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Abstract: Existing relational learning approaches usually work on complete relational data. However, in
real-world applications, data are often incomplete. This paper proposes the MLTEC (maximum likelihood tree and
evolutionary computing method) method to learn structures of the probabilistic relational models (PRMs) from
incomplete relational data. The incomplete relational data are filled randomly at first, and a maximum likelihood
tree (MLT) is generated from each completed data sample. This population of MLTs is then evolved through an
evolutionary computing process, and the incomplete data are modified by using the best evolved structure in each
generation. As a result, the probabilistic structure is learned. Experimental results show that the MLTEC method can
learn good structures from incomplete relational data.

Key words: machine learning; relational learning; incomplete data; probabilistic relational model; maximum

likelihood tree; evolutionary computing

B B AHNRZFIARHMELT ZEHBERATN, MAEFA T AT ERLEGRE AT LE
* R AR ) MR X A AEA (probabilistic relational models, 8 #& PRMs)#) 7 i ——MLTEC(maximum likelihood

BRI AT 4R A R K AU RAR AR ) #0146 PRM P 26 - ) ) b AL 1842 o R4 o P 2625 M) RIS IE R 2 8-
& RBIFEBE X ZARA I LE R R T MLTEC 7 ik e AR T &% 2 238 F 5 3] 2| 5IF 0915 X ZARE
KHIA: ALBF K R F ) AR E R MR K FARA R KA A B

REESES: TP181 SCHERFRIRAD: A

FEAL G LA 2 > i b e 3t 5 LA I A (0 07 3 CAF A, RV 7R O B T8 s AEAE B S 5 mp VF 22 B0
A AL R 2R, RIVR R 2 3 3K 5C AR Bl il o, el Btz AR R« e WO T SR AT iz B 2 2 1
s bigspender, ATy i BILE 71 O B3 EAELAE,— /N A2 75 2 bigspender IS B T-JLAB N i BE 45« A AC. A, % i)

« Supported by the National Natural Science Foundation of China under Grant Nos.60635030, 60473046 (IH 5 [ 4k %} 2% 3L 4); the
China Postdoctoral Science Foundation under Grant N0.20060390921 (' [# 1+ 5 %} %% %L 42); the Jiangsu Planned Projects for
Postdoctoral Research Funds of China under Grant No.0601017B (VT. 7744 1 + &5 R 28 Bhit%1l)

Received 2006-10-08; Accepted 2006-12-19

© HIHEREBEIIZIT http/ www. jos. org. cn



74 Journal of Software #4373 Vol.19, No.1, January 2008
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FEA e L T A e 3 S i L. IR, 5 2R 2 51 MAS i A 932 3 T Mk i s

e F S B W) LA T 4 B K Sk 19 ILP(inductive logic programming)t 45 T 45 Sk f 57 T A0 14 A5
2 GO R 2 > (statistical relational learning) 5o A . T BER A B 5 (045 25K HER AR A I H & Bayesian
W S I B — i 38 4 48 Al R I BT 56 R 2] I B S A AR EE ILP T AN Ak B A I 7 AN 5
i) AT 3 L2 30 30 AR R0 fi s A P 0t 7 A ) ) A S 4R, L Y 22 4T 0k 2R 2 2 T AR L
$27 t ok, 4t Probabilistic Relational Models!®, Stochastic Logic Models!” Bayesian Logic Programs'® Relational
Markov Models!® Fist-Order Bayesian Classifiers!*®** Markov Logic Networks? Directed Acyclic Probabilistic
Entity-Relationship Model™/4%

AT 1A 5K 3R 2 STWFIU R 22 0 3 50 46 B A0 AT 1), T O K5 ) A0 v, 500 T AN 58 4% (R AR AR SR L 2 X
A S 5E 4 B A 300 ) 8 E 20 45 3 T SIS (R AR S 4% 10 5 2R K ) AR S g%, Rk, LT
AT AA] — TR B AR T DL LB 9 B 96 2R 2% ST AU A% G0 (M WL 2 ) STV mT LAWY & e B0 45 R AN 1 — AN 3% OF
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A SCHR H — P AN 58 £ 26 R B R 2 ST HER S ALY PRM(probabilistic relational model) () 7 i——
MLTEC(maximum likelihood tree and evolutionary computing method). & 4%, BEHLIE 78 4 58 £ 56 R B 15 3 52 4%

FIXEE MLT 1E A HT4E PRM 0 28388 0, J5e i 38 e 33t 4k v 550, 0 i b A 2 m e B 1100 D 48 5 ) e 248 TE AN 52 4 3
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KR X 2B 23 RA—— % R A A5 5 ) N H 08 A BEAS 4R B M A R At e 3X — i
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1.3 #xIE
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AR (M, 5 A A 2R) >R T FR AT S i 4T 3 10 B X ST 10 T TR SRR AE T8 A0 A0SR AR IR B W AR B R
(IR 4 i 05 24 1R 5 M B 2.

VA SR, 0T PRM (18 B 2% 4™ Ji& J7 T PRI AT 90 Sk Bk 2 . Getoor 1 Sahami™®) Newton 11 Greiner™ % PRM [
1% collaborative filtering.Getoor 2 A2°LKt PRM Wi H EIi8 S0 A< 43 25 Tasker 2 APHHE H—AN LT PRM )42
1R S ASE ) 7E SCAR [21] 50 b 32 B T A8 58 86 0 R U 1 2 800 30 [l (B R A5 % R R Bl b 22
F55 710 245 F4g (1) ) 1. Getoor 45 A P2V g gt 7 J 1k AN 5 LR O% 10 45 R 2 T AR TG R B PRM HEAT T
Ji.Sanghai 25 A1 5025 Bayesian 9 2% 1 LAY Ji K AN I 18] 7 2605 Bl — > PRI 2545 (B BILAT 1) 6 2 2% ST
FUK 2 & BT 58 B AT 10, LT A F A B5000 BE A8 AR e A 56 46 0% R 40 2% 31 PRM 544 (1) 1) 8.

M AN SE % 508 h 2% >) Bayesian 19 46 1 B0 58 4 B0 BEAT A SR IE T SRR R U R B K
I A PR 5 2 RS 1 Bl MR (0 4 R ARV A AR 2 B i AR R 1 S AR G O AR R 2 I AR A
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2R O HL2E o) B S5 R 2%

MLTEC I 3k fb vt 57 %) 75 0 5 78 s O Bl i Ak 17 oF 5752 2% FE2, AT m] L AS 58 26 5% 28 Bl vh 2% 2 3]
PRMs [ ¢ & K, Ity i3 F 1 RS a2 37 o BETL I AN 56 4 9% 3R 08l 49 30 56 4% 10 O R Bt AR 5 N
ANBEALIECZE I B A A oh 23 il A e R ALLR B, O 4 T i R ABL AR AR A1 D BEAL T S 0] 43 PRM 4 26 84 55
EFE MLT AE 0] 40 PRM 2602 th T MLT J& 55 Bayesian 19 2% F A7 5 4005 S5 K IO BPR 45 44, F HL AT 4544
i B AN R P A P A v AR

Chow F1 Liul®H H—Fh = 44 119 2% > BbiR Bayesian 144 [ J7 0 A 1A 57 MU ()3 75 £ 44 g 2 37—/ e
KA A b 3 A SRk Chow A1 Liu I BVES E B R % ) h L3R 1.

Table 1  The procedure for constructing an MLT
F 1 O MLT il

1. Compute [(X,.A; X;.B) between each pair of attributes, A= B, where | (X:y) = ZP(X' y)|ogM is the mutual
oy P(X)P(y)
information function.
2. Build a complete undirected graph according to the weight of an edge connecting X;.Ato Xj.B by 1(X;.A; XJ.B) .

3. Build a maximum weighted spanning tree.
4. Transform the resulting undirected tree to a directed one by choosing a root attribute and setting the direction of all
edges to be outward from it.

RJEF X LE MLT AR WIAATEAR, T 38 ok Bk A v 580, R 6 A Tk 8 s 27 1 9 0% 65 4 s S48 E AN 5 6 B3l
5 AR BT 4 B ) PRM &5

g T WEAR BRI, B R T YR (R34 ) (evolutionary  programming, fiiFR EP)J7 iR ki R A
R BCR M 3 AR FBT (EnaL  MBRIL B ) )7 A JE AR B AT AL S AR AR I, 3 AR S 4 AR LUAH ) 11 18R
TP FE T IS L ARG EP 5 T W SR s dee U A POV R ik, O T s 1 S eSS0 52 1) A B o T T

HACHS 5 INE] EP .

T IR SN 1K) 32 B A2 AR R A R v B A s A TR AR 1) 22 FE %, 24 TR0 A 11 22 A M 2 300 5 0 1) R R
NI BN S AT AR e T R ST SRR A SRS 2 iR AT E T 4R Ak, A SRR IR 2 R AT
WAL R 44 B2 AT

MLTEC ) FEH B4R HBEAR I — 8 233X HE, 51N 1R 3 4R SR AN X B A8 8 4 £ B 3048 10 3015 6L, IR
I SR A 2kt A TS S, O R — R A B R R RELMLTEC Jiik L3k 2.

Table 2 The MLTEC approach
%2 MLTEC ik
1. While i is not bigger than the initial population size PS

a) Initialize the incomplete relational data randomly and obtain complete relational data.
b) Generate a maximum likelihood tree from the complete relational data.
c) Increase i by 1.

Setto 0.

Create an initial population with the maximum likelihood trees, Pop(0), of PS PRMs.
Each PRM in the population Pop(0) is evaluated by using the MDL metric.
While t is smaller than the maximum number of generations G
a) Each PRM in Pop(t) produces one offspring by performing mutation operations. If the offspring has cycles, delete the
set of edges that violate the PRM condition. If choices of set of edges exist, we randomly pick one choice.
b) The PRM in Pop(t) and all new offspring are stored in the intermediate population Pop’(t). The size of Pop'(t) is
2xPS.
) Conduct a number of pair-wise competitions over all PRMs in Pop'(t). Let S; be the PRM being conditioned upon, q
opponents are selected randomly from Pop’(t) with equal probability. Let Sj, 1<j<q, be the randomly selected
opponent PRMs. The S; gets one more score if D;(S;) < D.(S.j) , 1<j<q. Thus, the maximum score of a PRM is q.

garwn

d) Select PS PRMs with the highest scores from Pop’(t) and store them in the new population Pop(t+1).
e) Re-Initialize parts of the population if the population variety decreases to a certain finitude.
f) Modify dataset by utilizing the best evolved PRM structure in Pop(t+1).
g Increase t by 1.
6. Return the PRM with the highest score found in any generations of a run as the result of the algorithm.
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Fig.1 APRM structure for the school domain
K 1 School #5742

A=A 5 000 A RE A ) 4 AN H B8 (X B R ARSI R 4R A AR B ). 500 40 I AR BT 10%,20%, 30% A1
40%01F R BHRIX 4 AN ER AL EREAT AR, B BE 4R B IR 10 WKL R B A2 43 i AT G Kt 4 b B AL 25 B
10%,20%,30%FH 40% Ja 1 {5 75 20 1. 2040 vF 5 b, o 38 B 3 R B0 v 3 R % Ak o SR AN B K
AT T - S B % 10 e A b RS SO B o /N A S R RE MRS PS B84 30,q {8k 578 BEAL IR
SR RMAR 2 FEVE. B T AR E SET PRM FISE M2 30, IR Ik, ST o 3 6 55 T U SR & G 2 305 Bt
A3 22 HROSHIE AN 24 R v RS 20 AN A SE S LA £ 1R IR 368 358 43 AN AR AT R U 1

BT IAE B 7 727 B A 56 46 300l R 2 30 PRM 45 40 1 77 328, TR kb, S0 R R B A 0 D7 926 2 S B LI 78 AN
5% B AR S5 A 2 1) 58 45 B0 24 2] PRM S5 R 10 5 15 (BR 2 A FR(fill randomly)). B 2(a) T 7 49 A B (1 it
SRSV E 53 o AR 2 o B 40% i 2k £5dis 1) Bodis AR AT 10 PRS00, B AL 1F 1 i R 5 T4 v oy
Ll AT BUF HY 2 B0 TR 4R B B AL 708 AN 58 4% 9% R 0 R 19 21 58 4% (19 00 R B, 1 SU A2 70 25005 7 SR AR 22 W s 7%
BG5S (0 B AR D AR T, S92 a4 1 A e 7R g B 11 ) 28 48 A R N 38 58 4 B 4 P A S A8 R g 7R A
P Bt 5 A PR AT 1688 1 P e R s ek SRk /> e e T R I e 28 I 2(b) T ik 43 Sl 8 T MLTEC Rl FR
T2 3 (5 SRS OE BB ER 1 EL AR T MLTEC J7325, B 43 46 HE T 10 VRS20 1 ST 24 R e 1t 485 SR N I
PR LA WL MLTEC SEB6 R4 SR S0 T FR RO 4E SR I AN BE AR, T 2 B e BE ALV 4610 I ik 2 4
PR AT R P O A e V) 4 0K DG AR T AR KRR R B AL S A R 0 s BB I DL T A 4 R
T RAT B A A 0 SR AR O R b R 7 R A B T AR R R RO DR, R B MR O R RS B s
. 2c)fir i MLTEC 78 4 ANEUEAEIB AT 10 YR J40K5 12 RS 1 o 202 DU 1 b v (00, DK i 22 2 32
J5 AT L B SE M 4 (RS B2 o LA hn] LU B G AT MLTEC 2% 30 B[ I 46 88 B2 AN Wi 4 v
30 gt S0 R I, BV AE 5 SR R R R K IS 0L N MLTEC J7 VB AR 77 2k KB U 3X 2 i T MLT
B Ry AL VT SRR R 3 4 DR UL 27 o 281 (10 &5 A 0 1) T f67 AL 3K [F) B AR 6B MLTEC 5 ikl LU 5] N — 285k
I Sk 4 v L A 9 2D 320 [ 25 2R T THI ) B 7 2 g R AT 5T ) 1R A
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SRJE MLTEC X P /N B0 52 0] UdEAT S0 55 1 A o) A3t B A 25 A 50l 1o 380 1) v 2 25040 P (http:/Awww-
db.stanford.edu/pub/movies/doc.html), Z 3 [ 414 % 4 4~ 5% & :Movie,Actor,Director F1 Role. B AT M E #1472k %
tH—A 4 5 000 /4~ movie. 3 000 4 actor 1 1 500 4~ director )14, [l i, b 45 VE th 2% 7 A= 5 2R 54 il .
48 F MLTEC J5 7281 FR 5 ik A 74 2 3, i MLTEC 794443 10 .40k 3(a) BT 7=, MLTEC %4 3] 10 K+
AR 45 5k J8 P2 movie () Genre 4K #5i T movie (1) Year F1 Process DA% J& 12 director #) Name. J& 13
movie 1) Process fK#i T movie [¥) Year, [f] i th 2% 3] 21— Ge 4% SC TR T A7 32 1) T2 2 HOBOC 3878 HL 3% v I8 03 470 0
1 9. 11) Role-Type # 8- actor ] Gender F1 Rank LA & movie [ Genre.iX 4™ &5 W] i & 7. 18 3(b) il 7~ I MLTEC
220 10 IRIE S5 R g R HL IR R, 2R T I 82K director f) Name F11JE 1% 25 movie ¥ Genre 2 [W] 14K
Wioe &, IF Hhn T )8 S director B Name £ & 12 movie ) Year 2 [A] #8555 .18 3(c) T~ A 1 FR 7
EAE S B E . ST A S5 A AR B, i T 25 R B0 2 i PR 512 20 B P 2% B 2 I T AR O 6 &

5 2 AN LS 0K [ PKDD 2000 [ 38 382813 L — A 1 Czech H AT H2A1% ¥ 5045 13 21 (14 0 5% 1) 100404 2,
B IZ 5 369 NME SR 4 500 AN AR ARAT A5 BN T ORI B S P BEAAR U A R Al AT )
JR 55 (480 i, A X3 A5 FH 388 v B RS A 2 & ). s e T i 8 AN 4 Jil 4 account,client,
disposition,permanent,order,transaction,loan,credit card F1 demographic data. 7 3 3 B 5Y % (5 F i 8 B0
FEH R — NS 4 AN ICAM T 4Eaccount,client loan F1 credit. ¥ F 5 R i) sk 7R (4 77 VR R AT IR ]
4(a) T 7~ ,MLTEC 22> 10 ¥R &AL i 45 3 ) 112 loan ) Payment 446t T+ loan /] Date,Amount A1 Duration.
J& #:2% account 1) Balance L 2% J& 14 2% client [¥) Credit cards owner or not. [l I, 1 2% >) £ — AN 4% S 6 T 3 F 1
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Mo 2 JE 2K client i Rank ##8iT loan ) Payment. B 4(0) 77~ i MLTEC 243 10 R 45 R 5 B 45
W I, K T JE S loan [f) Date F1 Payment 2 [a] (R4 361 5¢ R, IF HUoKE J8 125 loan 17 Payment & 42
client ] Credit cards owner or not 2 [A] {1 K #i  2 Jse []. B 4(c) B A FR J7 124 2] B S5 4. ST WA~ S5 4
AH L, 33X Ff = 2k T J& 1 2% account (1) Balance F1J& 124 loan ¥ Payment 2 i) 55 % U HIOC R, 9 .25 = 3 (1 10 2%
AHBZMITRKBCR.

4 Z i

KER S R A B IR R AT AE T G AR Bl e P K 2 3% BB AT T TR IR O 28 I3, i A 8 1) T i k- (i R
(RIATLR 27 >0 52 A A L T Ak Rk 288 [ 350 2SI T il v, 0 30 8 AN 58 26 (0, BT IR 90 R 22 ST FE R 2 2 3 T 58
e BUR AT I A SRR — P AANSE 4 R A Bl 4 2] PRM S5 575 ——MLTEC J5 3% S50 45 R W,
MLTEC J7 i HENE AT % & R Bt b 2 20 BB IR R 25 4.

IEWIATT 2 3 717 85 e d 2 AR, BIAE AR 5 R A AR KIS 00 MLTEC A& EAR 204014 IR,
A Ja A AT R IR T A S, N THE i N RS 42 SRS R 9k > % IR 3 PR B N T, AR e B9 K A7 b 5 Ak T T ik 3
W %2 MO0 MLTEC J7 b A i T2 A 5% 0, K A 24 4 I I 984T 55

“ Director g """} Director
: BActor : Y Actor
Name : i w :
: Rank : Rank
Movie
“YRole »qRole
— b
L-(_Role-Type Role-Type !
(a) The best PRM structure of the movie (b) The median PRM structure of the movie
domain learned by MLTEC domain learned by MLTEC

(a) MLTEC J5i%%: >) #{f) movie it PRM 454 (b) MLTEC J7 %% > $ ) movie :38°F-35 PRM 454

"} Director
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Rank

““BRole
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(c) The PRM structure of the movie domain learned by FR
() FR J5¥%%% 3] (1) movie 38 PRM 4514

Fig.3
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