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Abstract. In this paper we mainly focus on how to reduce the searching spaces when accelerating
the efficiency of searching for the best Bayesian network structure and a corresponding algorithm
named MPD-PSO based on the combination of MPD(maximal prime decomposition technology)
and PSO(particle swarm optimization algorithm) was proposed. In the algorithm we proposed, we
firstly use the MBDA (Markov Boundary Discovery Algorithm) algorithm to achieve the Markov
boundary, and construct the undirected independent graph, then we decomposed the large
undirected independent graph into several maximal prime sub-graphs by using the MPD algorithm,
therefore we transform a high-dimensional structure learning problem into a low-dimensional
structure (sub-graph structure) learning problem and reduce the searching space relatively. After
that we use the PSO algorithm to learn the sub-graph, and we merge the learned sub-structure by
correcting the wrong edges to achieve the best Bayesian structure. We validate the proposed
algorithm by using Asia and Alarm network, and the results verify the superiority of the proposed
algorithm in learning effect and running time over the GA (Genetic Algorithm) and PSO
algorithms.
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DUt 2% BN (Bayesian Network) EABIFE I 2R s — A BEHLAC R 2 A KIS &R, B
AT Z [ RN R HRBOR &, R B REIU P T A &, e sedt 73RS
NIRRT 2T o B o 2 33 DU 7 R 4 R DU ) 73 N S5 22 I B 5 3] . DL
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(1) FETAHE N7 1), E RIS e BRI AR & 2 [ RO e &, it
AR 2 250 o 1% 736 mT AR A& AR b ar PR R X 28 s A (1 4 R 0 B T, (ELRE X 2 ARk a7
PRI A B R 22 AR UG, ELAE — S 8 B 00 R 25 A ST K R R ESORE X T AR ) R
EPpE R e RN

(2) BTV RMgEL2], HIEEA AR T 75 0 20T 5 =i A5 20 1) DL H7 [ 26 2544
ARV WHC[3] . SR A (4155 . 28 TV B4 R 7 VA HER I 77 T 86 — PP vk
BHdEE, HANAAE N S 2 nl, W2 g n i8R 2 28 g K st 5,
Robinson 28 A4IFBH, # BN(Bayesian network) & n /N, MIATRER) BN 45 5& A

() = g(—ni” “(%)!2““-” f(n—i) 1)

EIREEAREHE n K2, WRTENLEREELINK. Bk, SRECHMHE G- Z
NP-hard [AJfR[5], —MkEAEH B KNG RERMEERA K2 Fikl6]5.

(3) WRETE, WREEME T FARWREER AR BRI AMBG T 2, dikn 2% 45
R IR, PR AR I BERE SR 5 R PE 23 B 7 0] I 28 2 [R] gE AT 15 2= 45 21 S 0 1) 19 4%
GERY . MUY (R B R/ IB L B MMHC (Max-Min Hill-Climbing) [714%. 1%3877957] LA
FEARIR R A R SRR, ISR B2, (R R PR 2 2 8] 55 2% B2 1) [R) IR 25 2 B N JRi i
Al

KRR T — MK E TR AR PSOL7] #4519 5% (Maximal Prime Sub—graph
Decomposition and Particle Swarm Optimization, MPD-PSO) . 1% L4 E& 1 S A

SR AR R T, MG 13 TR VAN T VR VS H I A, TEAEE
AR B A G v 9% F B Rl B SRI T 0 2 S5 R B 4 A, ATBRAR 1 BRI A) R B2, [
I i T 5 ) R HERA T

2. EAME

2. 1. DImHre 2

DU W 28 0] AR 7R Bl — > —Je4H BN= (G, P), Hrp G=(V, E) AF LMK (Directed Acyclic
Graph, DAG), 1, VRRTIENE, HUSNKLE XN, ERRERILE, RRT8
Z I FIREZAR IS ZR s P 2RI SRR 20 A7 AT A D) AR i o

22, Dlmpirgdfy s 5] R B

TEREARSYREE S, 52 ] DU 3 o 2% 25 1) R4 21— AN e B i s R A AR s 4R 0B I e
B AR D, SRR M IEFES, MEHESE D ) IR 451 S S T
KAk P(S'| D) L RE,  Hh DU g B AT 45

P(S",C) _P(S")P(C]S") M
P(C) P(C)

PORKELGETEREL, P(S)REMBLERLIRMER, WhEE,; P(CS)REILT
SRo FITLA BN 42 3] ) fUAT LA SONAE P(ST| D) 35K 1% BN 2544 (8] .

P(S"|C)=

3. BRETFELE

FEL R EFEIS TR AT, FEZeg HAHERE X

3.1. MBDA &

RSO F MBDA BLVESRASEEANT A Markov 145, FF LA MR ¢, ZEEE @K
B (0 BN 1B Bk 5 B AR & ¢ LR E R REIEM) K LR pcUsp, FRESET
4 oc U sp FH A MMHC B33 THE 23R 875 B ¢ (A2 SUR 745 5. R A MBDA 03 1 L
TRHh ik -
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MBDA H.i%:
(1) Input: Data set D; Varlable set V={vi, Vo, ...... , Vn}; Target variable t.
(2) Initialization: pc=V \t, sp=4¢.
(3) Order-0 Cl test: for each variablev e pc, if Ind(v;, t) is hold, then pc = pc\v,S(v,) = 4.
(4) Order-1 Cl test: for each variable v, e pc, if there is a variable v, e pc\v, such that Ind(v,t| V),
then pc = pe\v,S(v,) =S(v)Uv,.
(5) Find superset of spouses:for each variable v, < pc, if there is a variable v, eV \tU pc, such that
—Ind(v,,t|S(v,)Uv,), then sp=spUv,.
(6) Find parents and children of t: call the MMHC algorithm to get: pc(t) = MMHC (t, D(pc U sp)) .
Foreach v e pc\ pc(t) if teMMPC(v,D), then pc(t) = pe(t)Uv, .
(7) Find spouses of t: for each variable: v, e pc(t),
if there is a variable v, e MMPC(v,, D) \{pc(t) Ut}
and a subset: z = pcUsp\{tUv,}, such that
Ind(t,v,|Z) and —ind(t,v,[ZUv,)
then sp(t) =sp(t) Uv,
(8) return M(t) = pe(t) Usp(t) .
(9) output: A Markov boundary M(t) of t.
3.2 HEAE X
EN 1 JEfER
i G=(V, E) A LI El, & G RPN ALY, Y AL 735 5, Wi — 208 1)
Tole) i e=(Y;, V) BIA4E E, [FII 288 E th a1 077 18] TR BV BIFR O G IRIETEIE G™.
JE X 2: ARKHATRT Markov #f
RN RE V B — TRV 1 G=(V, E)yh &7 aERn, WV A G M—4Hl, idh C,
FRAT LSV IS A AN ], W C o G B— MK HT .
WHIMT ={V"E}, & T K WREV" B G KA KHEI{C,, Cy ...... Ci}H Rk, HACy,
Cor ... CHET T AT AAE V, T FEEIL(C, C)e B 4 AALM S B4 NG FE1E.
ST T FMEER C, Wik C fEH G, C ZIHMIEE -, FFABEE Cing, WZBIH N—A4
Markov #f(Markov Tree, MT).
EX 3 THE
W G=(V, E)2— 1B, WALV eV, DIV TR, LU G i ss g TV L Nia S
MR, FRO8 G BT ARV SFHTFE, idh GIV'].
EN 4 mKFETHE
wG"=(V, EMR— AN LR, HAEVRFEU. S. WHUUSUW=Y, 15 G" 44
o uEU RIE A wi EW B IR R b B/EE— A RAE S, IR S B4 UM w; iR
G" [SIHE G™ HhINf e 4, WIFR G™ AT i, BT K G™ [UUSIH GT[SUW].
# GM[UYZE G =(V, EMH—AF T E H GM[UlE A r s figny, MR GMUIE G F I, #&
MHEETHEW su, GUWIESE T/ ig i), PR GMUlZ G™ i K+ T K.
& X 5: MPD Markov #(MPD-MT)
K MT AL EI A 4 Cf CHIEI%E C, HnE4E C FHNLR T EAE G" F 2
4, WEIECMC,.C, &&E5] MPD-MT.
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4. PSO &y

PSO SiZm R oA 1 v SR ) B AR A 1) @, TSI ) R A A3 A — 2 S i ) A
Kennedy 71 Eberhart MO 5678 R sk 1 ik 47 o5k, SR HY 7 Bk TREDUAL 535 (BPSOD,
HHAE BRI SZER N R, AR 2238 0 30 AT 7 AN R o A3

ASCHH A PSO A R 4 @ HAR S i B i) 453 DAG 2875 18] . AT AR B ke 3%
/~ DAG, Wk 1 A1 2 AR

0BT A ARG R, 1R AL G R,

N7 P ERfE PSO SIVALEMZE 25 M) 2 ST BRI T T — Se A ARE X B S AT R
Fi¥: —AMEiL DAG

AREST. ViR vy sien] Ik 2 2T

Fhie: R —dlEE g, BN TIRIE DAG ik 2 1a] .

AMERAE: R TR IE R B G AT AR AL -

A JRMAE : FEE T LRI R B Y AT AR A -

TERLEE: I8 R RO MY DAG BITEAr 45 R

FHEIRATS AR I E . EEE DL ERES 2 5 E i AL B AR R AT BAR A
FAMEEA n AT HFARAE D 42518 Fh DL— 8 BT FE /AT, W PSO ByA M AIERA K
CIE Y/ (N

Vit = wvig + ¢ (phig — Xig) + ¢ n, (gby — Xig) )

k+1 k k+1
Xig = Xig T Vig (3)

Horp p AREEREL 0, AT, AEEHLEL 1 A<i <NDACERMEENRL T4 PSO
PIGEAC A — FEREALRL 7o SR E B ISANT SRR, fERF— AT, R IE I ER AR
{H pb MR AE go KREHTH C o AIRBIXMADHACER, R iR¥E A RE@ME)KREHE D
AT AL E

FE8A DAG HR= A, AR NRL XS MM ) DU 27 R 2 45 o e ROl ) EE AT
FLF AL B A TH nxn SBEEFEFERELR, n RoRn RGBS DAG F I 40y
R WOYESE o TR IR SR 5 W O B, R T ARRSE P9 Iy B 22 S R A sk 1, AR
B 3AN T B U R R s -

1 I A 30
v, =10 CRCUIEE S 4)
. W 14

Horp-1 FoRMIBRST /LTI /L j 2 I3, 0 3o sl i AT 5 j Z IR ARG R IR R AR, 1R
ANENT R L | Z [N — 2 A 1Al ASHad R &l 1 & 4 ok

v neno hovy Vs
() ool oo 10 oo o1
G’ , 0 0 1 /b 0.0 0 Vo 0
, 0 0 0 /b 00 0 b 0 0 0
B 1 DIERP 2% & 2 3R EFERE 5] 3 REFERE E 4 KA EER

FEEE AR, BATRENLAIAaE BEAE RS, AEE AT, BATRARYE 230(2). ()X s HEAT 5
W TR ST A B FE R O {-1, 0, 13 A2 — B EE[11] -
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5. MPD-PSO ¥k

A 2 A P s R B T I R B R 45 Aok FRE SV ER T — Fob DL I 37 o 2% 25 ) 2 3 Bk
MPD-PSO(maximal prime sub-graph decomposition). % 575 F F 2 i AN SR BENL AR &= 1 55 it
TSR S, 8 T X o 2% 25 M AT B R T B o AR e A ) 5 A A ] T R AR Ry A ) H
iR A, - R 2 ST AT TR B R T BB L SE Al SEIG &5 3R B, MPD-PSO 574 7E Asia
25 A1 Alarm 28 505 5 B 15 31 1 2 2 ROR I T8t 4% S95 (GA) Ak T BE 57 (PSO)
N HEFRATR MPD-PSO vk AT AR, FEXG B eih g Bt #r .
5.1.  MPD-PSO %% 5%
MPD-PSO &%
(1) &eimit MBDA 535453 280 U0 Markov i 5%, DL @ TE =1 G™ ;
(2) W4 2 FABERKETE B, X Gt AT i K I 7 AT 70 i
() MrafiEja R T Bz Bk FRES S ) H g ), =BT
A T B MRS I BT A A 1 TCH E{DAG,, DAG,, ...... DAG,}, Fxf He 47 B4 4 i,
CLIEAWIGE AP RS, B B RIEARIRE max_r ;
@ for each particle:
VIR T 25, B RE V AR B FE P;
do
¢ for each particle:
{ VFELE R R MDL 41 p;
if pi>pb  pb=p;
}
gb=max(p1, P2, -....., Pn) (N ARLFHD)
for each particle:
FRIE 2~ 20(2) () BE B JE (AT 120 H0) B W A0 o7 B R
For 56 WL T B S5 4 2 A5 75 & BN 8 X, A AFE IR B WM R b kAR, HEN S — IR
r=r+l;
}while r<max_r
(4) W= 2 BB EA T B A HABIELS B A 1 DLk B 25 2544
5.2. fHESLE
KT WA A ST T 7 1 I A0k, AR S0k A Asia R Alarm B S S B 3k AT R0l S2 56
SEEGIAIE A Windows 7,CPU 345 3GHz, 525 T. F. A Matlab2012a A1 FullBNT-1.0.4 T B4,
TATE AR H # MPD-PSO 5755 PSO 5k I GA FLyki AT 4% 45 0y 2 3115 3 i) 45 B kAT
Leig o FATIE I L35 S 56 AT 45 O X 285 5 A v P 285 ARV RA B 2 (OB BE B9 =2 R i+ & R 13l
+ I IR ) SReff B YR AE 2 2] DU S X 2 B R B, BT SRR sl AR e 5 — AR A
BEHLWI AR AL E R, Pt DAFRATTIR HX 10 VRSEI6 TS 45 SR FIME R IEAT h iR . 3K 2 Fik 3 s
H 7 #E 1000, 3000. 5000 41 Asia Al Alarm %4 F N FH GA. PSO. MPD-PSO #3%:75 %
) D1 T 7 [0 24 235 ) 5 s v P 2% 2 R D B R . B 5 A 6 20 il 45 H T GAL PSO. MPD-PSO
SIEAE Asia Il Alarm & FIg 4TI (] . ASEEGEE R4, RATAT AR W, it NIHEE
B MOZE AT TR A B SRR, MPD-PSO SVEME T GA &y5EF1 PSO 5532,
MPD-PSO 7 5 2H H A S A FIFE A RN L3538 45 T BN S5 A EE 5, B3 & 1 DL 4
WX 8% S he 2 S e I . N Asia 28 B3R SE i #09 Alarm U284, — PP EEIS BRI 451
POHBR S A Frdt v, BIREE AR A H 3, =R BRSSO B A FTBtL, (H N4
MR B P KAR KRG, AR H 1 MPD-PSO SyEAH X B AR E
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%< 2 Asia MSLIGZER %< 3 Alarm MSLIGZER

GA PSO  MPD-PSO GA PSO  MPD-PSO
1000 3.2 2.4 1.6 1000 23.6 22.1 19.7
3000 15 2.6 1.2 3000 21.2 20.3 15.4
5000 14 1.4 0.9 5000 19.0 18.2 12.9

M5 FIE] 6 1R 1 Bt B AR, MPD-PSO SLIEAEAN A K /NI RE AR 2 B A0 AN [R] ) A2 E 4
RSB ATI N T AR AR L . JUHLAE Asia 4% LIE4T, MPD-PSO BB R T
GA M PSO §iik, HAEFEAKEIG RN ITRE F VR PREFFZ AL

2509
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5 Asia _EiE{TATE] 6 Alarm f_EiB{TETE]

WL b BT el o, 385 e oK 31 P o A s A K 48 2% s T AT R Al W] AR B AR SRV 1 B R P 1)
IRyt — 25 B e ST A HER P, DUBCINIRIIN 8] T AR TR AT B AR i 1 19X 2 254

6. it

TE DU My 25 25 3 22 ) iR A, R R 0] 2 Bl 17 s B B o el e B0, B X — i, A
HEH TR T R K T B ER AR T RS A A S S I S S 2 B, FRPE Asia Al
Alarm 545 5 GA BEA1 PSO BIAIHT 1 i, seiegs R A R H 1Y MPD-PSO 5
VEAEAR [ (P SE B0 IR B8 KA [F AR FEAR /NI RTHE N, JHFERIIS AT I A5/ B Re1S B R A1
MR Mz giRy, MR L AT . N PR RN, W s L Bk R T
ERMRA G A ARSI 5 2, K 2 2] 2 DL 3 o 26 45580 3 FH 21 43 2 4 v

7. NS

AR F)E K H AR FE ST H (N0.61303004); [H 5 4t £ R 2 5 4 # K30 H (No.13&ZD148);
TR E AR AR 40 H (N0.2013J05099 ) F) %t B 3 £ .
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