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Learning BN Parameters with Small Data Sets Based by Data Reutilization

YANG Yu'! GAO Xiao-Guang! GUO Zhi-Gao'

Abstract In this paper, parameters learning of discrete Bayesian networks (BNs) with small data sets with convex
constraints is investigated, and the main task is improving the accuracy of parameter learning through offsetting the lack
of data with prior knowledge. Data and prior knowledge are often mechanically integrated in most existing algorithms
because they are treated independent. However, after a theoretical study, they are found dependent on each other, and
the existing algorithms have dissipated this relevance. A novel parameter learning algorithm — Bayesian estimation based
on data reutilization under convex constraints, is proposed with deeply mining the information between data and prior
knowledge based on classification of data information. Finally, simulations demonstrate the advantages of novel algorithm

in precision and other indexes, which in turn tells the dependance between data and prior information.
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S(xg,r) ={x € Old(zg,z =71)}
B(xg,r) = {x € O|d(x¢,z <7)}

B B(xo,7) LA 2o L r R RRITTFER, B(xo,
r) KLl wo Kbt v A ERR IR IER, S (20, ) KLk 2o
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% 7 k
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R 2y, AT 1 TR
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SY TN 6

1 A#dEE QCSP 4R EE
Fig.1 Planar diagrammatic sketch for
building QCSP with data
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TIR 3. MHURH PR YL gMLeCenter Ly
AIAT I SRR AN AT A gimiersection e bl 2 1
55 oMU AT gCenter 11y Sl

T 4. M RADTR Y L gMLeCenter Ly
SRR [ — N A s gPrection g fE g B 2k 1 Y
OME [T 9Center [y [N

HIB 5. K E YL Br OMLACenter th fy gReference
ERR—ANEEMN S,
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€d<97 9Direction) S ed(eReference7 HDirection) (14>

A (14) 76 (O, ed) g X—/~LL gPirection
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gr b, AR OF nfRoRh

{9 c @Q‘ed(e, eDirection) S ed(‘gReference, eDirection)}
(15)

2.2.2 MiE QCSP S MRILINIEIE

B SCHEIR T I Eatie QCSP (k8 s, 1 Ifiks
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it QCSP A BEPE. HAaAH— Tl 2R,

AR SCSE I BT AT O R B AR Y (T 2
FioR), & N K 22 AR 5 A 93 18 Murphy #8045
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M), B2% BN 2805 50w LM N R AT s 2
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FSEA SRR B, AERARI SR S RE T, nT LU
K% BN I)if 0 — RV EEAGE R, 21l o3 i o ¢
NV RHAT SRS, SRR AL = FREAC S,
HATARRNE. AU 2 2]t PREAR 1Y  W L
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Fig.2 BN of lawn wetness
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Table 1  Default parameters for BN of lawn wetness Lﬁ;
Zi_‘] i —o— ITARE
- ¥ ‘ ———Fifd
T ZH % 0.9k
2% C plc=1)=105 p(c=0)=0.5 < — O RUbME
0.5
K S p(s=1lc=1)=10.8 p(s=0lc=1)=0.2
p(s=1lc=0)=0.9 p(s =0|c=0)=0.1
TWR  pr=1c=1)=08 p(r=0lc=1)=02 5 m 15 20 25 30 3

p(r =1|e =0) = 0.01 p(r =0]c =0) =0.99

x 2 BIRREERWAT RSB AR SR ES
Table 2 Alternative parameter constraints of

BN of lawn wetness

5 Zsk

1 pw=1ls=1,7=0) > p(w=0[s=1,r =0)

2 plw=1s=0,r=1)>plw=1s=0,r=0

plw=1ls=1r=1)>pw=0s=1,r=1

~ w

plw=1ls=1r=1)>pw=1s=1,r=0
w=0s=0,r=0)>pw=1s=0,7=0

o
]

w=1ls=1r=1)>pw=1s=0,7=0

3

w=1ls=1,r=0)>pw=1s=0,7=0

3

w=1ls=1Lr=1)>pw=0s=1,r=1

)

)
( )
( )
( )
( )
( )
( )

© 0 N o
i~

plw=1ls=1r=1)>pw=1s=0,r=1

N T i3 B A, O L E SC M — QCSP
HNRGE N D&

NCorrect
R =

F— (16)
/E\:EP, R y‘j QCSP E@IEE%%, NSampled ygxﬂ‘ﬁ# BN
(R 4tz 4, T E) it JfFfid QCSP Ik EL,
AL E A 20; Noomeer AR BN 41 20 K
IO 2 QCSP k%L, AR, R BOK, #he
uﬁbﬂ%ﬁﬁiﬂmﬁ éﬁ%ﬁﬁﬂﬂ%ﬁﬁ/\ﬁl&
XL 1. QCSP IEMiF 2 FEAR R LK. 1)
FEACR (P14 8) M1 2 35 Bl n; 2) MAFE
HAMT, YRR (VLA &E) 7 1~9 Z[AkHE
L4, JF HARMA R & EE S PRI 3)
AR ZA T, LS HALE (B E) KA,
AF IR SIZ 36 918 I T BT A 5% 38 240 AROAfG 2 1) Rl A7 35 R AL
G 4) R 1) 8, $edkfE 2) FigktE 3) M
i& BN =k QCSP [WIE#iRIFEL 10 &, I H)E
SGEASRAPIME. LR A Rl 3 k.

LSS s
K3 QCSP IEMH KM AR Z AR
Fig.3 Accuracy of QCSP for altering data size

K5 2. QCSP IEMR 2 AR E S8 1)
LR (A R) BN 1~ 9 BT, 2) &4
ARHCRFAE N, FEAR (BIbLARR) /£ 1 235 2
BIREHL™2E; 3) RN KBRS, HLSHAT
(B E) ARJ, BRI th AT Sk 20K
BAE (AT AT SR P BEA LG 4) FEREAD AP 1) 8, 1%
At 2) FIgAt 3) it BN sk QCSP [WIEH R IF &
520 IR, IR S AR I ME. SEIR S5 R WA 4
Js.

1.0

—e— TR
-
- 0.9 PL
3 - f/ME

QCSP I
=4
£
T

IR E
Kl 4 QCSP IEMMRINSE M N 2 2 AR AR
Fig.4 Accuracy of QCSP for altering

the number of constraints

K36 3. QCSP IE#l % 2 FLSE S KU B 5 S
5. 1) BESHAE (WA E) 4 =41 — niAT8
Ryt s ATAT SO S A TR LR AT AT A A 2)
FANESESEAE SN, Lo (AR R) 76
1~9 Z MIBENLI=A, I H 2R MR & LR A Bl
BLEG 3) BEADE LS AL E RN, AR (B
PR ) £E 1~ 35 ZIRIBEHL™ 5 4) fEREASAT 1)
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g S TS

EBE
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