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Abstract Presented an efficient hybrid heuristic SGS-EM-PACOB algorithm for learning Bayesian network with mi~
ssing values. It is based on scoring and searching method by using GS and EM data completion policies to attain statistic
information, which is essential in learning Bayesian network. SGS-EM-PACOB algorithm combines these two policies
for PACOB, an excellent parallel ant colony heuristic for learning bayesian network with complete dataset, The experi-
ments showed SGS-EM-PACOB algorithm fully out-performed both GS and EM, and made the algorithm converge to i-
deal results smoothly. Comparing with those algorithms having only one data completion policy, SGS-EM-PACOB algo-

rithm not only achieves a stable Logloss value, which measures how well the dataset matches the learned network, but

also makes improvements on the learned bayesian network structure,
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Procedure SEM-PACOB()

Choose M and B° using some tactics;
Loop for n = 0,1,+++,until convergence
Completing Dataset using GS Completing Tatics with M»
and B°;
Using PACOB find the Mr*! with the highest MDL. score;
Learning EM Parameters @*! for Mrnt1;
Finish Loop

Return M*+1 and @*!
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Procedure SGS-EM-PACOB(O)
Randomly initial D to and Choose M° and ®° using K_SN by
MDL score
Loop for n = 0,1,+-,until convergence
Completing Dataset using GS Completing Tactics with M»
and@®";
Completing Dataset using EM Completing Tactics with Mn
and®;
Using PACOB Algorithm find the M™"! with the highest
MDL score, heuristically hybrid the GS and EM policy;
Learning EM Parameters @1 for Mrt1;

Finish Loop

Return Mrt! and@nt!

4 TRBERHASH

AFFIRRRE LT ALARMBIBENE R, UTFLE
BiE# N SGS-EM-PACOB Hi:7E ALARM YIS BHEE AT
100 MG H4E .

4.1 BE\UEETFH

SGS-EM-PACOB B i H 3t iR 1 & B 5 SGS-PACOB #

SEM-PACOB &K LB I E 3 Bk,

<135 S SGSTPACOB
14 4 SEM-PACOB
s - 3GS-EM-PACOB

-15
-15.5
-16

MaxLoss

10 20 30
Percent Missing Values

B3 3#ED 100 KIFTEH H MaxLoss B HE

MHE 3 A UE H, SGSEM-PACOB B 3: 78 Logloss &
*{E FES & F SGS-PACOB 1 SEM-PACOB & #:. [Rnf, R
R T 3 FE KL 10%,20%, 30 % B4 2R i I 25 3048

£ b, PUT 100 k2S5 Logloss {EIFREE R H & KE#MKX
Bl B N 4.8 5 FiR) .

0.167

| [—~—SGS-EM-PACOB
0.141 | —=—SGS-PACOB
0.12+ |—— SEM-PACOB
i / ‘

0.08}
0.06:

StdLoss

10 20 30
Percent Missing Values

B4 3FEY: Logloss infEXE
0.8

0.7 +[—~+—SGS-EM-PACOB
F 06 || ——SGS-PACOB
§ 05 | [T—SEM-PACOB
=04

03

02 10 20 30
Percent Missing Values

B 5 3fEY Logloss B AERKEE

& 4 #1E 5 B~ 4 SGSEM-PACOB B #:7E Logloss 13
W2 R H B K B B X (8] | AR 3E R F SGS-PACOB #1 SEM-
PACOBH % . &IKMITH Logloss (HZRIMFHXTFE, n L
Logloss B KAE LB A , AT L& B SGS-EM-PACOB B.#:#
BHEUEE LRBUE THESRE . MARARENRESE,
RN TRBEEENER T, SGSEM-PACOB B %4
TRERH.

4.2 RKEEH

TE2 S B W 4 45 M 7 @, SGS-PACOB #1 SEM-
PACOBERHFAEEFEWNR 2 FRMER. B4 SGSEM-
PACOB 1E#LYe? alF 3%k 3(HF GSmEE R M E SGS-
EM-PACOB 53 H tH BLR $OR % 21 7 SGS-PACOB H ¥
IR E EM R RRD .

# 3 SGSEM-PACOB#ix XZ i BUFR
7 5 14 6 11 32 36
v v ' v v v v
9 13 5 28 30 30 33
SGSEM-PACOB 90 77 78 48 25 89 44
GShztE +9  —13 —13 -1 +9 418 +18
EM &£ % —2  +7 49 -1l ~6 42z -2l

M 3 A UEH SGSEM-PACOBE IR T 2 Kbz
HEER LR ER, A2 SGSPACOB fit SEM-
PACOBREZRMTH. MEBELENIBEREAL, 4R
MR FE L SGS-PACOB 5% SEM-PACOB & 3 i H Bl 7k
. FAXhGEi T BB NS SRR %8R
i LA R TS0 AR 45 S A B B S SA(Same Arcs),

# 4 SGSEM-PACOB % 3 #83k 100 WiEfTZ /5 SA ZitEE
10% 20% 30%

SGS-PACOB 2998 2402 1777
100 % SA & fu SEM-PACOB 3068 2285 1757
SGS-EM-PACOB 3069 2480 1859
SGS-PACOB 4,1196 3.7295 2.9231
100 % SA FrAE 2 SEM-PACOB 3.9314 3. 8359 3. 3653
SGS-EM-PACOB 2.9722 3. 3357 2. 8892

F 4 BI WA SA A # | SGSEM-PACOB % 87 48 i
SEM-PACOB fil SGS-PACOB W&k, # B Z# R F THEE;
£ SA Fr#E2 F,SGSEM-PACOB #H B FfE., XE—K

« 165



BRBAAFEIERBERBEER TIEREEM. fal
IHER  GS 1 EM BUEH 2R KRR A MERER TR
SFER, SRR HE X IR f# SGS-EM-PACOB 3 B: E 8 s 14 B &
G,

4,3 REMNE

A3 INSURANCE S5 E#H1T 7T LR, HERS
AFTRBMEGIEEA—B., RTHEE, R7% T ALARM ¥
BEMFS.

% EALEHH GSF EM WM BED S ERES W
SGS-EM-PACOBEM. L EREIUAE L, B R MEEH
EEEAR BTN, FEENEZE G TR
PIFPALEE, T4 18 SGS-PACOB #1 SEM-PACOB & i35
HEREEERBR D B

KRIF FAXENTHEEBREBREINHMRESE
FERINBE L, GS fl EM B SR & R k&
FEILRE &, B # SGS-EM-PACOB &1 -2 #h Uk 84 2
PGSR A T — BRI S R M B B TS R
BRI HEER EM $h25R e B B A A, B K
BB B AU S A BEEER R — MRS &k
BIRFIE R, TR — T BB A B 0 M BIE A 2 B MR E
EEEMNBS, i C Riggelsen £ Hi#) MBP B b 4b 4
KRR —MAREREEE.

2 X X W

(1] Heckerman D. Bayesian networks for data mining. Technical Re-
port, MSR-TR-97-02. Microsoft Research, Redmond, 1997

(2] kST, BEMS. MR 451, d03R - B iREt, 2007

[3] Tanner M, Wong W. The calculation of posterior distributions
by data augmentation. J. of the Am. Stat. Assoc,1987,82(398):
528-540

[4] Friedman N. Learning belief networks in the presence of missing
values and hidden variables // Proc. of the 14th Int’1 Conf. on
Machine Learning. San Francisco: Morgan Kaufmann Publi-
shers, 1997,125-133

[5] Friedman N. The Bayesian Structural EM Algorithm // Proc. of

the 14th Int’1 Conference on Uncertainty in Artificial Intelli-
gence. San Francisco: Morgan Kaufmann Publishers, 1998 129-
138

(6] XA, FEZRAR. HA ZREIE M Mt BT MK 12 I BFA. K
#24% , 2004, 15(7) : 1042-1048

[7] Riggelsen C , Feelders A . Learning Bayesian network models
from incomplete data using importance sampling// Cowell R G,
Ghahrammani Z, eds. Proc. of Intelligence and Statistics. 2005
301-308

(8] Riggelsen C . Learning Bayesian Networks fromm Incomplete
Data: An Efficient Method for Generating Approximate Predic-
tive Distributions. Department of Information and Computing
Sciences, Universiteit Utrecht, 2007

(9] Geman S, Geman D. Stochastic relaxation, Gibbs distributions
and Bayesian restoration of inmages. IEEE Trans. on Pattern A-
nalysis and Machine Intelligence, 1984,6(6):721-742

[10] Heckerman D. Learning Bayesian Networks: The Combination
of Knowledge and Statistical Data. MSR-TR-94-09. Microsoft
Research, 1995

[11] B&.BEH, &EE. REFREER. —MFKHfT ACO
Frk. BBhb#H,2007,33(4) :418-421

[12] BEW, B3R, T4, — M7 B Bayesian WEEINE
% NEIBEBIH AL RS, 2007, 28(4) :651-655

[13] de Campos L M, Fernadez-Luna ] M,Gamez ] A, et al. Ant colo-
ny optimization for learning Bayesian networks, Int. J. Approx.
Reasoning, 2002,31(3):291-311

{14] Cooper G F, Herskovits E. A Bayesian methmod for the induc-
tion of probabilistic networks from data. Machine Learning,
1992,9(4) :309-348

[15] Bouckaert R R. Probabilistic Network Construction Using the
Mininum Description Length Principle // Lecture Notes in Com-
puter Science. 1993

[16] Kruse R,Borgelt C. An empirical investigation of the k2 metric
//Proc. 6% European Conf. on Symbolic and Quantitative Ap-
proaches to Reasoning and Uncertainty. 2001:240-251

[17] B3, B3R, R SR Bk 5 7 3 3 DLk 5 I v ) 26 P 48 10 25
B EIREE TR

(E#% 150 )

[4] Collobert R,Bengio S. SVMtorch: Support Vector Machines for
Large-Scale Regression Problems. Journal of Machine Learning
Research,2001,1.:143-160

[5] Amari S,Wu S. Improving Support Vector Machine Classifier by
Modifying Kernel Function. Neural Networks, 1999, 12 (66).
783-789

[6] Crammer J K,Elisseeff A, Shawe-Taylor J. Kernel Design using
Boosting // Proceedings of Sixteenth Annual Conference on Neu-
ral Information Processing Systems. Combridge, MA, MIT
Press, 2002:537-544,

[7] Charles A M,Pontil M. Learning the Kernel Function via Regu-
larization. Journal of Machine Learning Research,2005,6:1099-
1125

[8] Lanckriet G,et al. Learning the Kernel Matrix with Semidefinite
Programming. Journal of Machine Learning Research, 2004, 5;
27-72

[9] Cheng S O,Smola A J, Williamson R C. Learning the Kernel

+ 166 -

with Hyperkernels. Journal of Machine Learning Research,
2005,6:1043-1071

[10] Chapelle O , et al . Choosing Multiple Parameters for Support
Vector Machines, Machine Learning, 2002,46(11),131-159

[11] Chapelle O, Vapnik V N. Model selection for support vector ma-
chines// Proceedings of Thirteenth Annual Conference on Neu-
ral Information Processing Systems. Combridge, MA, MIT
Press, 1999:230-236

{12] Frauke F,Christian 1. Evolutionary tuning of multiple SVM pa-
rameters. Neurocomputing, 2005, 64.:107-117

[13] Soares C,Brazdil P B, Kuba P. A Meta-Learning Method to Se-
lect the Kernel Width in Support Vector Regression. Machine
Learning, 2004,54.195-209

[14] Liao S,Jia L. Simultaneous Tuning of Hyperparameter and Pa-
rameter for Support Vector Machines // Proceedings of the Ele-
venth Pacific-Asia Conference on Knowledge Discovery and Data
Mining. New York. Springer-Verlag,2007:162-172



