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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
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ZET7 RIS R IR AN B, R IEAE DL R (1) B 58, R K EAR S AT D7 S8, 1R IUE %5 70 (5 BAEARHIE;
(2) B )5, I SR AE B0 SR 25 SR (3) die i, P P A8 2 B SR ICH At A 55 1) M B AR,

F 2 EETESHIUE BTSRRI %

‘ Y \ AR B ]
B2 fE T Bkl A I ST Gt o 1E 55154 WES
MLaaS™ 3y v N - N PAI' 400000+1F55  PUTINIAiR%% B (£18.9%)
Helios™ %24l 9 J S — —  Helios™ 158 77+(F5%5 AT AR 2005 (£110.8%)
Harmony™ 34,2 > +MLP N N N — Seq2Seq™, CTCH  FilZiRz—ik (£19.8%)
GENIE™! e = i 7 V V N — 6FICNN. RNNBEAL  PATH [)1R 2 (Z112%)

B TFAT 5 J005 B 0 77 AE RO BE IR G B 2 R M B R 7 T 2R It . THIXT 22 FEAL I R RC B, 1X 877 VA e gl
T2 SR A R R R B N WSS PR BOE, 3 20 I 25t 5@ S P 5 AR SR sl AR A ELAA SR i, B AT IR 4 2 el
VAR SR Ak e ST | AR SRR £33 T IAT 55 I R 0SB R % 2R RS B R AR AT DI 25, A
T AE AR AR B 08 R 0 PP T AR R T e

15 BARs Be H, — 2877 1A ) FHAT 555258 BB 7 R T8 2 AT . I S 7 04 o K HIAR GPU 433t
FFRIE T, AR 45 6 5 U 9. 4510 a0, MILaaS'/ 5 F- i BLELEL ) PAT K USSR RE (6742 4> GPU), FI AT 5 $2 22 I 1A )
JE B 5 I M, AT S ARSI A] L B YR SR DA P 2 4L RV AR AE, T3 T CARTY 4328 [l A B 14
B 2% 2 SRR S S8 A AE 45 O B0AT I 143 L. 258U, Helios'! %7 T-%F SenseTime ) 6416 $ GPU &7 FI4E%
BEATYERE R, Helios 25 BT 1 [R)4FAE A 40 4r, RIFIEACHT M AEH . A A g e fOnd 7 AT R B A, 45
ERETRE. HERINEHAM IS S, BT T GBDT AN 2 SR SR H AT 55 A AT A 1A). DA_E 3 T 55 40
TR A i R A K B 1) B SEAT 45 R L S A b st B0 IE, B A 0 T B RO SR 17 bl T I A R R AR
SRR IA) AT Wk 1, K A RS R B xR i S A AT TN, 365 P S R A
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FRECZT, AN AR R (0 A 55 A5 I 05 T R 59, DR SR B X SIS A ) AR B DRV M 35 SRR P AR AL
298 7015 8. Harmony " 136 PS HH4) T 43 A 20AT 55 1) (R IEAS F4, 56T 504k 5% 51 7 i @A %07 V2R i 7 s 4
A 2 R AU, 55 S HUR S S ECR . TR R AR o s BRI, R ik A9 B H A, B
S, A A SR TN AR R A D AT 55 8L 1) S il e B, AR 2R B as AT USER B, AN gRam AL A 2] e, St i
T AR, 5 B VA AR R, GENIEM 0 AR [ b HRS@ A5 FF A HEAT AL 57, K450 A A 55 I 587
fi it S R A AN IR, S 23 i AN S AR A ST el AR e g R BB SAT S5 I B AR AT, DL
GPU (5 M, 8 E B S R uE B, RIE A R %, A ELe N HABAE 55847 . DA IX e AU
FUEE IR 7 i200] 38 A BT B0 20K, SR 1 T SRS A S IR AL, 3 LIS 55 1A 8 R A2 AL EAT 18801, A1k v
ZRALIESS I AL T 5595

IR RTINS A R R B 2 R A AE DL S, (HIX T ik B M TLE SRR BUE S RHAE, T A RO ERE
S SRR A B2 A . T S B TGS R L3 R AR R S5 A N AL PR RE L2, TR AR BT 55 2 R BRI 71 PRI X
24 ETHEESHNTGE

W3R T HET U A AR S5 I R AR T ik, VR s SRR Y SR e SRR BRI R TSI SR,
L3 77123 28 it DA - S PR AR S5 4 rh AR HIURFAE, I BRI Y I SRR A 2 2 SRR R SR T 1k RE 4R .

®3OETUE RS MR %
SRR bR

; 3 Y I 25 : — T 55 /504 4 k3
DS R A B i TR L4514 4R R
Horus™. CHR[49] XGBoost - — S — 19FhCNNAR Y i RIRE M (Z911.3%)
DNNAbacus™  AutoMLP"! — - N —  29FPDNNfER AR ZE— K (£97.1%)
DNNPerf"™ GCN — — N — SATCNNAE Y T FR% 2 G (£912.8%)
Driple™ GCN N N N J 1ofDNNgm | PUTHTRIEE - (298%)

TER I TR AL (B EEHT I ZRIR MR 7.3 6%)

RERHAT 25 2 FE M B, T I IR N BEARAT 55 P BB 45 MRRAE, W4t — INRHIE SR B 5 1%, 48 s ALt 2 AE 1L
T45 B3 F . SR BTS2 IR B 2 1, v 0@ i 32 FH M RE AR B 7E AN [R] E VR G B 2 R R A IE B R ), $RTh0 AR R
VR B IR R, B TSR S ) 1 R B DA b R SR R X R SRR X 2y R R Y AR T IR
E R 208 5558 FH MR SR R BA, 7 R0 AT P 5 4 B SRR AIE,, 8 G 7 THT 6T 22 PR AT 45 ) HH B 5 VAN 3 FH B 1 4. THT
Xof BEUR G B 2 REPERT, 1X K5V R BUT R % S SRR B 103G . ELAA 1, J T S 54 19 J vk i s SR B [
MRZ 4. PSR, AutoMLP VIR AT G AE L5 1 B A, 45 4 R 7 1.

— LU 7R AN T TR AE T AR, 40 APLAS 2 ST AL () 7 i AT @ BE. i, Horus™ R Yeung 25 A 175t
GPU FLZAT 55 [ Ak Fe b AT TN, X 26 77 v T S B G5 AR AE R AR SR O — 4 &, B SR 2 5 . M2 4L
i FRIGRE R F AR R batch size 5. B 5 H XGBoost HREEMAR A TN GPU LS 1)) H 2k 5,
HETT A 2R, 1 DNNAbacus®™ I B3t 7 G135 ) /4 48 25 M AL A B4 (network structural matrix) 3 45 H 5k %R it
H AL, ZBE S M KIR B8 1 R4S 18], B S, 1205 A AutoMLE B 358 R & B AL 54, I Z:6E8 )
IR 2R 5 A7 G A E T, DR RN TR THRHE TR, AT TR B AR SR B, e A e
HAmE T T e A AR AR B M B R B T TS SR, TTRE AL 5 A IS T AR AT ST
4k, HA R SR

7 — SR TR 2 Ak FE B A 22 0 4% (GNIN) B B30 T 5 PRI EA THRAAIE 4w R S, Lh 2, DNNPerf™ ) A B 45 #1
P 2% (GCN), 73 B F 5T 2 B 5 S50 AT (000 1A AR A s 81 i b TR0 7 ek 28 % 7 V4R tH T = T 0L
(7T R -IA GmA A, S B T B A% B AT A R TR SR IR, AT $ o 7 R A 2. SR, DNNPerf 1 FRIZE T HAYX
SCRFTE BB LRI BT R AL, £10f LW B, Driple 2% FE RIS 0 . OB SR Z R A S BUZ L1
%, FUE B H . RENBAREZE R, FR BT 5 > 07V EAE TR G5B 2 R a8 PROdE B & AN Al 2
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MIBHIHACE. L BT GNN (U5 VEREBS A GNN B 5 i K58 RRALBE T, XPRHIEEEAT H Zh3RHL, A R FRIRA
THAE TR B T AR &

SRS I 5 VEAE NAT 55 2 FEAE K BHRIC B 2 FEVE D SR B0 A7 AE — S IR o5 5. (HIX 8T S8 A7
FE—E B B, 0 TAE 55 ZREPEPRAR, AT PR K R H SR IEII, 3 T SR AR A AR AR SR UL R 2 S B AR,
T X A A 7 A S 6 T BRI B 2 A PPk, BRI AT A% 27 20 T DAGRBREAE AN [R] B3 Y C B Aty A v
B, (EZE 5 AR B (1 BEUR I B T SRR B, R A A8 e (A R BT 4. AN, ST A A SR B
VR A AR B (ARG H L GPU S5 00), Rt AR SRR (/D I, BT 11 S B S5 0 B TR IR A AR L 3.
2.5 BETEAEFHGE

AR TRET WA TRAESYERETTIE. IX L8775 R 7 A0 BRI (1) KR 2 ST
THEE B2 il S m] 2H 4 BAIORE L AR5 (2) MR 1 R AR A B 1k e e, S ST 57 O M RE R TR, I i
BEAESS AR S 7 SRS IV REAR B (3) s HMSZ S TR RESR bR A R &, DAIRHUE S5 BAR I RE.

R4 FETAAGE TS TR

MR bR ,
% R R 55 15U 4 %
B2 s Ak ST Frl (o RS 1R AR e
Habitat™ 43 iz - - N —  DCGANPEESFHCNNBET #0215 2 (R 5 (£110.8%)
SEERPY  Jhpi N - N - 10FHCNN Y T ZAR I R i (£112.1%)
e
PerfNet i eyl o _ " _ SFHCNNAL FE AR E T (2913.1%)

PerfNetV2P®! i+ MLP

BT AT 7 0757 E E O TR TS5 2 FEMERR AR, 75T X 2 B IAE 55 16, IX 0774 HUA A PR &
THIAS . Bt BT RAT R, FR LS T RIS A, R A NS FIE S54RI ARk R B R, AT i e 22
FEMEBR S, XM YREEREAE T, B ATIREE 2 B8 B SR 2R A BR 0. J8 X s 5 S i T 8
B, AT ROERE ] TS, B AR B . AE BAR STt |-, 1X 307 T SR R 3 T R0 (0 3 M A 7, i
BT R B IIRE S 2 BRI AT BB, B DU 2.

— 4 TSR P T U ) 43 BT AR B B BT (P B 8110, Habitat™ Rk I — 265 176 R 42K GPU L 1#%
BRESEIAN A, kR AR (b A A AL (KL, Habitat 1% S0 —2% GPU LTS &R, IHEE A F A PR GPU
Z A& TSR (i AR . BAF S R B A GPU LBk 3. SEERPBHE IR T HBUH 7
IEERE, N GPU % bR BCAAT (10 A FE, WU Z 0T 46 BV T B AR HEAT VR o0 #r . AR g N\ Bls & e S 80 AN,
SEER K &BH T 0 N H 2R RA7FZBRANFFHRACT 3 Fh2RAY, I3 B 37 B (1 /3 A Y, 8 5 AT
B E). DA R A3 T B 7 VR R TR R AT A . IO IR MR A I AR 34, (B S g i . Wi i, FRE
FRM . BB TR, St A FER A

55— TSR E T B0 SRS A S, B B TR B 2 S B R HEAT AR 511 PerfNett™ 5 PerfNetV2P, 1]
PR T LR FIRE AL . AR S B S T IO N B 4 . B R Ak AR SBY . batch size % i
PERIEELFE ] GPU 1) CUDA #Z.03. FERIE . WM. 77 9% L AU (H FLOPs 5. 7E % 5 T B A ol e
FHER G, BATE T 1 5585 2 B IRAY S & MR R IREE S IR, E T i k& B 5+
i S H . 2o, Habitat™ X F 6120 F 40 BB ) R MR % R BB A B, 8 2 R R AR @i T ig 4T
AL R PA b T R IR 1Y 7 92K GPU $URS 45 B (CUDA %03, SR, FLOPs 25) /E 4 AL 25, SR T SEhn
Som b RE R R IR A HE GPU 228, DAB I EE SR AN . KL, Tl R U205 19 GPU B, @BiER B 2, TR
WUGE RS 2 > S B 2510 75 30 g SRR M 1 A 45 2R

TE LTSS 2 AR R DT T, 2T AT A5 7 107k E i iR 8 R UL %A SRR 2877 i B ML T A
B, ZWE T H T RATZ AN A (BIATHESE R . PO AERE DU AE), T3St B AL v B R A7 AE — 52 B, 16 RS
VEURINC B 22 FEMEB AT T, 35 T 20 RS M AT AL & 51 7 V8 W B BN R A AR B AR DR AT 3 T R
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>, PO L AE AN R B VR IC B R AS A . RIS, 53Tk SERISS M K 7 A b, FOT 5 Al SRl b (I R 4R
FFHAE, oA R R R AR, PR R S T A A XA, THDNS 22 RE A 1 B YR R A S Y e
73 FRECZ T, JHE TR0 0 43 B A5 R THE I 1 B R S AR BN, T R 75 46 9 N 0 SR TR AR S R R 2 BT R,
DA A3 L R 859 . AR B A R, AR T SR T vk, vl A SR AE N Ltk 6l A B, By e R %
BE T PR REREAT A HT, T K R 8 (R 4R A/ AR GPU 2 I E 2 (LA M )R R 0. 2 W U T S
GPU Z [/, IR 1 N it i 5 stk
2.6 Xftb5ihgs

25 JEoR TN B VR AR 55 R RE BT VR AE 2 SRR 4 P A0 L. AR RS R b, SR
BRI T N TR AT AR, A 55 7045 B -5 55 P 448 A0 925 0 5 463 - S ) 50 SR s O Y ] 4 BTV A
AR B XA BT, R O RE T

RS AEFSEREERITVEXTLE

VEREAE L T 5% BT o 05 R BLRF B [0 S Teph VEURRLE S FETE DR
SRR > - SRR e P
Ty i TR e e T — % T
P L i T NERAEE M e el
AT i i ﬁ;g’g@jﬁ@ it BIs WL RN (BT

R S 777 10, STk bl T 58 MR B A 55 R SE B AT IR AL, SENGIE 31 SIS AT A8, DRl L B 22
FEXTRIG. Hofth 3 SRTTIAAE AR AERA L LR B, I rh i S S A Bl (0, X TR T e R R R B
2 BT UAAMNRIZAT IR T 8. R Wb, S BTV ) e 1A PR LS v (0 e A P AR A 10, JE 2
X FHAE ST 5, DT AN ol 6t e .

BEOHAE S5 AR PR, (55 75 Bk i B ) S O R AR 3 3 R R H SR AT 5515 B 2 R BUA R, 3 LA
RNFZYE 2 FEACAE 55 A0 R A TR L. A TS B3 9 E B 20 A R BRSO, A8 0 A A R 1) 5 92 bl T 32 BR T N T
AN, 3 N RE g B 32 PR 78R R it SRS R (K vk o, AT A& S E R A R B B 75 SRSk L T R
IERE, I SE ARG N 1T I B RC EIA . A LE 2, TR S SRR P RO R R, A S R
M F 5 AR5 MR AR B AT BRI AL 55 7045 VA AR LU IRy, LA THIX 220 1 B R B I R S AN 2. SR A — 4R
&, TR B SR BT 5 2N B s vk B 28 ) S A i B ORI L 3.

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

3 ETMEERRNESEE

3.1 FIESRRE

T R A R R T ¥k R R P A RE AR, 30 1o AN [ S R I A S SR B T U R AR 3 e SR T A
(1) PRACAESS HE e, DRI AR 55 2 AEPE DR (2) DRtk 73 e, BAREXT S5 A0 2 REVE B (3) TRAL Bk B2,
LUREXS it 3 2 G B 2 AR B (4) DUAGTR B AR A, CLRXTBCE ¥ 4h 2 BEVE DR, IX LeT7 iR B MR e 2, i
X 4 B BE L REHEAT AL, AT A RS L Bk, AR LT 1R RE TSI I BE T 05, AT R S R TR RCR. A
TIRRHEIX 4 S5, 73 SRS T I L B T7 i 0 P 42 R AR 08 i 0 L 2R

AT RS, < BE H ARSI B 1R R B T 0 B AR AR T AR R R R B RICR,, B e R . BRI T U
SR AR LA B . PRRE AR T V5 845 T VA R RO IR B I BB A, X R T 58 2 Tk i 4 K777,
“VERE AT R FI N R T EESVE BT i VR BE AR B, PR RE SR I J7 30 B J R 1 % T VAR I T R A 51 10
SRR, S BBE B8 W R R T % B 5 VA SR IR IR O AR A S5 A 95 UL, <R 91 M 1] 2 Jge s % 77 ik
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f1 R B2 2R
3.2 RILESHRF
R 6 JBIN T I B AR AAT 55 HE PR RO IR BE 7 v, IX SR R T 9 3 A ST 5 2 REME B R AT R vk T
Xt 2 FEAL AT 55 B8, 383 o AT 45 BAT I 1] 5 92 00 5 SR EAT A A R R, TS0 S ERAK AT S5 RAT L, AT AU A A
[FI BT 25 75 3R, A AR BRER. X TR R I LA E L, (8 Bh M R, it TR AR e vkl EIDLAC
M FLRAAAT 55 HE e, BT FERCR. BRI &, 43 LA ik,
®o6 IETHERREBARAAT S HE P 1R 7 ik

O .15 S L

AR AEEEME PEREERELT g?]% ﬁggj: g% st U % ey
T Gk G N - - e e a0 BT
Themis!® 24t gjﬂ Vo= = RiMREZSGEE 256 15000+ (mj‘iﬁ;gﬁ ;g ;E ;%5 .
Allox™ 52z ﬁﬂ'ﬂ VoA —  RIFELESE 40 10000+ (tt%}fiﬁ;gi%)
Chronus™  # 1F I [i] gﬁﬁ Vo= — BRI 12006 30000+ ﬁﬁ%ﬁ?ﬁ;ﬁ%ﬁiﬁ

— 4Ly S R P B AR A e B 5 3, AR S5 HERE . G (1) Tiresias®". %07 iR BATE 4 $uAT
B 1) 2 L0 1, S AR AT 25 AT B ) 3 1 1 IR 25 B[] (service time) R #w, %4848 HAE 45 5 H GPU & I L H:
Pl R ARAT I (B BEAT V5. AR LG T BT FAE S5 S0 AT I TR HE 7, IR 45 B 1) R 8 () B 4 3 8 AT ) 1) 5 9200 o i
MR . Tiresias J# A0 o 8 FE o 4 IR 25 ) () K0 AT 55, Re %A ARLE I 28 B i 5K 22 7 K AT 55 2 IRk AT ALAl. 3X
P S mg, B SRSF (shortest-remaining-service-first), il 5 82 [ [ 3 B 2% S SR 1R BE 7 15 R DL SR HE T v
(2) Themis' X 20 -k ol B4R . 127 VRS I AR 55, DRIk R A 24 ) S5 By SR B AT I 18], B
J&, Themis BETT 138 FH TR BE 22 ST ERAT 55 B A P 4845 FTF (finish-time-fairness). 1% 38 b Ad F it o BEI5 1444
A7 B T ok A =2 R Y ) PRAT S ) (PR A ) TE 5 % AR AR S AR BB 40 MU BT B TR (R, A8
AT 1] TP S BAT TR LE 7R A [] A 3R 15 AR S5 350 BT 4% B 5 Themis Bit 7 2 THARASZ R e B 1%, DITE
SEREZ T A BB ) FTE 4565, FTF $8FR A J5 BRI [ 2T 8 FE 71510 I Fa R, M ELT DRFCISEAE 55 1 4 B
TR BE, BT FTF $855 018 B e 010 SOl IR IR L 22 S ST S5 E A R A 7 20N 1t B 22 =, S8 dEwfe
e IR T AR, DL 5k, 38 ) M R A - HE P AR AT HE P . BAR B AT A B s AT S HE T AL
2, SN IX P HE 7 i R R 28 BRAT 5576 4 )R 7 T ek, ERIRAN B A AL HE Y 45 2.

Allox"Vi 1o ) Ak B AR TS pe R DT L B 92, P AT 45 HE I S AT AR AL 1205 74 B GPU AT 45 HE 1] R e 5
s/ AR AR P UG o) . H b, A A A B R A 55 AT I T A Wi D — 30 PR DT IR FR) <320 i AR, DAL e s e A
RN Z R B SR T L BT, BT ORI B GPU IZRAT 55, R b Sl B b v 7= A I S AR, & T-iZd% 5=
X B VT IE 1 77 V2 Be % 70 22 TR ) P A5 22 18 B AR AT 55 HE 7, SR E AT B B DS RE B0 A B o0 A AT S5 N
I B I, R I P 3 B

Chronus it 4 RE BB T 20 MR BRREAT 0 SE BoR M. %5 4T st b 18] E AREAT Ak, %05 11T
I [ A8 GPU. AF 5% 9% R AT B2 6] 52 137 3¢, DRI ] A0 P Sl 0 A vk AR I 4 W i AT 55 B0 AT N [A]. SRAFPRAT I
) A5, Chronus R 415 b 240 W7 AT 55 P00 A0 0 T 0 R385 A2 12k, 9 T A T A B0 A 55 JE AR T, e e A Sk BHL2E. 1% 07
VRN B /I L B 7] 35 24 26 B 26 ZRHE P 55 A0 D BT B T) 240 SR P VR 0 22 R K 1] B, 1) P R At s L id 3R 15
BARAT S5 HEE . M EE T EDFSNAEAEL Gi it B To IR 550925, Chronus B8 7 2508 % 85 L0 IR 18] To92056 2 AT 5540 5 SR BE IR
J5. SR, Chronus [ 2R MU R G AR B R AT 55 S #7460 o QR BE, X BIN T — 8 H46 &5 TP, dHTE S e iR B —
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SE M.

TR AT 55 HE PP AT PUAR RO T B2 771K 20 SR SR T B0 7 AT PR R AR, Xt T IRAGAE S HE P A K
XHESS HAE B TE s TRCE AN SEBEAT PEAL. SX A4 55 T A6 A B Y C EAPSRBE AR AN 2, ST A AR, AT
REETFEXT T e . SEBLEE A e BT B A .

3.3 ALRHASE

T JER T R L R AT AR A S A 43T AR B 7 . T R S A 5 A0 2 REAL AT 95 I, S8 I XA 5% S A
L RN, T LARE G AE SR AN B AR 5515 S A B B HEAT VL C 54X, AT 4 ek 18 B2 R SR 2 ), A3 280t ke e
Phile. T IR, XRTEBL TS BARE. AR ENE . IR R, B B A AR R BRRCR
AEZIAESS A [FIERE ) S48 B 2 [RD AT SE AR AL K IT IS, AT SR TR R, BT &, A 0 F 7 ik

KT IETVEREEALOL LA ) BC R R B T ik

‘ ‘ i - 'Eiﬁ%ﬁi*ﬁéﬁ%* O A BE .
R AR R IE m iﬂi ggé R Apesnts (5o b LIES
Hare®  S2mds %gj — Yam — i;@;ﬁg 256 2000+ (ttTiﬁlijé%%%?g%%)
Guel™ i fepwie - o — s s B

— BTy NN S R Pk, T I R P R AR T — B A R B, BRI SR 7 e, I BRAE O B R . 5
0 Hydra™, %05 4Tt Rk 3 3, LT A 574 GPU #3885/ (<3), HIERELS Allox™!. Chronus®"'2 1
[ SE IR AT P e EAT A%, Hydra THI [) [R) B Ak A8, L0 e R0 35 A2 5 56 )it 18] (1) B A, ) P AR5 21 (1 S04 T B 1)
Wil THARA, AI{ERH GPU L4 — & sl 1L A] i 29 2 DL AT 55 58 R 3R, Y88 1 =48 GPU By
Kl ZE k. b5, Hydra Wit 7 28R/ NRAR R KANE, EERNER B R NIATAESR. RE
Gi— B JTIRES T A SRR, (5 H BT RRE XS B GPU IIZh, Joiknd 43 A AT 2544 FH 1 7 4 3845 R s
T4 —=th, &R

WA 7RI BT E R M GPU b AR B AT 500, TEAT 5530 2 I M R AR 2 T e v B, 98055 FE U DG
TiC A B3 Eh S5 A4 P Tt SR 160 R B85 B . 4 Hare!), 2 TAE R BN, 40 A5 2AT 55 (KR A TAE TS s AE 44 GPU L1 ek 3R
FEAEZE R, PAT R SR BSR4 0 AN s B, P2 AR F 28 (0 23 4. Hare £1X0T1X — 258, FIFH @RS 2I7E
SEM) GPU LIRS A nk R, Wik 5% Dl KA SS 406 T I S BRI F AT g, JE B0k 7E I ghiEAQZ 48
FEPAT RIS, INTTEAT B 2> S, A 3R H 2S84, A b T R M RE 0B 77 7% (shortest-remaing-time-first, SRTF), A
i B AR AT 55 5 F T ). DA _Fax SRk AR i ) 7 v IR B E T, FANCSZRFIE I I o 5 R T 2803 SR, A2 7E KRB
TUPR BE 5% S VN GRAT- 5%, W 2 (] 52 PR AR - 0 U R 3. 3k 288 5 12 7 28 PR Qv 4 e LA SRR 127 5%

A 7 9 S ) A AL 2 R ) R AR e SR AL VA E ) A, 4 Gavel !, %5 VT 7] GPU A 48 [ 4L 2
iR, BT ARESILE GPU BT TFIRERMER, B HEGHENRS, IR TS OE RN
TERHE S5 A 2R M BEEAT S, 38 G K B ST 4. Gavel S 10 F) 74 GPU (KA -1 B 05 6. &1 xR i Bk, %
JIERCTE T 3Tk 28 40 MR B 45 1, KRR AR S R A A TE R M GPU EIFM R A — SRR, MG,
Gavel F|FZFEREAE N, it 138 VESR A 2 VA g A8 07 32k, Je o 5 46 ) A7 B 20 P ) % A SR TS A PP R
AT, B35 max-min A P14 makespan F¢/Mb, DL FTF AFPE. B FiH ) 54437 5 9 42 A MK 77 v sk
R R PE R, MR AT S . 1 GPU B2 B R AR RS,

DA EFSES A A BEARAR (K v, 4 57k GPU Fh 285 /b ik, Sl i FR4 A2 nT 4232 1), AL, 40 Hydra™
Hare V57 A7 R 1 HERf . 7 8 B SR AT VA HEAT P RS, 17 St K B AT 45 4L & T B 1 Gavel PR
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T RENS AR BT A AR 55 70 (5 B
3.4 fACEMEERE
R 8 IR T M M AR AR AL A B P B A T vk X A U vk A S R A G 2 Pk T
X2 FEAC SR B E B, PR FE S AN R SRk B AR 55 VE RN, 230 P RE AR AL LA, SRR BORS T 9 Ik i B
EFE A [, AT RONLXT b, X — BB, IXRTE T T ov0 ik, BULRCSE I, sy d 1 omfe s IR, 5
FE AR A 77 3o 23 B B0, 32 1T 4R T4 Jm) B R Y SR Il R e
R 8 FETVEREEALIC IR HE 1 E TT i

e W PR PEAE g TR PEAEAE L SR B E A
H s JRE AT R ek RTINSO A S M
ElasticFlow™ ™ 4 11 7] S BT J - - B gL HE 128 15000+ (g‘gﬁ‘g{ﬁﬁsﬂ%ﬂ?gﬁﬁ)
Pollux™ WS HAT S TR — - V B gLk 64 160 (Lﬁ;ﬁfﬁﬁﬂgﬁﬁ;ﬁgﬁ%)
MuxFlow'® s2piaise i Egshy — Y —  BFELESE 1000 7300+ (H é%a fdgz}iﬁfgi% )
worst RS Tty — v 4 ambmerasm s 2000 gt
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(1) ElasticFlow! ™3 T (1B 15035 2 f R BE B ks, B2 T — Rk T ot IR S5 2 e I 257 &, B H iR
AT SH S #O R ) 755K, T GPU $u& i & B A B . 1% 07 7555 25 4010 s SR AE 55 I 1 e AE A [7] GPU %
B2 1 P BEIEAT EEASE, DA W AR el 7% Y 75 3R BE A% i L AL N A1 2SR . | T ElasticFlow (W& XA SR, KR
S B AT T AT B D3R AT A 1) 4 2 PT 3232 1. i 9 R B, R B S S I 2, {HL el T d T 4 1 A7
TE, ff B A~ GPU B B PR P . 28770, (N PR A GPU £ SR EUNZRCRACT, 51 ol b i (el 2. R,
ElasticFlow i T 90 B S 8 B B0, AT 55 40 T R 8056 2 LA E I [A) 35 SR 1 B2 GPU, MTT LA BEJRAR A
FEFHA LI A1 2 2. (2) Pollux*FI| I3 T HLA% 2 5] AT 55 oM RIS RS EAR S H. HIE N RS it 17
B T SHE S BIISCERSE T — AN B I FE BR“goodput”. I8 bR RENS S5 A M Hh i B A AT TS TR
TREE. BEJE, Pollux il it & il 43 = BB G 1A FE AR Sk f R AL “goodput™. 7EAT 55245 1, Pollux FJ FH s 4515 21 i 84
BT O FIR AT 51 batch size 522 3] R, i H“goodput” i K AL, TEAEREZ ) L, B IE 4T % H“goodput”
HEAT TRUR L, AR S PR A LS SRR AR AT 45 DA 3T 9000 8 R I3 1%, BER8 DAL 19 B 28 1R FRHY
PR 25 A, (A AR AN A e B SR AL, AEE DA ().

MuxFlow! -4 REAR A N 25 FIDC 509 0 T v, AT 76 22 330 XA ) P 3 B s 0 3 P i . e o Y 0
MLP 15 B 5 Mot L 52 GPU T &5 MERe b AT AL, Zf B 7 ML BB B 7E I JZ X A AT %5 4L 52 GPU B FH Y
SM T HEAT MR VR4, AR @A B A I 25 B, 27 R A 2 1 A SM R T A IR A AL R R
ALEE 0 P DT TG, ) 330, DT R SR A e DA 5 4 38 28 45 SR MuxFlow (1) ) L E T, fUERC B2 GPU W 2 A %5 1 BE R
HAPEIE, TOVET M AR A AT ST A S T /.

A — L8 T7 VRV R AR AN SR A 27 ) AR B v v, R R SRR 27 ST 1) SRS 2 =T e 7, i ok s R FE I Bk k.
41 MLFS G A0 58 B R S USRI T4 &5 7 ikt it 26 . SIOR R AT R 27 VR4 1k B ot
SRR ST R SL R SR, ¥ GPU Ay i B N SNE, K @A R k2 S E A Bk, £
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9 JRIR T Ik BEE AT A A 3 0 B A R R T . X 2R ik T B R R R B AR N2 R T 2 AR
JHCE $1 NG, 38 3 KT 45 AR TS 0 MU (TR N TR, T DA 3 T M R AT 55 A S B B A S, 8
TE KRB SHAMNAE B4R, WP, 3 TiX — BB, XR TR T ahT s 8. ME UL
%, BAERAT S IR BRI 5O P b, 28 T ek D DRE A B3R T 45 )40 5 B PR RS S0

RO T IEREEMA IR AN T i

e M T A IR AR o
Gandiva™ SEACE e - N - éggﬁ 180 2000¢ (tEApi%chﬁe(;I;[rjnﬁjg]ﬁE%?‘%%)
WD e MAANT VN - itk 2 20 SAGFORRE
CoONN! ek mawT  — = wtmesnr s a0e g AREEICE

PowerFlow!””! TERACE IHHEGE — \/ —  BFsULETE 8/16/24 1901 FIRRE B RERE
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i R, S e A SR IO T S A RO (R Z T R ORI B T 5 PS 43 AT U R 28 1 M R AR B R
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i, Mg/ MEH & GNN BCE = AR TERE TP MIELT MPS. MIG S5t RE TR R 3 A N ZRbL, KR FARAT 55 58
JBF 18] (2) PowerFlow! /3 15 B 45 My i R AR B, A1 X SRR REAE ] LEAT BRAK. B2, 127 VR MR E XTI 45 A8
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