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Abstract: To solve the problems of the traditional support vector machine parameter optimization algorithm in

dealing with large sample data sets, such as long time-consuming and excessive memory consumption, we

proposed a parallel adjustable Support Vector Machine (SVM) parameter optimization algorithm based on Spark

universal computing engine. Firstly, this algorithm uses Spark cluster to distribute the training set to each

executor in the form of broadcast variables, and then makes the parameter optimization process of SVM parallel.

In the parameter optimization process, each executor is load-balanced by controlling the parallelisms of the

tasks, thereby speeding up the parameter optimization. At last the experimental results show that the proposed

algorithm in this paper can improve the search speed and reduce the optimization time by setting the reasonable

tasks parallelisms with making full use of the cluster resources.
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T B AN AL RS 48 SRR I 2548 fT ] Spark ~F- 65 52
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1.1 SVME:%

SVM 51k J& — B 56 1 25 4 IXUR: B /b, ST
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AL IESI S e AT LS BRFEA R i) — SR S

X FAREA LN W] o 1 B0, B D08 - T n]
VAR S 5 SR At R s i BEAS R R MBS AT 0, LI
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1.2 Spark

Apache spark Jf& —Ff & T 8 77 1155 09 38 H 3
ST W R AL BER R E4E . 5 Hadoop A
[W] () J2 , Spark FJ LA #4147 Map . Reduce %5 #:1F , {2
Spark 41 7% T 1R £ Hadoop AN H85 5 F , 76 5046
A B 7 T 2L Y Hadoop RIG IR 22 o Spark 19 45 Ff
V£ T ZLAE P TE AT, {5 Hadoop 7E 504 b BE 3 2 v
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fid . RDD i 75 % 4t (transformation ) Fll 2 £ (action)
PR 564, 4l map () (flatmap () Jfilter() %5, &
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RDD; i sk, 4 collect() ,count() .take( )55, & )
RN 245 B BAR R 25 258 o Horh Fe i e 2
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R, AR SO R 9 J2& Standalone 8150, 7E Stand-
alone f230T , Driver £ 5 7] LLFE Master 13 S s 170
AI LUAE A 1 1) Client i iz 17 , 4 SCffi H] Eclipse [7]
IR A Application, JF LA Driver £ ¥ 12 17 1£ Cli-
entﬁﬂuﬁo
13 ZFEENRGE

S7 ¥ 1) 3 HLAK A 40 (library for support vector
machines, LIBSVM) /& 5 15 KA MR~ HOR 5 TT &
A — AT SVM PR R 7 6, 4R A T Ok
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H a5 14 A% 18 2% (grid search) ByE AT 2 8L,
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G R AEEFERN RE RE
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AT AT o TR 28 SRS R Y 2o R TBCZE RDD 1Y
Map B B, {8 38 LG EAE 254 Task b H-A140047 , 56
FEFT A Executor H1 1) Task 5¢ {38 K Uk J5 , Al FH
Reduce SlEICE AT 45 R I 1HA D s e 2 A0
SRR A . BT LIBSVM A 42 41 1 28 S5
ETT 15 X 2RO AT 28 SURAIE , T A LIBSVM 22
I B A T A BE 8 0l 2 SR oK B
VL AZ PR32 X6 svm_train.java B9 I 2R 46 2 B 2 DA
B A2 OB UE S SR i e kAT TS | 1 RE
32N AT DO AR 98 2R A I o S SR Y
A AR -
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HERA R

AR BRI R kA 28 UG AIE (k-fold cross-vali-
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AT T, AT LAAT R 3 5 5 005 R R A
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SURAE— N GRERRIA

BEAE 1D Application 1Bt m 7 Executor,
A~ Executor 1147 n > Task 7E 0T, 24 Il 24 Al
J7 Ak AR AR R ) #E I, B8 S Application
SIEORAE m RN ZRAE BIAS s (H S I ZRAE fdi ] List B
R AE Driver Vi {17 L W], 34 Application i g 3
TRAF mn By I ZRER RAS, BT LUR T List B R ff A7 3
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W, 8 ORAEIY (n=1) -m A3 VIR AR B A 25 5 IR
AL, H BTN D
2.3 Task FITE 5 Executor f1 2101

1€ Spark ZE #f v , H3 4G Action A A Applica-
tion ¢ Kl 73 AN IR 1) Job, Job HY i) 3 Ak 5 A4 6 49 )
r—> Stage, 5> Stage H £ 75 Z A~ Task, Task f&
IZTHE Executor £ HEE8 A% 1, 04T Job 1Y /N2
WEIT, JRAT RS Rt oK, B AR I Y 52
B UE By BE & B Executor B 1Y Task K 5E iy, N
T ik Application H1 43 it ) T 45 Executor HE % &
T RARE , AR SC3E 3 7F Map By BEAE i Task 19547
FE ik Executor 43 Bt 2] (%) Task £ H — B #
T — &, R ] BE 1Y Executor 22 [8] 35 ] 11 % 1
5, TS R A E . Executor 1Y Task 73 BiC %
L an &1 1 5 Map By Be s, B 13 A i o BRAR T
&, it A Executor 73 i (Y Task £% H — 2, i 19 -
YRR LA

o Task A7 FEAR S A E W4 S8, A S0
Spark £ Bf it & SC {4 1 1 spark.default.parallelism
SRR R E S A e U —
(Parallelism) , 5 72 7 A9 38 33 #5 1i] Parallelism 2 #%
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4) L4 i A 1Y) Task JF47 B2 DL AP S R &
) RDD 4%~ Executor 43 fit. Task .

S)MAFH ¢ g ZHE A K RDD 44T mapToPair
OB 40, T 78 5540 i B2 rp Xt ) 5 725 a2 (9 I 2 B
A AT S I AE , K S B0 A 0 B 5 DL B X
I 2k [m]

Driver Map B BEIH1 i Task £ LA

o R e e Executor H1iz 1 ) Task

Z¥c,g (RDD) ; Y44k ( AR 5 TaskIFATRER| | o s,

Kic.g ?%lfi‘%xi) JH TR St TaskGb T e

Map
Executor Executor Executor Executor
...... |
Task 1 Task 2 Task 3 Task 4 Task n-3 Task n-2 Task n-1 Task n

SECHE| | B3k SESLHIE| | S HIE

B | B3I SCSCHIE | | 523U

Reduce

WRSEAL R R

B FHITMEERTRE
Fig. 1  Searching process of parallel grid

6)if it Reduce () SIETHH h B R S 54l & L
K AER, Driver Tt S ST ]

FEAT AT A R A RO Bk

Input: TrainDatasetPath, Parallelism, CNum,
GNum, K-Fold

Output: C, G, Accuracy, TotalTime

1. Application VAL, A Y Parallelism % &
Task J475E;

2. JavaSparkContext js¢ = new JavaSparkContext
(spark.sparkContext());

3. List<String> cglist = new ArrayList<String>();

4. for (int i = 0; i < CNum; i++) { for (int j =
GNum; j > 0; j—=) { /HEW c.e Z B4

5. String sparam = String.valueOf(#] 15 { + i *
HK) + "=" + String.valueOf(#] IH1H +

j * K );cglist.add(sparam);} )

6. JavaRDD<String> lines = jsc.parallelize(cg-
List)//RDD IE X ¢ .g S 5L

7. 8 ReadTrainFromHDFS 3.7

8. J# FH mapToPair 5.7

9. P H reduce -1k

10. Driver 18 H T4 B 0 8] TotalTime ;

FFAT WM 2R 1 5 2K HDFS v B Il 2R 4 3
Wi ok, Jf Bl ) #7481 , Read TrainFromHDFS
=R7Ry (1l

Input: fs — FileSystem X} 42, pt =l Zx 4 HDFS
A%, jsc¢ — JavaSpark Context pop

Output: broadcastssvRecords

1. Vector<String> svRecords = new Vector<
String>();

2. if (fs !'= null) {BufferedReader br = new Buff-
eredReader(new InputStreamReader(fs.open(pt)));

3. try {String line; while ((line = br.readLine
()) != null && line.length() > 1) {

4. svRecords.addElement(line);}} finally {br.
close();} }/MF VI ZREETEHUN Vector<String>H 2

5. Broadcast<List<String>> broadcastssvRe-
cords = jsc /MU GEE AN T #E% &=

.broadcast(Arrays.asList(svRecords.toArray

(new String[svRecords.size()])));

6. return broadcastssvRecords;

Map B B 1 FF47 Task 1955 & B 4758 5k
AU H Parallelism $ 52 , mapToPair By U

Input: s — String & AU % X hy “c—g" B9 S H0 A
%, K-Fold

Output: Tuple2(s, acc)

1. String[] svr = (String[]) broadcastssvRecords.
value().toArray();// i ) #5722 &

2. Double c=Double.valueOf(s.split("-")[0]);

3. Double g=Double.valueOf(s.split("=")[1]);
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4. MSSvmTrainer svmTrainer = new MSSvm- MNE I LA, AR EIFATERIE T R

Trainer(svr, ¢,g, K-Fold);

5. String acc = svmTrainer.do_cross_validation();
1158 LRIk

6. return new Tuple2(s, ace);/iR [Fl <S8 H 5,
LT > 1Y SR G

Reduce By Bt 3= 2 4k B Map B B = 4= 04
X, 8 3 ARG RN A RIS B G re-
duce BT .

Input: x, y

Output: 1R[] x, y B8 {1 X6] A v ff 25 5 104 S X

1. if (Double.parseDouble(x._2().replace("% ",
"")) > Double.parseDouble(y._2().replace(" %", ""))) {

2. return x;} else {return y;}

3 SRIGERS

3.1 KEMESHIE

Spark 8 B (1) 3 B A8 1 2R 55 0 — 5 3R R720
R 55 %% , MR 55 45 e B b B 8 E5-2620V2 6 % 12 26
FEALFEES , 00 2.1 GHz, i KW 2.6 GHz,32 GB
AT, 8 TB RS &k, it 55 a8 wl KE AL hy 4 A5 5, — A
Master 19 /5 4 > Worker 77 5 (Master 77 2 M &
Worker 15 ) , A7 A 341 M 4%, 8 GB N,
2 TB A &% ; 42 BEA 9 32 Z 4K M Spark2.1.1  Ha-
doop2.7.3, JDK1.8 %% , #: fF & 4 & Ubun-
tu-16.04.1-Server-amd64 .

S5 SR FH 9 & LIBSVM B W 32 1L (1) a8a — 4%
FEARAE 2B RN R 1.6 MB, 115 22 696 1
FEA AR 123 4R IE
32 LLERREREDH

TR P 64 4 (¢, g) B AL A AE R R
%R X IAET R E N4, B8 g% 8. K c
WA R 0.5, 3B 325K 0.25 , # ZEH o 0.5~
2.25; 28 g WHIHAIE A 0.05, #3844 K 4 0.012 5,
RGN 0.05~0.137 5. L4t F 4~ Applica-
tion 73 Bt 4 /> Executor, & > Executor 3 > N #% ,
2 GBNFF.

FEANBEE IFAT Task B0t 5 38 8 >R FH 09 i KT
7 Task Bt A1 DLIEA TS50, SEIR A5 RN 1 s .

K1 T Task FTEZRER

Tab. 1 Experiment results of two parllelisms of tasks

JFAT Task Bdt /1 FOLRBIH 7 mIBSEC Wi
A~ s c,g %
2 6731 1.5,0.1 84.6
64 2544 1.75,0.062 5 84.7

2> Task AT AT , I E B RIFAT S, 644> Task
FEAT AT, SO0 R B (R B A b 2 U\Spark Web
UL |19 Executors 281 tH , AN B I 47 B B 42 3
 HA 3 T 24 Executor 2K #0017 Task, 24X Appli-
cation AT JHA YR I3 L Y A AR AR E S 0, A — 7
S3BEURAL T PR EORAS 5 B s S KT AT R SR
7 R A2 ERBE IR, R 3 T 44 Executor K44
47 Task,

J T HARSERE AT Task B8R XF S8 880R Fn
B RS, 7R 9256 P B EAZ O A Y Parallel-
ism 28053 5 4.8.12.16.20.24 #1780 Fk
A, S 50 s a3 2 B o

FK2 AETask HITEZHER

Tab. 2 Experimental results of different parallelisms of tasks

FAT Task B0/ FALEEER] 7 Rz WETIR/
A~ s c,g %
4 4809 1.25,0.125 84.6
8 2618 1.25,0.125 84.7
12 1974 1.75,0.75 84.7
16 2 446 2.25,0.0875  84.7
20 2084 2.0,0.087 5 84.6
24 1961 2.25,0.025 84.6
6 000
5000
4 000 F
< 3000}
2000}
1 000 |
0 4 8 12 16 20 24

Parallel task / individual
B2 ARAMTESMLEFBEEEE
Fig. 2 Trend diagram of total optimization time for

different parallelisms

64

B3 =MAATESMLEEELEE
Fig. 3 Comparison diagram of total optimization time for

three parallelisms
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N2 FE 2 0] LU Y, Task 947 8 FF AR %
BB , Y 4T B9 Task X0 /N T 12 8, Y1145
S [B) B FE AT 9 Task 0 19 38 i FEAR 5 (024
FEAT By Task e 80 1 12 mF, )1 25 ik fa] I 4 -
b, AEIFAT Y Task £ it fy 24 0, G 2k (i) 422 35
Task 47808 M 12 0 7E 3 E A B IR 1T Task
)5, SRR ER R AR (N A
i1 0.1%) , B [E) P BEFE T+ T (4 890-1 961)/1 961 =
149% ., MIE 3 0] LI, TEIFAT 1) Task £ 24
) B i, DI A9 BsF ) A X E AN T IR AT R T
17 BE S K DL B #A — 2 W2 T, AR 76 1%
JEATEE MG B T T (6 731-1 961)/1 961 =
243% , FHMTE I KIFATBE G &0 R 42T T (2 544-
1961)/1961~30%.,

AT E— K FE AT Task B0 A 12 28045
X R A B ] AR 52 A 3% B Parallelism 2 £ R 36
FERIEAT I, 25 SR a3 3 iR, 34T Task Bt by
1285 12 B BRI, 5 D0 ] A it o

F3 OMTEN DEHEHIRER
Tab.3 Experimental results of parallelisms in

integer multiples of 12
JFAT Task ikt / 4> SRR IE] /s

12 1974
24 1961
36 2013

1R 3 DL R 2 A G B HlE W DL FE
Task I 47 J3& 19 ¢ & %F -0 G0 I T8] A AR KA 52
#2553 B Task F-47 BE XT Executor £ 458 4 7 1 5%
Mol , 7678 7 rh ik B AR 28 R G811 Executor 58 B
Task it , 1 AH OB 7F Logs fii i, B v 1-4kds in <&
47
R4 AEHITES Executor B Task F 8

Tab. 4 Numbers of tasks assigned to each executor under

different parallelisms 4~

347 Task Executor 0 Executor 1 Executor 2 Executor 3
Brar Task (i Task iR  Task$E  Task =

4 48 0 0 16
8 24 0 16 24
12 16 16 16 16
16 12 20 16 16
20 19 14 16 15
24 16 16 16 16

Wit RAME 2L R E40] LIF H 24 Task 5L
e 12808 12 A9 KRS /Y e, 451 Executor 43
FE 1) Task %50 A0 [R] , 3k 21 67 235 1, e s %) 508

Fa1E
50
M Executor 0
401 M Executor 1
O Executor 2

[ Executor 3

33 (9%
(=} (=}
T T

—_
(=}
T

Completed tasks/individual

4 8 12 16 20 24
Parallel task / individual

B4 AREHITEE Executor B Task = X bk B
Fig. 4 Comparison diagram of tasks assigned to each

executor with different parallelisms

FSF [ 2 J 7 114 5 24 Task B0 AR S 1200 12 (1%
A I, 45 1 Executor 73 iE 19 Task 4 A —
0, 77 BE Task 30 &2 8 2 19 Executor 1Y 28 355 {iF )
SV ] S AR XA, 43 BE Task B0 2 20 1Y Executor
TE 58 M AC SUHRIE Task J5 23 4 FF 73 IE Task B2 1Y
Executor, B 2| f A Executor 5% B3¢ X K HIF Task , %
R AR R G5, T DL 48 2R 0 R[] 2 ph 52 S
UE B B e K B Executor 78 1) o BRIATE L
T, Executor f — A~ N #% 7E [ — i ] 2 &b # — A~
Task, It UL 1% & F- 17 Task f %0 & 4 Application )
Executor P A% S BUEE KR 1) 8 205 7T L&A Ex-
ecutor 73 it 3| (1) Task £ H AH A5 , 1% 2 71 2 24 47, A
WA I FAT 10 A% 48 22 1) S B SR B e e

4 & iF

SVM R H 4l 46 2 8 SO0 i 3R A 2 0,
1 5 (1 BRI S B T U0 505 ok A BEORBHe 4 AR AN
AL, ARSCHE T — Rl B T Spark @ T HE 51
(9347 7T I SVM 28 SARFE  l id o M SRk T
Task A [6] 47 B T B9 F-H0 ], % BE3F-F Task JF
A BE 15 AR B R SO0 R B PR 5 ARl Applica-
tion 43 L 1Y £ B B8 U5, I 4E Task 19 IF 17 8 (1% Ap-
plication [ Executor N #% & & m , Executor £
n, W Task Fe O FHATEE N menalim - n W BEEAS)
> Executor 14 B 4 44 , DT b 35 4 v 30
BE o MWEERERY ff 2Ok B, 78 Application H1 % 4>
Task #E I AHZE A KA OL T, Task 73 FC B 2]
Application [ B FE B 8 /D, 24 Task 5¢ 4 4 5] 43 il
iF, B A7 28 34 4 1) I, Application SVFERT /b

ZHF LI T v B R N A B IR AT AR A AL
A JE BT I g 2 — il 3 S A VEAG N AR IR AE 4
Executor B8 5 B N A7, 76 A B AR - P2 B 1 i
$&F AR AT R 1 A A B IR 52 I SVM S 5L -
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