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Mutual Information and Probabilistic Jumping Mechanism
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Abstract Precise construction of Bayesian network classifier is an NP-hard problem, K2 algorithm can reduce search
space effectively and improve learning efficiency, but it requires the initial node ordering as input, which is very limited
by the absence of the priori information. On the other hand, K2 algorithm uses a greedy search strategy and is easy to
fall into local optimization solutions. This paper presented a new Bayesian network structure learning algorithm based
on conditional mutual information and probabilistic jumping mechanism, Firstly, conditional mutual information is used
to determine the initial node ordering as input of K2 algorithm, Then probabilistic jumping mechanism is introduced into
K2 algorithm to improve the search process and the ability of global optimization, and learn more reasonable network
structure, Experimental results over two benchmark networks Asia and Alarm show that this new improved algorithm
has higher classification accuracy and better degree of data matching.

Keywords Bayesian network classifier, Structure learning, Conditional mutual information, Probabilistic jumping, K2 al-

gorithm

1 3

T oS85 o0 2 — o T PR B A R BN R R E R
FrAEEEAY, ORI ENATREZE > LITR
alesd DU ST 4% 4y K AR 18 EE A 3 R (DA
N GRHIR b 3 Ron AR B 22 [ AR 56 2R 0 P 44 i A 5 (2)
MR S B RN M AE SR AR 5 (3 R IE B K5 S 4t
X HIBRE, Hoh, 58 A B R o D1 i R 4%
AR H B, 2 T R W A BT R R R AR

P MR A 2 ST Rk E A NI R T AR ME
EUOHBET IR RNEETY . BT ARKE SRR
AR g 2 [0 9 2% PR OB 5 R M DL P S0 P 48 25400 SR O R

o

FH A #5.2014-04-17 3R 4% HH#.2014-07-20

B AR R MR Y IR E B O . B TIPS
BROBEHRF BRI, LA REFHENN
AR NI B AT . @RI 2 > B RR R A
BASRNOEEE BEERREERERS. MEEH K
AR .

K2 BN RETIFMHE RO G AR  ZE R AR
1R R LR G5 25 6], 300 DU o597 9 4 A )
BEMHNS . EREPET RRFRAET K2 BT 1L
BRI ARIIE RS A PR B B et R R 46 89717 L7
TESCBR LA ep AR MERR S T B R & B KPR B
RS RUBHEZE . B, B K2 BEREERm
TREKFHOEE, BT HRRXAWE, TRARE 2T

AT EK ERBERS (61172090 ¥FHA.

PR 1989—), B, W4, FEHR T M ABIEIEH  E-mail: xjtu201305@163. com; fRFEaa (1961 —), &, 18+, # . CCF &5, FEWR T
AT BEE BRI R: 3 (1966 ), &, ML, 10, TEHR S AT E NS e B R (1966 —), B, 18+ ##,CCF &R B

RABAEHE . =ITHE.
- 214 -



T —eff e 5 001 SR I 4 3k #E S PR L T R R AR
RIFEAHE, H—HH.K2 BERARENERER, #15
SRR BARBEL, A TEREENERIMES .
ERGHRENREIR.

Er 3t ERAER, A RS T —FMEFAEEE B AEE
B A DL T 4G 5 M2 S B (CMIFPK2 B8 IR E
B RTAE, B R AR B A R B AR
FRfEsR K2 Bk A 2R U5 I A R S8 2 DL 0BG K2
BRERIE MERERNSRIRET . FI2REMRHHN
e,

A 2 AR E T &4 5 F B MR R 59
MR LR G M 2 S Bk CMI-PK2, 345 CMI-PK2 B ik
FIEIE R 5 3 WA TREIER MBS RS RRER
SRR TAE.

2 ETFXHEERNMEIRNINEMEIR
ix CMI-PK2

2.1 BT REKE< RIOWE

BRI BARE PRI R (T A, T X8E—% A
TRT—EDEMK R AN E N TR, EME Bl F
B S A E R (A2 DL R RO R 0SRS5S (D
RIED

FERFA T AR 36 R 9 /AT DU AL 5 s JB] i SR
{5 B (Conditional Mutual Information, CMD{EFER. 7ELH
EWAZWFAET.ORTA X A X, A<, j<nn £
BIEEP T A0 ARG EERBERK HWHESRET
RZWHEET, A X WA X, BABGROMEEKHE X
B X R 00 2R 0T LR SR A E T R R R

ERETR ZHELHT, TR X AW R X, NFRGERS
B (DR

(X X; lZ)=Zqu;liZP(xl s Ym | 22 log
e [ 3?5"(5: i D

H,q RRWH Z FETREREN M2 RETHRZ R
BhkANEq RATRX, FIETRBENNH, o RRTER
X BB M q RATVEX; FiATREBENE v R
AVEX; BEEm MEi# BRRTAX X, FEERR—
MR, NEREEEEREXTTLUE Y, BAN R E 8 &4
BEEBRXRE, B (X X | D)=I(X;:; X112,

BELHNTEAES X={X, Xo, . X, ) RERBRHECNY
EEFEITAX MX, ZENEFGEERTUHEN [(X:;
X OB 1<, j<ni#j . BEPAIMNTE X X, B
In—%HHRARERH IR E R EININEAGELRFE (XX, |
O RIFLEMEAF B WX, BRI . FIFHZ
B BHE T S E MKE O R AR E, BA A RERT R
M1 56 2R B AL TG ] B
2.2 ETAERBMSXBER R

R T FRBRIE T SRF . T B AT B
T 18] T B 58 5 S5 B SR SR IR . SR S 2% 1 A8 X 3F 2 4
(Conditional Relative Average Entropy, CRAE)#i5E JCiu3/1 89
1, CRAE BEfRAT & Z ) 4R ), X TR A
X F X, HARFHXT R E L

HX X)) ..
H(Xi)' IXiI’1¢] (2)

HAb L HX)=—2P(x)logP(x))FEARTH X HEBRWH,
1
H(X | X))=— 2 P(xysxn) logP(x; | 1, ) BARTELHET A

TyaT,,

X; BRI T AX: MEAHGERE. | X | FRWE X AT
BEER AN, o BT E X, AW REMBUE, 2, BART
HX; A TTRERBUE .

WA XM X; mE, iR CRAE(X,~X,)> CRAE
(X=X R T BB RN E X B & X B
X;—>X;, W CRAE(X,—>X;)>> CRAE(X,—~X,), Wi/t
FEFEREIN X R E X80 X —~X,. InE CRAE
(Xi—>X;)= CRAE(X;—X.), R A N rt3 e 40 ik, 5 R4
ROMBEMLIT M. &5t LREE, o BRI —AHERE R
A,

Zat RS BRISRINA [ B R8T A LREA ABER
HE, R E W AR R R, METIZHRE mERE
A AR AT AR S b B 9 ST X R . [RERIIREN
GV, E) , BB XERM R TW, D), NF FHHE R
P g T e KA A U S AR N T

IR EREGUMAEESD HEE AU <0, D

Q.

« B G TS ER V PRV 5 wo, IRINE
EEM THWEESU T W U={w), BEEGCHETH
wo FEM , EAUER KA —&A MBS A S T iih %
G D H, 5iXEH FEAMERN S ST EBRER M
FWEESUF,. MU={w,v}.

HEE GHAERE PRE-FHENTRENER
Wiz, yy  DEEBH— DT REEG U, H T NWEAEE
AUFDZEMARE y MABER ODEBERME DA
DB T EARRAWAUE, BEFGNAERARNAES
Do AEES U PHFTERMBIU $.

CHBHERE=SHITVEAESUNSHAERT A,

25t BB, AT LUIB BRI RA T R X R NE AR
B 1 BRI i B AR B AT A A it 72, o Skl
PLEET & A, TAB B R &4, fE 4 R AR &
;5 E A B M EARER KA, OEF; 5 A
A.B H C B HAER K KAR D, C) HI L CRAER
A 0, B DL ARG X 257 1 i1 I 3 01 (D, A) A5 BB R AU A B

B 1 ARG I A A AR R R

FRYEHAA 17 B 3 KA A U T AR R4 057
XA P BT AT HERR - B RE W AT AUKSF . B R
B A C W4~ S 80T T LAREYLAR <E , B DA B.C 8 D, A,
C.B.

2.3 ETHRRHBING K2 BRIBHRL

K2 Bk al LIF RO R = MR R HE R

HERERKIE A S BEA R, 4797 R FHE R R
« 215 -



(Probability Jumping) HL#$2 % K2 B k2R IS, X
2R RBIRN MG,

ERAKRAEIBITE X BEBROXT IES
Pa(X)Bt,FF BDe i¥4r T EFM YATH RBIM LT ALK
Pay (X)), IFHMER S, RS Pa(X:) R7, W4
Pa(X;)=Pao (X:) MEH YR RBINWBMPL T RES,
SRR REGHIEME S =S, IRER Pa(XORK
25, M BB ATE S TR SER WTEME So» TR
5> S UEZFHIL T RESENREHLTHES I
Pa(X;)=Pa.(X:),

BEHEA PaX)OARRZEH S<Snu FIERT , R FIMERE
BOLF AR T EZFH T AES NIRRT AES,
BEFHEWT .74 0 8 1 ZRIGFEVLE v, & P >7, W
BHHONRESENRRNLY EES IRIPHEEF A
S, Bl Pa(X:)=Pao (X)) » Sunx =S, Fe P FoREZHER, B
PR BERRE SR BIRECZ L & WA RFFRAIT A
EEMFHMERE.

Rk K2 BEXNEBIMTRERRNATRESHALE
HHREE—TFENTD R DRI ANHELK
BRFANTEER. ONWANFATEHLTRACLEER
5. DIWIMFAT HBILY RES LR REE. 5
AREREBAHS B T LKL &M D 2 REFAREE, £
FAF DT BERHUNT Hik:

« BEBKRIIRERIRE Lo = Lo RAR HATE R K
L=1,

o B AR S 22 B ML R BT — O, SR BT R, T
L =Lo s B4 Lux =Lo XCXr X Py , K C HHF HRE
RO ZE B, B RO 4R R B 5 0N M SRR Y s B RT BE
£ r ATEBR EEERWHT & Lm0 &AW,
BRI, TIRHRERAE SR SRR L #1 1,

» TSR MATE AR L2 Lo, 4 0E 9 AT RIS R
BRALT AEESHTE,

A SO AR R R R R — R B ERRBEEH
B X Rk A R B B TT LU R B B Bk pa A SR
BIUR, FEER T ETAERNKE E—EBELER
THEEWHERE.

2.4 HEFREAHIR

RYE LR E BB, 2T R4 EF B AR B ALK Y
D1 i B ™ 4% 45 #) % 3] B 3= (Bayesian Network Structure
Learning Base-on Conditional Mutual Information and Proba-
bility Jumping, CMI-PK2) B4R I T Bz~ .

CMI-PK2 B
BACHEES D WAES X={X ,Xe, . Xa) , BKEHETHC
Wi AT AR SEE PalXn) A<iin),

Step 1 RA CMIFiE AL BB S8 B0 BBt MO R AU O 1( XK
X; OBy R mE E

Step2 R fi CRAE #ig 15 s Il BRI , 45 B A B A 1) A

Step3 #HF LR BT ERRIUESH IR, HEETHERA
1] Py B R AU AR

Stepd  FIFIFHIMIER 2 ATEA T S UUF

Steps MR AN T RMLN REE PalX) <0
While A 80T EES KBS
For X 4RI & Xi A TREMRX T EES Pa' (X))

« 216 -

Step6 ITEIFSrREUE S

Step? WHE Pa(X)) =Q 8{#F Pa(Xi)#Q H S KF Swaxs BH A
Xi BB AR AL R 4 KL PE4 R B, B Pa(X) = Pa'(Xi),
Smax =S

Step8 IR Pa(Xd)#ZD,S AR TF Swmax H Paee =7, WIBEFH I A X

BT RE R R BE

AR Step? F Step8 BSR4 BIR W 2, AT E R R BEW

5B B R B Lo = Lirna X CX X Py

Steplo HETEAREM 1,80 L=L+1

Stepll HNSE L AFHETF Loa , ERERATR X ERLIT R HER

End For

Stepl2 FEFUBIHHRAT 148
End While.

3 XBWERESH

3.1 XWHHERE

R T BAEA SR MR RUE , SCR R A 10-T R
ERE. BEHBEENTABEREEHNIF AL EHRE
B, ESMEIEE LT 10 ) 10472 X BHE, REBMREE .
FHZRL K 10 REXBIEFGERGIREE

2 SCH 44 ELAR BB AR B3 SOR T R A %
EPHHER K2 BRERNLSRHIRES  WEE I HE
BRI 4 45 H9, SR ) 1T P 48 2 80 5% 14 48 8 & (Conditional
Probability Table, CPT) 8% 3 , i 2 I n+- 41 43 2 88 . LR
A Bk BDe S50, R R G W HETR S 1, HESREBE
BLEI AR Lo BRSO BBAK - MER 0.8, B
B AR P ENT AR S B ERRERN S,
3.2 M HSE

HRAIALBEEN SR TR

4B S(Score) . BIETERHE & L ¥ I B M Z L1 1Y
oA

532x& B CA(Classification Accuracy) : BETERIEE
2 BRI B S A E

P45 R MR(Mean Result) : HBEFESIRE FifAT 10 1k
10-97 38 LB Fr i 45 SR -1 .

#r#EZE SD(Standard Deviation) ; B L ESIEE kT 10
W 10-H738 L BIE TR R AR

B R BR(Best Result) : BIE7E B L Ei#1T 10 K
10-H7 2 UBHIEFT B &5 R B LM .
3.3 XZWERSH

LI SMTFER R AER L Asia ' Fl Alarm"? b 34T, I
KA LR E Y 5 TAN, Hill Climbing., Random-K2 #47
Hodgt, Asia B4 R—AN/NR DL R4, B 8 A
SEMN. B NTAEBHNWAAFTHMEICRE EH.
AlarmP 45 2 —F e S/ DU BT R 45, & 37 M AR
46 %301, B R AR R BB BLAT LABR 2 />3 Nk 4 MER

£1 FEERWMEENE 2SI BMMEER CA LB

R MR SD BR
¥k Asia  Alarm  Asia  Alarm  Asia  Alarm
CMI-PK2 97,55 98.54 16. 4 17.4 98.51 98.65
TAN 93.64 94.77 15. 8 16.1 94,98 95,73
Hill Climbing 97.42 97,55 19,2 19.0 98.21 97.30
Random-K2 94.32  94.26 22.3 21.1 96,39  96.44

Step9




18,7 CMI-PK2 BEMB S 3 M REI BN
WEEM S EIGE R, NRPATUF G AR BB R RE
BRI, S RMREL .

%2 % 3APER T HIELE Asia FLA Alarm R4
2B ME SRS E R, NEPTTLUE H, A3
HE B k%I BN RMEEHNITEHERR , BBRIFERR
PHZEMKEX R, SEENIUSBREELF.

F2 BT Asia P 35T BI RIS S IR

L5 MR SD BR
CMI-PK2 —525.10 17.5  —523.21
TAN —530.20 17.4  —526.43
Hill Climbing —531.17 19.2  —526.33
Random-K2 —529.84 22,7  —523.97

E 3 HKTE Alarm MK B2 BIWFIHEEH S B

% MR SD BR
CMI-PK2 —526., 17 18.6 —524. 22
TAN —555. 26 17.8 —553. 74
Hill Climbing  —529. 63 20.1 —525.72
Random-K2 —532. 38 22.6 —526.13

M BT 3 AFF AT LB, AR AR e TAN, Hill
Climbing DA &% Random-K2 B B A B HFMHERE. &858 1
—FRITUEY, ACEE MM ETNELNEIBLEY
MM ITHEER, R SREEN RS BEET, T
BEAETFH AR .

R4 Hill Climbing BiA B BB R E W HEE. HEMNE 2
AT AE Y Hill Climbing & 3 #2178 B 8, T CMI-PK2
B s 7 AR, WA AR AN U, B A E K
BIREREES .

18 20
! [5ERil Simbin .
3 44| [P Hill Climbing 2. 5% Hill Climbing
g 14
E 2 E o
§u 5
3 8 1,
LB i
4 4
2 2
o
5001000 200G 5000 10000 ° 5001000 2000 5000 10000
DataSet Size DotaSet Size

(a) Asia Network (b) Alarm Network

B2 EATeiE

M EEHEBEART UE AR EOEERAER
BN R, T AR S M S B B 2 ] B SE PR AR R .

HIRE A K2 BRI MBSEEREN IR
AT, MEBESBARTREN . Jik, R30I T — Rl
BN M MBS S Bk, B R R &G EE R RBW
WHET R RS FI AR R B R R K2 BERER
FREES . LHRERBIETHERFRYE:. ELUSHBISR T
B RE ZHBIEZ A PG EENAZET A NEE .

& % X &

(1] Pearl ]. Fusion, Propagation,and Structuring in Belief Networks
[JJ. Artificial Intelligence, 1986,29:241-288

(2] #EWH. W HHr g s RE s R R i+ B LRk,
2012,39(11A):280-282

(3] ZEW%, B, M, %5 —F/NLEERE T i I 4%
MFek REMAL] HEHURIE,2011,38(7): 181-184

f4] Wong M L, Leung K S. An efficient data mining method for
learning Bayesian networks using an evolutionary algorithm
based hybrid approach[J]. IEEE Transactions on Evolutionary
Computation, 2004 ,8(4) : 378-404

[5] Chen X W. Improving Bayesian Network structure learning with
mutual information-based node ordering in the K2 algorithm
[JJ. IEEE Transactions on Knowledge and Data Engineering,
2008,20(1):1-13

(6] HEMBE,FkIa, {5, %, BT sr I g EE o 4k e DL ot
BRI B[], B3, 2009,35(3) . 281-288

[7] Darwiche A. A differential approach to inference in Bayesian
networks[ J]. Journal of ACM, 2003,50(3) ;280-305

[8] Lerner B,Malka R, Investigation of the K2 algorithm in learning
Bayesian network classifiers[J]. Applied Artificial Intelligence,
2011,25(1).74-96

[9] Cooper G F, Herskovits E. A Bayesian method for the induction
of probabilistic networks from data [JJ. Machine Learning,
1992,9(4) :309-347

[10] Chen X W, Anantha G, Lin X. Improving Bayesian network
structure learning with mutual information-based node ordering
in the K2 algorithm[J]. IEEE Transactions on Knowledge and
Data Engineering, 2008,20(5) ; 628-640

[11] Zhang Y,Zhang W,Xie Y. Improved heuristic equivalent search
algorithm based on Maximal Information Coefficient for Baye-
sian Network Structure Learning[]]. Neurocomputing, 2013,
117(2):186-195

(12] Chickering D M. Optimal structure identification with greedy
search[JJ. The Journal of Machine Learning Researeh, 2002, 3;
507-554

[13] Fleuret F. Fast binary feature selection with conditional mutual
information[ JJ]. The Journal of Machine Learning Research,
2004,5:1531-1555

[14] Al-Rifaie M M, Blackwel! T. Bare bones particle swarms with
jumps[ M, Swarm Intelligence. Springer Berlin Heidelberg,
2012:49-60

[15] Jiang J, Wang J, Yu H, et al. Poison Identification Based on
Bayesian Network; A Novel Improvement on K2 Algorithm via
Markov Blanket[ M, Advances in Swarm Intelligence. Springer
Berlin Heidelberg,2013:173-182

[16] Lauritzen S L, Spiegelhalter D J. Local computations with proba-
bilities on graphical structures and their application to expert
systems[ ] ]. Journal of the Royal Statistical Society, Series B
(Methodological) ,1988,50(2) : 157-224

[17] Beinlich I A, Suermondt H J,Chavez R M, et al. The ALARM
monitoring system[ C]// A case study with two probabilistic in-
ference techniques for belief networks. Springer Berlin Heidel-
berg,1989:247-256

¢ 217 »



