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[ P2
Nodel

Data center

1 (MERKE) ABEFE ERREESR. NASHBEENIRXIR
Figure 1 (Color online) The scenario in big data platform about the relationship among ResourceManager, applications
and datasets

R ARENHFINETGHIET. BT PFEHANES CPU BIEMILE, HHETNATTERR
HARAEZE 2 K EAE N AR BT, ~F & T N AR R R AR R ™ =, N AF BRI O BT S VERER G
R R, WAL TR E A A B BB W R 2 1 GC SRBRIH R GC I /A N A7
J716~81 FELE H— A ORI/ BRI LT, B T R & T8 L 40 B0 SR G B8 FH (4 B K A, 1
KEMEIEN RSB RN RER2HESBAFRIREK, 3B REEE RAGESME T API 1 UDFs
FEAL TR Z A E R R, IX R 2 1 s AT A 1) 308 6 G s /N ey e, 8] LG T B ) N A7
KNG 2R S AT BA R B 75 2L N A S R BN T AR AF— BRCE, 1817 2 Ja 6
AR, g8 BT, KBV & il H 2 1R e S B A AN N 0 B A& KN N A2 TE). B — AN
MR E RN AR, WAER R RERIR N 22 SEERMNFETTS GC M#. RE Spark %5
FoAh 8 A 38 R SR LB N AR AS 4 (swap) WL 22 TE N AEAS SR IR P A7 Hh i 3 G A 000 v Hh 3G
B, AR H PR E 2 R BN G 1/0 JFES. — 0, SFEREA SR RE SN, — BN
B I ENNATE, 2FBCFE R T BN TR S Bos AR, Btk N HBCE A &R
WAERK/NEAG B H

KA G & T [ — M8 3 s 20 AN 5] B FH 2 48 17 Il L Rl i B 4 1)) b Tl A 5}
WEFIMLES 2% S B 5 B N D01 X B 3 s BN B & A B — e e B £ 2 Ik, — 2
T BRIE 2 SRR I R AT 2 I, O RAEAN R B @ AR I L, AU AR B H S 4
KIRAFANFI R 5 R, AnAENLAS 5% > S0 Ry Y (1) 280 5 = ol o 7k 11%) A B 00 2 T R 3 R R A
[EI ML B8 27 2], R AL S92 S P B 1 B r 550 A 28 2 P SR A B AR 7] 1) 38 2R e, DAL TH S 3R 15 50
P ASF . T RAR — AR B R A SR S AR SC Rl TG g s, B 1 ORI R B
L BOREZ RS, 3T Spark R 48 HIEHE 55, TUREEELS (ResourceManager) 157 73 €
AT IRZS TAETT 5 (worker nodes) g TN, N — BRI EIFHSHE RN TN, 25
WAEfS ) EBRZ A€ I, K& T Spark & AE R 249 fl BigdT s TN A, KA FEE
I FH 24 34 [ () B 4.

i1 & AL 2 BT AC PR R — B 4R AR, SR IR S 3it ARALIZ Ee R T RO BL 2%, AT
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B FEaE— AR H T B B 10 Ab 22 A 3 B AR 4 e USR5 P B € UITJTE (UDF) 2K,
AT DL I AR P 53 B B 792 25 0 A B B AR B . BT 1) RS R, ASCHRE R R TR T AT R
TRt e S8 N B A A7 BRI 1 7025, 5 B A7 BRI RE ORAIE S A2 LA N BT G A7 OB, RN Ao
RABAE swap BIRIAAIZER GC H Y. TR NS Z R AE, GC 1A & A A7 ]
EERA R, TTEH g —Mbr e 2 &, (Hax TR S, EHAASEATRELT,
AT —AN FEBAIRL I 1) 77 sCB WG I N AE I A8 B (RSO3 /2 LA 1 GB WKL), R ) GC IR [a]
A IBATIN [A) (0 L A5 2= B A N A7 RO SE T i/l B S 238 As e DRFFAN AR 1K RO B NAF AR %
FrdAE, JVM A 2 RN RN R, il 1 S8 RIS, AT 2D 1 5785 [l i e i ) o
L, FATIRAERE R GC IFIa] & BT A0 T 38 5E B W AFAE A & BERME. 12T 7 V2080 B F 2 Fe 20 M
A AR i R G, IS — A B S5 H) kK Tree i KANIR WA TR RGeS A7 X R, W1 Spark
AT EE (cached data) FIPERZEMX (shuffle buffer). 2R )5 75 7 288 R B, 1@ Id kTree 1)
AEABAAE DG TR LA 3 I FH B A2 75 5K, 4 LA BN AFRIAE, SAAE Spark &40 B SEIZ k. M
AFEIG, TR REEF 6 _LIs47 R 28 A B B WA R, JF AT E B S TEae.
i LR, ASCIR TG T E S BUR 3 BTk

o M T AE KRBT & T AL B R BOE AR B IR G &R, R IAEZR ST APT S P 5 1Y
UDF 3t [R]85 H A 3 5t 2 ) AR 2 4.

o FIFFRSHTEF 70T, 153 5 H RO B A2, 2RI Bt kTree SRAGIAEHE A HRARE, H T3R5 M
FHH 55 P s S FARALMA: R DL .

o BCUH TN IS AT 31 1) & B2 P9 A7 B A At AR . G e DL FE A7 A R D B2 K Tree ST AC N FI
kTree SR W2 15 AT AT A A, 1 — 0 A I A0 2 F SR0005 oAty L I P #5388 PN A 0 11

2 B=S5ml

2.1 ZEHENR

FERT W A7 TH SR () R B HE 2R vby G B0 48 P BT 70 B N AP 8. — R E BB &
WeIEBE BN AE T, e B TR, & Shuffle I FRAE NAE TP RFEL IR G IS, X PSR4 5 H
2 AP AR K A7 L), HRAT R A= i Ja 0. D Lt I A A7 ST T 5 3 A A7 BRME, 8 5 e ZE TG
X PSR ZEAF B BT 5 F A N AE 25 18] K/, G Spark HEZEHH ) Shuffle Buffer Fll Cached Data, 1X P 2%
AR 22 LT 5 LY Spark 1MV A A2 23], R Al 3 & — RPN T APT2 X ey
BHET APT A H MRS X, W Spark H filver IR IRIEEIE, J¢ HIF K& 724 H E
M) UDF EAFE 57 APL . HET APT A UDFs 40’5 ) Spark F2 7 HIEIZ4T 2 0, M A4
BHIENL (job) & 7E driver e i — AN B A K 5¢ R DAG (directed acyclic graph) $447 11X, DAG
[PEAHA7 9 RDD (resilient distributed datasets). 8t [ A (1) RDD, 24 RDD [H]f#) Shuffle #
E, 2 job XTI DAG EIXIZ: i— AN ERZ M B (stage), A stage FET-H0d8 70 XA i — AT 5546
Er. 0P T Spark BFSRUE, BT B stage W IE N AF IR X G R EAFE DL R

Shuffle Buffer. —> stage H Shuffle Buffer 7/EJF 4R 1) Read BBt 5 KEHT Write BB EEL, H
TAEREA Key FIXTR. Key [ Value JRA1H. Spark SCFFZ A5 Shuffle #AEAHSCHI S T APL, thln

1) MM N RN GC FRERRE, UREFRAE T Full GC B, AT AR GC L™ E. £

HRZEAZRERT, ANFREB, TATEE GC HEXKI, Full GC KBS, M-S 208 5 251
B, 338 [ YA b BEAN IS AT I TR (R LR S . 24 A A2 2 BRI, Full GC I IREOZ kb
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groupByKey, reduceByKey, EAJHS &R T Key #IEMIFE T, AHH Tuple ZKE ) Key-Value —J02
5, SRIGTEN AR 0% Shuffle Buffers J6 — o450 GIE R 3EJ: . groupByKey A Key K HTA I
Values A Value 5113, Spark K3 HashMap Z5H17 i Key 55 Value %K. 1] reduceBykey 1t
T Key HIFTH Value FA CEAME, H.FFELL Hash 17 X A74E. EAER M2 Shuffle Buffer H T
A BN RAEXS LB 73 XTS5 58 R S BRI, A2 - A2 1] B Shuffle Buffer F4 i J& 11 4x
£ stage &5 AN T 2845,

Cached Data. Cached Data H )% GOl i AR K A ar A . {£5 Cache RDD #RALHE T £
A Cache FEHE, BAEIRHA S T —AAHEA . 4 P43 RDD VM cacheO B, Spark 20
HArid A Cache RDD. Cache RDD & % G i) AL iy A BA EL B R FH wnpersist O AR 745 A
Lo B Cache RDD U § AT HOT stage S job, HUA: i 9T LIBIL AR 547
H5E .

2.2 AREAFICERNFI

REAEA R Gi40 Spark M) Flink ) H R A & R A — I M 3 B AL E, T HE
Frig A7 I BAR GO 1E0L. JVM o B3R RSO R S o i 7 il 2 AR, — IR AR R AR 2 4F
A IVM E R HEE X R HEZE AN 7 N AR 2 A2 O AR ok, BT R AKARAE T2 Ak B 3
EATTAE fi R 45 0, T B 23T BN RAERAEARAE JVM R . —IR4 R GC (Full GC) #1F4
fink 5 VLA R VAU 22 A AR GBI o 25 (RN R . X TF & BRI SR UL, 0 5 3 A7 25 [ AS 2 DA g IX Lk
A= i J 0 R B R A A S TR 2D, BRI B 2 OB ) Full GC #AETm B B84k, £
BHEARERAE Out-Of-Memory (OOM) £515%.

AT Ul BAS [R5 K A A7 BC B0 B A A e sz, A SCAF ] Spark HH benchmark N PageRank
(PR) it — e v e R 5256, & Spark PR fEANE JVM i K NAFEIE R GC el 5t
SR TR, JVM BHER/NEIE W E Spark [11Z54] spark.executor.memory KR &, HE 2% 0] 3 L H >k
Z24¢ PR M A Shuffle Buffer A1 Cached Data. A vH Bz HoAth I8 25 5 45 B 05200, 40 W 28 B8 (1) 4%
1, PR N LA local £30i247, HALE&— executor KIZITAES. SLIRIRBEHI AN LA PIAS 8 #

H B, executor BIFAT WAFER/NEFE % E N 10 GB 3] 35 GB. & B & NAF K/ 50% 5 40% H
T Cache #(#i 5 Shuffle #1E. LIRS RAER] 2 HBIR, Y KHNAAEE N 10 GB B, PR B fE £ %
ZRERAE 1/0 Fom, AR E IS 2 (spill) BIREE. W47 KN 20 GB B, B4R Shuffle
Buffer fl Cached Data NILF#E 2594, B Edimi b BIREEL, (HI2 RIS X G 5 2 (10 N A7 23 (8 R N A7
17K FE Full GC SE Mk, GC #AE BT TE 2% B (B FF 85 2 1H SR K3 3 21 4 %, 11 30 GB
SIS TS (B FD 35 GB JEAAH A, X2 BN NAF O & BRI 7= AR %, ) GC #HAER T
EIHERI, B 30 GB 72 1% M H A BEIZ 2 35 B2 11 & 2 N A7 1A

3 FEEI

3.1 EFSHh

ATHET Soot TH2 AL A 14 £E Spark FSEIL T #2570 HT %, BAETEA job $28F driver
i, AT job BIBHR ISR, ZIIAE E I NABIEL, 2 1 BrBO AR B, B Bos L & 5

2) Soot framework. 2016. http://sable.github.io/soot/.
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2500

Computing time A
GC time EEEEEE
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25
Maximum memory size (GB)

2 (MEEEFE) local HRIEZITH PR RAEARRIANEFEXR/NTHIMEERI
Figure 2 (Color online) The performance of Spark PR with different maximum memory sizes, in Spark local mode (one
executor)

AMMEMLIY stage FEEX A ) UDF LLEG /04 Spark HEZARAD; 55 2 B BONTRE /BB BL, 1ZFr
BONJE SR B AR T ER 4t UDT BITE4R15E R

TETRALEERY B Spark 1) job W LARRYE T8 4K #70 NAS R stage, B stage 2 [8] S A& FHANFIF)
HeH T AR, FI7 ) UDF MR AR IR S S5 12 v, AR B i S0 78 5 2585 Spark
FIHEZRACRD 4%, I B IRATEREHATIE i, 2508 BB %1 Spark HEZRAURY, X2 4R % FE
[, SRIMIXLE UDF /2 BRG B, 51> UDF 58 URrsE DI BE, Spark HEZACAY I 2 e 24 2 dfs N —
> UDF %t #A2 2) ~iF UDF R A B1E ], BRI ERATAT BLR —A> stage #5785 ) UDF
R, %A UDF 2R RLE 2 — S A XKgrh, Mgk Spark HEZARHES. 4n&l 3 By
N, FATRE LR ARG XS T Spark AENVAEAHD, R 70 M a5 5 56 iR ¥E RDD M2 5 0
H—ME K E (DAG), FIH Spark H#] DAGScheduler, HREIE/ENH 1) shuffle #2/EK DAG X4
N stage. ORI FRATT I W 52 stage E’]C%?E, HWETEIMAEIIZIX. *ﬂﬁf@, —A~ stage A — MR A
THCE RS RS, 2 stage AT AR ERAES, AT ERIEIMA— 70 =, 5 1 MERH T
A7 Z AT HIHRAE, 55 2 MR T A7 BN G A7 Hh e BCEOR SR 5 A 322 A7 2500 14 Ak, XA T 3RA114>
Wr A7 B AT, FERGE TIRIMARZE IR )G, R i as P Java SO S BV HUARL 11 i) UDF,
Fr&E A 5 N filter, flatmap, mapValues 2%, ¥ UDF BB TEMMA . HIEREF 228 H Soot
A A EEE, B ERNE N — AT E T2k,

TREF B B Bl B A AT iR it UDT MR, F2FP M8 FH Soot KX b —Bir B AE sl & ik
K B BEAT IR ET 204, 55T 20 mT DL € B A AR A TP IRAE AL B, DASRE R AA 5,
TR 8 B AL B BARSKE A BRUONIEARE & 2 JE 16 2 — DML 3., ToikH soot-SPARK EL#
BEATHRER 3T, D9 1 R AN ) R, R PR A A AR BN N VTV RN 1 B B i AR i) 6 K,
PAik Soot-SPARK AJ PA#E N BG4

3.2 HIBRES

TR I FH B BE N AF R, TG 790 8 0 T B i A R R AR B . KB E B R
FEAEZRIY APL 517 A1 P e 515 UDF, X Spark B SR, 85442 UDF M1 API #4
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I public final class StageFunc {
2 ce
3 public DenseVector$Double compute(TaskContext, int, DataSourcelterator) {
4 ce
5 r0 := Q@this: StageFunc;
6 r3 := Qparameter2: DataSourcelterator;
{ e
8 z0 = staticinvoke <BlockManager: boolean isContainBlock(String)>(blockId);
9 if z0 == 0 goto label2;
10 r14 = staticinvoke <BlockManager: Cachelterator getIter(String)>(blockId);
11 labell:
12 z2 = virtualinvoke ri14.<Cachelterator: boolean hasNext()>();
13 if z2 == 0 goto labelb;
14 r18 = virtualinvoke ri4.<CacheIterator: LabeledPoint next()>Q);
15 d0 = (double) 1;
16 dl = (double) 1;
17 d2 = virtualinvoke ri18.<LabeledPoint: double get_label(D>();
18 d3 = neg d2;
19 r22 = r0.<StageFunc: DenseVector$Double w>;
20 r23 = virtualinvoke ri18.<LabeledPoint: DenseVector$Double get_features()>();
21 d4 = virtualinvoke r22.<DenseVector$Double: double dot(DenseVector$Double)>(r23);
22 d5 = d3 * d4;
23 d6 = staticinvoke <math: double exp(double)>(d5);
24 d7 = d1 + d6;
25 d8 = 40 / ar7;
26 d9 = (double) 1;
27 d10 = d8 - d9;
28 r31 = virtualinvoke r23.<DenseVector$Double: DenseVector$Double
29 times(double)>(d10);
30 r36 = virtualinvoke r31.<DenseVector$Double: DenseVector$Double
31 times (double)>(d2);
32 r37 = virtualinvoke r0.<StageFunc: DenseVector$Double
33 reduce (DenseVector$Double,DenseVector$Double)>(r37, r36);
34 goto labell;
35 label2:
36 staticinvoke <BlockManager: void createBlock(String)>(blockId) ;
37 label3:
38 z3 = virtualinvoke r3.<DataSourcelterator: boolean hasNext()>();
39 if z3 == 0 goto label3;
40 r39 = virtualinvoke r3.<DataSourcelterator: String next()>();
41 virtualinvoke r0.<StageFunc: LabeledPoint parsePoint(String)>(r39);
42 goto labelb
13 labeld:
44 r44 = staticinvoke <BlockManager: Cachelterator getIter(String)>(blockId);
45 labelb:
16 z4 = virtualinvoke r44.<Cachelterator: boolean hasNext()>();
AT ... //the same code with labell
48 label6:
49 return r37;

51}
3 (MEMFE) NA LR EXEEmMEBEHRE

Figure 3 (Color online) Code of LR after iterative fusion

B, W1 filter, map, join, flatMap 5, Z(¥E H oLt i dE i A 258 RDD A B A A ) b 3 m] DA AT vt
HLUA A 5 #4% (control path) HEHEESIE (data path) [ 15] 2 #4561 ST E 795 s FP QAT 45, X
FERFA G 2B Ak, T8 T35 42 T RS R 78 =95 Am AT, T BE 542 BB R BB R S R i
BRI G BRSO SR AT, HAR BN R, HACRE RIS (code size) /N T2 il
A BRI T DR B 18 FH 5 B A2 1A 20 B BT AR T 4.

i, Spark MR H. 70 H Hadoop, XX RGUIEAH BN A7, /540t UDF ME 7 API
AP, 7E stage MIFTFEAIR A KK G Key-Value X RIFA7E4EE] Shuffle Buffer #1. R, BT
Cache RDD HJE#ax R NGAFIh, (il 4 PR, ZimiEst 2 b0 R BdE i1, ASsd—3
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/ Cache block \

\\ Shuffle buffer Shuffle buffer %

RDDI (cache) RDD2

~RR
<< <
~A A
<< <

K Stage i /

&l 4 Spark MAH stage HEHIEEEFE

Figure 4 The data path in a stage of the Spark application

*1 3 PMARBNRAREFRIENSN

Table 1 The analysis of each container in three typical applications

Application Data container Data structure Data type

PR Cached data (K1, Array(V1)) Int, Int
Shuffle buffer (K2, V2) Int, Double

oo Cached data (K1, Array(V1)) Int, Int
Shuflle buffer (K2, V3) Int, Double

WwC Shuffle buffer (K1, V4) Int, Int

MR I H T AN R v G2 A7 AR BRI AR AR, HAEER AR code size 1R/, 45 SR ANF B Z2 470 R
A BT AR 2 58 A — B T XA AR, AT s — AN Y BT R R A 5. 3 AN
I3 ) A ] — B B s 25 AR BUAS [R ) 75 Sk &5 3, N2 2918 PageRank (PR), ConnectedComponent
(CC) F1 WordCount (WC), HHi £ 9 51| 8 B A4 # i 161, BERMEARR Tl Horh PR 2 HAREM:
ER AT RS . cC HIME TR ATE s i@ o =808, WC R TR EFA key 1 value, 1X
RGN TS BINIAANE. 7 3 CLE 3 AN G2 A7 2 1 2 s BR A A ALL I, AT DL i & 1)
FIEAKRR Shuffle Buffer 1 Cache Data FI#HEE. & 1 iR 3 AN ALH [ 0 B s S i 2247
IEIEIE . PR 83T groupBykey 5 T K Bl IE HH 2K Key XM ATA ) Value T4 L Value F1|3,
IRELL (K, Array(V)) BFITEREZAZ BN FH, TR Cache RDD. BT groupBykey A ffi[1) Shuffle Buffer
5 Cache Data " B 51 HI B & AT R — et &, B AP 2 5 R 9 A7 2 TR T B — K.
* 1 FHHEIARM Shuffle Buffer HAZ T3 3 /) stage f reduceBykey H.T-772E, X GAE W AT LA
(K, V) TERAEAE, B2 Key HEHPEEAFLLMHE 75 UDF, #HE T Cache Data Kt C & KA.
I MEE 3 A G247 T 2, AR AT DLR ) 5 ik Hiok. #iltn, PR 5 CC 1 Cache Data
FT o5 ) A AF 25 TR KNSR A K ). R 3 AN Shuffle Buffer H EHE A — 2, ABA S TG 7
AT DU R — AN B T 2 A A7 R/ HERT H AT N AR, BARSRBSAE 3.3 /NS R A4,
R T F A TS 2 22 A7 B W B B8 A%, BT (80080 R AT 18] () UL e R i fil B FH 1R BE N A7
BRI, 5 R HE B AR A R B BB 45 4. AR —Fh iR e BORIR B8 458 kK Tree FHT-HiR

3) The definition of pagerank. https://en.wikipedia.org/wiki/PageRank.
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DataPoint 8D+20

((double[D],int,int,int),double)

/ 8D+12 \ 8
DenseVector Double J

(double[D],int,int,int) double

DenseVector.apply
(Array[Double])

Array[Double] ‘ 8D _.nextToken().
double[D] toDouble()

foreach(_.nextToken()
.toDouble())

' 2
String ‘ 2x String al
char[] ‘ char(]

5 (M%EHFE) LR RAH kTree, iR =K% Cache Data FHIHIBITHR

Figure 5 (Color online) The kTree of logistic regression (LR). The root node represents the data objects in cache data

I FH H G A7 B B B A, TS T KTree SRTTAS B H& 28 B FH (1 6 21 4 A7 BIAA.

R BR AR AR BT BRI RE PP 0 AT oK, 1 R Hcdh B2 A B A 28 S BIHESR P9 A 0 ARAS A APT,
FLA HACRS AT 70 b 2 2R OK T B 2% I I 5C R 18] (CallGraph), 18 BUK RN 0] 5 AF R4S, %8
R AT ), AR SCE S A Soot TR IFFIHE ARG HAR M BATEANE SRR B I UDF 21432
— PRI X DL B R N A0 A, AR S 25, B stage AR MULIE K, UDF 557 API
EE SRR ILAEE PR . B T IEARLE, R 2 I O RS fE 38 A& h Shuffle Buffer 5 Cache
Data 1 HIECE X GFEATHREN 70 M, A E KA d RN R BE g 42, TR b, AR5 A kTree
XFPE i GAEER (AST) 71 A &5 44, F 138 A 2R A JE BT G an ey 2 sl A AL BT 2. kTree
7 AR Gk, R s 1 Ok A IR L (BT R i e R P T BB R RE 20 AT T 4
AN RN GRS R 2 IR G5 K8, K 5 GRS 3 i i A S AR G 2 T U AR SRR 5, XA
H 2N T RIEEIEX R KA (data-size). 9§ EIEMIHLUEY] kTree HIMENTEI, A SCiL$E 7 Hds
AR A4 Logistic Regression (LR) M. 41/ 5 Fizr, LR M Cache Data H £ R 1%L
FE AL LL kTree BRI LR B2 NS T B8 — 17 E > DataPoint X R, B2
P5Skat —AT String KRBHAR, W7 SRR A EIER Cache Data HHIEHEX R HoAd 1y ML BoR T
MEHE B 2 d5e 28 G A7 0 R rh [N G772 B ik 3, JF HAFS 0 Sk AT 19, J o i i
Az RN R B S A AR G5 A8, SO 1 R 7R A0 IR RN, 25 A7 AE AR R B (R A X
MR RIEA R 2 LEMKE. BFH R D 5§t double MK, U DenseVector 7 s X 5K /)N
52 8D + 12. ASCHR BN TG TV 52 T8 S 5 Py sk S rh s B A 0 A AP Bl — S0, HoAd s )
SERT LI kTree WA, S5 1 FH A7 5 P 5005 S Tk 5 B2 52 I FH 1) 6 BHL A A R AL

3.3 FHEEAGFEHE

N T PAE D B B IEAL BTN S A O R RE, AR 1 — R T RE R e M O AL U7 3%, o3 #r
ANTHSAS BB PR AZ (K L ) & B A A BREL. 79 b AR R P 20 M bl 2 R A P A7 5 R B s A2 0
L) kTree, MiX B A HUS A S HIZhEEA: (1) SRICS A4 P7 5L 1247 I i L EE R AR AE; (2) 8
REVLHC kTree SKHSHB S22 NI I 5 21 N A7 BIE.
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A5 DL AL BE ) —F 5 3R, LA Spark [ stage N LSRR stage HIAENIERE, H
Y5 BN A BN AR BUE. ST T A stage, S ELNAFREBREENIRTNAHIBT, 66 H &
NI AEARIE stage TEBATHATRIAS P2 A 508 spill DL, HARKRAEEE) GC. BARRI 7 gt
A~ stage HJ shuffle buffer X R 5 cache X G A7 K/NHRT, T 0 26 di SR K, A st [a]
95 A AEAEIA], BAS Spark HESARRS AR B 3@ AT (1 N BN R o5 A A7 K/ EEBIARAIR, BT DORE 2 A TH SR
FERPA—AN L Ratio, iZ LA shuffle buffer X %5 cache X R BT AE RN G spark HAT SN AFH
Pl PR JGHISE B —A stage (G BEA A7 BIME. Spark B 25T action H XI5 %4 job, T
A=A e S — MR L job, XMIFLAEEAUE RN I PR W. F4 job ABIZAHI T 5L
#| Spark “F&. IR job BEATFAMR, SRE 04T job HHITA stage BIEIEERAE. SR1, 55— job
DHT5EZ )G, Spark 2 H 4RSS T K BI% executor ELIEIZATIXA job, HULETH JVM HE K /N4 [H]
E, JCIEAEJGTH job $&AC I B8, B LAFR 2 — X7 M 58 AT job, MR ITVEARAE AR /N Bl S A
Spark FH TR, SRIFFTH job HH stage 1] kTree, MM Ak HiEEAS stage K14 FE N A7 BRIMEL, H [FI
FEATHAT I stage Kl ) 7] — 2SR, SR 5 72 3 rh U EH B RABLAE 9 2 )6 B A A7 BB TS 58 A7
JE S EHIRANH jar . EEARSHREA stage Z R, FA7E— AN ERAEZ U H A0 B (7956
A stage, IXHRJT stage T B 70 Mo B 4%, KA E AN T RO AR B B o g A2 58 2 — 30 J7
VR I A TR B IE AR H BRER B SR B stage, JXFFE AT AR KA 1B AR B F2 5 23 Bt PR )
ARIER

BB PR T ATARYE kTree KTl —A stage BINAE, XS FEKAETE job HIEPATHT. (H
£ stage TEAES RGBT 2 )5, UGB S48 s AT I B SR B RrAE, B35 IS AR 1 rh Btk 1
# Ttem _Num, 147 18] 5 22 47 W A7 Cached_Data_Size F1 Origin_Shuffle_Size, Origin_Shuffle_Size {U
4 Shuffle Read A1 Shuffle Write BBt buffer BIR/DN. EATE T LLE @ Spark N EBEAER]
FL 1 3%43, Shuffle Buffer 23 7E—Hdls 73 X B & 58 U J5 ¥ G A7 R JiUH, Hiudl 70 X856 T B 55 3
(partitions), J &K ZEFEECHN threads num, HxZ ) Shuffle Buffer Size T (1) THER . 24— stage
BATE R, 25 NEAS kTree fAfIX S5 N B RF1E, Ttem_Num, Shuffle_Buffer_Size, Cached_Data_Size.
X HGHRRFAE 2 T B HUHT stage A 8 PN A7 BB K B 2L 25 4. ZESC B, Cache FUEE AT Shuffle 2217
Holfs v Re ol th B AL, (B S YIRS ERE 7 ia AT A A IR DOX e R AE. 5005 1 o 1 Folfili &2
A job G EEAAE BE R RO R, A5 XA stage 28 AT AEEE (1T 4, 10).

Origin_Shuffle_Size
partitions

WA EE T kTree 5 HRFFAETAL AR BB stage 1EIZ AT 18] )& B A A7 BUAE B — MR AR 1 1) 1)
AL B 1 A TS kTree VLS SRENZAT AU K/ANBI T2 (AT 13, 33). AT B L3R BUH
stage FRK AR A R I B K Tree, 5 CAF6f 1 D7 52 N 888 8642, B kTree EATULHC S ELES, E.2
UNLTY551 o N1 s 2l A ko157 1 LU € 1 T e 74 GO DY T = B DA i 7 I = X NS Uy s T
.

o MW, ULACH AN kTree i ZAKI LB RN, JRAERRIN RIZ RGN kTree H)HARLEH. UL
e T, Wik B 1Z stage 55N 5 stage HIEHE BRI A, TRASAEEL SR BUZ DT 52 stage AU 4 AE
Shuffle_Buffer_Size, Cached_Data_Size, Ratio A Spark BRIAMIZE 3 30 WAFECE Ui, @id =X (2) i1
3R stage W& B AL BIE. (T ERE, AFRMHY stage HEAFHHE kTree MR HEE i
IR, teanplass I BITHE N . ATRAZEE 6 HE 2] PR M CC Hr G2 A7 B 414 AH 7] 1) £

Shuffle_Buffer_Size =

x thread_num. (1)
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H%K 1 Process of estimating a reasonable memory threshold for a single job

Input : The submitted job from an application Job;
Output: The optimal memory size M;
acquire all stages Stages from Job; get the Manager K M for kTrees; create the estimating memory size set M_Set for all
stages;
foreach stage do
/*Estimate the appropriate memory threshold for each stage, including Shuffle Buffer and Cached Data*/;
kTreel < K M .generate(stage.CachedData); kTree2 <— K M .generate(stage.ShuffleBuffer);
cache_memory <— MatchKTree (kTreel); shuffle_memory - MatchKTree (kTree2);
total_memory <— (cache_memory + shuffle_memory)/ratio;
M _Set.add(total_memory);
end
M <« M _Set.getMax();
return M;
/*Matching the cached kTree in the new application®/;
Function MatchKTree (kTreearg)
top_object <— kTreearg.TopNode;
/*If the top-level object is the primitive type*/;
if top_object is a primitive type then
old_kTree - KM .querySimilar(kTreearg);
old_top < old_kTree.top_object;
memory + KM .getMemorySize(old _kTree);
if top_object is proportional to old_top then

if top_object isSameType(old_top) then memory else
| return memory/old_top.DataType * top_object.DataType;

end
nd

else

[¢]

K M storeKTree(kTreearg);
return NULL;

end

end
else
old_kTree - KM .querySame(kTreearg);
if top_object is not null then
memory <+ KM .getMemorySize(old_kTree);

return memory;
end

else
KM storeKTree(kTreearg );

return NULL;

end

end

PEigie. #E— D H, X TPl e 0K Shuffle Buffer SR, EAR kTree MHIH, SR —A stage B
reduceByKey EEIJ*Z (K, V) ﬁéiﬁlﬁ‘] Shuffle Buffer, %Q/I\ stage & groupByKey %%ﬁﬁéﬁﬁk (K, Array(V))
TR BAF AR, WTLAER 7 P FE WC 1 Shuffle Buffer 5 PR, CC HIXHI. A F, (K, V) Bk
(R 22 A HUAR P o7 AF /IR SR AT DLid ik (K, Array(V)) TEAEHE 5 N AE RN, B groupByKey
REH (K, Array(V)) A LLRTE Key MIECERNHC R BB RAE Ttem Num, FTEL (K, V) 2R Shuffle
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‘[ groupByKey() IreduceByKey()=>(int,im)
Tuple W Tuple ‘ 8 ‘
(int, int) (int, int)

EANE S .

Int Int ‘ 4 Int Int 4 ‘
int int int int
I _.split()._0 _.sp]it()._l[ T_.split()._o _.split()._ll
2 2x : 2x | 2x
String String L ¥ | String String ‘
‘ charf[] charf[] ‘ charf[] charf[]
6 (MEHFE) PR 5 CC H groupBykey EF 7 (MERFE) WC F reduceBykey EHFTE
1£ stage2 F7ERY kTree stage2 F/Z4EH kTree
Figure 6 (Color online) The kTree of the second stage Figure 7 (Color online) The kTree of the second stage
produced by groupByKey in PR and CC produced by reduceByKey in WC

Buffer [fJK/NA Ttem Num* (Key_Size + Value_Size).

Shuffle_Buffer_Size + Cached_Data_Size
Ratio ' 2)
o [ATEIXFE—FREIR TS I, Shuffle Buffer W) I key NJRAZETINT 4, F$5 Int, Double, Float,
Char, Long. IXFEHLAE REHE B H 2R 5 W, 575 1XFh &4 stage, BP'E 1 shuffle buffer
£ key R 1% kTree 575 kTrees #TGIEVLHD, (EAFAE— DN kTree, HHFTH kTree 577
S kTree HTHJZE AR G2 — IR AR R, 14377 52 kTree HEE—> key, T kTree #o A ME— 18T
key f-1E, i385 Shuffle Buffer H1) key DMAIRAAL, BIHT kTree X MG AFHE 1 Item Num 52
WA, HEAREA (DataType) AR, (H R A AT, AT DARRHE /N A B A5 A 46 B30 B84 e G0k

/N L, R kKTree ANTE4—EL, (HHT kTree X 8L AT 2 K/ MITIA AT LATIAG H .
PA_E#SRIE T kTree HUARMABREE — SR A E ZAFEE  items BURAH R AT 45 H7 kTree i
Pi Y A P15 kTree, fE 555 kTree S5 EEA — I ML, (H A7 K A2 B I AR A A1 b 28 1ok
JRERAEU filter 57, Item Num 239/, HATTIEAIIRZ I S kTree X BRI A7 K/INKICE. X

se PRSI, (A3 1E O 10 P 5245 BN IR SR 2D 1 AR ORUERE 7 1Y) e M .

Proper_Memory_Threshold =

4 SCU§

4.1 BE

AT W I SIS AL AR TAER A A A e, SEER T E A 4 AN RUNH TIHE R worker,
1 N 5N master. BN AR 2 D 8 # Xeon-2670 CPU, 64 GB (N AE, FI—3 500 GB K/
SAS fififit, #:/E R 41N RedHat Enterprise Linux 5 (kernel 4 2.6.18), JDK WiAN 1.7.0. i&1TH) Spark
WA N 1.6.3. AT AekSHIECE Shuffle #AEFN Cache FIPAE AR/, B 1L Z 181 N AE T, BT AT S2a6:
R T H— A EEAR A MR AaEE =R, HRHA SR RBCEMERIE NG R, D
UEARIE IERA T, SUe s BRI Z I HI7E 10% LA,

4.2 FiEAEFEERERE
AT T PR, CC, WC, LR 1 KMeans FRINAEZ, 5 F2hltH) & #BMEA P, KR A
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B 11%. FH&A1ESE PR, CC il WC 3 > benchmark N SR#EAT BAKEE . B A1 ATAE S50
SENAFAH IR, b PR M CC ML E s, RAERIEHA 3, #HAA Cache #RIEM
Shuffle #4F, M WC LA S FH A Shuffle REH#AE, R ZEWE Shuffle HAEIHEFERINAE. A/NTT
g, PR AT CC AR EE R E RN 10 IR

SEESG RS 808 46 F R T Hibench 130 BENL™ Az, £l 56 b1 99 5 BUE R &, 20 BIARER AR
1, BANHARENEE K H A S50 Rr KB, SR H T3 5258 kMRS H 3 4™ benchmark M
TESHEA IR T A BN AFBIE, B 5B A WA % JvM HE K/ N R B s T 1A
HENAZBUE, WK N AR 1 GB, JF HAdS BTSN WAFELE R P PAT (B (a3l
AN BT b EE % 398 Hibench FTA2ERIF) 40 GB 0, AN S NAER/NX TN 5~20 GB KECE
PR 1 CC, NAFEIX A4 1~10 GB KELE WC SH, W 8 thiBsx 3 AN FHEANF N A7 RN T AT
A, FINHES T GC B P AR4L, LA RINAE T GC M E M. T DUE B S E WA K 2 —
JER/NEE, B BATIF AR GC IREA 2 4k 22 A, PERRAR A0 AE B bt I B R A 45 a0, IX R Al
P IA BN AERE. M NN T S BN A RER, NAPATE R 24508 K, 1 PR &1 SR EN
6 GB NAFET, & AH A7 BIE s Th T 2 £, [FRER 8(c) ITEAE S| WC MHFE 1 GB B H
THAMEARZHEI T OOM &%, B 8 HHIFIFEARIC T AN 7 AL 1 A7 R/, BT BAR I TIA 1 45 5
45 BRI, FaER&BENAZBE PR A1 CC T 45 R 5 F3hla 45 21 1 & BN A7 BIE 1
W2 BT 6%, WC %2 Hh il Akt 11%.

I BT 5 2 1R B A7 BB 2 B 5 B0 B2 /NI AR AT A8, R 1k — 2D IR TRl &
PE, SCERERXT PR AT WO LR AE R T AN ER/N AR &R, 43 708 10 GB, 30 GB, 60 GB, H kS8
Hibench AL, ERFFHMNRHE PR £ & 3R E T & N AFBIE, 285 KA SOy
A TG N AF, AT CAZE R 9 WO I, B ST & 3 N A7 BRE -5 TR N A7 /MR 22 LU a9 4%~14%.
BB ORRT, Tl 45 R -5 s g B 22 e A e b i 34, FE8di 45 K/ 60 GB i), BiF PR
5 WC MR Z B AR 5%, 1X/2EF N Spark $R1F P AFH FH 7 02 8RR 21 1, (EH e i
FrHER T 25 B R A ORI, SR (%) 452 22 0 S B () R /N S2 e i/, B DAAAS B HE 5% 22 93/
fas. [EE, 53300 7 —H S HdE, F3hlalpy s M HIE T A Shuffle 22 /780U tH BB &
P AF B, B RGN AT 7 RS HRE. Wi 9 Frow, H5 B SE iR 2 ) 5 8
HB O LT 8, 3% 2 BT S BIRESE 0 B0 2 B R AE AR TR A7, IRl 5 SR 163X AN I ) B[R A 3R
ECEHCE BT 7 00 A A7 N R AR B R AE . DRIk g sk 9 P 7 R O v o 8 R, R mT DGR3 58
BB R IE BE TS B BT R, WAk 025 5 78 Shuffle Spill 15 (5 A —E.

4.3 FEFDIFH

AN S ) H R R TEASTIU 77 SRR PP 2 A BRI [ T4 . 0T B2 FH 3 AT I 3 245 SR B
AR B2 B AT 48, BT R e B is AU AR b N 1 R B34, S)a B mn 2t Ja i HdE
145 driver Ui RF AL BIREAE b, IXECHRAR /N, DO AR AL T B AR AT ST 4, Bh i ok 1) Do 2%
P AH A R AL TT RS T LA BB AN T, 77 R AR 2 AR R 2, AdRs AR S . $85H 087 . kTree
HIR @ ATULAS, I FUX A8 70 1A BT 2 e 21, 2 i B AT U7 S A (B AR B S AR ARt

ANFTSEEG 3 IR T 5 S benchmark B, HA3Eh0 7 LR 1 KMeans, Jf H7E Spark [FJ7F
PEHLER 2 B MIib MY i BT 37 SR, R BA stage 9B ALEEAT IS (B R E R IE 3%, RO BRAS
stage AR BT IEARR A HAE, MEEFIULHS kTree BUIELEN. R 2 M4 TN HFTAE job I stage 4
e, I BIRH stage BIFEDR IR [A) 2 A5 73 B Al 38 B 75 8 AL A ak AR B A7 AR — AR
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RE
Figure 8 (Color online) The difference between the estimated proper memory threshold and the real one of (a) PR,
(b) CC, (c) WC, (d) LR, (e) KMeans

TP, TP 7 58 2 R A BE QR A A R R AL, HIB IR stage [ kTree 2 —3
(0, BeJa R o3 el — UOEARH stage. X T BT IR FI SR, FE 1 234 B4 9 I 1) -1 5 K ol 2
FLIEIZAT IS [A)AH E B2 AT LB AN TH, DL PR AREE 20 G B BN, Fo o B i F4 o St
AL BIAS L 1%, FUELJRER, KB N 2 AR BN R 5, FEP B 58 SRS RIBREAR /N, KTree IR EE{X
G R KAz, i EZ AR 7 BN HRAT stage, BT LTI 75 58 FHRE P 0 M IR DT B 5 R AT g
B2 7 iRAK. FIRTAER AT DOREL, PHAM RS H A, — % B S EAREL 7 AR R AT i 642 (14
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===y Real proper memory threshold ===3 Real proper memory threshold
Zzz3 No spill ezzz2 No spill
20} === Spill § === Spill
Q Q
2 !
e 2 ol
2 15| = N
e o
> 10t 2.
15 g 5t
g g’
= =
5F § §
' LN\ |

10 30 60 10 30 60
Data size (GB) Data size (GB)
(a) (b)
o (MEMKE) FEEEXNT, KA (a) PR, (b) WC MEESABREZHENISE

Figure 9 (Color online) The difference between the estimated proper memory threshold size and the real one of (a) PR,
(b) WC with different datasets

*2 BEFEONH

Table 2 The time cost of program analysis

App Stage num Reachable methods Fusion time (ms) Match time (ms) Total time (ms)
SparkHdfsLR 1 5164 686 21369 22055
SparkKMeans 3 6352 963 21929 29244

SparkPR 3 1526 976 8643 9619
SparkCC 5 1390 1275 12756 14031
SparkWC 2 67 685 3773 4458
Normalizer 2 2440 834 11359 12193
LinearRegression 5 3003 1251 19677 20928
TallSkinnySVD 3 1998 1109 11642 12761
StandardScaler 4 3851 1245 19597 20842
ChiSqgSelector 4 4301 1190 18841 24332

SR FEBOR, A HUANEds R A 1 = ABOK, I 18] T4 1 2 K.

4.4 ZNAHE

T BRUETIAS AIOCAL 5 RAE 2 5 E 5 . 2 N H [FIRF AT (1 & e A 1 me A 2ehE, A/ N5 5256
HEDL TR E SIS DL T, B ST A W AR EC B T P & B2 N TS AT I RE IR 2.
AR/NTTSBE L T 2 P E SN A, SIR A5 R XS T MLIb I ESEN A, AR J7VEKSA AT LU D) P
i & B N A7 RME. #1140 Normalizer, StandScaler, ChiSqSelector Fl LogisticRegression N, BEARIXEEH]
A2 N BRI E AR A AR, AR BT A7 I B0 1 E s B AT H RO T B, B DL B B8 A1
IR —BORAB LIS O, FAk A A T VR AR IX L S 2 2K

FEHFEE 4 AMHET S, BT AR E 60 GB B KNAE, 3£ 240 GB K/MPLE N AE. HAIEiT
7E LTINS PR, WC AL B R4 K 1 AT 4 & 358 P9 A7 B 1 B 528 A Normalizer, StandScaler.

1191



BR T4 S TR 0 M B K K I8 P oA A7 T 12

—= Norm-time
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10 (MERFE) F&E PR, CC, Normalizer #1 StandScaler R FEARREAELLGITEIMEEERI

Figure 10 (Color online) The performance of PR, CC, Normalizer and StandScaler with different memory ratio in Spark
platform

PR Ml WC a1 RN 40 GB, N 17 H#cAT I [ K 28R, ¥ PR 4T BEE AR Ny
1 {X. Normalizer, StandScaler Z:F K /NA 30 GB HIFRSEHELE, £ H Hibench FENLZ2E. % 4
MRS #] Spark & _F, S2K0Ks Normalizer 11 StandScaler f P A7 K /NS B 43 51l v 2L Ab P 8 42 K
/N 0.5X, 1X, 1.5X, 2.0X A1 2.5X, X JUR LGS e 7 IF K 2RI NAFRC E DT 5, PR F1 CC R
SR 4N AE23 8. N FFE Shuffle Spill, ¥ Cache FIZ2 47 2% 515 B A MEMORY _AND _DISK.
WA 10 s, SR 5 a3l B & LU i) N AAE AT & Hhig F TS 7 VR 1 B A8 47
IR 45 2R, Horh E-Ratio 8 TG 77V s tH K 70 L 77 2, 45 S5 B B AR AR 1) LA 20 1.8X.
M AT AR SR IR, ~F- 6 8 Tk AT A A A7 07 ZE I, SRR g B S D08 T oAt T sh I B L T
KL, BIFIEI > A 0.5X 500 T 44.2%, 2.5X 1500 T I 56.7%, H A AL E-Ratio , BHIFEN
FEBE SRR 4 A, HRNAE LG N # AN A YRR I oL, Herb 05X N AERCE T,
HH T Normalizer, StandScaler ] A 723 [ B AL, IBATH P24 K& GC AR 13 5 i AE, ~F
& R RE 2 2™ HOBA. MR ET T E R, PR 5 CC Al H AR K IH 78 &2, Normalizer,
StandScaler N M REZHT G, (H2 LB A 2.0X Fl 2.5X B, BT WA EIR 7L, M PR A1 CC
AfEHPNAECEARE, BBl PR 5 CC MMEREIREERAL. SLIR 4 R, ART7VEAE 2 N 2 a5
Yy s AR B8 S MR, T TN ZRORLFE T, . FH ) oA A7 B R

5 HXIIE

AR BV TT A T REF 347 (K753 25 R R K I £ A A P T A, I AR X Ay
fF) AR i — S LA R it S A PERE 5 58, 20 S5 NI A5 THT A 4R T Tt e

RIFEFIR. PIAF I B2 35 Im A SR PO OIE A T AR B b A ke A A0 LA & B i R, JCH A AS
AEFIIFEE. Bruno 45 M8 4 M4 7 — R EEX K Eis WA B N ARTEIR [mIics, T DLAT it el b 457 35 [m]
W R AR R P DL, Bt KR e 4k GC I [a). ELDE A7 35 [ A 5 S0 K Bt A SR AR TR P B A,
I BT AR OR B B AR £ )RR, Nguyen &5 191 SR 7 — b 5L 22 i Jo SR 8 B R B b v i 77
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3, B A A AR AT AR 1 R o0t G AR A S BT AR AN 45 o, JE I HE SRR AT N A 1) 43 T
AEle. R L 7 Jo 22 A0 AR B A7 2 1), (645 A A7 ) 20 TiC [N s . A i e
ANAR SCALL R I AE AL A A7 AT ) 7 VR s R8OR FH A A7 B U, A D38 3 I R s 2 SRR 25 Tt o2 FH i
AT AIRAE A N A7 91, SRS BE B TVML SRARBR A7 LR IBR 1, 72 2 AN S AT A B A Hh A % TvM
MOHER/N, R MRS ) XA R AE A AT e ™ 5 R 22, I LA — S N AR 75 AT A Y
WZRA Be AT TN,

EFSHS5MHK. Ackermann 55 20 @I AHE TR, 20 BRFERS T P RT IS0, 7
T i 48 A SR B P2, W BRI I Eds, DLAERAERL &, w] L BEOUAAR i B SR B R A, XA
P AL 8 2w PEOLAR I J7 20N 21 R B8 2w EE At 38 R B HEZE oA SE AR 1 BE. Garbervetsky
& U R Zhang 45 221 75 KRS A0 31 2R 40 b R R P 20 A ks 5 52 I TU R BRAE. Deca [6:231 2
Spark #EAT ZIRTIT K, I HRE 7 AT oRSRASAE P B SO RSN Z IR, SR 5 A A
Je J1F R AT A i B T B T 2, AR X R A i 6 IR AT R 8 ) A B 45 R R
F AT SR FH B8 /D (0 N A B TR AT AR 5%, JF LT BR ORI Ar 1K GC. T AR ST Tl 77 kAN /5 B AR
(R4S i 4.

SHEM. Herodotou 2 P4 &5 KHAIZ 1T 1) Hadoop 1ENV, UEEAEIZ1TH#AE] Hadoop R GEHIH
MIZATHRFED Map F) Record #(H « FTH HI buffer K/, T Hadoop HEZL 11 H — & B 8] 7Ll 5
B B X I TR T 5 | A ] AR T B R ) Hadoop Z4UZH G Yu 55 2] B3 KIS AT
() Spark 1RV, HAmABIEHE SRRSO, B R A R S EUE & kis 17 HAnfE e A3k EUE
AT TE], SR JE AR 48 2 20 & DSOS LR 3 AT I TR D I G Bk,  FBLES 7 =) DIt i TR) PR A Y | f
JE Al AR BE R R R S HUH A, X8 TARRGZ X KIIE AT M AH RIE L, R s S KA [A] 51
ERACTTE NG PN 75

6 11t

AR AR A F R 2 18], Boda S ARLLYE, DL ot A 2R i A5 A AR B SR o 4K
7> WAF B 81 ShuffieBuffer A Cache WAFBIEREAT — & HTMG. AR R 2 HBLER X
Al —MEME 2 e AT LARIEAE R 1, AR s AT S HORIUE iR RIZAT 45 R, B0 X A — 13 it b
PRI S 2 A Y 2R AR B AT A RL 3R AL 5, VR MRAZAT BT EGR A - ARRS, AT Soot
LA AT AR, 5 P SR EAT UL RS, THEEAS S AT R & BN A2, BT
FNLTFW T2 G2 5, A FE R LB 22 R 80K, P Bl 552 i 1 & A
HATE), RGO, FATITTCIEARE 11 i P L8 T 1 ol ) & B2 A A7 BRME, (EDRAE — ML A 3R
TSI, PO A AR R B B R T AP RG), FE R OR AT 7T L, An el KR AR Al R AT S0 ) F) P 77
KB D R BN A A G AT BRI A MR VI

AT L AR B KT 6 TP AR BN A BN S B . AT TR EE B
FEAST B B B 22 A7 Bdl A B R AR, R AL B FH v e R AR I8 A T B, F A R A R A2 A
kTree TXPHHICHR 45 F 45 A G2 A7 AR B, (58 AN R K30 182 AN 1 i B 10 K i 42 1 AT DL BC AT LE
B, IFAE RIS AT H 8] SR E S B (X A R AR T4 AL B AL . 8 i R S F VT B BT AR K Tree AT
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Estimating the memory consumption of big data applications
based on program analysis
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Abstract Many distributed in-memory data-processing systems such as Flink and Spark suffer from serious
memory issues, including limited memory resources shared by many users or groups, which aggravates the com-
petition for memory resources. If a user application is allocated with insufficient memory, significant garbage
collection overheads will occur at runtime. In contrast, if the user application is provided with a memory space
larger than it actually requires, memory resources will be wasted. Therefore, it is important to ensure that a user
application is allocated with an appropriate memory size. In a general case, multiple applications process one
specific set of data repeatedly. Often, the process logic of applications working on the same dataset is similar;
for example, they can perform machine learning or graph computing tasks. This study further reveals that the
process logic reflected in application programming interface and user-defined functions also affects the memory
usage at runtime. Based on this observation, this paper presents a method for estimating the optimal memory size
for newly submitted applications. The proposed approach was implemented on Spark. It utilizes the information
of program analysis and historical applications produced when processing data to estimate a proper memory
threshold for a newly submitted application based on the similarity of the data path between the new application
and a historical one. The results of the experiments conducted to evaluate the method’s accuracy of estimating
the memory threshold and performance profit demonstrated that the proposed method is able to (1) estimate the
required memory threshold with an error of 4% compared to the actual proper memory threshold, (2) guarantee
the overall time overhead of estimating to be negligible compared to the execution time of a submitted job, and
(3) reduce the execution time of submitted applications by up to 56% compared to when the proposed method is
not applied.

Keywords memory management, lifetime, program diagnostics, data-processing system, distributed system
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