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Load balancing scheduling policies for Spark heterogeneous clusters
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Abstract: Aiming at the problem that the Spark scalable distributed platform does not consider the
computing capabilities of heterogeneous cluster nodes and load balance during job task scheduling,
which affects the system performance, this paper constructs heterogeneous cluster nodes load balance
scheduling policy under the Spark environment. Heterogeneous cluster node predicts the data distri-
bution characteristics according to the sampling algorithm, divides the data into balancing partitions.
According to the static load and dynamic load weight distribution, heterogeneous cluster node obtains
the real-time load, and dynamically schedules job tasks. Finally, Wordcount, TeraSort, and K-
means three benchmark tests were used to compare and analyze during heterogeneous cluster opera-

tion. Experimental results show that this algorithm can reduce the execution time significantly, and
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improve the performance of heterogeneous cluster.
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TSR A B 509 CPUL NERT 1/O S5 i BE AR R S 20T RE i Bl 22 =, Y
SN RR 7 BIRR BRI T AR MR T RCR . TN R R R A . AR A A
B 5K » Hadoop™ . Storm™ I Spark™ 4573 A 2R I A7 £ fiff A1 b BEAE SR45 5 $0dhe b 21 69 1 g
BERTTE . Hadoop ¢ Spark 1T 55 Vi B2 SRS A2 5 T [R)AG B2 1 A9 BEAE AU R A AR AT 550 . R
TS B IRIEE AR AVAT 55 00 S AR P TR AR i SR TR A Al . e SR SR AR T Al 3 2
R 2 et E R R ARONE . DT R MR S A B RS A TR

FHNTHHL T Hadoop M1 Spark St SR sl B R PERETT I T 1 2050 AERRAFD £ %
EREN RAYTTHRRE 73R ) Hadoop HEHE S WAL S5 R BE . ARAETTHIATT s B S BORBL . REAT 55 FRIE AT
SRERBSAE AL S BN . A SRR 55 20 L . XU S5 R4 Hadoop S48 82 BE T 2 0 243
ASEAAT ORI AT 55 Y1 PR RE LAY 25 5 4 56 T sl A8 88 AR S0 A0 B o 7 A AT 559 32 5
W, DAL RERYTERE . S T AT REI AT SR BT T, YONG S50 35 i 9 IR Y
AE55 VR SR MG s Had FE 1 R I A AR B IH AR TS DL AT VRV AT 35 IR . BER Sy SR AN fiE
g Spark JFA O VE BE SR (IR, ARAERAE R I 32 TR RS . %0 S o SR R TR R R RE £
THEA W BACKE (BB 5 B AR P 2 RURY A BRAE Ty (a1 . BAELT A5 B3 Spark BRIME
F5 W BRI 5 R AR A0 S B BN A D, B2 Y RS M S A& NAT S M E Rk . 3h
SWBEAEAMAT S s B P A L Ege ST 55 e, Ak filkas it a).

EEOH AR T R R RE D 225, SRR RV AT 55 A B AR P o e g TARTY S AT 55 B 2k
ANEA S T A AR T2 PRPR S B SR T AR TRl Ak A 55 23 B 77 6 98 TR 3% 55 A7
i BN AR S5 s AT (B R A R $ S S AT 55 S 0 IR E SRt . O A SR T T
RPEBESN X, FITER AT S B AOIR G M AT 55 BE B R U, AR IX SR M BE AL AT 55 X
A ST HESE Spark 19 A7 7 BEHLHI AT S5 98 B SR M 2EA T O0 Ak . B39l 7Vl AT 55 9 73 B A Ll AT
S5 7Tk JENED AT 55 6 38 35 O R A TAR Y A, SCBRRAT AR APl AT 55 39 s S s i kb
PEMLAT 53 AT I A] . iR AR B IR R M IR

1 Spark Z2#4 K iE1THLHI

Spark fE42 1) £ MEEF AN 1 s, 7E Spark
ﬁ:}’%ﬁfﬁﬁ‘ﬁ*@;’& E %E‘J Standalone i@ﬁ?*ﬁﬁ—l:[w] ’ Worker node A

Executor 1 || Executor 2

Cluster manager R F 35 & (Master node), £

\ -

#L (Master node) UM P13 (Client) Y FE I 32 _—
uster

manager Worker node B

545 . Tj}i}gj N %I@I’f@%‘){—i (Worker node) . ﬂ‘jI’ﬁf Spark context

44 (Worker node) 43 CPU, W4 VE, 3 e’ || e
zfi Driver program flI Executor, Jf 71 3§ Apache
Spark I U 12 7. ¥ U A AR T, TR B Sk i

(Worker node) J FHATIEMAL 55, # 3 Worker Fig.1 Spark framework structure

node PP ERE . EHL AR ST TR, S5 S
AT A9 PAT# Executor, 13777 £ Executor fil
Master 1 s Z [A] (315



% 5 14 F M, 5 . Spark 54 5 BE 5 434 48 K vk . 63 -

2 Spark S G G

AR SRS S EER T SR R, ASFEZEBIRVEAT S, dnot 53 S B A
AT 55 1O B AUEAAT 55 %5 TR SR TR R R I 0 22 ek S R BT B4 O 47
VEME B9 55 2 AR AT: 55 19 52 24 FE BUE AR VAT 55 By is T i S AR B g AR RE P TR oe . XTIt 4R
BERGE, BAEKRAENAT S BAE A6 oA RIEE R

i % MapReduce (4l ZbFEALH] . 7E Spark HEZErf ) MapReduce 3 #2352 Shuffle GRUE) %4%
Map il Reduce By Bt. MapReduce 2 & (% fr A o (8] £ 408 2R oy 8 ALE <<Key, Value™> P54,
Shuffle X EHE HATE BT 4040 . Spark HEALHE MTT AR PG IR FRIE S 04, AR 5340
Bl R A A A B, XAEH AR Z A Shuffle . Shuffle i #27E Spark fE4LH
AT E B — AP TiE R, Spark Shuffle gy Shuffle Write 1 Shuffle Read 20 % : 7 Shuffle Write
o, Bl Map Task JE i g, FFeidis o X O SRR R 943 X (Partition) ,  [A]—43 X%k
P A Key 9%di; 7& Shuffle Read 7, Read Task Szt FiFi 7 XEWE . 7EdE4T Shuffle i},
TAET s BA AR Key BEHE R G IE BIBAR Ky Edai% (Cluster) 43PC4G Reduce 155403, HE
T BRI S, BUT TR R,

AT R Spark Shuffle i3 F2 09 B BB &L, M LAT BT % . O SR TAET A (Worker
node) I DMEEXT<Key, Value>JE 1 BLAY A1 EHE R AT © TiUAh 8 3 >R AE 19 Bir A7 v R) 45040 2o A
ARBE s IEAGEEEE (Cluster) Kuhv; O AR TN Y rh £ HE 43 A, i v (R 8OHE 20178 43 X W
@ Fe R A B8 2h 8 03 X R M St Bl 43 X . BUTPEMLAT S5 3 e . anl&l 2 Fiow

(mamnw | (g | [ mmox | o EZNnEa
i e i
AT TR TAET R
Casipns) ™ | Kol
T _[ ) Sl i
...... ) e o]
...... Worker
Client 1 KA a :] ,,//
YY) B
N - -Executor
MapfE55 )% Worker 1
~ ottty L[
MapfE4% \ Bucket Reduceft %
LT e A I N
glem s S . N
.................. ——
Mapft5% N Reduceft% | [ |work 1

B2 S2F%EH
Fig.2 Overall architecture
B 2 BRI B SRR TIALBE . [RIECHE AR A L BRE R A 43 X R A RN N FH
D B RAEWIAL L, h T k4 Reduce Stage F= 504853 XABiR}, 7E Shuffle 2 Fiy Fiifl o ) £ fs 5
EXF<Key, Value>434 . SO IETAET S (Worker node) [ v 8] B0 HE % FH B BE Rl AR B B AT
RFEALSS .



+ 64 - FMKFFR (A RFFR) % 36 %

2) JE RS BIREALR A A L S TAET AL (Worker node) SRAEAR B LA S @ F P
kB F95 40 (Master node) , Tl o (B E5H (O BEATU R A0 A o 8 S0 RAE IS 15 B0 A0 &4~ 0 B s 204 7
TR, Pl e AR AR (RDD) ABARSHE A, FHKYE Map w2 G &5, Ffh e £l
FIERATR A A A EERE (Cluster) BR/IN.

3) BRH B 43 DR A B . AR T %) v [RDBSCHE S AR AR A A, BT R R B B A DX R . AR
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Output: tuples={(K;, C)), (K;, C)), =+, (K,, C,)}

Step 1. IR EAHHE K/ rddSize;

Step 2: sampleSize=rddSize xa //TT8 BB RAEER N

Step 3: sampleSizePartition = math. ceil (sampleSize/rddPartitions) //31 % RDD 43 [X Y ££ AR
KN

Step 4: ] Sample PREN 24> RDD 43 XAlAE . 1531454~ RDD 43 XFEA ;

Step 5: XAHLFT £ (Local node) FEAGIHHEIER G, B EEEHLHE%L 58 (Mas-
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Step 6: ET5 55 (Master node) BN A EEFEA I 5

Step 7: MRIERAERHEBIAEA T ATELL tuples,
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TTAETS 5L Worker HY 819 i i 8l 25 0 20l SR A B
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SHEIN . M TAET G Worker 1238 BB ITH | [ Executor |[ Executor ] [ Exccutor |[ Executor |
S GO RIS S A 0 S Worker | Worker 2
/Ne SERESENT A Master tf1 9 791 61 48 3 5 4 1 L e B3 Spark RSABRAE R R

WAL T B R/ INHE S 1 R 90 #1201 . O Fig.3 Design architecture of Spark load balance schedu-
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FOHEA SREOUN, EHES RS, kb T AR AS T A LAE 55 o B BT R

=y

SR SRR AR BRI A 55 R B S BRI

BN SERFEERYE AR TaskSet, fE5BON &, SAERET S5 E A worker _ Loader _ queue
B . VBV Task P88 4544748 Executor

Step 1: update worker load in worker _Loader _queue //55 8 M ERE TAET & 712X A3

Step 2: for worker in worker _Loader _queue do

Step 3: worker. load/=zone. cpu _ capacity //$ZE4 CPU #it+H G b R ERE TA/ETT 5

Step 4: end for

Step 5: resort worker _Loader queue //SAa8ERETT w60 2k BA S B HE T

Step 6: sorted _ executor _ queue = sort By Worker (worker ILoader queue) //3kf5 Executor A%
Step 7: for LOCALITY in data _ locality do //ZAS g5

Step 8: for executor in sorted executor _queue do

Step 9:  while executor can allocate task do //F|Wr Executor G875 5 shEL

Step 10:  task=task At Locality (taskset, LOCALITY, executor) //#E 25 H)E/EM
Step 11:  Taskset. remove (task) //FEFRAEMEE P EEE/EL

Step 12:  allocate and start task at executor //43BC Executor iz f74E ML

Step 13:  executor. cores— =spark. task. cpus //F&CECHTRE IR

Step 14:  if executor. cores<Uspark. task. cpus then //34§] Executor 275A CPU BEahfEl
Step 15 resort worker _Loader _queue //% %k BAF 55 HEF

Step 16 sorted _executor _ queue=sort By Worker (worker Loader queue) //FREUITBA

%)

Step 17:  end if

Step 18: end while

Step 19: end for

Step 20: end for

AR R A A BT S B AT ST . T oA U B S AT ST 2R AT
%, RHZAMEIRE . WL PIT 2RI EANAE S ZHE TR RE Ty, SEEON & B A1
Ml AT 55 R E
3 ZXBREERSH

SR ST AT s RS S O/ INE I SES AR, BEITTAA A AR RS T M sl A 5 48 38 1AL
RN, a K 0.4, B 0.6, AT SIS TIITFI ®1 EHRSUME
g, B6IE Spark RANEEREIA TR E AR E Bk . Table 1 Cluster parameter configuration

Tt H £ 8% SR

3.1 ;Bﬁﬂ(iﬁ*gﬁ BERS CentOS 7

i 94 VMware IERIBLESEE Spark SHISERE, Spark Spark2. 1.0
54 VMware BRI SPHGEREORA 0, Jpg BPR Mo

By Spark S5 44 45 B 40 45 3= 5 & Master, T AE 7 &
Worker 1, Worker 2, EHSHECE WLFE 1.

TAET A Worker 1 WAz, 4 GBI, 50 GBifif
TAEY 5 Worker 2




%58 B . % . Spark S 4 BE B M Kok . 69 -

S BigDataBench (19 TA/E 12k Wordcount, TeraSort #1 K-means™, {4 B Worker ¥
SRR, XU TR H S THA, BeUSfCRIEARN Spark NIRRT, NAHE N Z.

3.2 EMELESFRAESIRERR

SIS % U Wordcount Fil TeraSort Ab FAE L AT: ) I

%5+ SMIIEIT Spark BT HE P AIA SR K o A

Spark SHIEREETRCR R4 FHRTE. (AT 5 2 7ol

FHI 2, 4, 6, 8, 10 GB R MBEARLE. HAM £ oof

BHUR SRR 10 0. JFHATA9ME, 53304 R 4 |

K5 fr~. B 4 25 T Wordeount 1 2% 5 56 45 30}

. 5 45T TeraSort #5451, 20— - L . -
& 4 AT 41, 81T Wordcount TAE 1 #mf, ffi Hilhi/GB

FHASCEE AR HE R A P AP 3 . AT 55 0935 47 I [H] B4 Wordcount 53R [E B4 &= 1T B E] X L
é’fﬁ@ﬁ«lﬁfi j’f’ E%o 7{ 5 ﬁ,z: Ejfﬁ[fﬁ%? , Z]K jc;é;% #H Fig.4 Comparison of the running time of Wordcount

BT FIFO &3, Wordcount il i i) 43 S 45 s T load with different amount of data
T.77%, 7.62%, 7.22%, 6.98% 1 9. 080, Yy 0w FrFORE A
iU T 7.73%; A SCH LM T FAIR 3%, 201 _‘_2?§§§f {/
Wordcount fE b i 8] 45 9 T 17.22%, 12.10%, 2 190 .
10.91%, 5.86% 1 5.08%, FH4m T 10.23%, 20
TR AR SCEE % RE AT A WA L3 A7 ) 427 R

& 5 a] A1, 847 TeraSort TAEf#, i ] 50— : - - .
ASCE A AR B, E 55 1B 47 I E] 46 Al /GB

WA WE . E S PRGN, A SCREAE R B 5 TeraSort S EA R AR BT EIXILE
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