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Abstract: Bayesian network (BN) is a probability graph model and learning BN structure
has been proved to be a NP hard problem. Genetic algorithm (GA) has been widely used in
BN structure learning methods, which can produce more accurate BN structure than single
solution, but it still needs a long computation time, especially in the case of massive data. To
solve this problem, this paper proposes a distributed genetic algorithm based on spark for BN
structure learning (DGA-BN) to accelerate the learning of BN structure. In DGA-BN, three
processes of superstructure construction, GA evolution operation, and scoring calculation
have been designed to work in parallel. Redis is introduced to store the intermediate data, so
that the superstructure and historical scoring data can be reused in scoring calculation, which

help to reduce the redundant computing and accelerate the computing efficiency. The
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experimental results show that the proposed DGA-BN algorithm effectively improves the
efficiency and quality of BN structure learning and has better scalability.
Key words: Bayesian networks;Structure learning; Genetic algorithm; Distributed

parallel;Spark
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MEIEPATI M R, BEE SR E I R, BEMPATI A B 2 B [RIREX T-9
ANEEL, WA RIMBNIF AN, AT A1 )5S T Spark ) AT A B SS I T VA A At 5
BRI BT A5 B RTTEMESS, RS R DA it R g EH, BT
TUARTHER ], IPREERCE .. X Asia, Cancer, Survey, Earthquake#(4i 45 I i) A (8] £ 4
SHRIAT T 40, 231896.88%, 100%, 84.21%F1100% H:ANHHE 4 h it & R 5,
CancerfllEarthquake ' 75 F:47 19 @SS 2 v v 5545 21 (1) BT Hdls 35 vl LLE FRAT 1 EBICTVE 401l
B E . B EHRAR T BRI RS, TR,

3.5 F1T GA BB

fEAsia, SurveyIEHEEE X6 H A3 T Spark I GA S 7147 S2 30 B0 UE H AT GAR 7 A
R o SRR BUE SRR SR BILE R REA /N N100, 200, 300fHE S R HETSEY . FI BT CAS
TIEATI (A, PREARIR B B B 925050 DMBE AR BB . SRR iR 1 R . thaRm]
SIS, MR RNNTZET 1000, 3T SparkIGA RS AT A AR AT GARE Y, MK
/NGET2000, BT Spark ) GARIZAT I [ 524 B, PR /NS T-3001), JET-SparkIGA ]
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* 1: Asia HIEERT Spark [ GA H 7525

K (77) 100 82(3(? 300 100SPARK SOASED GrA300
10 93.573  137.912 180.668  81.192 126.462 157.559
30 112.997 157.877 202.840 114.855 143.814 175.080
50 113.858 158.301 203.885 112.153 145.898 174.432
100 140.985 185.499 228.462 141.364 170.497 199.345

IBATIS A TR 3 o B AR /BRI, 34T Spark(IGASE T AR MHEZ . KL AE MR
BBUNIIE DL T, BAUB G GASRE A B3 T Spark I GA L 114 S 2 I (] . RONSEALE
SEREPIBATIN, EARERIET ORISR 8] BV AR LS o5 BN AT I R RO L. RS AR
NI, — HIFAT U SRR E T s HUD TSR S e 5

3.6  XTELSCIG AT
FATELE T HAFIFEADGA-BNZ A e o ELig— 625 4 (4L 45 71045 PC, TAN, HCHI
HTFCAFNRA TIEU AR A EE. NT 5Eg % T Emtbig, ®A1EH 7TBNT-
SLP L HB LR — AN A LB T Mg ik,
% 2: EKGA-BN i1 AESL-GA IS5k E

Jrik: FORERADN RGBS WARIERDN  FFESTINREIME  RESRRER B RSHT m A4k

DGA-BN 100 250 2 0.05 N/A 4
AESL-GA 100 100 N/A 0.01 0.9 12

F3WoR T HHLEIETE Asia, Survey, Cancer N FIFEAE I & FRISLIN R, BT HHEIE
RAE G R BN M HEM R . NG R AL 4 PC, TANMIHC, T GER ZIRME,
5 115 2 BN M HE B A M U3 T GARI S5 # 22 S L ZE . TTDGA-BNAH ELAESL-GAAA EE
TES BRI AFREA F22 )5 2 BN MU R ZAZ . A CFTHEDGA-BNAH HE R HLAR
AT GAMBNSE 1% ) BUEESG N 7 HARY R M i1 DL R H AR B ARAT 2 (0 i v 2%,
WA DA ST B DRSS A AR B 1 E AT SR PR AT S50 5 2, A5 T N ZR R A B R
hn, AR S 115 B KBNS M HER 2R .

H T3 T GARRHIBN M) 22 ST EEM LEDGA-BN2: S 5 B FIBN S TR R A ZE A 2, 3R
PR PR SEELE BT i RIB AT, 1B AT (Rl Sae 45 SR B3P

[FEIFRATE I 7 o0 A0 2R & 71, FF 5 3ATT3E tH 1) 25 T-Spark (I DG A-BN J7 ¥ [FIFE fE4/ N Datanode
T #HAT LR, WRAE IR T 040 IR A BILE Asia, Survey, Cancer7EFEARZHE & K/ N—
TR R, Rl LUE B =R IR I R R A 2 2] B BN S WG 5
IV, TEAsiafidi L& % ) 2 BN A M FE RIVED . 2 TIRA 15 HHCH %
AT R, MUBRIEREMME mETGAM TR IR B ERPIBNG M. F A
IR H A R A ) FAHLE AT IR G AT I, Ao R BIVF 7 B B A & 4 s BN &5
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2 3. Xt Eb sz 45 B
“H¥FHE  FIEE(H) PC TAN  HC  AESL-GA DGA-BN

' 10 0.444 0571 0.706 0.853 0.938
Asia 30 0.444 0285 0.3 0.744 0.931
50 0.444 0.190 0.105 0.762 0.906
10 0.571 0.133 0.615 1 1
Survey 30 0571 0.4  0.461 1 1
50 0571 0.4  0.461 1 1
10 0.571 0.182 0.222 1 1
Cancer 30 0.571 0.363  0.222 1 1
50 0.571 0.363 0.222 1 1

Asia
IIDGA-BN
EIAESL-GA

10 30 50 10 30 50
Bl O7) Bl O7)

(a) ASIA (b) SURVEY

Kl 3: AESL-GA F1 DGA-BN {447 [a] 45

Fo
*® 4: DGA-BNM A 2R & A AL S5 # MR P _E X b

Hik Asia Cancer Survey

DGA-BN -22376229.11  -20996675.74  -39502087.64
distributed hybrid algorithm -22376229.11 -21007620.99 -39502101.39

H T DGA-BNELVETE KA/ f 3L b e 8 45 2 LR & S00E PP 7 B IBNGS K, BRIy 74
FEUEL AT DGA-BNIARIR G I I VF 2 I 5 IO RI3EAT 1 Geith, WeRspR, EFTa )
Hot B h AR 0 BEVE AR L T AT IR & SV AR N 8] BEPRAA B V¥ 53 o HET-Spark ) 51k B 18 N
AT BRI D> 1 BEARE T . WP 25 AR AT T & S BOT TR, DO
REVEB I BAT VR VP 5L, JF BRI @ E I M3 T, G AT T SR DARROR 171 4 1
FES AR PRI ERATA SIS M REAE R L T IR TR & H%.

4 BESRE
AR T — M T Spark i 8 1 ABNS % ST Bk (DCGA-BND, I T2E KBRS T
% 5IBNEH). DGA-BNUIH T 2RI TIE, W BRSSO, LAER

RUERSS . B i BOR AL ERAR AT, R 7 AT O 8 25 5 738 B AT (R A IRl D
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% 5: DGA-BNAI A 2R & Sy E I 1) 48 _L A% B

B Asia Cancer  Survey

DGA-BN 469.739 62.172 71.735
distributed hybrid algorithm  1534.073  135.838  324.468

AL PR REOMRSE . B = B XS BICYF /3 1H S B IFATAL, RN 5] ARedis, BNOREE—
BT BOAIVE 23 T SR B b 18] T S 0 = R TR TSR SR B A O R AT 5 VR I I R
SIS IAIE T AR MR ITGARNE, AR IDGA-BNIAEBNF & MR LA
BRI, FN RS Y . AR PIHMTIR G 5L, DGA-BNAT DUERCR & 16 L
NS E B S R HERR T
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