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(School of Computer Science, Northwestern Polytechnical University, Xi’an 710129, China)

Abstract: The use of the Dataflow model integrates the batch processing and stream processing of big data computing. Nevertheless, the
existing cluster resource scheduling frameworks for big data computing are oriented either to stream processing or to batch processing,
which are not suitable for batch processing and stream processing jobs to share cluster resources. In addition, when GPUs are used for big
data analysis and calculations, resource usage efficiency is reduced due to the lack of effective CPU-GPU resource decoupling methods.
Based on the analysis of existing cluster scheduling frameworks, a hybrid resource scheduling framework called HRM is designed and
implemented that can perceive batch/stream processing applications. Based on a shared state architecture, HRM uses a combination of
optimistic blocking protocols and pessimistic blocking protocols to ensure different resource requirements for stream processing jobs and
batch processing jobs. On computing nodes, it provides flexible binding of CPU-GPU resources, and adopts queue stacking technology,
which not only meets the real-time requirements of stream processing jobs, but also reduces feedback delays and realizes the sharing of
GPU resources. By simulating the scheduling of large-scale jobs, the scheduling delay of HRM is only about 75% of the centralized
scheduling framework; by using actual load testing, the CPU resource utilization is increased by more than 25% when batch processing
and stream processing share clusters; by using the fine-grained job scheduling method, not only the GPU utilization rate is increased by
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more than 2 times, the job completion time can also be reduced by about 50%.
Key words: dataflow model; batch process; streaming process; application aware; CPU-GPU; queue overlap

A A Ak B O ot A B AT A T RURS B R ST 20 A 2 A B R B 6 e R R AT A b
WINJCE VA, SemrrkZiskm. Bk, AU 00 R B H AR 2k i, M5 3 DR KRR, R ORAIE R 55 55 2
H #%(SLO).

A BT AR I F % 8 R JE R S — R R D Sk TR SR, S e SRS MR g MR A Sk DL R A U
SR, R BRI 58 eI T, B RS A B, B AR Rt A A b 2 ) SR TR IR A S, WAL B
A5 Ml 1) % 58 R P AE 4 SR — M 43 O AR 05 1 R IR, P I R R I B R B A, R R B AR A N Ab B A
IR T RAREAENY, W R AT A, TR LA B IS, B, R UEECh 1004~ CPU %,
P GRAR ANV #S T 2 60 A CPU %, R A T4 i, SAMELIRT 50 A CPU #%, # G2k 29 75 K.

AT 170 37 Ak B8R L (1 7% 9058 80 PR 290 R T i b0 Ack B2 0 Ml ) % 0 S ME SR AT 45 1 (R0 A, 0 Sl ol B 9 Ak
TR AR AR K KB ds 5 i . R M Google () Dataflow™ ST (g tH B, LA 2 AR 22 4l T 888 45 1)
JF7 2 B Ak F RN G ) B P Ak B BEAT AT LA 45 00, T T Atk A AR M R Ak B A M 3 R AN SRR
Tl B BT AR i, LA FLink!®), Spark[ ™45 3 404 (K135 F- Dataflow 57 (¥ K $odfm 4 FRHESE, SEBL T Hk Ak
G RABRIGE—, BEZREHEAC BN, SRR REAR B Y .

R, IR SRR P A A SE, AR AL SRRl b R SRR 5 5 20, TR AR B AL R AR S 7 =X,
STV B SRR M 0 2R 0 SR AR A [ 40 5 050 U R S s, S 8 Ak B /0 Ak B D frp R R SR TR SR L AR B oK
IXPERAE NV I AR AN BB Ve b, 440 b Ak 3 YR S S A L S S N, B TE R R A R
AR FRAEME 73 TE 08 (R YR, ANRET AL SLO; 24K It Ak B 5 5 A 5 HE 248 1) s R 52 SR, b b AR S 51 R Ak
B AN A B MY 2 5] 58 U5 A B A P 52 () J. AESX RGOl N, gt TR iR AR A R AR A, R
b A FEAE b P % 9058 53 I S RIS Ak SR I T 905 L R I Aok, S AL Ak B L R AT Ak A 2 T 11
PRILTE, AR T AR TR Ml 11 98 5 4 P 7 oK

SCHER[12-141 5 R4 T VR A NS URUR FEAE S, JL H B AE TR g K i T AT R b 5 R i T g AT b 22 T [
FIL b e, FUEN T BT L+ 2L+ R 5 IE47 R L2 B0 20 LR R b 2 18] i S 1 3 Y5 L
T, TG R YRR R B R A A AR M R Ak A bt I L v K

B 5 KB A B AR B R, R I FH 3 S5 R v, KB 40 # Jo R Sk A e R R R AR ) R
ok, IS — e . EURSSEORE I I, GPU FFATE KR A #r b k) 2 A8 . HE, GPU E R
AT BB KB, AKES V0 TR EROREIE AT 5, Jrolic e CPU MHTIHE. WA
[ SERE RIS U FERE LS, BB KA CPU 428, A4 X GPU 48, X+ CPU il'515 GPU il 5148 ¥ 47
TERREAE VG, ik CPU THEFI GPU A ML —il ok, Bt= CPU-GPU Bt 2 M I fEAS, Afe
IS F AR CPU A1 GPU %R H 1. 4 GPU THELEATH, CPU Bk TS, H4h, 24 CPU B4
A FH I, BEATRE T2 GPU T E = CPU WY I JCi%ig 1T, #lin Shuffle #:ES R CPU Wi, 1& 1 GPU %t
TR IFTIR ok

H A, T 10 K EHE U0 CPU-GPU R A 4R HE VR R FEAE 4, SR i@l ¥ e CPU 4EBF I D) RSk SN, ik
BT ILIE 2 X E ) CPU-GPU 2 BEVE U5 1 5 HEZE . Yarnt®), Mesos™® Kubernatel 4% 42 ¢ 75 Y5 1 i HE 425 CPU
B EFRYE, K GPU BAVE MR E RS B, XSRS E S CPU-GPU ¥ MR RS, Wit CPU
A GPU B A AH, B AE KA CPU fM#d #, S8 GPU #/E51F CPU %I ™ £ GPU M“iLik”
wCE AR LI R A, I ASE A 10 7 Dataflow B8 (¥ K EdE Wi 6. 54k, K2 ERGCR AR R
(11 GPU i, 1R /b BEME SN bL FE (¥ 8 5 L =2

SFLL e, TH ) Dataflow AL, N7 —Fhod FH 4 A 3R I RD R A BRI gl 11 S AL S AR R R
A T BEAE SR o A SR AZ O E AR, SR, RA A BEAE SN % B LR R IR — 2 mT DU ARk
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PIRFAE, AN RSS2 ) VR b SR R AN [ ) s 2 S — & CPU W RN GPU R ) RS R A 7 2\ — 2RI
LG T VB R YR, DA s S AR R TR 0 R VDR U S T RS SR T Re (0, AT B AR e A L £
BRI 55 5 R RE T 2 AR
A TR R AR M A N CPU-GPU 53 #4945 B 1 TR & =X % U5 1 25 HE 22 (heterogeneous
resource management, HRM), i & 41t b HE AL Ak HE A b i 3 0500 2 75 5K, SET CPU 151 % YR A1 GPU 157 % IR
A, Fm ALK MEER AR, B2 TR LA SR LN JLAN T,
(1) $RH TR ISR IR A R R R AE LR A P VeSS, SR SR R B DT AR A
BB R &5 4 TR RO, SIS L YA Ak BRI Ak B0 M 90— Ak L0 R D P AE A
(2) BT B ICIIMES, TR CPU-GPU A (1 AT EMILL & CPU A% Sk ¥ B % IR B G, SEEL T
GPU-CPU [ (1 fift 4;
(3) WAL TRIR BTG LS BA B HE S, A IR ALERAE Y IR IR AT DA — IR R AR R A, HE AR B A ) B
Al CAHEBA SRR, HRM 78 /] — /> %85 B0 L B kAL F BA ZI AR AL BEBA A, T RBA A HE B, R A B
BAF BA R SE . M A IR 5 A BN P AR B SR 4 i, TR A ARV IS AT AR i Ak
HRAFHp, FAT R AR S o), TRtk mT DURS A 0 A AR b 1 8 50 SR T bk Ak A M USROS
T A7 (R 18 55 5 s
(4) B RAAEATIHE A S5 7 50, 8D IR DR IR T R R UGN B, Bl SRR B WU A R
ARWGER R, B PRIERE R RN BB R IR X PR R AT A A 1)
B (a) AEMVRE T R, AHR O Bk ) G BN [RS8 YA ke, IR 4 R AL TR RS (b) R R I
SR BT S, BEATR RO EE. A S YRS B 2% A B0 kA R BET (0 0 TR K A RSB AT 2 BT, A
FEAT S BRI . R T NATIXZRAEIR, HRM AT ST A E TSRS, — HisfTHh A s &5
W, BABI 1 7588 50 B S R R SO PATIRE, R T RUEIR,;
(5) it A AAEBNH P R I IZ AT ML, 9Bl GPU ¥ 4% M40 ks BE R I A0 L, Al 22 TS5 aT DU [ — A
PRIR AT, $EE GPU B4 (A% .
ARSI T HRM 5 Spark Zm Pt 48 (o 422, FF3EAT T ALK RN S br G 30K IR, HRM R4 4 8 B
W CPU BAK A GPU B4 HUSRHE LEAT T SEBr SR I, dl i ie 4T Spark 4 FHE S0 I8 FR) UL Ak 3Rt Ak 21
PR HE DA KK (1) GPU AL N, 55 4R rp o 8 U R REAE 2R 0EAT 77 L. HRM i R 4B 1R U 3 R Ui
JERESLIK) TR% 25 A7, Th4bh, T3 Sekn f A ARk A 2 45 g Ab B AL S SR JEVR RN, A HRM I BEAE S, CPU %%
TR S8 mn 25% 0L 1y A6 FH AR RS FR U5 A 0 7, ANME GPU R S8 2 £5 LA B, 4Bk ) e i ) B g
/b 50% 4 A
AR 1WA BER E R AR BUIR. 5 2 R HRM SV ZE K. 4 3 ik CPU-GPU i
SERCIE I 4 . 25 4 T IR L AL A b AT AL A B VR B I R 55 5 T A4 T Spark HE B 1) )3 gk
HENE. 556 4745 HRM [P REAR RN S 46 DL R SEBm 7 8k iR g5 16 . 58 7 950 4 S0k AT B S5 A

1 HHEXFRHERE

1.1 FRIAEESR

AT YU B AE S 4y 45 H 5 (Yarn, Mesos, Omega). 4347 =X (Sparrow, Apollo)Fl4E /b 43 41 ¥ & 5\ (Mercury,
Hawk, Eagle).

Yarn $240E 3 Bl S, RI1SG R eI 45 (FIFO). 75 i i o0 28 ~F 1 20, Mesos & 4 1 15 2, & %
LY AF(ORF)PF R, HH 2 GFAEAS R E S8 2 F . Omegal? 2 SE SRS TH 2%, Sl T
ANFEAENE AT IR EE, Wb T B IR, (HE, I SE 1 BEAE S8 T0 V2305 A2 it A B AR M 1) 580 0% 90 43 G P 5 3K
I, X R R E B AN B AR A — ol L R A AL A A M P B R A TE TSR, SCRETH AL L AL BRI 7 A I
PR ER, T HRM A 1) 43 A 2R 5 25 0T USRI RR 2 I 2800, FEARE AN [ 1) 248 30 1) S FH R 4 A ] 1)
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S TS

Sparrow!®, Apollo®4%: 43 A X % 5 Vi 3 HE 46258 I T o0 8 J8E 4 3R LA ARURE R A b, b3 SR RN, AT
) R T TH AT R R PRI SR, AR5 AR SRR I 45 1L, h U 3 2 MG 3 W 90 v 32 9% o B W RO B A Ak P AT
5 AR SRR SIS JC VR ARG B AR I v S 0R U, b nT BRI VLB AT B R — AN TR A R RE, R RO KT
Yrdn. Pk, oA U B 0 2 Ak E R Ak 2 A M R Ak AR M YR A (1 Y AR

Mercuryt™, Hawk[1BL & Eagle™ 2 i@ & 200 BEAE Y. 2 b 28 7 28 4 K N ()38 AT (R AR b 43 BO %R s, 40 A
S 8 g R I AL IS AT A 3 e . 3 R 7 S AS gt e T R ] A M K B ) 5 A5 ) L L At Ak
HR G AN FVR A IR DL, TCIE R T A AR B Sy T YRR, BT LACETE T R R, HRM SR HH AR W 4 1 13U
BEHEAL BRAE ML, A5 53 B 80T 5 A BEAE M, bt A 3 A M R 2 Ak ERA A 5 B TR, il A A
P I st R o T E SR, [ o 30 I 40 Ak A N ) 8 P L S R

SCHR[25-42] )y T 4 v e YA T A AL O P e, I B S AR U B RE AR T ek,
AT 45 BB I 28 A% 22 IR YR KT A0 20 TiC ST W8 VRO B 000 U8 B8 L ok A S 5 17 sk o 3 0006 1y i A 2% > 1
JESE BT e DR AR AT LT SRR B AE AR e i, BT LA TGV AR Yt Ak FE R Ak 2R VR B B 1 9 20 T ) A, 4
A3 e 3] CPU-GPU %8 Y5t 1) fife 1 1) 7.

Storm™, Naiad 125 3 40 BT SEHESE, E A TG & TR BE VR U5 B R 4, B 2 L0 2 1) A0 9 5 AL o,
BRI JGV2 58 F A A 3HR0 0 A0 3R I (¥ W 9 Lo SR SR SR S R I T ) s 30 T R R A B
o AE AN TR SE A 2 () (R I A8 2 5 06 Sl 35 5 AN SEARE IR R USRI FH 3R . HRM L4k A A b 0 0 Ak 2 1 Ml e =2
] —ANBETRE, A T K L i)
1.2 GPUZERIAE

GPU #F A EE AR ARSI GPU WAL E UK ZAEFELA GPU & ks, ilk[43-46]
AT 5750 GPU % LIMTASE, AVFZAMTSILZIRA GPU W 4. SUHR[47,48)5H % 2 BREE T g 47 I (1]
B GPU AT %%, SEIL T — /M E TR NI RS, HEELETEAFM CPU Bi# GPU #ilk. Uik
[49]rP 4Rt 7E s MBS TS S LN GPU 45, RS Torque KM GPU 1Rk, &4 —Fh i A i GPU % Y L =2 p
X, EVENIEATZ 00, AR AR ML 2 B E K GPU %k, TN HPC b, HGEH T il 5 £ BT
%, RIS 1O S0 REHE M HTAT . SCHR[I8IHR AL T — M GPU 195 I /7 3%, n LA i F k35 I 340K
SCHR[50-57]% CPU ZHJii il GPU AN N h & FLYa I, (H2IXS R 406 CPU. PWIAFE A T SR IR %
TR L, GPU FUZ 4 B). Yarn il Kubernate B 28 1 3 3¢ CPU-GPU # YR 43Fie, {2 S LEMR LM,
R & CPU F1 GPU % FI M.

X YR A BAEZE % e GPU W, = CPU 5 GPU % I, AR% & CPU 5 GPU 2 [H] [ 35 Ak,
WAE & GPU $AT H 6 CPU (W, W1 K Eds vk & e, 5 FR 24 CPU R ITIR 2R, 4 GPU %
IR HRM RZeH, ¥ CPU-GPU 1 Jy #ar (1 B U SR ook 8 B, D 454 B UR SR e 4R LA ZUML 6], 2B CPU AT 5%
F GPU AT45 (M Bt B, 38 N KEHE S 15 (R B S B T 4000 RE R SR SRR st v R US4 I, S RF Ak 3
FIHE AL BEAE NV TR A BT 5 IR B,

2 HRM Zgts8)
FEARTH, HASH HRM FIEARULIE, AR5 45 H T 78 U5 1 5 A HE 42 DL R AN AL B 43 1 D e A 44,
2.1 HRME{REEH

HRM ALK R LRSS0, 2 NS — NI bR 28 . %85 W0 2 LA K DA #7145 B 2 41 k.
Bl 145t T HRM 28501 5 HE 4L (1) B R 45 4.

B RN R (G m R FRVENE, job). XTAEANMENL, AppMaster 4%0y, HEERER YA Th
BE AL FE AT 25 45 B LA b b5 B 0 0 2 I (0 48 Pl i A L. AR 45 B X R A 45 10 8 38 DA R A 45 4R AT P A )
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SRR B R SR mAEREM . SR SRR R RS L AR 13 AL 4K

e T 2t R VR R S R VR U R HE 42 S 2 AN 40 A o B 4% (distributed  scheduler) . % U P i 4%
(negotiator). 7EMPARZA(job states) DL J % U4 A (resource states)ixX 4 A4y, TENIR A L HAERE Fis4T/E
WE R, WHRAE I TFLRI ] . MR ) stage. BFA> stage HP AT S5 30 ARS8 IUT S5 FNEAERAT AT 55
B, PRHCRAS AT A B SRR, B0 nT IR IE A IS AT W 2R A RS R B e DL A
FEVHE AT SR BRRASSE. IR AR R S AT W S BE B, A Ak AR — R R T Ad B,
B4 Je EUSOIRAS, [) IO 47 T 8 U 10 4 SR 1) b R SRR A A = R S T LU A AR S Y
o T Ak A b AT I A PR AU 20 T 5K (data stream policy), FHb AL B b ) B AT 9L Ak 3 %8 5 2 IE 555 s (batch
policy). ¢ T IXPHFISEMG, SS7E5 4 T HEAT VR0 U0 .

JEJZ RS S A B, VS A B IS VSO L 1 B A4 L% (queue system)PE 1L K7 A R I
2% (resource tracker)iX W 4r. R BAFIRIHE B H AR, THE AT &S BAF 45 ok b AL 3 B\ %1 (batch  queue) FiTi Ab 2
A %1 (stream queue), 735 T 4b B AL BRAT 45 FNRAL PIAT 4%, PIRERAS I B B HEA TR (5 3 WA 4R). BAAI
BEAS ) PR b O, FSRAIEEBA S R BA B DL v B A S I IR o, BB B BA A (9 BEUR A AE E . BRI
PRSEge il AT FE SR, BAFGE B AR X 4228 B BA A1 _E K 228 (B BR A SRAT 2% AT 1 22 HEFIFE 28 0T

AppMaster & i 27BN (ob) (19— AN TERR, SBATAERE NV R b, A B CIRPIRES IR B L (1 45
55, 2 H P ARASVENLIN, AppMaster 6 317 ) B S B AR T3 SR BRI 20 IC. — ELIR1S BEUR, AppMaster &
FLAENL AT S5, IR AT & PRSI AT % 103217, BT AppMaster SEREME A B WAMEEE . A
15 B DA B AE NV AT 3o A2 P e B S5 A At £ S, IR Mh — FLSRA ST ST R VR, it 42 IR — s 0 8 8 S s (A 25
(09 A b A (1) )N A AT 45 R B TE BT S BT AT

HRM A& 2808 E B — 2 B0 IEIR, Hab R IRAS IR, 28 1 25
(node)_I- 7% I i ¥ 4% (Resource Tracker) 5t i 45 < (0] (A0 5, 78 I i) B8 Y545 BRSSO IRV S0 LB RES . AA 1
RSS2 JEEH AN HI R P (AppMaster) 55 43 A 1 5 2% (distributed  scheduler) 2 1) (0o Bk A5 B A8 1L, & I
BB R A& 45 B (job status), BIANPENVIFAT 548, V&8, R8T %5 5= 5.

iffll | AppMaster HEFE | AppMaster
1a] BREmESL 1]
S
AT

fRLRE |

6b
6a |iE~

..... )
}rmzi7\‘a;3§

- | 4emn i
| B . ﬁujﬁgﬁ

BB RS
O st mephsi OO #tekbsmpasy
K1 HRM i 4

PEAN R B IR B A A LI R 1 PR (UL R IR B 5 5 1R S X ).
o la(lb). FEMVAIIHELIER. 1a it Ab BAR ML i) — > Al s B A% ACIA AT 55 3R AT R, 1b Stk Ak BE Ak
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I — A 43 A7 2R B 38 R A% (W AT 55 4R AT 3K
o 2a(2b). X} THEACEAENE, U8B A A R AR T URRAS A5 B (resource status) 3R A3 —AN#5 DL ) T Ab
BAEMV R, 2Rk AR INAE K, BRI EE VDRSS AT R
o 3. oA U B SRR A R SR EOIR A AE B BEAT BT R ) IC, SRS R TR S G A R R 0% B B O A
(negotiator);
o Ada(4b). XFTHEARPRLAEY, B o0 o3 A A 2 A 0 B2 A SRR AT P R A A R T AN A S U
SIICAE R, EH R RBIRASE 1 P BR 8); W RAFAEMN S, WHEAT MR AR (VEA 275 Jo Be 1) 3
). R T WAL B, SEFT A R B UCRA (B 1 P P BR 8), RO B U B
o 5Sa(5b). i 1 U R AR L 4 R
o 6a(6b). 7> L AR M TR C A0 B R AR, I AR RO VS RURE T R, KA AR B dr 23k
EBIBAF
o T7a(7h). THEATAUK AL H AR MBREARAE R, B IR SHAT TR A A
o 8a(8h). FEMvE I U B 45 1) B I A VAR AR ML IRPIRES AT B, EL s AT I A 55 B 5545 R
o 9a(9b). T AT U WA 25 5 I 1n) B U 2R AU BRIV R LA R R B AR RS B
22 2RERKBER
HRM 22 48K 142 Ja) B8 VIR A5 TR O T 2 8 P L 23 WO AR, 4820 An =T B2 s TR B W, o o6k A3 A Jm it
TEPRES I — A% 03, SRE IR IE BT IHAT ISR IS, AT T AR BC 4. 5346, HRM [R3R
Ak PO Ak B A 2 TR U AN R B AR SE 4, ORAE L A BEAE L X Bt YR 4 U, — B RR P B AR T R 4y
I 1 5 11 i) 8.
23 {ELRBER
T AT PR, e T YRR TR, VR 28 2 R AT U KA, R 6V R 1 B
BB DU A Re gL =, 33O B2 T0VE P S AL AE 4 R P IR b S A AT R SRR A, HRM 3 & AR AR
BAFE, HIRVLS AR PR AL & A 8] 1R 2 P o= P i 8 S48 RS BT 10 S8/, IR 42 R IR 20 TiD
HiMs, WITR I I A AR5 AR BAA T R A S 400 45 4

3 WHET R LMPAYIEER
Th ST R B R0 BA S B AR AT 55 AT IO LA, AT 55 (T vk S R RO BB UEOR BT, Rk, o g

3.1 CPU-GPUZIRESIAIXRI &

RELHE AL, X GPU [ B85 43 il 5 A AN [ F mntE e vk . ik BE v S i AL T 8 K I S,
W AR 1O, AR, T H0E B o S (R R 4 A VbR BV 2 B A B Tl G I (DAG), 14
VERREEAE (shuffle). M 4 A6 4S54 /E e CPU L30T, 1 B b K& 1 Lh

G, ARSCIRBAERH 1T CPU M 566 &M IR, {HZ K4 CPU il GPU Z IR R AR, T
 GPU EA FIAN A CPU B frids i [ JE 38 2 AN RAH R ). BRIk, 75 CPU 1 GPU 4y Il 5T, 7 2% & LL R L
A5 (1) Wi CPU Al GPU 4 #I R A H, #t vl fig & A4 CPU LR E GPU YLK IL; (2) CPU Al GPU 2 [i]
TAESERIME DGR, GPU XN ) CPU M AE Tl BE b AW s fh, A8k £ S80I ML A7 B BE 46 N 17 B0d AL v itk Bk
[ B

HRM SR ] %5 J5 50 56 s (resource unit, RU), {# ] Linux $24L A8 5 R BEAT R B, S84 RU & — M hor
IR TE. X T A RU, $ZHEEMME D GPU W& E —E# &1 CPU #. bk, HRM 24t 3 Fiy =
kX4 RU: (1) &Y M _EEEA GPU 15— RU, 48 CPU JE&—A RU, AT LI#E GPU JL7%; (2) &40
mE, K SR CPU %5 GPU 4k 4 —ig, JEl—A RU, B4 CPU nI LUy K — A~ £ 4~ RU; (3) #
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8 GPU #ii, 4 CPU X351 MRl 4> 45 GPU ¥ 4%, TERAS ) RU. 45 Bl 2(a)— Kl 2(c)iiw, B co, c1
S0 CPU #%, GPUL, GPU2 MK GPU 4% &I g Ay T 7 1) 3 P AN 0 U) T AE AR — A B8R B 47 RU.
B 2@, B CPU i —ANHUlY) RU, B4~ GPU 4 IR RIS RU, X Fh /3y FAN [ESE A, GPU
R4 AT 4L = CPU %A, 1 CPU T4 WME T 4 11 CPU %, X FhJr Uik i K ) 2 CPU L =25 5 &
FOAYEAE T3, 24 CPU i Bl 2 BR 45 AN [R] AL 45 15, GPU JEiE3k 45 CPU % m = B YL I 5. 1| 2(b)F,
CPU %5 FI GPU % Wi B3 TR, (E 2 3% R SRR GPU %R TH BT —E 1) CPU %R, T S Wb 3
A RU, —4~ GPU Fl—~ CPU A —1 RU, FRM CPU B4R 74— P A RU. X Fh 77 X 1)k 2
GPU 1y kernel ™Mk AT i) Il B K, (84595 1 19 CPU 5K BEH S, [ 2(c) M, MEHE GPU $k:, 354J404E CPU,
B h 44 GPU 2eHE— & SUE M CPU. X Fp Iy B s 2 GPU AT 45 HATIERE W, BT CPU $54HIX b, %
HeXZ 1 CPU YR Y5 v A8 530 CPU I H AR AR, J48, WRAT S Z—A CPU 114, HHIUTHE BT ATH
BT GPU % %, A4 CPU & ] GPU st /&, M 52 W ILARAT 55 % GPU %95 1) 43 il 17 K .
CPU-GPU i/ Rt A A ik, RIS AT DL R BRI 75 SR ah & RyE s gh e . 2w LLglE LN B R
).
o INHARMLEA E L CPU ENL, GPU 1RV R R A /D, M 2(a);
o IRAEMEAIBE S CPU 1B, A& —EH RN GPU 1BV, &SRR CPU AR 1
TR, K 2(b). XE, EUHT CPU fI GPU K4k it fErh, &2 GPU 1ENk{EH GPU J¥b & K&
CPU &I, JUIEEAT 45 5 I 3255 2448 hn 45 GPU 4 e A% 3, {HZ 35 % — 454> CPU #%kiz 4T CPU
fEMk; #F GPU BN =2 M GPU 4, T EATH CPU T W A7 #E I, M X FHEH 5% GPU fr4E
SEFIVEN CPU #4858 7 1% GPU LRI TT;
o WAL GPU 1R, Blan KRS I B A R AR e i, R ZGIT A CPU T34 43 il 21 %A GPU
LRI, B 2(c).

K 2 CPU-GPU 4t 752X

3.2 FRBLIS NG ARRET

N T SRR ARA R T, W E ASIRIAEAT S, @, GPU R AERIAT BATE CPU )%, it
PL GPU A3 ATh, BRAFEAE CPU IHAT, HHUTHR WA 3 .

3 AN HUR G K HE A TV R GPU R A TR, R it EMAREE GPU 7 22 A S ) e e
EM AR GPU #45 (1 45 B30 (1144, ESAREAE GPU AT kernel pi%k; EC R GPU #:4F1#J1] CPU skAb 2
Kl (L FE, 3% Map 11535 KV 34 3 Reduce $:1F . —> GPU #EEHAT A b, 1 4e i H CPU
HATHILGE G GPU #e 4%, AR5 R CPU A Hl I L i £ GPU £ WAF, %l he4f 52 i, CPU JA 3l GPU ¥
kernel B4, JFURHAT. kernel BEHUT IS FEr, CPU B Ab T 0 IWARES, — H. kernel MEHATE )G, TR
{fiF CPU M ¥ 4% WAL A B EHLAFE, I GPU A F A HRA. Wtk R &, CPU 1 GPU xZ & ik 45 N
RS, T BRI 2 1K PR A

T YR CPU I GPU AN 5 4 ) H 17 5 2500 8 05025 PN 1) R, HRM T8 3ok A LK 5 20 G 15 BA B 33k 4T
T WS, @k Linux ) Cgroup T 2 %t LA R L2 IR & H SR SE B B8R B0 o0 5 BA A s, HAR AR 0 3 50 i
e N TR FE I, R A B gR 5 A 44, LIk, MR BR800 BRI B s 4l B IR S8, iR
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IR AR B IR B T 2 M RR B e a, — BARMBATAE A b, BRI ID B w4, AL
TENFE = B YR BT, i W Cgroup 1 R 4815 cpuset, devices, memory F cpuacct.

FEA KRB 24T I R & — AR BRI 2 A PAT A, TR RS B T B4, BT 48 H R 3R
TR S T ERAE. 0 T BT bARNE Z A3, AT S ARSI T AF 7. T CPU 5 GPU #1ERIEK,
RIZZ B 0AT, I ¥ B RS I RIS AT 2R 8 4, 1k R B s RS AT 2 A4, AT 48 s 28 35 5 e 1) A1
MR, FINBITHERERS, s SRR S, RZmEL R R BRSOy

(1) CPU #:/EL GPU #fE 2 M ¥t St=s. T 38 CPU A%, ¥ GPU AL & CPU i1

s Al CPU #4E. O T i1k CPU #4155 GPU #:1EXT CPU %St 4, Wil FAFI N GPU #:1f
WER ML, h CPU i fE &k ERARMIL AL g, M IRIE GPU #AE RS 15 L% 1Y) CPU
THELBRUR, G IS [ 28 B R R R AT I R T AR A EOE T

(2) GPUR/EL GPU M2 M % JRIL S, A GPU $R4/EM 1 GPU B4 1N, £33 1k GPU ¥ I (1K 2%,

TS GPU BEA&MAIH R, EEBASIHLE], 24 GPU ¥ & 1 BAF A AR 4 1015, I /E
HIHRAE R [R]— A GPU 4%, LI GPU THE R IFTE 2 MEEZ B BFEL S, W 4 fros. B 4
5 2 MEAE L GPU %%, GPU A M RAT R 5 ] 3 ik it —#F. (2 RATT AT LA 21: taskl Al
task2 L —A~ GPU B4 IF, B4 GPU #:AEM kernel sR%CnT LIAZ ¥ IE K, #Em T GPU &4 1A
K, iAh, ANFEEAE CPU 84 F1 GPU (¥ kernel B%L 2 I W4T IFATIEAT, iR T 34 B HE IR 1)
A, (A2, taskl A task2 PIFRAT Y, S T ARUF PR AN ERAEAE FH B BAZ 2 AN GPU 1 4% I B
KEBAF, T BAEAMN (U SZBAFIHLE], B7 1l GPU R AF % .
EM E™ B9 E°  taskl task2
Ehd Edh Eg EC D . D .

D m 0N EN

CPU

crdmr— .. L, o - Memory
[ﬁ ﬁ GPU || 50%

GPU 1 1 1 1 ) - » °

K3 KEE AT GPU A [ AT R Y Kl 4 GPU 4 B8 IR A 5 3L ==

33 IHEW R LRBFIHESRE

FI5 BRI RU ARG, BT AT P B3 SR (7 R 2 4%). TPARGR AL S IA S, A A 51 i) AT BA S B 367K,
AR AT 5517 SR D056 20 LA S35 K i AR B EOR, R 3 SRR A BUAN IR (R AT BA A7) L

[ ey
HERAS

| A

!

i tectemsny,” LT v
|

[ RU2
@ LT T e
! RS

K5 RU _LBAFFHES i

A RU FRABFBMESHEAR, B ANPATEASY, 5550k #t(batch) BA 51 R (stream) BAZ1], 3 P AN AT
FAZIILZE RU SR (1 B S 8. Xk s MR BB b, 3T WA AT RS, AT BAZI AT LR
JE k.

o PAFISKAY. WA RU 5 GPU w4, HARNFSr2E GPU BAAI; Wi RU HAGS GPU #e4, F

© P EBEABRFUFET  hitpa/ www. jos. org. cn



4712 AR 2022 5% 33 AF 12 4

2 BAF 43 2B Ky CPU BAA;
o [AINIZATHEL B4 RU BE&H RN BTRESCR, AA K T0VE S 20 2 500 SR SBCR N, 5nT BUR
LKA FINAZAT, $& RU MR H &
o HEPAHE. ASSEBNFIHHERN, MAFAE SN GRS, BRI BT PAT HEBA R R A g, BRI BE Rt AR
RBIEIR;
o ARSRGIN. AIE G P e BN v A A A B S AT GO0, e 0 S 45 FRD I Ak B A AR T 4 ot 5
FESENE, PLAEIRIF PRI, HES B AR W] LU OR GUAR BEAE D T 28 YR 0 stk o3 . R Ak BRAE N £ 34
1, A AR BRAE R TS B2 YR AL U2, (A Ak B4 b my LA Jod HE A Sk 3R 75 75 2 1) 8 R
o WRURPRWI. AEBSUE KK T U PR, 0 SRS B U AT
3.4 AIISHMITE
341 B\ L[ EAT A B T
PRV 1 5 2575 BA A b B S FRIRES AR IS AT IRAS, 2 B B w] I TH S B0 o e (W), 2848 1K SR B A A
ek RU L (¥ m B U5 S A
¥ CPU BRI, 54 RU H 9 WT A CPU %4 RU.vCore 4>, AT P 7E RU.men. JEE, 41 S BAFIHIE 1T
HpAER, Wttty WERHTEERIVERN thar, EAMEAH CPU X E LR W AE K /N3 h
t;.vCore,t,.vCore, ... t,1.vCore, t;.men,t;.men, ... t,,1.men.
e, S T vCore < RU.wCore 37 H 3"t .mem << RU.mem , 782 51 25 3% tyuy i 1T LLZE ACHEBUR

BENIZATIRG, JLINBAA b [F] I8 AT I 25 25 200 p+l.

XFF GPU B, 4 RU ' GPU [ 577 K/ RU.gmen. W BASIHIZ4T 4 p DA, Bttt &
ANZE AL 10 A7 RN t.gmen,to.gmen, ... to.gmen. W1 SRBT BRI AN tyar, & T B0 BAF A th.gmen. 1t
I VB AL ST omem < RU.gmem , JIB2 7 A 8ty 80 TT LAZE NHE DR ZS B N IS ATARES, eI A1 v 7 i i
T2 HCh p+l.

3.4.2  PASIHHEDIR A A B K T 5

75 HRM e 0 TRt b BE AR, A8 30 Ak 2 BA A1) SR 49 3R 28 48 (I AT % THHE AR AR N, i P Ak B BA 51>k
LA IAT . R I AL B A b AR 38 AT IR R 38 A A LATSURK A, T B BE 38 4 O AU AL R 25 2R I, R
BB A A AE S IR HE AR, B IE A AR 1) B85 43 AT SRR PR T8, A0 E s A FH S PR BRI AR R B,
THEACEE AN, F T OB AT I AR, DRI A AR B AR BE R R R, O T b RS, R 2R A A A
FUrHEBA IR, ST AN BAT IR AR S RG, J5 2RI A N AR A R O BUATIRAS, Bk R AE IR
AR TR A I, B T U A R

L SR A ) A A BB, £ A7 A R IR PR T S BUSE B R R R R N B ez, B A HE BAA S
BB KK, Bl AE SIS ds A REIRAR K. SEFR b, BUBRAREE b 0 W U I A VR R I T SR, A
— ORI T A A S A A

FESZBR KN b, T 60% [ VR & TR R AE (K. DR, ] DUIE I A b 56 B R i) A 1 BB I 3. %o F
KRERIEN, FRATIR A 7 sk A MV GB AT 30 3% K T 258 3% 1B AT B I G R e Z S R A5 o, 8 F BRI b
SEIRI ], IR T VR LU P e sh A VB i Shfik, B U5 S B A AR SRR A ), R B AR B AT R
W e ST AG AN U

BT B A BB A7AE — AN T SR BA AU HEBAAC B b, %% Y505 BN I SR VA7 4E b A28 1E BA S HEBA.

(1) &L AT B D) BB FE . BV AT (0 25 35 OIS AT I TR) R L g 72 25 v A 45 (1 Ak P 32,

RU L [FIRHEAT 22850 r(WIUA 5 1% BAA1 1% 18 8 5 20 0 A BT AL 75 1) CPU A% 8K, o Lo Bk
(KR ) (), b AR BRI P A AE M 2 de A, B4 RU BRI T B89 A2 T N 452 A- REAS & i 8 O 2%
i, B reb=rur MR A, ATE AR VFHEBACEE b A fE

© P EBEABRFUFET  hitpa/ www. jos. org. cn



# A . @6 Dataflow 9 FH R A RA X TRBEAER A 4713

(2) FETEBHBIIKEE. SAENISAT I A 22 A BRI, 247 BB 1 18] 5 K BE AN REAR U 3t A 11 B 9.
AR WS AT A AR RE T HBLAE BB TR, 48 T R I BB R K A R B R AR AR A I ()i
TR G, T RE I AL R R S B AEIR . DRIE, A B AT I (R BE S 1 I, A 2 T B IR
() S Mgt ok BEE BAAIH L.

FERFERIE LR, 35 AE — DA A NS R A8 A 1 B KN 8] WT e AT ER n > RU BRI _E3RAT7R S ¢

B, T2 RU G AN ] W, W1 WT <WThay, I6A 258 ¢ ST LARASTE XA . 2888 — ELAE
BABUHHEBN, B U 45 45 75 RS A % ¢ IR b, AP A g 24 EOR BEOHT W MBEJCIR . 25— ST IR
B RAE 2, WT, sl hlgr. XA, £ RU KIBAA _EAL T A5 AR A A d B it 2 sh &4k, 3
DS AR 2 T SR R SR L R R AE I AT MR BA o 0 2 S B R

4 BEFUIPREHSHREIRBE

Vb — HL [ W Y5 5 A S, U R A T A X SR B R R, MRS RS, TS S A A
FIBATAT S, TRALFRAE NV IR PR U5 3 AT 2R AR, (H2: 75 B0 DR 6 18 3152 68 11 % U
41 FREBLEMREER

PV SR TR IR, 0% Y6 R T A A A S 1 T RR A SR AT PSR, T LA A R SR SRR AR B2
WS, — DA SRR B S CPU B (vCore). W I Y AE K/ (Mem) . R R 14 4 2%
HE(Store). ® H AORERLHF 55 (10) AT H PIZ% 15 55 (Net). 7] F GPU % 44 (GPUID) i . B4 m] FH ) GPU %451
BAFE KN (GMem)2E15 B

HRM i I BA B 45 45 40 ok iR I 2645 B A AFE 5 75 5 —52 CPU. WAF KMk GPU 5% 5 1
PR T SEAF I 7). B P IEAEISAT I 2838 LA JCSE A i I 2528, HRM g 57— A TR 46 A5 I (] PRI RE B ) 14
AN, AT AR PAT IR IR], XA I TR) 2 A b ) B ARIS AT I [A). A B S5 A I B o 2 8 K AT AN
W7 b e BRI A . R G R B TR A T BT B, SR A A S R R W 00 R SE R (EL, A O U A

AT T BA A F A AR I IR], SRR IR A R R IR OIR S R I AR AR AR VIR T R A T
) RU, FH 6 REBILEGE, %m0k RS(RUID,MId,type,vCore,Mem,Gmem,Wtime), 1, RUId %7 % U B2 7T 4
5, hostld ARE 5L AT, type fEHR B MIZEAL, vCore AR E W H CPU [KIAZ%L, Mem £E36 0] FH I AN,
Gmem {4 GPU %4 1] FHl A7 K/, Wtime A8 5 fi7 — AN 25 35 1R A5 A I R), -t AR 0 45 BA 90 1) Tl A5 44 e 1. 2%
FORZS R IE BAFI h IEAE IS AT I 25 88 RS A7 b (M 2 05 2, R R C R B0, Fonh RT(queueld,Taskld, Time,
vCore,GPU,GMem,status). queueld 1R AFI 4+, HHFMEAZIME B CEE; Taskld {RR AR M %5, Time &
TRAESS T AT I ] vCore ARR AR5 T 21 CPU 144k, GPU LR FHZEH) GPU W & 4, GMem 8% GPU & #
MEAE, W EH CPU, JIE4 GPU Al GMem [(I{H 4 0; status /CR A4 K 29 AR A, LB TIRAS siE %55
W& WR A RU EAFAEZARN, T4 RT P EAFEZAT.
4.2 [AT 2= 53 BY S 435 B 8] 73

ARTE ) TAE ST BRI, A ANl 0 W I8 T R AT 25 45 B0 2, DA b BA B0 () T00 00 25 R 16 ) oy 0; MR TEIN
TAE AT R I, A BAF F R IS AT 1) 25 3 500A 2104 B8R 10 Jhe KA, G BRI A7 AE A 1) B 5 SR I, A
b R 1) 25 o e 75 BEAE DA B BHEBA. A SRAFAE 2 AN BB, R R g T I B — A HE AN ) g 1) BA B KB AT
PG, M SR BA IS I 5 5 00 A6 gl S BA B 1 S AR R T AT A% B [ 5 A O B A 4 1 R %,
R JSE SRS S R B HE TR U, BAF A, w R SR PRI AL 4 B v

FET S BB 1A 000 S5 5 B [ 5 1T, AT TR A b 3 DA 35 ST RIUAS B ST b 2K,

() Y153 1 Ml (¥ BA 1 5 AR i) £ - 55

PEIR YA A A VRN Ay BT SRR IR AT, A AN SRR IR A S D IR BB, A Dk i 0 RR R s 1R
b AT B RIS 34 AT B, H A ) gt 45 T BA B B HE B B 88 b 2 T ST AN BA B HE B BE . BA
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FIHEBA FER N T BT R RS A B ML s, X Ry T e BB AN R 45, Bl X728k
SR E, TR R BT 2 NS AEHERA, REASBAT IR 500 s; AN TR AT 5 AN AR AR HERA,
FABATHIH R AF 2s. BB THEH IR R 2, BERESILEL, ARG A T &L Sbr
b, AR, AR _LE, AN SIS

JTEA, 3L v S A A b A AR A b 1 AR 0 T 9 R BB SE S T IR AT 45 RN AR R b, 490 T B ) S
N o IR S 00 NP N S £ 28 /A TR | M TR SN0/ 8 £ 0 N NI (E P o 1 B2 & S NP s VY
(1, VRS AR AL, X PR T A R R i, BRG, XTAT S KNEG . TR AR G, AT
AT RU T AR IS 6] R gEAT VR B, e PR e A I FF R I IR), (3t 45 55 2 B 1R 1

(b) AN ST AE I BA 1) 48 A I i) 4 T 0l

L AMEN RS B O A IR AT TR W I, SR A T IR v S AR AR IS AT AR RS RU BTG T
BRI TH), 5 J5 X L8 RU 36— STt TR AR I i) e /N IR BB, A D 25 28 38 AT 1R SR

Sk 1 4T AR A LS A AR I R o B 07 SR N AR I — N, SO R A B
AT S BEYR A TT RU K AT S5 457 I 18] B R (R S, 9 4h, Bl N rh AR 2R AR o, 3 4R
RN AIAR R SN, 5 1 rh, EER AT R A2 RU, A AT v S5 B Y5006 A 25 4% 10 DR U
it R EHLICATATHEBA AT 55, 84127 4 10 35 A I ) 2 O(BEik 1 v 1) S2-S7); 78 Wl gt i 438 ) i 47 ¥ RU, T4
RU EIIg AT A28 LA R SR (WA 2S, 19 B0/ SRR IN ), AT 75 3035 3Kk 90 R (1 25 28 1 Tl vt FF A I 1),

Bk L ARV AR A oA

fi N\ executor: ARFRAENL T (AN,

RUs: I i1 RU %1J3K,
Type: YEMEETE  [/Type=0 AL LSRN, Type=1 FREAS1EL;

i H: result: A B BAFIH BE (G5 Ar IS D) LA BT 9 (1) % 95 527G

S1: wTime, minRu, queue

S2: foreach (ru in RUs) do

S3: if ru.res=Executor.res and ru.waitTask==0 then
S4: result«—(0,ru)

S5: return result

S6: end

S7: end

S8: foreach (ru in RUs) do
S9: if Type==0 then //32]1Ek
s10: len=ru rvHE BA PR AT 55 2 F

S11: if waitL>len then

S12: waitL«len

S13: minRu<ru

S14: end

S15:  else

S16: if ru.res<executor.res then
S17: continue;

S18: end

S19: foreach (t in ru.runExecutors) do
S20: t.time«t.d-t.e

S21: 8t NI4T BA %1 queue
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S22: end

S23: waittime<«—simulaterun(queue,executor,ru)
S24: if waittime<wTime then

S25: wTime«waittime

S26: minRu<ru

S27: end

S28:  end

S29: end

S30: result«<—(wTime,minRu)
S31: return result

Function: simulaterun(queue,key,ru)

S1: task<—queue &5 A5 I i) B/ (AT 55

S2: s task M queue T B

S3:  ru.res<—ru.res+task.res IRZAT: 55 56 BURE TR 7 YR

S4:  foreach (t in ru.waitTasks) do

S5: if t.res<ru.res then TR 5 585 A5 BA 1) v J2 15 A A 536 A2 5 R

S6: t.time<«t.d+t.time

S7: ru.res<—ru.res—t.res  /fru H RS

S8: 2t I IBATEAF queue

SO: end

S10: end

S11: if key.res<<ru.res then Hru A7 25 PR 03 U586 AL T 3K
S12:  return task.time 11 JA]

S13:end

S14: if task NAF7E then Hru 725 PR 08 U5 AL 75 3K
S15:  return MAXtime 1R ]A]

S16: end

S17: return simulaterun(queue,key,ru) /B VIRSEUHTT 4 BEANPATIRES )G, B JH A5 0 [A)

Bt s /AINSEAE IR BT AR, B 1 7RV IR VR I DX 43 R 3 SRR R B S . 3 S AR R B
T B M 5 v BA A L (W HE B S RIAT, TR RSB v S fe /NS R I (RIS RE S 4%, 0925 1 b (1 S9 ARk
Mk, SIS AREABI SN, X T8 1E Nk, S10-S14 73 I Ze it BB i SR 1L i B e, R 5 B — 554y
ARl B /N B A AR Ay

WF T A AN, B35 LA B AT H 00 25 4 16 80 42 BF 0] DA R HE BA o (R 25 488 IR IS AT B 1) D N, BRI 2%
AT IR, 4098 1 vh, S8 3 it 4 s _E T RU. S20-S22 44 Hi3g 4T i (1 A 28 1 R 438 AT INF 1), SR K
X B 25 g4 RN BA 51 queue T, S23 w1 ek 4L simulaterun SR AT S5 45 BA S TP R B A A RS I PAT I R, X
o 2 IR AEPNAT 58 ST 023 R TBURE I, SRR T UK 8 905 0 SR RO I A ) B I R, A AR B — A
IR TG (IR AR I ). S24-S27 HSR3R1E RU LI /NI E S8 ), S31 45 IR B4 A BE B, T

BT simulaterun 2 —AN G IE VR A RE, OREBUBA S E OB ARIMNIEIT R, — HIS Tl — N85
(W ek % simulaterun i) S2 AP UR. 5 TH R T B AR IO SRR BIE T ), AAERIRIE(S3), AR5 M
SR BB T R B VR SR I AR, AR IR W HE DR & F AR PAT IR A, BbB, TR AT SR
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LA TR B AT I (8] (S6). ru v % U5k (S7), AARUEABAFI(S8). [ 56 ru hEEFPIRS ARG, M
ru S A7 AR AT PR SR SR G A R R T R WURE, T T A R O AT S R R AR 1
TR IE AT I IR 0 BT AL, 3 0 B B simulaterun(S17), — B B3R5 — AN T AL BT A % 7 5K B U (S12),
R B TR FE LRI R], B AT AR AR AR AT SE R, I A5 K TRT T 46 B ) A BTG AT 55 BLAE IS AT AT 45 DA K S5 A
FES5 I B AR IZ AT ) TR) (S22). Pl i0) 45 A BT T i 7 55 94 208 3 0 VI PR s R ks 55 A ) T B AT 0000, ] A e R B
J5 B ARATE AR AN 25 #1 TT A3 T ) o R AR ) % R

Bk L, BT SEN 32, iGN T SE g G, (HRa SEURENE 22t n. R Er:
REWAE S FIIBATIRES AR S EO n B9, X T35, oF 5 s /N S5 AR T[] 10 I [a) 55 2% RS e SR 1 o T 2
o(n); X F AL N, 48 A simulaterun kb BEREAT 38 09, F 5 B /N1 B ) F4) B 1) 52 2% B8 Jee A A5 0 1 42 O(n?).
Bk, b TGS E TR, Bk 10T A BUE L v 8 AN R S
43 FRAEDRE
4.3.1  WRAREAEMY B I U

DAL BEAE NV I8 75 280847 B ) — fi b LU e, (R AN BB AN K, 384T P n) g FUR o Pk 9 e 5l
BN, BT IXE R, WIS IR AR B sk Bl i, SR R B DU PR

(1) FRALFAE Y ) FEA 3 A0 2R B AR

(2) o3 A 2 B2 A 1) B U 2 A LR B YR A U R

(3) FBUKLINE, PriR A K bt AL #E AT RS B IR A 2 B 3

(4) o3 A 2R B AR AR A A B AL 2R B B IR BE SR, R MR 1 v AR AR IR R O 1R R

(5) oA 2 B I B R A Ik R R A R, IR RE TS

(6) o3 AN B R AR TR T A W S, HAA R

MAELE YA B YA DA B R G0 Ak BRI R] ) 3 SR TR YR I, P IR AR B8 Stk SE IR S5 IR SR, A AN ML 4
0 A2 68 (0 v S U SRR TR P A A U VR TE VAN AL P LA AR SR B YR T R, TR A TGRS AL
Ys A AL BEAR B B 4E 45 4T
432 HLALFR AR ) B YR I

ks B R HI2 AT — k7 2, RN I Bl RO, YRR R A SR AR U B P e )R AT Ak Ak B A
b g YRS E. o3 A O AR AT LA SRS AN W R R R A BB SR A AR B RIS, TR AR R SR Ak
AT EE, — HOR SR TR R /0 IE, 0 SR UM R A8 AT — X B OIS I 0. fERZ 850U,
WERAERR IIhHEAT, A PP IS ] Be Ptk LA /. AE TR e, 43 A R RE R0 4 TR AR B R o
REER, REBEAT T — I BT IR TR A

HRM (#5340 2 BE 38 2 58 2 JEATIBAT, 4 T 8 UE R SO I b 58, R B R I 1 B 7 =, ek 2
TR A P S ) IR T, VAR R AR R SR IR R AE R TR T, HE AR AR M B YR S SRR A DU PR,

(1) SR AT PRSI RS

(2) A =C B AR SRR A R IR R, AT VR VR

(3)  ASEARLRH PHIEME BEH, MRS R RAA MR, TR RS, W AR IAE A

TS, PR ph o B IR S N BA B

(4) W Fe sl B an A A QU B 2%, BRI s R R A AR R B R
44 FERESEEXHLH

SRR, FEAREWNA T LA R B AR 4R PR A SRS I B, R R R
R4 R TR SR R R AT AN R (B 2. B 3).

Bk 2. oA U B s U B e AR

A queue: 1ENLEEA LA queue,
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RUs: T 1 RU F1I58;
i B R ARG
S1: while (job=get(queue)) do 1NBAF SRR
S2:  asyncres 13RAR A SR AR B PR A A
S3: claimRes<«scheduleJob(job,res) //i &
S4:  send commit(claimRes.hosts) ) B R 245 B U

S5: if claimRes.job.untask!=0 do

S6: then

ST add(queue,job) HA 53 TE 58 AR b T3 203 N BA 1
S8: end

S9:  RBUIIRLAE

S10:  sleep

S11: end

Function scheduleJob(job,res)
S1: foreach (task in job.untasks) do

S2: foreach (hostres in res) do

S3: call jobWait(task,hostres) HPAT 5 1
S4: hosts«—hosts+hostres.host

S5: job.untasks<—job.untasks—task

S6: end

S7: end

S8: claimRes<«(hosts,job)
S9:  return claimRes
B3E 3 AR AL commit.
B\ hostres: ¥F /> o B2 4,
RUs: BT A 1f RU %1%;
i BB TR,

S1: for (ares:hostres) do 1R T4 — AN 23 B R 8 V5 58T
S2: if mac=host and mac.availres=ares then

S3: update mac.availres IREAE S, B Hm] 0 R
S4: else

S5: add(wqueue,hostres) IS, NGRS BL A5
S6: end

S7: end

T oA R EERS, 3 DL BAE R AR, SE 2 (9 S1, S2 2 M AR BEIIRAPAT — N EIA. S3
DAY 2 BB, SA K53 IC T 1A 25 SR GEAS B P I 5. S5k Wik [0l g 45 21 SR S SRR IR BT W AL, AT
FENEIMANAENL BAF (535 2 (4 ST), S84 N — ki AL

bR %l scheduledob 1, BFxf VRN b KBRS A0, MAAEE Ak FHBA A1 £ A H 58 st v SJA5 45 A4 IR ) S AL R BA AU A 6
PRS0 [ BN BA S, R TS 1 SRARAS dee £ 11 T ] o S B UAL

SR PR ARAGE DN 587 WE BT ol 5. b U 85 0 AT 0 0 0 ST U R i, R 2 SR T R R B T
155 20 BE O BE IR (505 3 1K) S2): WA 2, WA Aok 5%, S 4 S SR B BE IR A (0% 3 119 S3); Wk AN AL,
U)K 24 I 1 23 IO SR AN S5 A BRI (50925 3 1) S5), PR B 75 N — UL Bk L BIIA I 1 43I
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Tt A, 5o TR R S 0 BB L B3 A e 1 R P S A b 9
il RAERERG T Q A GPU s, BBERSA K MIANI L. ATl j, JUN %4 R 51 GPU
B A =min((Q/K |,N,), Hirit, Ny AR j e o5 AT RO AE 45 B 0158 K AN F HE A 2 U
ZAUNT GPU BAHUR, HI S, AT <Q, BEWIAA/EZ IR0 GPU U, i LA 73 bR ¥4 U545 5 Hh 43 401 25 1155
PRl T Al 43 B 0 0 45 R Ay, I LA 4 FF S A, = min(Qu N ) B, 4 i it 7 i £ 11
5 A I R A, 7 e o2 LA B R R AR o, LR
{HE FEUEE A PR M 00 4 F 43 i

AL AT TRAT (05, UL S KB IS4, T BCA S S50 IR R IR 5, HRM (104
U S L BA B2 4 1 51 P K S BT 45 AT A9,

5 EF Spark HEZ2 /Y Nz F B &0 3R B

TEFRASAE MV, Grr SRk Ak S Ml 0308 Ak A b A3 AH [R] A G FRAE 2, T8 % 8 A 3 88 I el i 3% O S s
BN T BEE AR 2, 02 Ak B 1 b o 2 A R A, R RE S AR 1 b 288 2R R S () 1 R R e s
Ty A5 A B IENR AL 2R Y, SRS A RIS F) ) R R SR . mTE R, SR Bk

T ST B RS, R RS TR AR AL ) — SRR, BRI s PR RER ISR L ARk il R
BT ALASRAAE. T B B AE, 4R S5 HEAT WSk,

Har, WICHSeBLT Xt Spark $447T 5148 (% B & BB 40, Spark 1F 4 3wt v SR (¥ g FEAE 4L, Spark
Structure Stream = [ G AL 45 K, AFE AL BEAE VAT kAL BEAE NV 3 FT—2540HS, R Spark v 55 AE B4 H & & 41k
AEFRAENY, B IE AR FAE . R TSI HRM S JE 88 AL UB &N, X spark (I fil R 2R REAT T B, MM
T (i 5 SO AT — RN, ) HRM RS HEAR BRAFAE; iR T 28 36 U D 3UAT 2RI, 1 HRM K%
FACFRRFAE, HRM T8 v S50 2 1) i & 7 Sk S A A b R 2 28, 0l 3t Ad B o SR T 506 00 8 130 4 T % 9
Xof -0 A B N SR P S U A i 380 4 i % 9

6 SEIGIFEM

REGAE—ANERE BT, B 8 & NF5468MS JIRE-4%, /E N E T A, 1 & RGNS 2%
620/420, VMBS . RIS 2o AL 2 4 Xeon2.1 AbBEES, FEANAEPEZE A0S 8 MM, 32 GB DDR4 1
1%, 2 Pt RTX2080TI GPU i, 10 GB W f%. fEBA A 1 & AS2150G2 REHLFER. RS- 28 E:4F & % 2 Ubuntu 7.5.0,
CUDA Jiz Ay 10.1.105, KA C++11{E N gnfEins. A T WARHERL W PERE, AL HRIHE AL #14E VA H Spark 1
BHESLTT %, S WordCount, Sort, TPC-H & 172%, GPU N F] 3= 224§ F YOLOV3 Jy 152 25 (¥ 30 S s Asr i, 4 P
Java native & SZ3 kernel BRE iR H .

6.1 ETEHLIZAIMEEEITEM
6.1.1 BLRUPLASH e i
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BAF, —ANBAFIBERL— G M EELES, BV LA, AR runlimit E R 16, REGAEHILEMET 16 4
CPU I%. IXFERITE, — G WENLAah vT LI 150 & @ HHLH, 7 & W EHLABIRL 1 050 & @ ML, FA 2 HE
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6.1.2 HERMEN TR E
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6.1.3 AREIUBS VAN 25 R

T U HRM B BEYERE, SRR ST, S i B A — e AT 60 4~ 120 ANLL K 180 A
YEN; A6 HRM B, (T 6 AN orAi Ui B A% b, RN EE R EE28 10 4>, 20 ANLL & 30 AME. JLdr, fA
FEMVAL B 40 AN FRATY), 2888 AT 55 AT I [R) 4 P [ e (L ol BEHLAEL. PSS TR Ak o, U1l
1498 J5 S 3R B i) LA S VB b 56 RO 1), A — 21 A0 3 Ik, St P3sME, Hgh Bl 6 .
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2 100 £ 4000 |
= | =
S el "
lw | | _______________________________ %\_t 100 I |
S gl :
& 205 £ osof Q! 77777777777777777777777777777777777777
20 1
0 \ 0 ‘
60 120 180 60 120 180
A% e (A% 55
@ (b)

6 AN BRI P fE

MK 6 FTLLE i ARy 60 I, P aUH AR S HRM WU VR B AE LA L, Bl 58 B i ) 15 7 Mk
(R B SE IR LA AT [R], 2RI K, Mk 58 B TR K20 25 s, AV B9 B 2E3R 50 ms 224 24 b3 120 i,
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B4 120 ALK 180 AN, 1 T 52 br b AV AT BE ] INHE AT K 2 (MR AL BAE L, B AR HEAT 1k BE ST EE 1 A
E o N2 ), L LR AR p SO R 2SR, O B n DU s 300 A A ol 7 8 0 950 3 28 o — ANk
IR IS, A TFER 53 A — AR I B 5 43 i
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A DA 58— I 201 S5 A A B R s S v I A A B 0 DR R VR U S A I BT R A, LR,
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PRV PR RS ) B, VR M ) AN BT AR Ak SR PO T B 2% R R, A R M 1 T S S IR DL R R AR AR
AL, B 7 g T AR IR I, & 7(a)rh, B AR BB R S v, A b I B S SR R
ML IA BRI R 10 f5 T, RAERSHEIRIAE] 2 5Ll L. B 7(b) T, MK HRM 5548 b o B 2 i SR T
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6.2 BEXGEHBIIERES T

H T S A EE LN HRM BIPERE, A T 4 286 gk: 58 1 280 CPU #it b #E 4k, 1 WordCount, Sort
DA M TPC-H frifiding; 5 2 28 CPU WAL/, b Top-k #rifl; 55 3 J8JE GPU HELALFLE L, 4 k-means 2§
KL, 420 GPU WALFAEE, AT YOLOV 3 ARG AL, A ()5 R 7> 4018 i Spark 2 Fi HE 42
RS2, SRS mesos FI Yarn Sy v B HE 42,
6.2.1 JLAEMEREIEHT

9T HRM B R HEYEBE, 5 mesos PRI BEAE ALY RDF. Yarn 2% &1 B LUK Yarn |19 T 1 B2 S s
AT T X EG, R A RINE DT, HRM [ RESE A mesos #H24, Lt Yarn (¥ i i 5 SR 0 A 42 1.

B9 45T CPU b A FH /37 A B A ML AT IR 8] R B 7 Mk R AZ B 58 BT AE 9 (14 I 8] 1y 52 a1 ).
9@ CERA L A5 e 1A, A F AT LLE Hi: HRM 5 mesos FIPERESE A H, ZHIR K. RN TR
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TR, T Yarn SR RIS — AR RS P SRR, BT LA B SE SR A XK — L,

9(b) & AL FLAE Y. Top-K [Pk BERLHE, FRATERE T — BLiT ) Py A A St v AL BT ). AN H ) LG H
A AR MY A AN L YRS AT I TR RSSO R), e 22 390 JH i DRT s e Ak 38 o R S A At A M 3 SR R 9,
I, HRM 5 LAy 7 )5 S mes 22 B AN K.
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HRM JE L% GPU B4 i BT B, 7E44 Executor AL B 7 & KERIEI T, BEWSLEARH A1
Wbz [a L Z /] —A GPU 4%, #2m GPU R, R 145 T4 /] YOLOV3 HEAT & A Rl i, KEDRE J3 44 )&
PEREVEMN S, Horb IFATE N LACEMURLE, VBNl GPU s, JEATE N 2 /UK —4 GPU ¥4 ml LLigAT
2 4~ Executor; JATSER 3 AL —/> GPU %4 nJ LLIZAT 3 4~ Executor. Kl Jy 1B =K 720 4~ FINE1T 3
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3 8575 73 69

M 1 IEEE: B R TOR B AR/, P RESR T BT . R RN, AbBE 720 5K I8 FFEE 151.3 s
kL REE INF] 3 W, ALFRETIRIE A 69 s, MIFATHESN 2 W, PRREHET: 32%; MIFATHEN 3 W, PEREE A E
500%Lh E. M GPU I BHIEFI & BEAE IFAT MBI, GPU (M %R A H % M 24% ETI3 73% 4. Rk, 76
GPU S AZVFRIYE Bl Y, 3800 %88 23 T 1R 0 5 AN E ] LLSR my AV R P R, BB /R GPU WU KR 6.

6.2.5 CPU #itab AR S GPU it kb R 1R kIR & fie

TR GPU Jiib BEAT CPU #tt Ak AR NV IR & I 1 PR A H 22, b, GPU AL 2 4 Al A darknet 45l
1 000 58 i, CPU #it4b 3 WordCount 7Y, ¥4l K/ 25 GB. MBI AIKRZ1 0 230 s 724, AIHHE T
GPU #| 2 /1 CPU FI M 2 1)~ F3ME, H4 R 12 fios.

12, BEARARICER 3 RIAS[A ALY detection F& BRIl 1 000 7k I A i), GPU FFI I & f1 CPU
) 27341 ; wordeount & B HH 48 25 GB ##5 i i) CPU A1 T 2% decection&wordcount 52 & & #4047 3 R4 Mk
K GPU FIH A1 CPU FIH 3. MEHnf LA H:

o HUBINAT detection I, GPU FIJTI K N 67% /4 ; CPU Fll F A, KZN 35% 4 A,

o HUMPNAT wordcount i, I CPU FIF AL 78% /44,

o JRAAT decection AT wordcount I, 3 GPU FIH HFAEAK, {HE CPU FI FH %42 i 3 93% 4545

AUk, 1 HRM ZEJE B R S8, X T CPU 1455 GPU MR4IR A5, 8 WAL BAT b 1) AS 52 5% mi 55 o

© PEBEAGHPHIFI  htpy) www. jos. org. cn



# A . @6 Dataflow 9 FH R A RA X TRBEAER A 4723

F, CPU MM &3 23k P IR .

1

B GPUFIH4 m CPURI A

h

detection wordeoun

{25 09
K 12 IR A LA SRR %

o
e

e Rl e
=]
o

o=
T

b=
P

detection
dwordcount

7 % i

B GPU B (L R B 7 M b 1) 2 T, DAt Ak BRAR AL B R 70 T 2 41 CPU-GPU B UL 55t ok
B, HRM 3 3K S 2K, R R L e ml J A 1) 3 2 SR, Sl WAL BEAEND S BARAE IR, A b AL BEAE ML 32
AL, /5 CPU-GPU BRI 75, A B S ML A 4 B8 950 A F0LA I8 it 4 obv o0 2 SR, o6 AL Ui
AR B AL SE I PSR, BRSO AE A, tgdid T S ABESE IR [ e

References:

[1] Dean J, Ghemawat S. MapReduce: Simplified data processing on large clusters. In: Proc. of the 6th Conf. on Symp. on Operating
Systems Design & Implementation (OSDI 2004), Vol.6. USENIX Association, 2004. 10. [doi: 10.1145/1327452.1327492]

[2] https://github.com/nathanmarz/storm

[3] Murray DG, Mcsherry F, Isaacs R, et al. Naiad: A timely dataflow system. In: Proc. of the 24th ACM Symp. on Operating Systems
Principles (SOSP 2013). New York: Association for Computing Machinery, 2013. 439-455. [doi: 10.1145/2517349.2522738]

[4] Zaharia M, Das T, Li HY, et al. Discretized streams: Fault-tolerant streaming computation at scale. In: Proc. of the 24th ACM
Symp. on Operating Systems Principles (SOSP 2013). New York: Association for Computing Machinery, 2013. 423-438. [doi:
10.1145/2517349.2522737]

[5] Gates AF, Natkovich O, Chopra S, et al. Building a high-level dataflow system on top of Map-reduce: The pig experience. Proc. of
the VLDB Endowment, 2009, 2(2): 1414-1425. [doi: 10.14778/1687553.1687568]

[6] https://github.com/GoogleCloudPlatform/ DataflowJavaSDK

[7] Google. Google cloud DataFlow. 2015. https://cloud.google.com/dataflow/

[8] Akidau T, Bradshaw R, Chambers C, et al. The dataflow model: A practical approach to balancing correctness, latency, and cost in
massive-scale, unbounded, out- of-order data processing. Proc. of the VIdb Endowment, 2015, 8(12): 1792-1803. [doi:
10.14778/2824032.2824076]

[9] Pishgoo B, Azirani AA, Raahemi B. A hybrid distributed batch-stream processing approach for anomaly detection. Information
Sciences, 2020, 543: 309-327.

[10] Apache. Apache flink. 2014. http://flink.apache.org/

[11] Zaharia M, Chowdhury M, Das T, et al. Resilient distributed datasets: A fault-tolerant abstraction for in-memory cluster computing.
In: Proc. of the 9th USENIX Conf. on Networked Systems Design and Implementation. Berkeley: USENIX Association, 2012. 2.
[doi: 10.5555/2228298.2228301]

[12] Karanasos K, Raol S, Curino C, et al. Mercury: Hybrid centralized and distributed scheduling in large shared clusters. In: Proc. of
the 2015 USENIX Annual Technical Conf. Berkeley: USENIX Association, 2015. 485-497.

© PEBEAGHPHIFI  htpy) www. jos. org. cn



4724 HAFFIR 2022 455 33 A% 12 4

[13] Delgado P, Dinu F, Zwaenepoel W, et al. Hawk: Hybrid datacenter scheduling. In: Proc. of the 2015 USENIX Annual Technical
Conf. Berkeley: USENIX Association, 2015. 499-510.

[14] Delgado P, Didona D, Dinu F, et al. Job-aware scheduling in Eagle: Divide and stick to your probes. In: Proc. of the 7th ACM
Symp. on Cloud Computing. New York: ACM, 2016. 497-509. [doi: 10.1145/2987550.2987563]

[15] Vavilapalli VK, Murthy AC, Douglas C, et al. Apache hadoop Yarn: Yet another resource negotiator. In: Proc. of the 4th Annual
Symp. on Cloud Computing. New York: ACM, 2013. 1-16. [doi: 10.1145/2523616.2523633]

[16] Hindman B, Konwinski A, Zaharia M, et al. Mesos: A platform for fine-grained resource sharing in the data center. In: Proc. of the
8th USENIX Symp. on Networked Systems Design and Implementation. Berkeley: USENIX Association, 2011. 295-308. [doi: 10.
5555/1972457.1972488]

[17] Burns B, Grant B, Oppenheimer D, et al. Borg, omega, and kubernates. Communications, 2016, 59(5): 50-57. [doi: 10.1145/
2890784]

[18] Cuda_wrapper project at SourceForge website. 2010. https://sourceforge.net/projects/cudawrapper/files/

[19] Hadoop capacity scheduler. https://hadoop.apache.org/docs/r1.2.1/capacity_scheduler.html

[20] Hadoop fair scheduler. https://hadoop.apache.org/docs/r1.2.1/fair_scheduler.html

[21] Ghodsi A, Zaharia M, Hindman B, et al. Dominant resource fairness: Fair allocation of multiple resource types. In: Proc. of the 8th
USENIX Symp. on Networked Systems Design and Implementation. Berkeley: USENIX Association, 2011. 323-336. [doi:
10.5555/1972457.1972490]

[22] Schwarzkopf M, Konwinski A, Abd-El-Malek M, et al. Omega: Flexible, scalable schedulers for large compute clusters. In: Proc.
of the 8th ACM European Conf. on Computer Systems. New York: ACM, 2013. 351-364. [doi: 10.1145/2465351.2465386]

[23] Ousterhout K, Wendell P, Zaharia M, et al. Sparrow: Distributed, low latency scheduling. In: Proc. of the 24th ACM Symp. on
Operating Systems Principles. New York: ACM, 2013. 69-84. [doi: 10.1145/2517349.2522716]

[24] Boutin E, Ekanayake J, Wei L, et al. Apollo: Scalable and coordinated scheduling for cloud- scale computing. In: Proc. of the 11th
USENIX Symp. on Operating Systems Design and Implementation. Berkeley: USENIX Association, 2014. 285-300. [doi:
10.5555/2685048.2685071]

[25] Tumanov A, Cipar J, Ganger GR, et al. Alsched: Algebraic scheduling of mixed workloads in heterogeneous clouds. In: Proc. of
the 3rd ACM Symp. on Cloud Computing. New York: ACM, 2012. 1-7. [doi: 10.1145/2391229.2391254]

[26] Yao Y, Tai JZ, Sheng B, et al. LsPS: A job size-based scheduler for efficient task assignments in Hadoop. IEEE Trans. on Cloud
Computing, 2015, 3(4): 411-424.

[27] Goder A, Spiridonov A, Wang Y. Bistro: Scheduling data-parallel jobs against live production systems. In: Proc. of the 2015
USENIX Annual Technical Conf. Berkeley: USENIX Association, 2015. 459-471.

[28] Grandl R, Chowdhury M, Akella A, et al. Altruistic scheduling in multi-resource clusters. In: Proc. of the 12th USENIX Symp. on
Operating Systems Design and Implementation. Berkeley: USENIX Association, 2016. 65-80.

[29] Ghodsi A, Zaharia M, Shenker S, et al. Choosy: Max-min fair sharing for datacenter jobs with constraints. In: Proc. of the 8th ACM
European Conf. on Computer Systems. New York: ACM, 2013. 365-378. [doi: 10.1145/2465351.2465387]

[30] Mao HZ, Schwarzkopf M, Bojja-Venkatakrishnan S, et al. Learning scheduling algorithms for data processing clusters. In: Proc. of
the ACM Special Interest Group on Data Communication. New York: ACM, 2019. 270-288. [doi: 10.1145/ 3341302.3342080]

[31] Zaharia M, Borthakur D, Sen Sarma J, et al. Delay scheduling: A simple technique for achieving locality and fairness in cluster
scheduling. In: Proc. of the 5th ACM European Conf. on Computer Systems. New York: ACM, 2010. 265-278. [doi: 10.1145/
1755913.1755940]

[32] Ananthanarayanan G, Ghodsi A, Shenker S, et al. Effective straggler mitigation: Attack of the clones. In: Proc. of the 10th
USENIX Symp. on Networked Systems Design and Implementation. Berkeley: USENIX Association, 2013. 185-198. [doi: 10.
5555/2482626.2482645]

[33] Isard M, Prabhakaran V, Currey J, et al. Quincy: Fair scheduling for distributed computing clusters. In: Proc. of the 22nd ACM
Symp. on Operating Systems Principles. New York: ACM, 2009. 261-276. [doi: 10.1145/1629575.1629601]

[34] Gog I, Schwarzkopf M, Gleave A, et al. Firmament: Fast, centralized cluster scheduling at scale. In: Proc. of the 12th USENIX
Symp. on Operating Systems Design and Implementation. Berkeley: USENIX Association, 2016. 99-115.

© R

PRKPHIFSON httpsl/ www. jOS. org. cn




A A& % @@ Dataflow 89 FH) R RS XK RBEAERA R 4725

[35] Henzinger TA, Singh V, Wies T, et al. Scheduling large jobs by abstraction refinement. In: Proc. of the 6th ACM European Conf.
on Computer Systems. New York: ACM, 2011. 329-342. [doi: 10.1145/1966445.1966476]

[36] Zhang Z, Li C, Tao YY, et al. Fuxi: A fault-tolerant resource management and job scheduling system at Internet scale. Proc. of the
VLDB Endowment, 2014, 1393-1404. [doi: 10.14778/2733004.2733012]

[37] Grandl R, Kandula S, Rao S, et al. Graphene: Packing and dependency-aware scheduling for data-parallel clusters. In: Proc. of the
12th USENIX Symp. on Operating Systems Design and Implementation. Berkeley: USENIX Association, 2016. 81-97. [doi: 10.
5555/3026877.3026885]

[38] Ferguson AD, Bodik P, Kandula S, et al. Jockey: Guaranteed job latency in data parallel clusters. In: Proc. of the 7th ACM
European Conf. on Computer Systems. New York: ACM, 2012. 99-112. [doi: 10.1145/2168836.2168847]

[39] Venkataraman S, Panda A, Ananthanarayanan G, et al. The power of choice in data-aware cluster scheduling. In: Proc. of the 11th
USENIX Symp. on Operating Systems Design and Implementation. Berkeley: USENIX Association, 2014. 301-316.

[40] Zaharia M, Konwinski A, Joseph AD, et al. Improving MapReduce performance in heterogeneous environments. In: Proc. of the
8th USENIX Symp. on Operating Systems Design and Implementation. Berkeley: USENIX Association, 2008. 29—-42. [doi: 10.
5555/1855741.1855744]

[41] Abdu-Jyothi S, Curino C, Menache I, et al. Morpheus: Towards automated SLOs for enterprise clusters. In: Proc. of the 12th
USENIX Conf. on Operating Systems Design and Implementation (OSDI 2016). USENIX Association, 2016. 117-134. [doi: 10.
5555/3026877.3026887]

[42] Delimitrou C, Kozyrakis C. Quasar: Resource-efficient and QoS-aware cluster management. In: Proc. of the 19th ACM Int’l Conf.
on Architectural Support for Programming Languages and Operating Systems. New York: ACM, 2014. 127-144. [doi: 10.1145/
2644865.2541941]

[43] Suzuki Y, Kato S, Yamada H, et al. GPUvm: GPU virtualization at the hypervisor. IEEE Trans. on Computers, 2016. 2752-2766.

[44] Kato S, McThrow M, Maltzahn C, et al. Gdev: First-class GPU resource management in the operating system. In: Proc. of the 2012
USENIX Conf. on Annual Technical Conf. (USENIX ATC 2012). USENIX Association, 2012. 37.

[45] Krieder SJ, Wozniak JM, Armstrong T, et al. Design and evaluation of the gemtc framework for GPU-enabled many-task
computing. In: Proc. of the 23rd Int’l Symp. on High-Performance Parallel and Distributed Computing (HPDC 2014). New York:
Association for Computing Machinery, 2014. 153-164. [doi: 10.1145/2600212.2600228]

[46] Yeh T, Sabne A, Sakdhnagool P, et al. Pagoda: Fine-grained GPU resource virtualization for narrow tasks. In: Proc. of the 22nd
ACM SIGPLAN Symp. on Principles and Practice of Parallel Programming (PPoPP 2017). New York: Association for Computing
Machinery, 2017. 221-234. [doi: 10.1145/3155284.3018754]

[47] Shao J, Ma J, Li Y, et al. GPU scheduling for short tasks in private cloud. In: Proc. of the 2019 IEEE Int’l Conf. on
Service-Oriented System Engineering (SOSE). IEEE, 2019. 215-220.

[48] Shirahata K, Sato H, Matsuoka S. Hybrid map task scheduling for GPU-based heterogeneous clusters. In: Proc. of the 2010 IEEE
2nd Int’l Conf. on Cloud Computing Technology and Science (CLOUDCOM 2010). IEEE Computer Society, 2010. 733-740. [doi:
10.1109/CloudCom.2010.55]

[49] Fan Z, Qiu F, Kaufman A, et al. GPU cluster for high performance computing. In: Proc. of the 2004 ACM/IEEE Conf. on
Supercomputing (SC 2004). IEEE Computer Society, 2004. 47. [doi: 10.1109/SC.2004.26]

[50] Verma A, Pedrosa L, Korupolu M, et al. Large-scale cluster management at Google with Borg. In: Proc. of the 10th ACM European
Conf. on Computer Systems, Vol.18. New York: ACM, 2015. 1-17. [doi: 10.1145/2741948.2741964]

[51] Fukutomi D, lida Y, Azumi T, et al. GPUhd: Augmenting YARN with GPU resource management. In: Proc. of the Int’l Conf. on
High Performance Computing in Asia-Pacific Region (HPC Asia 2018). New York: Association for Computing Machinery, 2018.
127-136.

[52] The Apache Software Foundation. Add GPU as a resource type for scheduling. 2016. https://issues.apache.org/jira/browse/Y ARN-
5517

[53] GuJZ, Liu H, Zhou YF, et al. DeepProf: Performance analysis for deep learning applications via mining GPU execution patterns.
arXiv:1707.03750v1, 2017.

[54] Gu JC, Chowdhury M, Shin KG, et al. Tiresias: A GPU cluster manager for distributed deep learning. In: Proc. of the 16th
USENIX Conf. on Networked Systems Design and Implementation (NSDI 2019). USENIX Association, 2019. 485-500.

© I

PRKPHIFSON httpsl/ www. jOS. org. cn




4726 AT IR 2022 5% 33 5% 124

[55] Kshiteej M, Arjun S, Arjun B, et al. Themis: Fair and efficient GPU cluster scheduling. In: Proc. of the USENIX Annual Technical
Conf. 2019. Boston: MA 02199, 2019. 947-960.

[56] Stuart JA, Owens JD. Multi-GPU MapReduce on GPU clusters. In: Proc. of the 2011 IEEE Int’l Parallel & Distributed Processing
Symp. (IPDPS 2011). IEEE Computer Society, 2011. 1068-1079. [doi: 10.1109/IPDPS.2011.102]

[57]1 LiuJQ, Hegde N, Kulkarni M. Hybrid CPU-GPU scheduling and execution of tree traversals. In: Proc. of the 2016 Int’l Conf. on
Supercomputing (ICS 2016). New York: Association for Computing Machinery, 2016. 1-12. [doi: 10.1145/2925426.2926261]

[58] Rasley J, Karanasos K, Kandula S, et al. Efficient queue management for cluster scheduling. In: Proc. of the 11th European Conf.
on Computer Systems (EuroSys 2016). New York: Association for Computing Machinery, 2016. 1-15. [doi: 10.1145/2901318.
2901354]

[59] Tang XC. The research and implementation of job managementsystem based on cluster computing technology [Ph.D. Thesis].
Xi’an: Northwestern Polytechnical University, 2002. (in Chinese with English abstract).

Mt o 305 2% SOk
[59] /M. TS B I 1 i B R G IR0 5 S BTG 2 i 3] 1% 70k Toll K%, 2002,

HINE(L969—), T, ML, El#HER, E
FEE AU R KB U, K B B 2
i, BT S R R

TE(1996—), 5, Wit, TEFFFBL
RS, SR B IAY B

A (1997—), 5, fid:, FEEFICAUR
R ER S, AR T B B

HNE (1996 —), L, Wit, LB
WA KR VL, SR U

FE(1996—), %, fiid:, 3 BEHFFTAL
KRB VTS, SR B

IR (L961—), B, W4, o, it
A S0, CCF mgiss i, F W4 N
R B, KR

KREFE(1996—), Z, il, EEHFRAM
S A R v B, SR B R L

B HIFSEIT  hitp/ www. jos. org. cn

© PR





