAA SR i, B AT IR 4 2K [l
VAR AL Bk 2 IR A | AR A SRR B T AT 0 R 05 B R S IR B AR N R AT I, N
T AE AR AR B 08 R 0 PP T AR R T e

15 BARs Be Hp, — 2877 i A) R FHAT 55558 BB 7 U 05 2 AT . I B 7 04 o) K HIUAR GPU 43t
FFRIE T, AR 55 6 5 U 9. 4510 a0, ML aaS'/ 5 F- i HLELER ) PAT K USSR (6742 > GPU), FI AT 45 #2225 1] f)
JEHE 5 I S, AT S ARSI A B SR DL P 2 4L RV R AE, T3 T CARTY 4328 [l A B 14
BL2% 2 SRR S S A AE 5 AT I 1143 L. 258U, Helios'™ %7 T-%F SenseTime ) 6416 $ GPU &7 FI4E%
BEATYERE R, Helios 25 BT 1 (R 4AE A 404, RIFIEACHT MAEH . B A g e fUnd 7 AT R B A, 45
ARETRE. ERINEHA TS S, BT T GBDT AL 2 ST SR H AT 55 A AT 1R). DA_E 3 T 55 40
TR A i B TR A K B ) B SEAT 45 R L A b s B0 IE, BE % A o T B RO SR 1T bl TN 3 AR R R AR
SRR IA) AT Wik 1, K A RS RS o0 R i S A AT TN, 365 P S R A



8 BB oo e b g e

HUBCZ . o1/ BLBSETE) L 25 A0 P 75 AL, DR B RIS B T 5 9 WAL 25 V2 R A8 PG
PR 75 K. Harmony“VEFAY PS 14 R 4020 E 45 2 19 D591, 26 T30 7 ) A B Wiy v i i o 2
L2 AT BLBUE, 46 (155 005 5055 B BOR L LS 17 AUBOR (49765 B AL, #5750 35 1y B F 47
T TS SR 55 HCEL 0 0 R M, ML A 1T SRR, T 751 s, U
7L A . 15 A0 7 ], GENIEM 6 R IFLCEL 6 M8 (2 T A0 2000 BT, 1534 20 5 W 65
51 5 A R A TR, B 4 B0 PR S 1V R, SR K RS 25 O ML, AT
GPU i i it i 0 8 70 8, K20 2R, AT 2 E A B 5 1 7 A, DA BB R eing
VR 75 R PO AT R, AT ot T 50D\ AL A MR 3 DA £ 93 BB 2 7 800, BT R
X REHIESITAL T 435,

TR H T R YV VR B % R A7 (AR 39, (IS M3 AL SR S A E, I 5% LA
S STHU 03 0. 50 S SAETITA A JLL T UL RO 2 R, IRUMC ARSI 55 2 FE BB 1702 A
24 ETHEEGONSE

43 R TR U S 0 FE 5 L RERRBET V5. VRIS ST HUUSE AR A2 h BRI 3R 1 5
R F 7 I3 A PR e SRR, I L R S KR ST U e,

®3OT U RS MRS TR T %
R R

: 3 I S EEE 3
R AR A IS ST Fr O FE55 4R e
Horus™ . CHR[49] XGBoost — - S - 19Fh CNNAR 7Y i RARE = (2911.3%)
DNNAbacus®™  AutoMLP" — — N —  29FPDNNfE# TR E K (£7.1%)
DNNPerf"™ GCN — — N —  SFRCNN#RY Tt AR E T (£912.8%)
Drple™  GoN Y N ompnng o SVIRITIRE R G180

TER I T AU (FE BB I ZR I MR T.365)

NEHHAT 55 2 BEVE (B, P38 Ik TR N BRARAT 55 3 38 48 ARRAE, BEH 48— IARFAE SR BT 5%, S 3t 2 FEAL
T45 (R FH . S RSkt o8 IR B 22 R, AT JE 4 T REAS AL E AN [ B R B 2 1) AR RS G L g 77, SR TH 0 2 R
R B A3 . R R G R ) TR LA B o o T R 2Bk . 3 0 I R R FE BRI S . PR
I 447 25388 FH PR SR I B A, A5 280 AT 5 1 8 g v 4R EURFAE 388 S 7E THT T 22 R AT 45 i L7 VAN S@& L PR 1 00 THT
it VR B 2 BRI, 3% 2807 VR IR R EUTE A 2 1 R T AL AE BE. FLAAR R, 5 P 5 4 1 20 SR A
M4 SRR AutoMLE VAR AT G AE LS5k B AR, ELH5 4 R 5 T

— SR TSR N TR AE TAE, 54 AL 2 2% SRR g 7 v 34T 45, bb i, Horus!™ A Yeung 25 A M0}
GPU FE 5T 55 () ik S 0E AT 0. JX 8 0 00K T S5 B S5 MR I PR 4 SR BCA — i i, S B RUZHE . 2%
B RIGRE R, AR batch size 5. Fifi J5 8 Fl XGBoost YA LTI GPU ki iR FH R it 5,
HET TN A 2R T DNNAbacus 15t 7 6157 1 I 48 5 Mg AL B (network structural matrix) 2048 45 ¥ R % n it
B PR, % 50008 425 W KR TR 45 1 AR 25 180 B, 1% 5 VR AutoMLE [ S48 2 A3d OB 45 4, I SRS A
IR R 5 B R AORAL. DL RO A TR B TR T2, AT 1 5 B AR HE SR Y, i vE Ry
AR T A B B B AR B S WU B ST TR SR, T RE T 46 90 N S0 E TREEAT S35
itk HA BT A,

T — BRI 5 R 2 A FH B 22 X 4% (GNIN) BR300 T 55 PRIHEATHAAE SmAs R L. EL 2, DNNPerf™ ] FH B %81
FZ I 4 (GCN), 43 il FH 1 2R 20 5 5507 SR AT M0 10 5 0 oty 280 iy b, T 75 vk %6 1207 VRt 7 B i s oLl
(I A5 -T2 T 2, o) ST TR B A 3R A T AN AR $REE, AT B2 7o 7 R HE W FE . SR 17T, DNINPerf (19 BR i1l 76 T F A
SRR A — PR RS BT AL BE X B, Driple Y% pE BB B . B R AN 2 AR T R S B0 1
2, i B A IEAR RARRFAE &, R R 2% 2 0 7 VR A8 T S5 A5 R R PR I %% AR R Fh 2



R F R TR AR RS DI HIE 5L 5L 9

MIBHHACE. L BT GNN (U5 VEREBS A GNN B 5 i K58 RRALBE T, XPRHIEEAT H Zh3—HL, A R FRIRA
THAE TR B T AR &

SRS I 5 VEAE NAT 55 2 FEVE X BHRIC B 22 FEVE D SR A7 AE — S IR o5 5. (RIX 85 S8 A7
FE—E BBt 0 TAE 55 2R EPRAR, 21X JE K R H SR IEII, 3 T SR AR A AR AR SR UL R 2 i S B Ak,
T X S A A 7 A S 6 T BRI B 2 A PR PRk, BRI AT A% 27 50 T DAGRBREAE AN [R] B3 Y E B it e A v
B, (EZd A 5 A B (1 BRI B T SRR B, R A A2 e (M B R BT 4. AN, SO A A SR B2
VR AR B (FIARIEH L GPU S5 00), Rt AR SRR (D I, BT S B G50 B TR AR A AR L 3.
2.5 BETEAEFHGE

A JoR TRET WA T RS YRR T IE. X L8775 KRR 7 A0 LR AP ER: (1) R 2 ST
THSE B 7 il S wT 2H A BAIRE L AR 15 (2) MR 1 R AR A B 1k BE e, S S SR O BE AR TR, I i
BEAESS AR S 7 SRHCH ST VR RER b (3) s ML RS TR REAR A R &, DAIRIUE S5 AR T RE.

R4 FETAHGHE TS TEREER 4

BRI IR
% ERER qies T4 K4 %
5% s A BT Frl 1R 1R AR e
Habitat™ 43 iz - - N —  DCGANPEESFHONNBIE 75 5 1% 25 i 55 (£110.8%)
SEERPY  Jppri N - N - 10FHCNN Y T ZAR I i (£112.1%)
ETR———
PerfNet BER - J - SFHCNNET FEnL A (i (2013.1%)

PerfNetV2P®! i+ MLP

BT AT 7 0 )57 E E B TR TS5 2 FEMERR AR, 75 T X 2 B IAE 55 I, IX 0774 HUA A BR &
THIAE . B0t BT RAT @R, F XSS T RIS A, R A S FIE S54RI AR Mk BB, AT i e 22
FEMEBR S, X IR YREEREAE T, B ATIREE 2 B H B S 2R A BR 0. J8 X e F S AT 8
B, AT RIARE ] TR FEE S, B B B . AE BAR STt |-, IX 307 1T SR R 3 T R0 (0 3 WA 7, i
BT R B IR S 2 S BRI AT BB, A DUR .

— 4 TSR P T U ) 43 BT AR B BT (P B 810, Habitat™ Rk I — 265 176 M 420 GPU L 1#%
BRESEIANAE, HorE AR (kA A AL (KL, Habitat 1% S0 —2 GPU LTS &R, IHE T A F A PR GPU
Z IR & TSR (i AR . BAF ) R B Al GPU LB nk 3. SEERPOMBE IR T HBUH 7
IR, N GPU % bR BCAAT (19 A 12, WU Z 0T 46 BV T S AR AT VR o0 . AR g N\ BHls & e S 80N AS A,
SEER K&BH T 0 N H 2R RAFZIRAFFHRACT 3 Fh2RAY, I3 B X B 43 A5 Y, 57 AT
B E). DA SRR A3 T B 7 VR R TR R AT A . T IR MR AR AR 34, (B g i . Wi i, FRE
FRME . BB TR, St A FER A

53— TSR EL T B0HE SRS A S, B B TR B 2 S B R HEAT AR 11 PerfNet™ 5 PerfNetV2P, 1]
PRI T R FIREAFRRAE . AR B S T I N B 4 . B R A Ak AR AY . batch size % i
PEEFIE L5 GPU B CUDA AZ.03. FEREAIEE . NI, A7 95 DL UG (H FLOPs %5, fE %5 1 1 FT A 7T e
FHER G, BATE T 1 4585 2 B IRAYA S & MR R IR S IR, JE T i k& B 5+
(i S H . 2o, Habitat™ X F 120 F 20 M A L R M 0 % R BB A B 7, i 2 R R AN LR @ T ig 4T
AL R PA b T B KA 10 U7 92K GPU $iKG 15 B (CUDA %03, SR, FLOPs 25) /E 4 AL 25, SR T B
SomntE RE R R IR AHE GPU 228, DAR I FE S R IR . (R, THlf R U125 19 GPU B, BB i 2, Rk
WUE RS 2 ) S B 2510 75 30 e SR M ) A 4 2R

TE LTSS 2 AR R TT T, 2T AT A5 7 107k E i AR 2 R UL %A SR IR 2877 ik 3 B LT A
B, ZWE T H T RAT Z AN AT (BIATHESE R . PO AERE DU A5, T3S0 B AL v B P A7 AE — 52 B, 16 RS
VEURINC B 22 FEMEBR AT T, 25 T 20 RS M AT AL & 5 1 7 8 W B BN A AR B R, IR AT 3 T R



10 RAFF AR SR g K o e il

>, PR L AE AN R B VR IC B R AS A . RIS, S5 Tk SERISS M K7 A b, FOPT 5 A SRl b (I R 4R
FFHAE, oA R R R AR, TR R S T A A R AR, THDNS 22 B 1 B R I R A S Y e
73 FRECZ T, TR0 1 43 B A5 R A TH R 1 B R S AR BN, T R 75 46 9 N 0 R TR AR S R P R 2 BT R,
DA A3 2 R 8859 . AR B A R, AR T SR vk, vl A SR AE N Ltk 6l A B, By e R %
BE EF PR REREAT A HT, TR R E (R 4R A/ AR GPU 22 I E 3 (LA M )R R 0. 20 W L T Sk
GPU Z [, TR 1 N it i 5= x4k,
2.6 Xftb5ihgs

25 JEoR TN B vk AR 55 R RE BT VR AE 2 SR B 4 P A0 L. AR BB R, SR
BRI T N TR AT AR, A 25 7045 B -5 55 P 445 A0 92 0 5 43 S P 500 X s O Y ] 4L B TV A
AR R B A BT, R O RE T

RS AEFSEREEBITIEXTLE

VERE L T BT o (05 R BLRF B 05 2 P Teph VEURRLE S FETE DR
SRR > - SRR R e P
Ty i TR e T a— % e
L i T MERARE e el
AT i 0 ﬁ%ﬁgﬁ%ﬁéy it B8 WL RN BT

R S 77 10, STk Fh T 5 MR HE AT 55 R SE B AT IR AL, SENGIE 35 SIg AT PG, DRl I L B 22
R, Hofth = SRT7 VEAE AR AERA L B2, S T S SR Rl (0, 1R T 2R T e R R R e
BT ULAMNRIZAT I T 8. AR b, S AT 1) e 1A PR DS v (0 e A T TR A 1Y, 2
X T HAE ST 5, H DT A AN W e e 1.

BERAE S ZAEPEDRAR, 4155 705 BIA R I W8 (AR, X 32 2R RO HSGTE AR 5515 122 B, #fE LA
IRNFZYE 2 FEACAE 55 A0 R AR L. A T B3 9 E B 20 A BRSO, At 0 A AR 1) 5 92 el 32 BR T N T
AN, 3 Y RE g W S 32 PR 78R R it SRS R (K vk o, T A& A R A R R B 75 SRS B T bR
RS, ISR RGN T I B IRRC EIA . A LE 2N, TR S SRR P RO R R R, AR S R
Fe R F AT 5 M RR U MEAT BRI AT 25 7045 SVE AR LU B, JLAE X 22 0 SR B R AN 2. SR A3 — 421
&, TR B SR 5 N TR s vk BB 28 ) S AT i B ORI 3.

5 LT, B A SS TR RE AR T IRAE AN FIPR AN 5N BB TR AR 55 9, D Se PR TR B T 2 AL
Mk H 5 BB ME.

3 ETMEERRNESEE

3.1 FIESRRE

T R A R B T ¥k R R P A REASEARY, 30 1o A [ 3 I A S SR B T U R AR 3 e SR T B A
(1) PRACAESS HEF, PRI AT 55 2 REPE B R (2) DAt ek 73 BE, ARDXT S5 A0 2 REE B (3) TRAL Bk B2,
DU i 3 2 E B 2 AR B (4) RAGTR B AR 3h, DR BB #0 4h 2 BEVE B AR, IX SeT7 iR A B MR e 2, o
X 4 B B REREAT VU4, AT RO S i RE Pk, AR LT 1R RE TSI I BE T 0%, TR 3 SR TR RCR. A
TIHRYEIX 4 SE5RME, 73 PRSI LE I BET7 i 40 e R P Ak R S AR 8 i ] FE R

AT IS, < BE H ARSI IR 1 AR R B TV B AR AR T AR R R RCR,, B e R . BRI T U
SRR AR LA B . PR RE AR T V5 845 T A R RO R B I BB A, X RT3 2 T ITik i 4 K779,
“VERE AT R FI U R 1 BESVE BT VR RE R A, PR RE SR I J7 30 B R 1% T VA I T R A 51 10
SRR, S BBE B8 W R R 1 %R B 5 VA SR IR IO IE O AR A S5 A 95 UL, <R 91 M 1] 2 Je s % 7 i



R F R TR AR RS DI HIE 5L 5L 11

f1 R B2 2R
3.2 RILESHRF
6 JBIN T I B B AR AR A AT 55 HE P RO R BE D7 v, ISR R T 0 3 A ST 5 2 BEME B R AT R vk T
Xt 2 FEAL AT 55 B8, 383 AT 45 BAT I 1] 5 52 U5 5 SR EAT A A SR R, TS0 S ERAK AT 55 RAT L, AT AU A8 A
[FI BT 2 75 3R, A AR B ER. X T VAR I b, (8 Bh v R, it TR AR e vkl EIDLAC
M FRAAAT 55 HE e, BT FERCR. BRI &, 43 LA ik,
®o6 IETHERREBARAAT S HE P 1R 7 ik

N .15 el L

B REERR YEREERE g?]% ﬁggj: g% At P — ey
T gk G N - - e e a0 BT
Themis!® A4t éﬁﬂ Vo= = BEHREZEE 256 15000+ (mj‘iﬁ;gﬁ ;g ;E 2%5 .
Allox™ 52z ﬁf}g Vo4 —  BFECEEE 40 10000+ (tt%}ﬁiﬁs;jgi%)
Chronus™  # 1F I [i] gﬁﬁ Vo= = BRI 12006 30000+ ﬁﬁ%ﬁ?ﬁ;ﬁ%ﬁiﬁ

47 Y R A T R SR G B Oy R, SRS HEF. s (1) Tiresias®™. %05 I8 BAR 55 $uAT
B 1) A2 TN, B AR YEAT S PAT B [ B TE T IR GSHFA] (service time) Fa 4%, %8 b5 BHAT55 &5 A GPU =3 DL F
RPAT I [E)BEAT V5. AH O T B F AR S5 AT I ) H 7, IR 45 IS 1) e A% [ I 47 3 B AT I 8] L5 B0 o5 FH 1)
K. Tiresias 38310 56 1 B2 00 A2 IR 55 1) () S R4 45, BE M8 R0CFE IN 28 BE R 75 5K 22 S DR (WA 2% < TR) BEAT AUARE . 3% i
5 5w, Bl SRSF (shortest-remaining-service-first), /i A 5 £2 H [ IR & 5 ST 2518 B 75 v 005 DL 3EHE 777k, (2)
Themis 1% 24P 1) 4 H . %05 84T X R AR 37 5, R bR BT o ) Sl My SR BCRR AT B 1. B
Themis Wit 738 FH TR 2 S W GRAT 55 1A T 4845 : FTF (finish-time-fairness). 1% 4558 F il &7 %5 Y5 A 0047
FF 7] Bk DAL 22 BRI B P0AT IR (] (BRI H ) THE. e hn I 5 A PR . BT I TRV PR e e, {6 8 2%
A 1] T8 S PRAT TR L 7R AT [) A 3R A5 IR 55 3520 AT 45 B 5 Themis Beit T 2 FHARHISZ IR S B E %, LATESE
T2 T A B 51 (1 FTF $45. FTF $8FR 8N 5 SE I ) 2 1 8 2 J7 12 (0 5 I F b, AR EL T DRFCYS: 44 G2 1 g
TRAPYERBE, BT FTF 4845 101 P e 875 R SRR BE 52 S W ST S E AR FRE 7 30 R VR RE 22 =, SE LR O3
LR BRSO AP REEE. DB TV, R Y B @ B R bR v AT R . BUARE AT R BRI S HE R AL
2, SRR A HE S AR AR B SR S AE 2 o 1 HE 7 AT eI, PRI AR IRAS AR FE PP 46 L.

Allox" i 1o ) I 1 i @A 5 T S At BRIDC G B3, SR 45 Hk 3 ATtk 12077005 56 GPU AT 55 HE 7 1) R e S5
DR/ A S B G T ) . HG v, P e A AR 30 00 55 PAAT IS T s Pl 53 Dy — 8 I L FRC F a0 oA, TR bk B 2 A
FRZ Y SRR L B AT, AN B GPU YIZRAT4s, BRI Sl FI = AL T A5 B, & Tz =
X EITUHC (¥ 77 v B % 1 22 T 18] o S SRR B AR AT 55, SAT B 1 0% 1 IU S S0 Rk 20 A sUAE S5 N
ir] Ry 55T, TR @ 37 5 TR

Chronus""Jid Pk B FEAE T T Ze M LRI SRR EAT 0 S R M. 1207 i 3 b ik 1) B bsd ATtk 1207 kT
] [F# GPU. 4145 S5 VR L B [ 1€ K137 5%, B8 kG vy 480 Sl v DU T 85 HE A R AT 25 BAT I (8] SRAS AT IR
[EJ £ A J5, Chronus ] 35 04 B AT 25 (1) A0 L I T m 5 J2 1, I PR A T 96 A2 AT 45 S8 1 B2, 9 A Sk BEL 2. %07
T B/ B L I T 3 24 28 (1) B0 S G HE 3 7 A s AT T 1) 240 S PR TR A B R PR LR 1) R, ) SRR PR A5
AT 5 HEE . AR EC T EDF V2544 55 () 4 A 0 I B9, Chronus BE A5 248 S A 10 IR 18] T8 15306 2 HOAE 5536 o5 SRR ¢
JR. SRTM0, Chronus 4% MUK BB B SR AT 55 S Redts 5 Ui B, X 5INT — 2 B4R & F 4, WHMES e U R B —



12 BRAP AR Hrr e B o G w Sl

SE M.

TR AT 55 HE PP AT DA R TR B2 771K 20 SR SR T ER 7 AT PR R AR, X2t T IRAGAE S HE P A K
XHESS (HAE B TE s TRCE AN SEBEAT DAL, SX A4 55 T A6 A B C EAP SRBE AR AN 2, ST A AR, AT
REETFEXT T e . SEBLEE A e BT B A .

3.3 ALRHASE

T JER T AL R AT AR A S A4 43T AR RE 77 2. ETHD R S 5 A0 22 REAL BT 95 I, S8 I AT 5% A
L RN, TT LARE G AE SR AN B AR 5515 A B B HEAT VL C 54X, AT 4 ek 14 B2 R SR 2 ), A3 280 e ke 5
Phil. T IR, XRTTEBO TS BARE. AR EGE . IR, B B A AR R BRRCR
AEZIAESS AN [FIERE ) 548 B 2 [RDEAT SEARAL K TT BT, AT SR TR R Bk &5, A 0 R 7 ik

RT FETVEREEALL LA ) BC R R 7 i

P ... S SRR "
R AR R IE m iﬂi ggé R Qpesnts (5o biis LIES
Hare®  S2mdcE %gj - - @g;ﬁg 256 2000+ (ttTiﬁlijé%%%?g%%)
Gel™ i e — v — Qs s B

— BTy NN S R Pk, T I R AR BT — B A R B, BRI SR 7 S, AT BAAE O B A .
0 Hydra™, %5 4T 5t ARk, HLLTH A 574 GPU #3885/ (<3), HIERELS Allox"™!. Chronus®"'2 1
() SR AT P e EAT A%, Hydra THI [4) [R) B Ak A8 L0 B R0 35 A2 5 56 )it 1] (1) B A, ) P A5 21 (1 S04 T B 1)
Wit THAA, AIERH GPU L4t — & 3 7=l 1k 8] 3 29 2 DL AT 55 58 R 3R, Jg8 1 =44 GPU By
Kl ZE k. b5, Hydra Wit T 28R/ NRAR RIS KA NE, EERNER B RN R RE
Gi— B JTIEIRES T A SR BE, (5 H BT RRE XS B GPU IIZh, Joind 43 A AT 2504 1 11 57 4 38 4 R s
T4i—=th, &R

WA 7 I BT E R M GPU b AR B AT 500, TEAT 5530 2 I W I R AR 2 T e v B, 98055 B R UG
Tic B B3 v S5 A0 P Tt SR 10 R B85 S B 4 Hare!), 2 TAE R BN, 40 A 2AT 55 (KR A TAE S 5578 54 GPU i ek 3R
FEAEZE R, AT RO SR B AR 0 AN s, P2 AR F 28 (0 23 4. Hare £10T X — 258, FIFH @S 2I7E
SEH) GPU LIRS A nk R, Wit 5 Dl KA 406 T IS BRI AT g, BRI SRiEAZ TR 48
FEPAT RIS, INTTEAT B 2> S, A 3R H 2S84, A LT R MR G 77 7% (shortest-remaing-time-first, SRTF), A
i B AR AT 55 5 F T ). DA B SRk AR i ) 7 v R BR B E T, FANGSRFIE I I o0 5 R T 2803 SR, A2 7E KRB
TR FE 5 SN RAE55, wTR) 2 (A 2 P BT SRR FH 2. IX K77V R 25 B T 4 e LA SRRz g .

A 7 3 S ) A AL 2 R ) SRR AR e S A VA FE ) A, T Gavel !, %5 T THT 7] GPU A 48 [ AL 2
iR, BT ARESILE GPU BT TFIRERME R, B HEGHENRS, R HETESOE RN
TERHE S5 A SR M R AT S, 38 G K R ST 4. Gavel S 10 F) M GPU (KA -1 B 05 6. & xR Bk, %
JIERCTE T 3T v 20 40 MR B S5 0, K R AR S R A A TE R M GPU EIFM R A —RE RN, MG,
Gavel FIFIZFEREAE N, Beit 138 A VSR A 2 VAR A8 07 32k, Je o 5 468 ) A7 R 20 P ) % A SR T A PP R
AT, B35 max-min A P14, makespan Fe/Mb, LU FTF AFPE. BA X ) 54437 5 B9 2 A MK 77 vk
R R PE R, MR AT S . M GPU B Z B R AR RS,

AR SR A B ARAR (K 7 v, 4 53k GPU Fh 28 /b i, Sl i PR A2 nT 4232 1), AL, 40 Hydra™
Hare V2577 A7 R 1 HERfG 7 8 O SR AT VR HEAT M R A, 172 St K B ST 55 4L & T 1 Gavel PR



R F R TR AR RS DI HIE 5L 5L 13

T RENS AR BT A AR 55 70 (5 B
3.4 fACEMEERE
R 8 IR T M M AR AR O A B B A T vk X A T vk A S R S G B 2 Pk T
X2 AR R 5 2 B 8 I L, AT X AN () B B R (K 55 P B SRR, 2 Ak RE AR AL AR, DI LG g 38 M T 2
R [, AT RORLXT B, 3K — BB, IXRTE T T ov0 ik, BRI, sy d 7 omfe s IR, 5
FE LU (K77 1A 2 BE BRI, 325 0 52 T4 Je) SR U5UM) A 250K
R 8 IETVEREEAIC RSB 1 T ik

e W PR PEAE g TR PEAEAL B SR B E A
L LR et e
ElasticFlow™™ 4 11 7] S HT J - - B gL HE 128 15000+ (ﬁfgﬁliﬁﬁﬂ?g‘?@)
Pl SRR IESERE  — - N EROEE e 160 el
MuxFlow'® s2piaise i Elgshy  — Y —  WFELESZ 1000 7300+ (kté%anﬂdgz}i%ﬁi%)
worst ST amany  — v wmbmerasm e 2000 g, 0

— L 7 P A R A AR AL T B0 JE R AR R B U S T O, DA B G A v ) R R A R . e
(1) ElasticFlow! ™3 ¥4 1 15035 2 (R BE B b, B4R T — R T o IR S5 2 e I 257 &, B H iR
LIRS H S #OEI ] 7R, T GPU $& i & BB . 1% 07 755 25 4020 s SR AE 55 I 1 e AE A [7] GPU %
B2 1 P BE AT EEASE, DA W AR e % IR 75 SR BE A% i L AL N A1 2SR . | T ElasticFlow (W& SHAT SR, RIER
S AT v AT B ) 24T A ) 4 2 PT H32 1. W 9 R B, R B S S I 2, (EL el T d T 4 B A7
TE, ff B4~ GPU B B PR P . 28170, (X PR A GPU £ BN RCRACT, 51 ol b i (el 2. R,
ElasticFlow B 1T T 90 BB R B 500, DA 5540 T R 8055 /2 LA E I [A) 35 SR 1 82> GPU, MTT LA BE IR AR M
FEFHA LIS A1 2 2. (2) Pollux*F I3 T HLa% 2 5] AT 55 oM RIS HESEAR RS H. IR N Mok it 17
B T ST S BISCERSE T — AN I FE BR“goodput”. %48 bR RENS S8 A M Hh i B A O AT TR S TR
TREE. BEJS, Pollux il it & il 4 = BB G 1A FBE AR Sk f R AL “goodput™. 7EAT 552451 I, Pollux FJ A s A5 15 2 i 8k
BT O FIR AT 51 batch size 522 3] R, i H“goodput” i KA. TEAEREL ) L, EHRIE 4T % #“goodput”
HEAT SRR L, AR S R A LS SRR AR AT 45 DA 3T 9000 8 R I 5%, BER8 DL 19 B 28 1R FR HY
PR 25 A, (A AR AN A e B SR AL, AEE DA ().

MuxFlow! 5 P4 REAR A N 25 FIDC 5092 0 T v, AT 76 22 330 A ] P 3 B 5 0 3 P i . e o Y 0
MLP 15 B 5 Mot S 52 GPU T & M Re b AT 8. Z B 7 ML BB B 7E I JE X A AT %5 4L 52 GPU B FH Y
SM oo AT PR R, RIS B B AL RGBT S R A S SM BG4 e ) B Ak S Bk
ALEE 0 PRI DT TG, ) 330, DT R SR A e DA 5 P 38 28 45 SR MuxFlow (1) ) L E T, SUERC B GPU A 2 A %5 1 BE R
HAPEISE, TOVE T M AR A AT ST A S T /.

A — L8 T7 VRV R AR AN SR A 27 ) A A B v v, R R SRR 27 ST 1) SRS 27 = e 7, i ok s R FE I Bk k.
41 MLFS R A0 58 BRSSO, A AT 4L & 5 7 ik it 26 . SIOR R AT BB 127 VR4 Mk B Aot
SR EE AL ST R IL R SR, % GPU SNy i B N BNE, K @A R k2. IS E A Bk, £
2 A AR S A 25338 5 I 5, BT SR W X 4% DA R 1 BB A B S, AT [ B I 5 R AU P A e A 2 5 R 5
W TR AY A ST ) O 2 T I 1) 1) RE T HOR AR R AR e R 22 . OS2 FEAR LWL, Bk 2 ST B3
22 R BUIR 28 R F B 1) SR ms, S5l 8 i it B U 40 LI 0 AR FE 2 56 (Bl T80, IX 2k BAT 55 280 B BRI 4w

.



14 AR AR wrrrdp xR G )

A1t 3t S0 S AT AR B T ¥k, K22 SR T RS M 2 A AN B R B 7 2. JR DRLAE %o s 3 A 2
FERE N T IR B AR, AT AR AT RS AT A H T DR AR S Iu s BIAE . BT X S
IR R B SRR ML 1) EL A P (1 P A A AR 5 1), DR L O JEE DT ¥k TT AR 3 SR T4 P RE A vk 2 TR EAT RIS
FviEE F IR
3.5 ML EHRID

9 JRIR T FI I VE BEE AT A A 3 0 B A R T . X 2R ik T B R R AR B AR AN 2 R, T 2 AR
JHCE $1 NG, 38 3 T 45 AR TS 0 MR (TR NS R, TT DA 3 M R AT 55 A S B B A A, 8
TE KRB SHAMAE B4R, WP, 2 TiX— BB, XB TR T ahT s 8. ME UL
%, BAERAT S IR A BRI 3O P b, 2k T ek D PRGBS SR AT 45 )40 5 B0 R R 0.

RO FETIEREEMAC IR I HN I T i

PR R ﬁg‘ﬁm ?Mfﬂﬁrl?;%izﬁf;ﬁkﬁ% %Eﬁ% Wﬁm o
Gandiva™ SEACE iy - N - éggﬁ 180 2000¢ (thApﬁhﬁeizgnﬁifE%?‘%%)
SMD® ek AGHT N - wmbmuss a0 SHSRERE
CoONN! ek mawE  — N - wrmesnr s a0e g HREEICE

PowerFlow™ TEREE gy v - BiOsiE 81624 1901 e LR

FRAS R Z (bt Tiresias? "4 1% 1.574%)

Gandiva™ Vil Il FH M AR AR B RES . SR RIS, SHE S B AR N AT AL, % TAE R I i (R FE 2
STUNZRE FE AR, B O RHER BE 2 S VI GRAE 55 BB CE P A EAT RE R LA, BRARAE 1 IO FE T 7 V2 AN [ i L #
FIAT 55 1 R TG B, (BT FEZR S A T M R B HR A AT S HEAE . MR T HUE N, T AR AL
PEREAETY, 1Tt grow-shrink HLHIXAE S5 HEAT M HUAELIT RS, 84308 (¥ 35 B ¥ P B A TR AR B00d A5 2838 5 M R
o, NS . St AR AL G52 e SR T AR F 22 503 27 VA SR AE T, XMl . 3 iy R oxt
TEAF RS R DT, F SIS E.

— 4L R R P R A, L R vk S D S L A I ) el R AT SR AR, A SMIDIY. %00 A L R 4 A
BT EAT AR A, ol S R BRI T IR 45 & BEERT PS 28 20 A SN ZRAT 55 HEAT T, FF 47
gt B0 36T ASP 5 BSP ) PS Z244 5+ ¢ e {5 AL B E AT KRG 4uAG 3 A5, i A, SMD Be % M+ )2 1 T
T2 P E FR T AR5 (S T30, RN S M TP 00 T8 3 il R AR — AN 8 2540 20 SR 1 AR ™ B R 2 M
Xl . BB, FFR T —Fl 4 A sum-of-ratio multi-dimensional-knapsack decomposition [ e i fBUSRLYE SR HLH K fiF 1%
i R, SHE e e R SR IR T S A RO (R Z T R ORI B 1 T 5 PS 43 AT QI R 284 1 P R AR B R
R, TR B Ry R ik, DG e HoAt 70 A5 2RI 252844, U ring-allreduce.

T T 43 7 VE R P M R B AR R T 00O (AT 5 T80 B R, 38 PRAERAT: 25 T R B 38 A5 A e, 38 R R AR,
s (1) CoGNNEF o T4 I RAT 55 Bt S0 B0, B 3 FEARAT 45 B T30, 371280 07 ik T B4 i 4%
(GNN) I RNk, 5 2T A G HF WIE# T R @ . %077 M 3] GNN 1 GPU R H HAK, /7
TEIEE I R E R T AL 2. R, B2 T BT B 2 57 T T W) GNIN B[ N A7 o SEAS B T FC P e T H A
A, 48 4Tt T BMC (balanced-memory-consumption) 7 /Co 4] 0 1 55 5, LASP-7 4160 J5 4 55 (19 JF K A7 U 17 48
i, M/ MEH & GNN BCE = AR TERE TP, MIELT MPS. MIG S5t TR R 3 AN ZRbL, KR FRARAT 55 58
JH 18] (2) PowerFlow! /3 i 5 B G5 My i R AL B, A1 X ST REAE ) LEAT BRAK. 2 2, 127 VR MR E XTI 25 A8
FIBTBL (AT 5 RIER . SHCEH 34T 4, H5 A [ A AR g 3 R WS e N A 5 BRI
KRB, B 5, 5 T2 DL A [RIECE 40 T Wi AE G870 4, w18 R A0 B, ES IR A sl



R F R TR AR RS DI HIE 5L 5L 15

REFEVEN LU GPU %R & LR B E N, I 5 M IT /A e VI S b B S AR 4 &, it — S ik & RfE
- Fa N, G R SRR 3 S AT S REFETT 4.

LR B A LIS ACL, SCTRFAR A A0 R R B AT R 2 ) SRR I B AR 2 IR 4, Rt Bk iR £
SKEUR TR A1 B @A77, Gandival™ SRELT w8 FFA4 I S5 Az, D0 RT3 B T AT 45 BAT H I IR R . 76 1
R, SMD M AR, JRIRAE T8 (A R S0E 5 e R 12 T T A ST I BT IR R A, X
PR F 77 25 P FH 32 5 I TR I — o B %

3.6 Xftb5ieE

N0 JER T AN SRR AR R 5V AE 2 AN ERE L ROnT EL. SR B D VAR M R, 4 AT KT S HER
S PR BB RANITOAL, RIS SRR AR B Z REEBRR . s B E 2
PEB AN CE P4 2 FEE BT AR U, R A TR 4 AR AL TR AR

R0 B PEREEAI T VEXT
PEREERR I 77 3 (B BB KA

PRI

I ERE AR

MRl RIXTHb R TEREAED e mE ELE Ao Tt

) )2 \ﬂi
AR IL SRt AL P N s o
e AR T ST Y -

\ o SNE (ERE) e e
RS SRS o T J G M
O ACHPEDE PR B E £ R (PR N 2]
GACHEIAN OB P (PR e SR

FEVEREEAE T IR AL TR b, 24U I i) B C BRh A b I, R ARG R . BT R SE BB fEE
LG SRR AT PS5 0 S I B Ak AR A B A2 75 0K T A 75 A0 A 3 38 U B 4 A (37 St o, AR TR Ry
T2 U R M v b T S BT 3.

FEPE BERE RS 2 KA 75 2K (RO B2 SR BE VR0 ) 77 T, MR A 7 R L e S e PE AR O A1 SR AR i

B 58 % LA LI Ak 22 BRI SR AR 2 AN VA I 4% 52 48 52, 22 B0 s RO BRI R R 7 70 4 1 e A5
BB, BVLRC S ik B AR AR PROBESR AR 7 TR AT — € %5, (5 by 1 Al S b PO ol B Ay, TR b (g /b B9
K. PO EE BARE IR EARECRIESS B B VUAR, (EL7E A0 BH RS U 52 [ LIRS 240 fE Fo8 0 L DR SR AR K RE ), TRt
WAZR T — LR TR SIE. PUSE SRR 2 BN T XHE S5 HE R 107 i, LT BOE & B e SR AL AE
SHEFP. LAk, A — S AR A PERE AR T 3, g — A SRS 358 IR VA R T B L A i
FEDEAL M BT AR 5%, X 52 K LA BOR 70 825, (EUXE DL AN () SRS 8] B HEAT ST R MG .

4 B 2

524 3 TONIREE S I UIGRAOTE REGEBE S R FEEAT T AT LR SR T, IR 5B W N 37 =t B A2 — €
JR BRAE. SR E I BRI 37 55, B SIS AT i ) 2 T A e DU RO Y A D Rl v B R AR 55 (i
KBRAESS . HERRIZRIR G 5%) HEAT PR RE AL 5 TR LI, R BR (KA 55 ik Rk 1K 5 BOAT 77 V5 X LLIE . itk
B, BUA J5EAE P BaRL 5 T AN B 4% DR B 416 X 2 Jag PR 12, AR50 i B mT e 7™ A R IWT 72 07 i 5 5 17, LA
AR FE 27 ST N RAT 55 B RE A5 1 P2 412 (3t S I 280 SR Ak 7 5.

o [ [FfIRAE I 75 SR AOPE RE AR TT i BEAE N R RERI AR, TR R P RER B BRI = GPU RS IR S5 K&V
. AR D, B AR A AT SR A BV 2T 55 (5-10 min) & 2. 3X 86T 55 A TR W, XHE55 1
JEE 14 S B AR 7 S T A v A SR SR, I T S R A 4 2 RS A 5 2 el T B B R ICANAE 55 S 7,
A, M LS AR A B 2. O B AR, AR 9 7T 28 18 54 55 R I B R (A0 Singularity ™. Non-
Intrusivel”™) 25 &, B BEARAE 55 o 45 T 48 2 2 A0 00, AR TR IS AX FCOT 4. FII, 454 GPU UL EA (fn



16 BRAP AR Hrr e B o G w Sl

KubeShare!”. GaiaGPU', TGS, cGPUY™) t I 4777 1, LA AE45 2 T RS . BLAb, 3 xR 2 2T I 45
A GPU YRR IBAT AL FIRAIRZ, Bt T s SEl ) 0 HISAT &%, MRAS LI ERERIT 4.

o I [T R 55 O 1k RE A A 5 1 . B 8 SR R 8 2 ST A Y J Lt R P O e B, B A 2 Mk ey
AL (AE: 55 AT 1k BE A M5 R B2 73 R 13T R Pk . SRR 2R 1) Y I 45 SR K e FRAT RO 1 B N A4 75 1T
FERL N SR & MR AR 35 BB R o, R EERE B M N A VR & 75 K. 9y R BLA Tk ISCHE R AT 55,
FURTT S, A0 R AT (1) KBTS, Bi%5 T Transformer™, BERTf KB I ZRMAS DL K ChatGPT™'), 5L
D5 WIS RAE F R I, 85 GPU A7 CUI0WR 2 75 R ALY 00 53 M FAE 55, IRV /K 24711 25
77 X E Oy, SR, DA 7S R 7155, X THSRE S B A 72 57 () 5344 TR 55 M LUE T 7E1ERE
SRR, DA i AR T RS TE, SCHEXT S R 1) 73 75 2R 10 744 7 AR 55 R REREAT IR . R S THT, o R R KA
R G701, IF45 6 5 FETK S U 5 7 oK, DUBH S RUBAS T2 EURUK 40t (2) HEFINZRIR & 1155
AT AR (O VR R 2 ST HE B S U SR 5 VR A T (0 7 SR BB IR % . 5 I RS D 5 F e ) AR ek AR AN [, 2
BEORVETERAEIE . SLA (RS5S5E R M) S5 AR, Kk, 7EPEREGASTT T, 75 PRZ WA HUAS 1] 7 S 38T R B S
I LA N e 2 A8 B2 7 T 75 25 R G e i 2 HEBE B 25 5 ISR S IO BEURFR oK. BUA ik vl 18 4 & GPU 5tk
IR BCHLA, RZR A HE T GPU BN & 70 Bo A, 8 % WIRHG 51 R B AE IR 1Tt

o SR FRAA DRI X 1R RS 55 1 5. AT T VAR P A 5 I Rt T SR R, PP BB 1 3R Lk
NANA N B IR 55 4R AL 7 AN ] 2 ) 10 L. T A A Tk R Bk, T TR o0 5 S 2 s T R 5,
3 Bt BL BBkl (1) IS BEAA OR Far (Bodls 03755, £ D 1R B0 O SR A2 AR 55 AT PR RE RIS, DL T
SREUH] P URARRD, DSBS T 5 PR RFAIE. D97 DRI BERA PR HI 52 N A RO Y I e AR 7 0%, 7 SR 3R A i 38 i 12
il ARSI 00 T 2 U ERFAE. CUPTI, Nsight 5 TR SRR S 7 B0 PAT ERER. [5 b, DA 759 TR R A Ak
ATERERIEAT 20 Hr, AT IE JR BT 75 IO 55T HRFAE. (2) Bl B AL DR B3 (12 3m BR 2 21 3 50). 330 W 1R AR R 22 51
TR P EE BRI T — R k5 5. 1235, P EASHRAT I 25, T = im X G ST A . DRI, 1k e At
5 FEE 5 AR TO VR Sk B He i P B AN e 4% O 1% 00 T B AT M RERE BT T AT LAB SR T R B AT 55 T AR B TE,
R AR FERAE B RAAE S5 705 B, A e s SRl R AR T e B 2. (28 05 1, RE R R Tk . AT g
RO 2 7 1%, 6 A R P P 5080 AR et B P ) o S BN B0, AT SR THIN R 2805

5 B 2

ASCAT LR 15k B AR TR L 2 U RAT 55 TR FE It FEBLIR. 1556, RGEAr 4 1 T AR BE 22 S VI A
S5 P RE BT 12, JFT B TARHEAT 10 B, W BT SR AES E R WA T LRI
SERIR 2 R i, LU, AR F P RE S RAIE A VR P2 AR ) SR, 0 DA R R AR AT T o BB, K R 4 D AR
WAESSHEFP . A TC . SRR DL RSB R ANX 4 K35, RN IR T 1 RE AR AR AT 55 U P A% 0 XS 1
R, B Ja, 2T 1 RIS AR 55 TR AR SR FE 77 A1 AT 1 P 2. S AR ST £33, 1558 8 X T P R B2 27 2D I R
AT 95 RE A A5 1 AT SE A THT PR 1 A, D AR SRR ST RISE 48 165 25 RIS 58, R AR SRAS U K BF 7007 [0 3248 17
i A A 7R

References:

[1] Litjens G, Kooi T, Bejnordi BE, Setio AAA, Ciompi F, Ghafoorian M, van der laak JAWM, van Ginneken B, Sanchez CI. A survey on
deep learning in medical image analysis. Medical Image Analysis, 2017, 42: 60-88. [doi: 10.1016/j.media.2017.07.005]

[2] Parekh D, Poddar N, Rajpurkar A, Chahal M, Kumar N, Joshi GP, Cho W. A review on autonomous vehicles: Progress, methods and
challenges. Electronics, 2022, 11(14): 2162. [doi: 10.3390/electronics11142162]

[3] Kortli Y, Jridi M, Al Falou A, Atri M. Face recognition systems: A survey. Sensors, 2020, 20(2): 342. [doi: 10.3390/520020342]

[4] Liu YC, Zong CQ. End-to-end speech translation by integrating cross-modal information. Ruan Jian Xue Bao/Journal of Software, 2023,
34(4): 1837-1849 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6413.htm [doi: 10.13328/j.cnki.jos.006413]

[5] Khurana D, Koli A, Khatter K, Singh S. Natural language processing: State of the art, current trends and challenges. Multimedia Tools


https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.3390/electronics11142162
https://doi.org/10.3390/s20020342
http://www.jos.org.cn/1000-9825/6413.htm
http://www.jos.org.cn/1000-9825/6413.htm
http://www.jos.org.cn/1000-9825/6413.htm
https://doi.org/10.13328/j.cnki.jos.006413

R F R TR AR RS DI HIE 5L 5L 17

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[1e]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

and Applications, 2023, 82(3): 3713-3744. [doi: 10.1007/s11042-022-13428-4]

Weng QZ, Xiao WC, Yu YH, Wang W, Wang C, He J, Li Y, Zhang LP, Lin W, Ding Y. MLaaS in the wild: Workload analysis and
scheduling in large-scale heterogeneous GPU clusters. In: Proc. of the 19th USENIX Symp. on Networked Systems Design and
Implementation. Renton: USENIX, 2022. 945-960.

Jeon M, Venkataraman S, Phanishayee A, Qian JJ, Xiao WC, Yang F. Analysis of large-scale multi-tenant GPU clusters for DNN training
workloads. In: Proc. of the 2019 USENIX Annual Technical Conf. Renton: USENIX, 2019. 947-960.

Rico-Gallego JA, Diaz-Martin JC, Manumachu RR, Lastovetsky AL. A survey of communication performance models for high-
performance computing. ACM Computing Surveys, 2019, 51(6): 126. [doi: 10.1145/3284358]

Reuther A, Byun C, Arcand W, Bestor D, Bergeron B, Hubbell M, Jones M, Michaleas P, Prout A, Rosa A, Kepner J. Scalable system
scheduling for HPC and big data. Journal of Parallel and Distributed Computing, 2018, 111: 76-92. [doi: 10.1016/j.jpdc.2017.06.009]
Netto MAS, Calheiros RN, Rodrigues ER, Cunha RLF, Buyya R. HPC cloud for scientific and business applications: Taxonomy, vision,
and research challenges. ACM Computing Surveys, 2019, 51(1): 8. [doi: 10.1145/3150224]

Song J, Sun ZZ, Mao KM, Bao YB, Yu G. Research advance on mapreduce based big data processing platforms and algorithms. Ruan
Jian Xue Bao/Journal of Software, 2017, 28(3): 514-543 (in Chinese with English abstract). http://www .jos.org.cn/1000-9825/5169.htm
[doi: 10.13328/j.cnki.jos.005169]

Yu FX, Wang D, Shangguan LF, Zhang MJ, Tang XL, Liu CC, Chen X. A survey of large-scale deep learning serving system
optimization: Challenges and opportunities. arXiv:2111.14247, 2021.

Yu FX, Wang D, Shangguan LF, Zhang MJ, Liu CC, Chen X. A survey of multi-tenant deep learning inference on GPU.
arXiv:2203.09040, 2022.

Ren J, Gao L, Yu JL, Yuan L. Energy-efficient deep learning task scheduling strategy for edge device. Chinese Journal of Computers,
2020, 43(3): 440452 (in Chinese with English abstract). [doi: 10.11897/SP.J.1016.2020.00440]

Mittal S, Vaishay S. A survey of techniques for optimizing deep learning on GPUs. Journal of Systems Architecture, 2019, 99: 101635.
[doi: 10.1016/j.sysarc.2019.101635]

Rasley J, Rajbhandari S, Ruwase O, He YX. DeepSpeed: System optimizations enable training deep learning models with over 100
billion parameters. In: Proc. of the 26th ACM SIGKDD Int’l Conf. on Knowledge Discovery & Data Mining. ACM, 2020. 3505-3506.
[doi: 10.1145/3394486.3406703]

Gao HR, Wu H, Xu Y]J, Li XH, Wang T, Zhang WB. Survey on memory swapping mechanism for deep learning training. Ruan Jian Xue
Bao/Journal of Software, 2023, 34(12): 5862—5886 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6800.htm [doi:
10.13328/j.cnki.jos.006800]

Gao W, Hu QH, Ye ZS, Sun P, Wang XL, Luo YW, Zhang TW, Wen YG. Deep learning workload scheduling in GPU datacenters:
Taxonomy, challenges and vision. arXiv:2205.11913, 2022.

Mayer R, Jacobsen HA. Scalable deep learning on distributed infrastructures: Challenges, techniques, and tools. ACM Computing
Surveys, 2021, 53(1): 3. [doi: 10.1145/3363554]

Gao W, Ye ZS, Sun P, Wen YG, Zhang TW. Chronus: A novel deadline-aware scheduler for deep learning training jobs. In: Proc. of the
2021 ACM Symp. on Cloud Computing. Seattle: ACM, 2021. 609—-623. [doi: 10.1145/3472883.3486978]

Narayanan D, Santhanam K, Kazhamiaka F, Phanishayee A, Zaharia M. Heterogeneity-aware cluster scheduling policies for deep
learning workloads. In: Proc. of the 14th USENIX Symp. on Operating Systems Design and Implementation. USENIX, 2020. 481-498.
Qiao A, Choe SK, Subramanya SJ, Neiswanger W, Ho Q, Zhang H, Ganger GR, Xing EP. Pollux: Co-adaptive cluster scheduling for
goodput-optimized deep learning. In: Proc. of the 15th USENIX Symp. on Operating Systems Design and Implementation. USENIX, 2021.
He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision
and Pattern Recognition. Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

Xiao WC, Bhardwaj R, Ramjee R, Sivathanu M, Kwatra N, Han ZH, Patel P, Peng X, Zhao HY, Zhang QL, Yang F, Zhou LD. Gandiva:
Introspective cluster scheduling for deep learning. In: Proc. of the 13th USENIX Symp. on Operating Systems Design and
Implementation. Carlsbad: USENIX, 2018. 595-610.

Han ZH, Tan HS, Jiang SHC, Fu XM, Cao WL, Lau FCM. Scheduling placement-sensitive BSP jobs with inaccurate execution time
estimation. In: Proc. of the 2020 IEEE Conf. on Computer Communications. Toronto: IEEE, 2020. 1053-1062. [doi: 10.1109/
INFOCOM41043.2020.9155445]

Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition. In: Proc. of the 3rd Int’l Conf. on
Learning Representations. San Diego: ICLR, 2015. [doi: 10.48550/arXiv.1409.1556]

Gu JC, Chowdhury M, Shin KG, Zhu YB, Jeon M, Qian JJ, Liu HH, Guo CX. Tiresias: A GPU cluster manager for distributed deep


https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1007/s11042-022-13428-4
https://doi.org/10.1145/3284358
https://doi.org/10.1016/j.jpdc.2017.06.009
https://doi.org/10.1145/3150224
http://www.jos.org.cn/1000-9825/5169.htm
http://www.jos.org.cn/1000-9825/5169.htm
http://www.jos.org.cn/1000-9825/5169.htm
https://doi.org/10.13328/j.cnki.jos.005169
https://doi.org/10.11897/SP.J.1016.2020.00440
https://doi.org/10.1016/j.sysarc.2019.101635
https://doi.org/10.1145/3394486.3406703
http://www.jos.org.cn/1000-9825/6800.htm
http://www.jos.org.cn/1000-9825/6800.htm
http://www.jos.org.cn/1000-9825/6800.htm
https://doi.org/10.13328/j.cnki.jos.006800
https://doi.org/10.1145/3363554
https://doi.org/10.1145/3472883.3486978
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/INFOCOM41043.2020.9155445
https://doi.org/10.1109/INFOCOM41043.2020.9155445
https://doi.org/10.48550/arXiv.1409.1556

18

[28]

[29]

[30]

(1]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]
[48]

R R Sy

learning. In: Proc. of the 16th USENIX Symp. on Networked Systems Design and Implementation. Boston: USENIX, 2019. 485-500.
Devlin J, Chang MW, Lee K, Toutanova K. BERT: Pre-training of deep bidirectionals for language understanding. In: Proc. of the 2019
Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies. Minneapolis:
ACL, 2018. 4171-4186. [doi: 10.18653/v1/N19-1423]

Yang ZC, Wu H, Xu YJ, Wu YW, Zhong H, Zhang WB. Hydra: Deadline-aware and efficiency-oriented scheduling for deep learning
jobs on heterogeneous GPUs. IEEE Trans. on Computers, 2023, 72(8): 2224-2236. [doi: 10.1109/TC.2023.3242200]

Le TN, Sun X, Chowdhury M, Liu ZH. AlloX: Compute allocation in hybrid clusters. In: Proc. of the 15th European Conf. on Computer
Systems. Heraklion: ACM, 2020. 31. [doi: 10.1145/3342195.3387547]

Zheng HY, Xu F, Chen L, Zhou Z, Liu FM. Cynthia: Cost-efficient cloud resource provisioning for predictable distributed deep neural
network training. In: Proc. of the 48th Int’l Conf. on Parallel Processing. Kyoto: ACM, 2019. 86. [doi: 10.1145/3337821.3337873]

Mohan J, Phanishayee A, Kulkarni J, Chidambaram V. Looking beyond GPUs for DNN scheduling on multi-tenant clusters. In: Proc. of
the 16th USENIX Symp. on Operating Systems Design and Implementation. Carlsbad: USENIX, 2022. 579-596.

Peng YH, Bao YX, Chen YR, Wu C, Guo CX. Optimus: An efficient dynamic resource scheduler for deep learning clusters. In: Proc. of
the 13th EuroSys Conf. Porto: ACM, 2018. 3. [doi: 10.1145/3190508.3190517]

Szegedy C, Vanhoucke V, Ioffe S, Shlens J, Wojna Z. Rethinking the inception architecture for computer vision. In: Proc. of the 2016
IEEE Conf. on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 2818-2826. [doi: 10.1109/CVPR.2016.308]

Sutskever I, Vinyals O, Le QV. Sequence to sequence learning with neural networks. In: Proc. of the 27th Int’l Conf. on Neural
Information Processing Systems. Montreal: MIT Press, 2014. 3104-3112.

Zheng PF, Pan R, Khan T, Venkataraman S, Akella A. Shockwave: Fair and efficient cluster scheduling for dynamic adaptation in
machine learning. In: Proc. of the 20th USENIX Symp. on Networked Systems Design and Implementation. Boston: USENIX, 2023.
703-723.

Agarwal S, Wang HY, Lee K, Venkataraman S, Papailiopoulos D. Adaptive gradient communication via critical learning regime
identification. In: Proc. of the 4th Machine Learning and Systems. MLSys, 2021. 55-80.

Qin HY, Rajbhandari S, Ruwase O, Yan F, Yang L, He YX. SimiGrad: Fine-grained adaptive batching for large scale training using
gradient similarity measurement. In: Proc. of the 34th Int’l Conf. on Neural Information Processing Systems. NeurIPS, 2021.
20531-20544.

Zhu HY, Phanishayee A, Pekhimenko G. Daydream: Accurately estimating the efficacy of optimizations for DNN training. In: Proc. of
the 2020 USENIX Annual Technical Conf. USENIX, 2020. 337-352.

Lam MO, Hollingsworth JK, De Supinski BR, Legendre MP. Automatically adapting programs for mixed-precision floating-point
computation. In: Proc. of the 27th Int’l ACM Conf. on Int’l Conf. on Supercomputing. Eugene: ACM, 2013. 369-378. [doi: 10.1145/
2464996.2465018]

Niu W, Guan JX, Wang YZ, Agrawal G, Ren B. DNNFusion: Accelerating deep neural networks execution with advanced operator
fusion. In: Proc. of the 42nd ACM SIGPLAN Int’l Conf. on Programming Language Design and Implementation. ACM, 2021. 883-898.
[doi: 10.1145/3453483.3454083]

Duan JF, Li XH, Xu P, Zhang XC, Yan SG, Liang Y, Lin DH. Proteus: Simulating the performance of distributed DNN training.
arXiv:2306.02267, 2023.

Hu QH, Sun P, Yan SG, Wen YG, Zhang TW. Characterization and prediction of deep learning workloads in large-scale GPU
datacenters. In: Proc. of the 2021 Int’l Conf. for High Performance Computing, Networking, Storage and Analysis. St. Louis: ACM,
2021. 104. [doi: 10.1145/3458817.3476223]

Bao YX, Peng YH, Wu C. Deep learning-based job placement in distributed machine learning clusters. In: Proc. of the 2019 IEEE Conf.
on Computer Communications. Paris: IEEE, 2019. 505-513. [doi: 10.1109/INFOCOM.2019.8737460]

Graves A, Fernandez S, Gomez F, Schmidhuber J. Connectionist temporal classification: Labelling unsegmented sequence data with
recurrent neural networks. In: Proc. of the 23rd Int’l Conf. on Machine Learning. Pittsburgh: ACM, 2006. 369-376. [doi: 10.1145/
1143844.1143891]

Chen ZY, Quan W, Wen M, Fang JB, Yu J, Zhang CY, Luo L. Deep learning research and development platform: Characterizing and
scheduling with QoS guarantees on GPU clusters. IEEE Trans. on Parallel and Distributed Systems, 2020, 31(1): 34-50. [doi: 10.1109/
TPDS.2019.2931558]

Steinberg D, Colla P. CART: Classification and regression trees. The Top Ten Algorithms in Data Mining, 2009, 9: 179.

Yeung G, Borowiec D, Yang RY, Friday A, Harper R, Garraghan P. Horus: Interference-aware and prediction-based scheduling in deep
learning systems. IEEE Trans. on Parallel and Distributed Systems, 2022, 33(1): 88—100. [doi: 10.1109/TPDS.2021.3079202]


https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.1109/TC.2023.3242200
https://doi.org/10.1145/3342195.3387547
https://doi.org/10.1145/3337821.3337873
https://doi.org/10.1145/3190508.3190517
https://doi.org/10.1109/CVPR.2016.308
https://doi.org/10.1145/2464996.2465018
https://doi.org/10.1145/2464996.2465018
https://doi.org/10.1145/3453483.3454083
https://doi.org/10.1145/3458817.3476223
https://doi.org/10.1109/INFOCOM.2019.8737460
https://doi.org/10.1145/1143844.1143891
https://doi.org/10.1145/1143844.1143891
https://doi.org/10.1109/TPDS.2019.2931558
https://doi.org/10.1109/TPDS.2019.2931558
https://doi.org/10.1109/TPDS.2021.3079202

R F R TR AR RS DI HIE 5L 5L 19

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

(61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

Yeung G, Borowiec D, Friday A, Harper R, Garraghan P. Towards GPU utilization prediction for cloud deep learning. In: Proc. of the
12th USENIX Workshop on Hot Topics in Cloud Computing. USENIX, 2020.

Bai L, Ji WX, Li QY, Yao XL, Xin W, Zhu WY. DNNAbacus: Toward accurate computational cost prediction for deep neural networks.
arXiv:2205.12095, 2022.

He X, Zhao KY, Chu XW. AutoML: A survey of the state-of-the-art. Knowledge-based Systems, 2021, 212: 106622. [doi: 10.1016/j.
knosys.2020.106622]

Gao YJ, Gu XY, Zhang HY, Lin HX, Yang M. Runtime performance prediction for deep learning models with graph neural network. In:
Proc. of the 45th IEEE/ACM Int’l Conf. on Software Engineering: Software Engineering in Practice. Melbourne: IEEE, 2023. 368-380.
[doi: 10.1109/ICSE-SEIP58684.2023.00039]

Yang G, Shin C, Lee J, Yoo Y, Yoo C. Prediction of the resource consumption of distributed deep learning systems. Proc. of the ACM on
Measurement and Analysis of Computing Systems, 2022, 6(2): 29. [doi: 10.1145/3530895]

Yu GX, Gao YB, Golikov P, Pekhimenko G. Habitat: A runtime-based computational performance predictor for deep neural network
training. In: Proc. of the 2021 USENIX Annual Technical Conf. USENIX, 2021. 503-521.

Radford A, Metz L, Chintala S. Unsupervised representation learning with deep convolutional generative adversarial networks. In: Proc.
of the 4th Int’l Conf. on Learning Representations. San Juan: ICLR, 2016. [doi: 10.48550/arXiv.1511.06434]

Liu GD, Wang S, Bao YG. SEER: A time prediction model for CNNs from GPU kernel’s view. In: Proc. of the 30th Int’l Conf. on
Parallel Architectures and Compilation Techniques (PACT). Atlanta: IEEE, 2021. 173—185. [doi: 10.1109/PACT52795.2021.00020]
Wang CC, Liao YC, Kao MC, Liang WY, Hung SH. PerfNet: Platform-aware performance modeling for deep neural networks. In: Proc.
of the 2020 Int’l Conf. on Research in Adaptive and Convergent Systems. Gwangju: ACM, 2020. 90-95. [doi: 10.1145/3400286.
3418245]

Wang CC, Liao YC, Kao MC, Liang WY, Hung SH. Toward accurate platform-aware performance modeling for deep neural networks.
ACM SIGAPP Applied Computing Review, 2021, 21(1): 50-61. [doi: 10.1145/3477133.3477137]

Vavilapalli VK, Murthy AC, Douglas C, Agarwal S, Konar M, Evans R, Graves T, Lowe J, Shah H, Seth S, Saha B, Curino C, O’Malley
O, Radia S, Reed B, Baldeschwieler E. Apache hadoop YARN: Yet another resource negotiator. In: Proc. of the 4th Annual Symp. on
Cloud Computing. Santa Clara: ACM, 2013. 5. [doi: 10.1145/2523616.2523633]

Mahajan K, Balasubramanian A, Singhvi A, Venkataraman S, Akella A, Phanishayee A, Chawla S. THEMIS: Fair and efficient GPU
cluster scheduling. In: Proc. of the 17th USENIX Conf. on Networked Systems Design and Implementation. Santa Clara: USENIX, 2020.
289-304.

Kargahi M, Movaghar A. A method for performance analysis of earliest-deadline-first scheduling policy. The Journal of Supercomputing,
2006, 37(2): 197-222. [doi: 10.1007/s11227-006-5944-2]

Ghodsi A, Zaharia M, Hindman B, Konwinski A, Shenker S, Stoica I. Dominant resource fairness: Fair allocation of multiple resource
types. In: Proc. of the 8th USENIX Symp. on Networked Systems Design and Implementation. Boston: USENIX, 2011.

Chen FH, Li P, Wu C, Guo S. Hare: Exploiting inter-job and intra-job parallelism of distributed machine learning on heterogeneous
GPUs. In: Proc. of the 31st Int’l Symp. on High-performance Parallel and Distributed Computing. Minneapolis: ACM, 2022. 253-264.
ACM: Minneapolis MN USA. [doi: 10.1145/3502181.3531462]

Gu DD, Zhao YH, Zhong YM, Xiong YF, Han ZH, Cheng P, Yang F, Huang G, Jin X, Liu XZ. ElasticFlow: An elastic serverless
training platform for distributed deep learning. In: Proc. of the 28th ACM Int’l Conf. on Architectural Support for Programming
Languages and Operating Systems. Vancouver: ACM, 2023. 266-280. [doi: 10.1145/3575693.3575721]

Zhao YH, Liu X, Liu SF, Li X, Zhu YB, Huang G, Liu XZ, Jin X. MuxFlow: Efficient and safe GPU sharing in large-scale production
deep learning clusters. arXiv:2303.13803, 2023.

Wang HY, Liu ZT, Shen HY. Job scheduling for large-scale machine learning clusters. In: Proc. of the 16th Int’l Conf. on Emerging
Networking Experiments and Technologies. Barcelona: ACM, 2020. 108—120. [doi: 10.1145/3386367.3432588]

Liaw R, Bhardwaj R, Dunlap L, Zou YT, Gonzalez JE, Stoica I, Tumanov A. HyperSched: Dynamic resource reallocation for model
development on a deadline. In: Proc. of the 2019 ACM Symp. on Cloud Computing. Santa Cruz: ACM, 2019. 61-73. [doi: 10.1145/
3357223.3362719]

Yu ML, Wu C, Ji B, Liu J. A sum-of-ratios multi-dimensional-knapsack decomposition for DNN resource scheduling. In: Proc. of the
2021 IEEE Conf. on Computer Communications. Vancouver: IEEE, 2021. 1-10. [doi: 10.1109/INFOCOM42981.2021.9488916]

Sun QX, Liu Y, Yang HL, Zhang RZ, Dun M, Li MZ, Liu XY, Xiao WC, Li Y, Luan ZZ, Qian DP. CoGNN: Efficient scheduling for
concurrent GNN training on GPUs. In: Proc. of the 2022 Int’l Conf. for High Performance Computing, Networking, Storage and
Analysis. Dallas: IEEE, 2022. 1-15. [doi: 10.1109/SC41404.2022.00044]

NVIDIA. Multi-process service. 2023. https://docs.nvidia.com/deploy/mps/index.html


https://doi.org/10.1016/j.knosys.2020.106622
https://doi.org/10.1016/j.knosys.2020.106622
https://doi.org/10.1109/ICSE-SEIP58684.2023.00039
https://doi.org/10.1109/ICSE-SEIP58684.2023.00039
https://doi.org/10.1109/ICSE-SEIP58684.2023.00039
https://doi.org/10.1145/3530895
https://doi.org/10.48550/arXiv.1511.06434
https://doi.org/10.1109/PACT52795.2021.00020
https://doi.org/10.1145/3400286.3418245
https://doi.org/10.1145/3400286.3418245
https://doi.org/10.1145/3477133.3477137
https://doi.org/10.1145/2523616.2523633
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1007/s11227-006-5944-2
https://doi.org/10.1145/3502181.3531462
https://doi.org/10.1145/3575693.3575721
https://doi.org/10.1145/3386367.3432588
https://doi.org/10.1145/3357223.3362719
https://doi.org/10.1145/3357223.3362719
https://doi.org/10.1109/INFOCOM42981.2021.9488916
https://doi.org/10.1109/SC41404.2022.00044
https://docs.nvidia.com/deploy/mps/index.html

20

[71]
[72]
(73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]
[82]

NVIDIA. NVIDIA multi-instance GPU user guide. 2023. https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html

Gu DD, Xie XT, Huang G, Jin X, Liu XZ. Energy-efficient GPU clusters scheduling for deep learning. arXiv:2304.06381, 2023.

Zhao HY, Han ZH, Yang Z, Zhang QL, Yang F, Zhou LD, Yang M, Lau FCM, Wang YQ, Xiong YF, Wang B. HiveD: Sharing a GPU
cluster for deep learning with guarantees. In: Proc. of the 14th USENIX Symp. on Operating Systems Design and Implementation.
USENIX, 2020. 515-532.

Shukla D, Sivathanu M, Viswanatha S, et al. Singularity: Planet-scale, preemptive and elastic scheduling of AI workloads.
arXiv:2202.07848, 2022.

Wang SQ, Gonzalez OJ, Zhou XB, Williams T, Friedman BD, Havemann M, Woo T. An efficient and non-intrusive GPU scheduling
framework for deep learning training systems. In: Proc. of the 2020 Int’l Conf. for High Performance Computing, Networking, Storage
and Analysis. Atlanta: IEEE, 2020. 1-3. [doi: 10.1109/SC41405.2020.00094]

Yeh TA, Chen HH, Chou J. KubeShare: A framework to manage GPUs as first-class and shared resources in container cloud. In: Proc. of
the 29th Int’1 Symp. on High-performance Parallel and Distributed Computing. Stockholm: ACM, 2020. 173—-184. [doi: 10.1145/3369583.
3392679]

Gu J, Song SB, Li Y, Luo HM. GaiaGPU: Sharing GPUs in container clouds. In: Proc. of the 2018 IEEE Int’l Conf. on Parallel &
Distributed Processing with Applications, Ubiquitous Computing & Communications, Big Data & Cloud Computing, Social Computing
& Networking, Sustainable Computing & Communications (ISPA/IUCC/BDCloud/SocialCom/SustainCom). Melbourne: IEEE, 2018.
469-476. [doi: 10.1109/BDCloud.2018.00077]

Wu BY, Zhang ZL, Bai ZH, Liu XZ, Jin X. Transparent GPU sharing in container clouds for deep learning workloads. In: Proc. of the
20th USENIX Symp. on Networked Systems Design and Implementation. Boston: USENIX, 2023. 69-85.

ALIBABA. Alibaba cloud elastic GPU service best practice. 2023. https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download
%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000-6010.

OpenAl. GPT-4 technical report. arXiv:2303.08774, 2023.

Baidu. ERNIE bot. 2023. https://yiyan.baidu.com/

Msh 3 &% 3Rk :

(4]

(1]

[14]

[17]

[82]

XA, K. B AR R A 10 i B 038 3 B B 244, 2023, 34(4): 1837-1849. http://www jos.org.cn/1000-9825/6413 .htm
[doi: 10.13328/j.cnki.jos.006413]

KA, IVR, BB, 60 FO®, TX. MapReduce KEHE AL & 15 BVLHE ARk R, AT 444k, 2017, 28(3): 514-543. hitp://www.jos.
org.cn/1000-9825/5169.htm [doi: 10.13328/j.cnki.jos.005169]

FEAS, @Ve, T HE 0, S Bk T ) 0 5 1 4% 110 18 B 800K JBE 5 S AT 45 A 5 S et . TF SEL 544k, 2020, 43(3): 440-452. [doi: 10.11897/
SP.J.1016.2020.00440]

AR, FAE, VRIRAE, BN, AR, TROCTHL TH IR BE A ST UINGRN A AE S B 2k . R 224, 2023, 34(12): 5862-5886. http://
www.jos.org.cn/1000-9825/6800.htm [doi: 10.13328/j.cnki.jos.006800]

T RE. 30— . 2023. https://yiyan.baidu.com/

BMEEB(1999—-), 55, M4, BT JL U0 B
PR AL, AR S

2132(1990—), 5, 1+, CCF Ll i, 1%
B AT 5, A R

R18(1983—), 5, L, AIWHFL 5, FEFF ARG
WONZ R AL, 25

KICHE(1976—), T, [, BFFE R, A4S,
FEHFIIIN =, RS5H5



https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html
https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html
https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html
https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html
https://docs.nvidia.com/datacenter/tesla/mig-user-guide/index.html
https://doi.org/10.1109/SC41405.2020.00094
https://doi.org/10.1145/3369583.3392679
https://doi.org/10.1145/3369583.3392679
https://doi.org/10.1109/BDCloud.2018.00077
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://static-aliyun-doc.oss-cn-hangzhou.aliyuncs.com/download%2Fpdf%2F163835%2FBest_Practices_reseller_en-US.pdf
https://yiyan.baidu.com/
http://www.jos.org.cn/1000-9825/6413.htm
http://www.jos.org.cn/1000-9825/6413.htm
http://www.jos.org.cn/1000-9825/6413.htm
https://doi.org/10.13328/j.cnki.jos.006413
http://www.jos.org.cn/1000-9825/5169.htm
http://www.jos.org.cn/1000-9825/5169.htm
http://www.jos.org.cn/1000-9825/5169.htm
http://www.jos.org.cn/1000-9825/5169.htm
https://doi.org/10.13328/j.cnki.jos.005169
https://doi.org/10.11897/SP.J.1016.2020.00440
https://doi.org/10.11897/SP.J.1016.2020.00440
http://www.jos.org.cn/1000-9825/6800.htm
http://www.jos.org.cn/1000-9825/6800.htm
http://www.jos.org.cn/1000-9825/6800.htm
http://www.jos.org.cn/1000-9825/6800.htm
https://doi.org/10.13328/j.cnki.jos.006800
https://yiyan.baidu.com/

	1 背景与挑战
	1.1 基于性能建模的任务调度流程
	1.2 深度学习训练特性
	1.3 任务调度如何利用性能建模优化调度效果
	1.4 挑　战

	2 任务性能建模
	2.1 方法分类模型
	2.2 基于实测剖析的方法
	2.3 基于任务元信息的方法
	2.4 基于计算图结构的方法
	2.5 基于可组合算子的方法
	2.6 对比与小结

	3 基于性能建模的任务调度
	3.1 方法分类模型
	3.2 优化任务排序
	3.3 优化异构分配
	3.4 优化弹性部署
	3.5 优化放置拓扑
	3.6 对比与小结

	4 展　望
	5 总　结
	参考文献

