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B MEAERBIBEFAEF T G KARELE, BOMEF T oA XREIE T L 04, Xk RGBT A
ABREBOSAXF T, LTUIHAXNE T I fliE, BAMKER, SHENFS. KM, Sare—
REGRER T MAGIE SRR, BT P ML, AREHFR AR Fr e T, R, stF£
AT S, R TREBRTHR, NAFEPEE AR, ArxtiX s 8, #d T —HFMESBEEAER, B RIEESE
8 B HPATARIAT. BARR, BAERATHMES BB AL, BT ey Mt R, RS THERAGIAE
5.9% resource-Pick_kx A= 2 #4-Fi% hni 4t i) Hok. Resource-Pick_kx FLiEARIE D G Aeit BA S, SATHLR ML
PR, MRS T SHEMK, E5ER T ST A D. TR AR 10 Bk AT BHARIE T B R
ERE, AESAETFREMR, RESAER S TRAERSOD AL N T HRRRHLERGNES YT, £
BT ATEEGAOT ZAH, AZLESFTR, QT EWNERH, EHIRESFHAEL. BLERE
benchmark e/ 4638 & LK T AER 69 M58, ARIL T RA R, ZAERMAEIR A T 10%-20%.

KBIA: AR5, ARHE gy 5 oA Kot RAMiES

HEESES: TP311

choc g R AT, AR, MRS, KT, BER, Sk, FRE, FEC. B4R RS TN R AT
P EEHESE . Bofh 244, 2022, 33(3): 1005-1017. http://www.jos.org.cn/1000-9825/6451.htm
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Emerging Distributed Computing Systems. Ruan Jian Xue Bao/Journal of Software, 2022, 33(3): 1005-1017 (in Chinese). http://
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Heter ogeneous Task Scheduling Framework in Emerging Distributed Computing Systems

LIU Rui-Qi%, LI Bo-Yang!, GAO Yu-Jin%, LI Chang-Sheng®, ZHAO Heng-Tai?, JIN Fu-Sheng, LI Rong-Hua’,
WANG Guo-Ren*

*(School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081, China)
?(School of Computer Science and Technology, Northeastern University, Shenyang 110819, China)

Abstract: With the rapid development of big data and machine learning, the distributed big data computing engine for machine learning
have emerged. These systems can support both batch distributed learning and incremental learning and verification, with low latency and
high performance. However, some of them adopt a random task scheduling strategy, ignoring the performance differences of nodes, which
easily lead to uneven load and performance degradation. At the same time, for some tasks, if the resource requirements are not met, the
scheduling will fail. In response to these problems, a heterogeneous task scheduling framework is proposed, which can ensure the efficient
execution and execution of tasks. Specifically, for the task scheduling module, the proposed framework proposes a probabilistic random
scheduling strategy resource-Pick_kx and a definite smooth weighted round-robin algorithm around the heterogeneous computing

» FEEIUH: R TR TR1(2018Y FB1004402); 5 [ 48 Bl 2 55 42 (U2001211, 62072034, 61772346); H [ 1# -+ J5 Rl 2 5k 4
(2021M690397)
AT B RGO R TR A i R R TR MR BURAE PR
W R i ) 2021-06-30; & i [): 2021-07-31; SR I ] : 2021-09-13; jos 76 2% Hi i i 7] : 2021-10-21
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resources of nodes. The resource-Pick_kx al-gorithm calculates the probability according to the performance of the node, and performs
random scheduling with probability. The higher the probability of a node with high performance, the higher the possibility of task
scheduling to this node. The smooth weighted round-robin algorithm sets the weights according to the node performance at the beginning,
and smoothly weights during the scheduling process, so that the task is scheduled to the node with the highest performance. In addition,
for task scenarios where resources do not meet the requirements, a container-based vertical expansion mechanism is proposed to
customize task resources, create nodes to join the cluster, and complete task scheduling again. The performance of the framework is tested
on benchmarks and public data sets through ex-periments. Compared with the current strategy, the performance of the proposed frame is
improved by 10% to 20%.

Key words: task scheduling; load balance; autoscale; distributed computing; heterogeneous task

LA, KEARA BB R ST 0 3 2K, LA EE R 40 WAL R GEREL G HLAS 2 ST AT 45 R 1T &R
4. HAb IR 2R G d BAR MK J& MapReduce(Hadhoop) . Spark!@4%, i 4b 38 2 4547 Flink™ . Stormi44% | i
B HLER 22 ST 1R KB AL B R R A TR JE B BE. Spark 77 Spark MLITOEMWE 3 FH L8 2% ) S0 (s B g,
YR AT AR A 5E 3. Tensorflow®V i 3= Bt wof HLas % > 1 K0 it el 5 0 i o 5028, (B 4 A 2K 110 Ak 28 9
R4y J . AR EER b, Ray a2, B T % T 1R X HLEs 2% 21 0 A X R S k. Ray J& 5 Spark [l J5
) UC Berkeley RISELab i it I mi vl H . = tE R OMLAR 2% S p A X5 1 4, SCdear A N b A, RIS sk
Ray 5% S KRB RGAMLL, BT g B AR ], 25 B2 0 E T JLAE AT 25 AT 10 3ok 2 v A 1 3
A DAG K, RIREDAbHE, & —Fh B fESed 5t J0K, TR AR kb T 2 NG5 H, SR 25 O 1 R
W, BB A E 88, FC AU SR R G E R VR . Ray HRAEAT 45 1) U5 R A 1) 4% 3k
WS, PR A B H AR A, BAR, BENLEVAT N, REIRIR BT I B (HIL R R
4 16 R PR BEE e, A5 BB WG S KA. SIFE, BT Ray &R A5 ¥R 2k
FE TR, AT AT 55 1 8 B SRR - SR BT 1Y A (TG B I, AT 45 AR Rl AL R, Ray #5223 22 (LA
el B AN F AT 55 EE. LA M Ray 454 3035 . Kubernetes!® & 32 441 T[54 (s Pk (g LRI, (B 207 R
T EARIUAERE 5 2%, A E AR [RIAT 55 38 51 97 8 7 B R P 00 384 0 BR A YT A, AR A AT A0 U
FOEAR NG, AT 55 8 Y5 11 o (R 55 K B PRI, AT 454K IH G ol B
EEF LA B 1) 8, AR S = EvTER W T
(1) B —FBr i AT 5 PR S HE RS, A0 45T 45 PR SR A BN 5 25 PR B 23, DRTIE AT 45 11 s A AT R
AT

(2) ST T B RATS RE S — MR N resource-Pick_kx vk, W MR EORBEML IR AT 55
R E P S, kST M A Sk S BRAT: 45 R SR 1 A R A

(3) T B MY HEE, EBIARR, AT S 1R URE R AT A, AT AT & A T
M, SR APy 7%

(4)  RFAS ) HUARE (0 B30 4 AT AR 45 1A 5 (0 ) Ll SI2 6 R AN AT A 45 () R IR B P S By, R T A SCHR R 1)
MEZQLAEF L & SBAT ) i 2% b Rl ok

1 HxIE

KB AT 55 BN AT 56 W P SRS RGPk RE R R 0 MR, AR B R Gh, WA
G5 E B ST SR IE, i YarntlHg T 57 1 B 5 4 0 RO, 1 RSB 4 TE 48 A7 fik B0 10 1 05 Mesos! s
LT PR B BEA, I R A SR R AT 55 IR B A L. AL PR R G, Flink A Storm BRI TR 25 1 B2 AL
FIER A WIS, SCRR[ L3R 7 B R YR IR R B 59k R-Storm, Bf A AE B R RN 4% 5 EORE AR [R] 1 6 43 i oK
WREAT S, SRR IR, SCHR[12)4 7 % T 1 R B8 G-Storm 8. SCHR[ 132 £ 0 =7t
SEIRE R BT 4% T S0, SR AL B IR K Bk SR [45] 1 1] 2 B bR TR R A 2 H bR AOR
ok, BEDMA A SO H AR, Wit i, SRR SE B () A IR R, SR F kB AR A i e s
Wh. SCHER[L6] MR 4TSt i 2 % R G T RS TRR IR BN S N B e, ARG BN SOl R, R T %
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JERIH 2. SCRR[L71EE T 18I 17 25 55 R 10 SR e vom 8 ) B ARV, 33 R K 2 U B 1) o 28 30 % 1) — Tl 284
R, SEIRE HBA R S Arsh AR, 1204 H R I B 2% RACE IR A v A A e
SIIC BN 55 R ek b, R KB R M e B 2 (0 W SR FE R, DL/ 1R I FH R e PAA T ) 80 5z /A P s 5 R D 236 e
AL 2= TR IR A e AR . SCR[A8IAFF ST IR A2 AT 2T S (0 o) S 2B A28, 0] 35 T Jm 3 A R I B 3l s 4k o
B JR AT 45 48 I — i P S 2D i A s B 2% kT Ray A B R, JLERIA AT 25 T4 BE L AHIZ REL 75 1.

728 YA A B g R T AR A T 1) SIZ IS 7 A8 RT3 A s AR i SR N B A SR B A S R LIRS
TR LA BN B — SO s AT, 2% 1B 7 1 ) A 4 B /D R R S DR S S B L Piick-Kx
579 DAWRRRLB 17k PURI Basic LI SvEPA%E . B A SLIRAE 1 B4 5 40 IO SHEms, £ U 38 I AN B 61 38
b, VAL TR PR, (R e 78 20 R AR P I BRI, ) BB B AR SRR AR U AR IR ) SR 2 A3 BOOIR
DLHEAT B2, AR T 5038, HSERPIRA I SRIUE FE R Sk REH BAPAEAEIR, JEVEM 3 2L 1F 1 ST

B HE S BORIEH R A A 1K R R RN B, A4S BUOR R AN 2L, A4 LR Kubernetes FLA7 3
PEMIGE KRS S, BT LA T metric-server Wi ¥ 82 BE I CPU R %R0 9 £ R %6, ITHEAT By i 5. o, &
LA Pod 4L BE % ¥ CPU Bl £, B4 8 CLB AN, (A4 2838 &b TR B Bt . Kubernetes 4 1) 4
% (vertical pods autoscaler, VPA)H LU LT Pod 1K) 77 50 B U5 AL G HUAN A AN R 0, SR i i8S 1K 9t VR
B JLR B P A 1 3 A0 F — Lo B SR SR AR T s e b H S A AE AT CPU H, il 44 BT 11 Pod E f5 =37
T T 45 9 47 R U 1 Pod. SCHIR[23]2E T Kubernetes $& 1 —Fft 14 Sh 45 BN LA, 45 & i v 503 Ji 15 sk Ao 455 75 2
JE. SCHR[24] 3T Kubernetes 42 tH T H I& M3 PR 45 UL, Befi® 5 2k 45 31— A Pod S & 10 PR, RN,
SCHR[25) K FA AL 2% 20 16 7 v EAT TN, A8 ] DA i AR 408 4 AR 0 v B, DASR i WE USRI P 2. (L bR
Ray M H 7 5OOFAST, Ray CANTs M BHR A T 2= 4MESE, JF H L E# R X Kubernetes K523, IFANE A
N FH R GE) f FE AT BTS2 B, AE RS2 T S b 0

2 Ray REEKRNE

Ray &4t 5T HLas 2% X A s 81 8, R4 WE 1 iR, Ray B HAUE —A4 k75 1 (head node)
U A TAETT i (worker nodes). 4 J5 44l #7i% (global control store, GCS)f7 T~ 3715 A, 481 redid® 523, 41
T PR B R AT A RORAS . Ray SR A0 A S B2, BT CLTE SR BE b AT & 1 A7 7R A b O i 3R
(scheduler). ZEREANAY AT, KB EEFE (driver) FI IR ACAT 5, T4 3 72 (worken) SR BUATAT 55, 3% 6 4 19 3 i
PT AT R CPU i A 48 55 4. IVFETEAE S AR AT s AR AC I, BT A A RS FE =4 &
WA, b 15r7R, TAET R LB AT ARAC. (R TAESERR A AR, AN BB S A i 15 £ CPU K.
EFEA Ray SE#E T, (TR AT A3 TS, T Ray IKH FREA T SR BE s, BT RS
T BT AR ), BRI A AL A SRR R I K

. T

Lhisy) I
#ig piiz
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TEAT 5 (task) 8 75 T, 1 BE AR5 H P 3R AT AR 55 20 BC 45 SR A rh AR B v 9T o, e sl e

(1) AT452Z 1) AT LA B AR AT Al W] DA A .

(2) ATS WA B Esk, Bl A e L&,

(3 WAHEATEGL.

UL Ray (LA ABEAMY R E R, ok 328 BRI o A R AR I, B R s
JA SRRV AA AN B B3RS 1, T SRR AR H AT BAE ST I S R R, R R AT
BRI, AN AR LI 3. thT Ray & LI 1R FMLES 2 S (4> A TSR S8, B LAfg % 11U
CPU. GPU %5 S5 4 TS0 08 . 1 T8 45 08 7 40 00 R T SR B R S AT 55, BRI, AR ST 1) S ) 0 DR e A AT
%558 Xk

EX LFHEIR). £ Ray tFE RG24, n LU A R 28 2 (1 $5 4 42 R 1 58 BEA6) 1) A 20288 HEAT 165 0 5
H RT3 CPU Rl GPU, 1Eh RELH M1 5 5.

EX 2(FHES). HP T LERAS WA A PSR B SR 4T 4%, Wi taskl{ num_cpus=4,num _gpus=1}, #¥
K FRAT S, ARG AT 55 4 I AT 25 Y8 82 B335 40 TC B0 2 R VR B2 SR I e i 9 o |

Ray MRS RS FR WK 2 B, M TIEARTS SR ACAESS G, B BEARU0 S0 At IR SBE PRAT, 5 AN T AL 5 U
BESR, B AS B A R SR B, BROM s O B (spillover), HR g e X 3. i H R R IEARH, BHEME
55 R BN GHUSRG 2 0071 SR b AR SO R T LR R R I R R U U R A

i R

Bt
EE

YURNE
2/

A E

2 Ray LR

FEX 3(ih ). 1l A M B Y 0 AT A5 T LT, I AT 55k A JEE S B F) FLAR Y A, G
B FRRR Ay v e
3 B &%
31 BB

ARSI R S R AT 55 Y RE ME SR L T S A B, 10 ) S AA AT 55, et A 2 R R T A s S )
AR T AT 5553 BE B0 RO ) 3, 4 4 LB G 5 1 o,

B 1 mMES R ERER L.

N RSB\ task_queue, FEFE U cluster_resources.

W AR, AR

HEH R

1 cluster init

2: pop front task in task_queue

3 if task.demclocal_node.res
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schedule in local_node

Spillover(:)
if task isinfeasible
: Autoscale(')

Bkl RGNS B BT I, U SRAS AT 55 2 b N BT B BA A v, A i (R AT 55 T 5 4 e 0
AR AT T BERAE G LAT 5 24T). AR 45 8 5 #5705 (0 VR ZE 5K (task.dem), A i 52 25 1 Je 2 I B B 1Y
B (local_node.res) & TRl AL A7, WPRAT 55 1 BE S 1 5799 1, BUARMLOLSE R (3 347 48 447); #
AT R SR AN, AT v LR R, e AR T R AT T RO A B R SRR I ARG, 2
J5 MR A7 B i SR AR Y SR AR B AR B BO 4 (G 54T). AR, 3BA R 0 R T AU R ARG
R AR S5 RS KR, AR S5 08 infeasible RS, #lidkld. WX, WAESRILILMR YLt in 8, SEREH
TEMINE AR S5 TR N A, R AT AR, Bl R FH AR 1) 4 2 L e SR BROATE B 1K 9 0, Hhm
BHUHIARGE 2 AR, WARYEAT 25 (0 P U ZE sk Y s g 98B TP I N 719 5, Head node £33 /7] infeasible {1 5%,
T RO AL BRI, SR N R Y infeasible £E 45 FORT N LA, FORT IR ORI AL ECE 64T 5B
7AT). 2k, —/MESTEUHT RS T BB R e A5 R

TEEEA P SEREZS T, 6 1R, B Spillover S8 EEH Wk L. i SyE 2 R, Sl J SR b idg g s
AU ST H] B (RAY_AVA(node) )i A2 )15 i 42 & (RAY_ava_nodes) (55 1 A7—25 347), L S B8 iy i i Sk
(loadbalance) 7L UL 7 s R & EREAF B RO A SR 4 47 5 54T), S EE G IR EL, T
AT TR N4, A ST B i o SRR L (B 6 A7), T T 003 g 5 B b (1 BT A 709 4 381 A Ak U
(RAY_TOT(node)) i A& 1) 715 i 55 A (RAY _total_nodes) (58 747—27 947), Tt i B BE 7R 01y iR & LIRS
B egs KB 1047, 28 114T); BN, K task dric A infeasible(( 13 17).

E 3% 2. Spillover 3%,

;W BA% schedule queue, #ERY#% U5 cluster_resources.

iy b VR ERE N 45 A decision.

LR IR

N o a &

1 for each node in cluster_resources do
2 if task.demcRAY_AVA(node) then

3 RAY_ava_nodes.push(node)

4: if RAY_ava_nodes not empty then

5: decision.push(task:loadbal ance)

6: else

7. for each nodein cluster_resources do
8: If task.demcRAY_TOT(node) then
9: RAY_total _nodes.push(node)
10: if RAY_total_nodes not empty then
11: decision.push(task:loadbal ance)
12: else

13: task isinfeasible

32 AHMEEE

XTSRRI B S, B S Ray TR (O BEAL I RS AT SO, T 0 B ATL R BE A Y s TR
55 1001 349 110 A 2 R B 5 DR OO0 S % 5. R 2K b Pick-RxPPOVREK, TSt oy 1 AL T MO R O 5 F A 5 B AL
.

G, Pick_kx HIEJRE N ES AT H AT, ARSI, NPT R NNy, N, BRI £
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R W Wa, . W, BB 0 Ly Lo, L, WRRE S TR S5 DLBER Py 2Rl s 15 sl W, S,

P =5 @
B k
Lo = 2—1: L 2
X, = % 3)
otal

Pick-kx Sk BRI AR RE AT R EE B, A 502 R 2 2 (3) TS AT I B2 T 0 4 A 97 80MI B 24 iy Y
RAMO SR SR EN B X, A ()M X 2 AR BRI RIORER, AR R S L K,
VA 55 8 P2 S0 AR5 0 BRSO, R B 3 A R R R SR B A R, (EYY e A Ak PR 55 1A BE 0 AN B L o D 3K
L HRE [, AT DLRICE S 2 AR REIR AR I, AR5 5 BRI A0 A IR DL ) R R — AN FE A 3R

AR R KRR Y RO UL, A7 AE T BRIl I BEA T HAR DU S T Bk B I 2 22, B A=T-L. XA
k
Aotal :Z;A (4)
’ A
P=x ®)
2A

JT LA, A5 AN s S R S AT A R R AR DG, W, A Q@) AR L S X S, A
5 XIEMR, BB P55 PLIEMSC. MEAR PBOR R R, RS T o, FB, BER PR AT AR R
SRR, RIS SSGEE 5 A 08 B R s [ A1 AU AL PR 0. At ot IR s B S T RS AT
LREFEIE, MR P AR AR SO, T REIR MR ST RO LR B, B 4 AN AR TR 2 i)
A5, 6,7, 8, TETIKIKA 3,2, 1,5 W HTIMKIKN 2, 4,6, 3. I Eido 52 AR PKIKh 8133,
9/33, 10/33, 6/33, M5 Py 2/15, 4/15, 6/15, 3/15. LA H, #E5 PP 1 SBS T RIBEIE, AR5 S i
A

S0 30 TR BB (B8 14T), B SE T I8 AL AT 55 BRI T I AR A (B8 247 . 58 347), [
VFELA B FTA AT 8 U5 R R (Ava_total) (3 4 47), SR ARk 22 3 (4) R A 3 (B) VB AE AN s AR (BB 5 4T
55 647), FRARIE Y R BE R BT BENLCER 7 4T), )i MR A B AL R B 20 B AT AR, T RUAb B RE R, (R 5%
VA RIL BRSOk, B 5 R BT 45 175 £ (node_id) I SEEME X (36 8 1T).

E % 3. Resource-Pick_kx 51k,

HroN: SRS RAY_nodes, i AT 45 task.

By HREESE R task: node id.

ERPRIOT

1 for each node in RAY_nodes do

if task.dem<<RAY_AVA(node) then

add node in RAY_ava_nodes

Ava_total+=RAY_AVA(node)
for each node in RAY_ava_nodes do

compute RAY_AVA(node)/Ava_total

Probabilistic randomness
return task: node_id

Resource-Pick_kx 5.y 75 SR b 77 AE vl % U8, B Spillover 8.3 [ RAY ava_nodes #:4 R fig h 45, {H
A7 K B AR TR IN, RAY _avanodes 545 7, WIS RUBEAE [ O, JoiRHESS#EAT IR B, R, A
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AT B Sy AR [R5 AR BE BB A S D, IR B I PR, A R A R R, B A
RWEMES Ray 11 3P IR A, 15513 T Ray 171 AU #il(smooth weighted round robin) 4 v2:.

1 5%, WIZAALTT S, Ray T i) 12 v S 3 AR Y (L% 2 SIAT 5%, PRLGAE 38 52 1 AU WIZA AL B, CPU
ST AATET D B PR A R Yk, AR AR A B AT 45 A, AT RLALEE GPU MRS R, L%
s DT R R AA R YR T R 3RE. Rk, MRE LU0 AT 4R B ¥ B N A 5 (6).

W,;=0.9(aCPU+AGPU)+0.IMEM (6)

o, o prl LARPEAT 4028 AT R, HIRE R R o+ =1

YE R S L R, AU R TR O, AR TR BB INYIE AR, B 1 O A E
WG EAE, IFPRE e A E RS o BAR T 8. WEM S, BT aFmEnE T arsE. E AR
wr.

Wcurfi:VVIast"'VVini (7
Ttotal = Zvvini (8)

i=1
\Ntarget:max(wcur_l ----- Wcur_n)_Ttotal 9

B, 78RR, AT S EIRAUEAMK K N 3.5, 2.4, 6.2, 5.8, THILHRE AKX N 4.7, 5.0, 3.9, 6.2, 1]
PERBCHE BN KK A 8.2, 7.4, 10.1, 12, W H AR R85 4475 ki, fa IAUEAKIX Y 8.2, 7.4, 10.1 M1-7.8.

Sk 43 el F SRR R 7T RS G LAT) MR A 2(7), X7 52 1 S A e T S8 (38 247), Wl H
H 1 fs KA S B (G 34T), IRIE A () BANAE M 44T). 450K, 15 BIRCHE 5K MY SRS H AR A,
Z i, ARGE A (B S H AR A RN 547), Jdsi AU AN, BRI BCE AN B O(3F 6 17), 1R ML 5%
FH AR SRR, BRI 7 4T). 25, X T 8 U P 2 1T B RAY ava nodes 4 K
RAY _total_nodes R 1],

3% 4. Smooth Weighted Round Robin 5.1%.

Fi N SEBET AU RAY_nodes, A JEAT45 task, HIZARLE T _res.

W PAEESE R task: node_id.

HER R

1 for each node in RAY_ava nodes do

2 cur_weights[node]+=T_res[node]

3 node_id=max_cur_weights_node

4: total_weights+=T_res[node]

5 cur_weightg[node_id]—=total_weights

6 total_weights=0

7: return task: node_id
33 i EHH

TR bR S R TRk R AR S, TR X SRR AT YN 0 4%, G R B UE R S O B, IR S R
I 4 75 L [R] FEAR AR A £ 2

HEZE Y B shy A I B LLF A 2000, B H AR 245 2 200 080T 4T i BRAR Y A

N;=ceil[cn/f] (10)
No=ceil[cd/cpn] (11
N=max(N;,Np)=H,+V,+n (12)

LA CPU T BEHCA B, B SE TS 2 AR T AT S8 on B DU H AR s R T £ 5X(20)), LA K75 20F)
HIGAARFFAE DA BN S5 T H AR CPU A3 od B LURES 1Y s BRI CPU #Z 4 cpn, 1) IR (2
QD) A2 H bR 8 P P R A B AR B 8 H, FUEA A 2 (0700 R0V, AR 1) 37 2
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RAUH, S5 IUA S n R4 0(12). R, Ay A RPATRE TR 2%, B LR IA AR A ET
AR L, 9 A — HAlR R 2 HhAT

AP RILT /A, WA Ray ™75, ASCLE Ray head 17 £+ B2 B 11 W45 BLE (monitor) K4 2L
IR, b sk Ah 45 T fig (autosaler) AR S S 4 A AT, P B Rl 3 row, task 7R A | RAL,
task (1) %¢ 525Kk 4 resource |1, 3 H. resource I1>resource |.

1 | <
i i | T
! PR !

| |

| |

* 1

|

3 e 3

| |

i G O I—— —o Gl 3

i A i 1l
1 @ W”ITI;E } resource 11

| |

} resource [ I }

| resource 11 ]

3 2 BIEHITHEGCS)  [——O i P——— — O

* 1

|

| i R

| WESE 3

|

| |

| |

| |

| |

|

| |

K3 Ay

G AL D 6 FE 2> 4 AR.

(1) HEERETS TR AT 55 B B U 2RI, RS540 infeasible. 15 i | 23K 1Y) % U5 Resource 11 )
Heartbeat 143 %] Head node ] GCS 3.

(2) Head node '] monitor it [ Lok ke M AE R OL. OBk TR GCS AX FHAEREE B 17Tk,
monitor ERE— 0Bk R #2% GCS f£R 115 &, L a4E infeasible {F:45 1 ¥ YR EEK resource I,
B J5 P\ B 7 4 il R, autoscaler F2 45 G 47

(3) FEHTHUH LK resource |l J&, autoscaler [ 5E ST KA FIBAZI h, BHRUISTIE 5 o,

(4)  Faegn TR QA s iR 25, RO SE R, B SR IR Ray SR,
B TE RS, UK AR T AR B

(5) Head node £l 2B AN (77 55, Ml infeasible 1145 454k 4 Al AR AR R EE. 355 11396 2 task
P BEIREESR, T AT 25 4 0 B B e ™9 0, R IHAN L, IR 25 15 e AL 0 infeasible IR 7.

T AEE T, RS infeasible /145 I BHEAF B (38 1 47) W€ 7 s 25 %Y node_type(H 2 1T), 1l
FAF AL SRR, RS E T —A infeasible T4 (38 34T 28 447), 5 WPKE T A28 3 BAF o (26
54T, 2 6 1T). WL B EBAS, ST A Al @ mra, B ik —A infeasible 145 il @ id £ 177 1.

H3% 5. Autoscale 20 1] 9 A 4.

i\ infeasible T 55 £ 3K 1 B U575 5 Res inf.

i ¥R q.

HEH R

1 for each resin Res_inf do

2 res—node_type

3: if g.contains(node_type)

4 continue
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5: else
6: put node_typeinq
7. returnq

4 £ I

B UE A SCHR IR U B HEZL IR s e R r) PR, AR ST 45 ity AT I ) 3 A RO &y AT T %
Lh 5256
41 RWINE

ARSI 5 S A DI HE QB AR RO A AU B AT Python3.6.8 il Ray 1.0.0rc2 Wi 4. 451 8 J
T, [H C++5e Bk, it Python 15 5 M4 FE1E 5. HEZL SRR R A Ray H 71 Microbenchmark
(1.0.0rc2/python/ray/ray_perf.py). TPC-DS (http://www.tpc.org/) K E i = uER. 3726t sz 5 5% Python
ENRMFEE TS, R AERIBIATE N —A head F5 SR — A TAET AL IEESH WL L.

* 1 AERRE
i 5 15 S
BAE RS CentOS Linux rel ease 7.9.2009
b B 3 0 Intel(R) Xeon(R) Silver 4110 CPU@2.10 GHz
VOBLIE AT 3 2
VISR AY R4 8
M 17 (GB) 250
Kubernetes fiix 4 v1.15.1
Docker i 4 20.10.1
Eraikegid ubuntu: focal

42 KL

FESEIGAT FH R B 7 T, F AR AE TPC-DSIAK, HAvstih 3 20 Ray SEAM S bAT 4, i vl B Ak
HERERE, AN, X TPC-DS, Mk, 1 ] TPC-DS, T H A= pleids, 153 255k R, Ml & @ AEIMNSE, W]
DLAE RS [RS8, 2 4R 4 Bt T 30dE  store.dat, 42844 Bt FH %4l 24 store.dat #11 store sales.dat.

43 TGRS

FE BRI LE SR8, AR IR 2 A Ray BRI R B2 SR . SR WIS, Pick-kx S0 R1 A SCHE HEAE
b ) resource-Pick_kx By (RPK) LA A3 A e h 812 (SRR) #EAT X EL.

156, 1] Ray & 771 Microbenchmark MIRAT 45 F) Ak . [R] 2D AT 45 RARATE 5504 ray.put HI ray.get, 1T:
SR PR ESR AN ] Ray BUABCE. FEXPHUTE, S286 45 R IR 2: resource-Pick kx SykR M ety (B RIPAT 4 IF
ANEERD BRI A MR I ROR; 5P T4 RIS 5 RPAR S AL, (Hl 75348 50 3T

% 2 Microbenchmark [FlZ4£4%

LERES itk 5 (s)
Ray1.0.0 997
&) 996
Pick-kx 1012
RPK 1115
SRR 1080

W 4 fiR, HATEA Y 1000, 10 000 £ 100 000, A&7 532l 1 I, {ESF 4 A 4G ) 5L ah 22 ng
%, PEREIRTT 20% 7545, (HBE BB I AT BE RO, SRRF IR A S, PriErt TR, 78
$EA~ microbenmark XS REH, $HE AL Ray A M BENLEVELE LU0 AR B 2200, XA e M
FEHITM Pick-kx ZCRIHFAHAR, B E2H WALk YL R AR, 1 AR . st RN, Mg TH
FHE AT AT 45 BRI B R 5 SEBRAT 45 0 G IR AN — 3, SO £ 8845 8 A o] 8 2 s 300 a0 By 2R 5 ) 1 .
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7t Microbenchmark H, MK T AW W2 R S, SFEVERRSARB T R, (HESIALAT
e SRR B A, HOWRURER — 30 O T DX LA SCAR A HESERT Ray J5 A= )0 8 55095, weib4h7e 1 Ul
RAG, BB 2RISR, T4 RS EAREHISE. BT S Wd 16 2 522 AT Ik
TSR FLHOS S, LI 4 R 5 FioR, BEE TR, el TS Ba w2, HiiiirtT 4 10-300
B B, resource-Pick_kx 347 #1471 76 300-700 i BE, V-3 AU o m e A, 3R THRCR7E 10% 2 45 .
AT CLE W, rh R4 8 T AT R Y A5 48, resource-Pick kx SEVETT L A4 RFEAE A WG AT&E, iR
5T FEFE LT S AR TR AL I, TR DS v R B

mrayl0.0 = JEEHES-RPK = JHAEHESE-SRR = Pick-kx = #8if]
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L5545 s
K5 SHES

AN, ARSCGEAE ] TPC-DS A A R (M 3 4R SR 347 IR, il 6(a). [ 6(b) s, RARAT-4 o0 A ifid
PR AR, MRRILISATIN A, HC g4 5504 1 GB, 3 GB, 5 GB #I1 7 GB. &l 6(a)# 4T A i 1E, K 6(b)HhATi%
PR E AT A W, BEESE BRI K, random SV IR LIS AT I I d K Ik resource-Pick _kx §13%, ST N
AU N ) F
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TN, BRT XA E SIS L LA, ASCIE T T AR s, W HAT AN RIBE R T CPU %4k
WSS, GEVHEEREH 2515 AU CPU il 26, Sk bh & HEZR W B i R k. HARSAT (4508 100, 1 000 F1
10 000, *fEb4&hH W3 3.

——rayl.00 —e— BEEE-RPK —— EEEE-SRR +—rayl.0.0 o— FEEHER-RPK  —— ihﬁlﬁﬂﬂ‘!-ﬁj‘;
13.46
14 120
12 100
z 10 = 80
g s 2
E e g
W 4 '-I‘-:\I 40
2 1 20
0 131 a
1GB 3GB 5GB 768
SRR 1GB 368 o SGB 7GB
£
(a) AHIEATI A (b) EBIBAT I A
6 AR AL AT ) LA
%3 I CPU I EXT L
Task Node Ray1.0.0 (%) i HE 22 -RPK (%) i JEHESE-SRR (%)
1 90 91 89
1 000 2 22 23 22
3 15 17 17
1 275 276 275
10 000 2 90 88 87
3 75 80 78
1 419 417 416
100 000 2 132 130 129
8 122 123 124

TERSRAERER) 3 AT A, B T A58 RN, $&A84T: 25 (1 3k 15 25 Nodel 1) CPU il Zedp kK, HR™5 s
FHXI#R /N, 7E Ray1.0 Ht, node2 Fil node3 1, CPU {if FH %6 72 B i K AT A 15%, 751 S HESE RPK AR JEHESE SRR
g 5%-9%. XJLbKFE, M T RGN Ray1.0.0, KE4E SRR FIHELR-RPK (1) L4 8 245, B HAT 2% 20 Il s~
B SRR L. 534, AR SCE SR AN ) SR SR A SRR R A I i A T g, HARAESS A IR e ] g -
TR AT EER L 4.

R4 TEBFHLRSH
Task CPU Mem (MB)

Taskl 1 512
Task2 2 512
Task3 2 1024

WI4h, Kubernetes ££ 7 U Pod1 28R 45 4 4, R A2 Taskd (R 3047, Horb, Pod 5 Task 4%} .
MR FE R $RACE T Taskl. 2 4 Task2 F1 14> Task3. 43K 4 [ 3 TS #B 448, &t my )5, £t
HRREERIE 7 Fix. Dd AT 24 Pod2 1 14 Pod3, {15014 task 4% 4 B HAT.

Kubernetes Cluster

1

u Podl

= Pod2

7 = Pod3
Kl 7 Kubernetes 5 £f

RAESSPATIE S WAL 5. FTLAE Y, 7E Ray1.0.0 B a4 25 &L K, Taskd ol BUIE $0AT 78 1, Task2 Al
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Task3 A 5¢ R, TAEA SCHE (A BEHESS SR 0+ 9 2%, SER T T RBT 4 AT, b, LBk )
100 ms, ¥ EfihAk 2.3 msZiAy, BT LAREANY 25 0 )8 i R w) LSS [R] Lo kI R) . A SE 56 B ] Kubernetes & — A
Pod i [A1Z) % 10's. W LLEH, Hahy & Thie G F T KA b AUER 2 2 95 2k B4 b

R5 ARG BRI LE

Task Ray1.0.0 A P AE S

(LS5 AT Ak (ms)  Kubernetes 3 %¥(s) | ST F Ak (ms)  Kubernetes § %5 (s)
Taskl | 52/%,24.75s 2.37 31.02 5% % ,24.48s 2.38 30.53
Task2 E0 - - 5% 1%,20.40s 2.29 21.34
Task3 A58 - - 5t Ji%,17.93s 2.31 10.45

5 4HRIE

ARSCHE T — FlORT AR 55 L 24 PEAE S, L4 P i A 55 3R P SR A — S A i A B SE R W

PRI AT RS, SN 5E R g T 55 70 O BRI R0 B, PRAUEAE 55 RE R AT, T
PR AL T Ray IR TEIR, ANRESE ARSI BEUCIREL, BT LAERR ORI TAEH, AT M Ray
(FIZAR T I K S8 M S5 A AR EL B 9T
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