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Study on the Mechanism of Structure-variable Dynamic Bayesian Networks
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Abstract
cesses. To deal with unstable processes, structure-variable dynamic Bayesian networks are more applicable, flexible, and

Traditional dynamic Bayesian networks (DBNs) are essentially models that describe a variety of stable pro-

effective. Currently, however, the various inference algorithms under consideration for structure-variable discrete dynamic
Bayesian networks (DDBNS) can only handle hard evidence. In this paper, an in-depth and theoretical analysis is given for
the mechanism and key characteristics of structure-variable dynamic Bayesian networks, and on this basis, a fast inference
algorithm is proposed. Furthermore, a special class of structure-variable dynamic Bayesian networks, dynamic Bayesian
networks with missing data, is defined rigorously along with associated network topology and parameter settings of such
networks. Several experimental simulations have shown the effectiveness and efficiency of our fast inference algorithm.
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Fig.1 An unstable process consists of several stable processes, and the traditional DBNs can be constructed on each of

the stable processes
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Table 1 ~ Stable transition probabilities
X\ X1 F B J A
F 0.70 0.10 0.10 0.10
B 0.15 0.65 0.10 0.10
J 0.10 0.10 0.70 0.10
A 0.05 0.10 0.15 0.70
x2 FAHR
Table 2 Conditional probability
x P(vi|X) P(Y2]X) P(Ys3|X) PMilX) P(Ys]X)
H,L AA 0, AG H,L B, M, S A F

F 0.80,0.20 0.90,0.05,0.05 0.70,0.30 0.00,0.60,0.40 0.10,0.90
B 0.30,0.70 0.10,0.10,0.80 0.30,0.70 0.65,0.30,0.05 0.10,0.90
J 0.30,0.70 0.15,0.70,0.15 0.50,0.50 0.30,0.55,0.15 0.10,0.90

A 0.30,0.70 0.10,0.80,0.10 0.40,0.60 0.80,0.10,0.10 0.90,0.10

42 (FEXBERRSH

R 2 3 1L B dls, A SRt i AR A R
DDBNs [ Bl 5795 15 22 45 #4) DDBNs 1 ek
U A3 215 4 A BHERL 5 SRONUA 51 HE B 25
RO b gt TSk AR 4 DDBNs 9 #ERLEE
A Sk DDBNs bR B L AL AR 254 1 2% 1)
IS T) P BN RN 0 (32 AT I 1D EE .

*3 I (Bl kA= 16 %)
Table 3  Observation data (Data loss rate: 16 %)

I
i) Y1 Yo Ys Y, Ys

1 0.30,0.70 0.20,0.30,0.50 0.40,0.60 0.70,0.30,0.00 0.15,0.85
2 0.25,0.75 0.25,0.30,0.45 0.35,0.65 0.75,0.25,0.00 0.10,0.90
3 0.50,0.50 0.25,0.25,0.50 0.35,0.65 0.80,0.20,0.00 0.15,0.85
4 0.35,0.65 — 0.30,0.70 0.65,0.35,0.00  —

5 0.30,0.70 — 0.25,0.75 0.60,0.40,0.00 —

WRAEAL 3 MM EE 51, R 5 4l TSN
- 17 90 4 578 45 #4) DDBNs (14 5 45 Bxd Lk, AR 3
R 6 AN (Bdloh kAN 28%), £ T HHT
it als UL S0 o 2% 55 A2 454 DDBNs [HERLE R0 L,
WRIEZR 8 I EH (Blskx N 40 %), £ 9 4
H A DL ST k45 55 22 458 DDBNs F4E R &5 2R
X .

4 PIFELEK) DDBNs HfEBEVA I HERL S5 AT H
(B k2 16 %)
Table 4 Comparison of inference results given by the

two structure-variable DDBNSs inference algorithms
(Data loss rate: 16 %)

ok Ar 454 DDBNs Ak DDBNs (1o

TR e £ I B 4 S
F, B, J, A (%) F, B, J, A (%)

1 1.61, 96.6, 1.22, 0.56 1.61, 96.6, 1.22, 0.56
2 0.56, 97.3, 0.86, 1.25 0.56, 97.3, 0.86, 1.25
3 0.92, 93.7, 1.64, 3.72 0.92, 93.7, 1.64, 3.72
4 2.0, 75.6, 7.31, 15.1 2.0, 75.6, 7.31, 15.1
5 3.89, 61.9, 12.9, 21.3 3.89, 61.9, 12.9, 21.3

10¢

—&— PillEY SVDDBNSs F#fi g i
—e— SVDDBNSs F PR i ji4 vk

« 102+
=)
~
=
ES 100_
=
=
s
9 107f

1075 25 3 35 n 45 5

) 4

Kl 5 kiR 45k DDBNs (R B E 542 451 DDBNs
DR A B SR A8 AT IN )% B
Fig.5 Comparison of time costs of the improved
structure-variable DDBNs inference algorithm and

structure-variable DDBNs fast inference algorithm

M 4 IHERL S IR AT LU ok i 28 45 1)
DDBNs [{#ERE 5% 54 45#) DDBNs (Structure-
variabce DDBNs, SVDDBNSs) 1) H 3 #i # 57 7 1)
HEFR 25 A KA R PR AHF ), PR, A X
T S0 ) HE BEAL A BT AN [, ELX P A 55 1) 4 2
g5 R E .

Kl 5 B AAARR & 0B AT I TA] O %, A it 2
PORTE, PPNV IS AT I a) 6 5 405 B TR) 20
Stk ok 2. kA2 45+ DDBNs #E 3 VL)
R LR, MAE 454 DDBNs [P #E 21 5775 1)
R /N, Bk, RHAZ 458 DDBNs (1) P id 4k
PRV e W 0D L IS AT I ), 4 T HERE AL

EZ 5y KT K9 MM aIE b, & —HEds
e BRI A RSB SESENL Lk LR i
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SEHLIRER A, FOTI 4 AR AT
RIS KLy VU705 £ V20 1 L5030
H 0 L A5

MR 5. % 7, % 9 75154 9110 Kl Rt
L P 501, SR 5 VLI 45 % R 4444 DDBNs
HEIEH R, F R SEAE L, 11254 ) DDBNs
e 5 DU 24 AR R D330
B .

B 5. R T, %0 HINZESISR, 1 6
THARBR 5 B0 16 %, 28%. 40 %HOHERL T,
Wi UM B2 7 5 R L3530 4 o 0
HLAE % R LI,

WU 5. % 7. R0 hIAESISR, BT i
THARB KA B 16%. 28%. 40 %L F,
445K DDBNs 1 5 AP LUt H b ek
HLA B R L

RS A UM 4 5 2845 DDBNs HfERLEESU0 EL
(BRI 16 %)

Table 5 Comparison of the inference results of static

Bayesian networks and structure-variable DDBNs (Data

loss rate: 16 %)

T s DL S0 99 25 O
BER: F, B, J, A (%)
6.18, 68.6, 11.4, 13.9

Az gy DDBNs [
@R F, B, J, A (%)
1.61, 96.6, 1.22, 0.56

] Fr

2 Eird 37 %
K7 FEA VI 5AR S5 8 DDBNs [1fEEES, B0 L

(Bt th k2 28 %)
Table 7 Comparison of the inference results of static
Bayesian networks and structure-variable DDBNs (Data

loss rate: 28 %)

S DL S4 1 2% £ 4 A4l #) DDBNs [ 2

I 8] Fr

Mg F, B, J, A (%)

“if: F, B, J, A (%)

1 10.7, 58.3, 13.8, 17.1
2 6.85, 69.7, 10.8, 12.7
25.0, 54.5, 11.6, 8.90
7.47, 35.4, 22.4, 34.7

ot W

7.36, 35.8, 23.4, 33.5

3.55, 93.8, 1.83, 0.80
6.85, 69.7, 10.8, 12.7
4.53, 89.4, 2.77, 3.27
2.73, 73.5, 8.28, 15.5
4.11, 60.6, 13.6, 21.7

K8 WM EHE (FPwkZ Ny 40 %)

Table 8

Observation data (Data loss rate: 40 %)

i
I&] Yi Y Ys

Y4 Y5

1 0.30,0.70 — 0.40,0.60

2 — 0.25,0.30,0.45 —
0.50,0.50 0.25,0.25,0.50 —

0.35,0.65 —

[

0.30,0.70 —

— 0.15,0.85

0.75,0.25,0.00 0.10,0.90

— 0.15,0.85

0.30,0.70 0.65,0.35,0.00 —
0.25,0.75 0.60,0.40,0.00 —

5.57, 72.0, 9.98, 12.4
6.73, 71.0, 9.09, 13.2
7.47,35.4, 22.4, 34.7
7.36, 35.8, 23.4, 33.5

U W N

0.56, 97.3, 0.86, 1.25
0.92, 93.7, 1.64, 3.72
2.0, 75.6, 7.31, 15.1
3.89, 61.9, 12.9, 21.3

K6 WIMHAE (Kb RE Ny 28 %)
Table 6  Observation data (Data loss rate: 28 %)

=i

ZE

Y, Y> Ys Y, Ys

0.30,0.70 — 0.40,0.60 0.70,0.30,0.00 0.15,0.85
0.25,0.75 0.25,0.30,045 —  0.75,0.25,0.00 0.10,0.90
0.50,0.50 0.25,0.25,0.50 0.35,0.65 — 0.15,0.85
0.35,0.65 — 0.30,0.70 0.65,0.35,0.00  —
0.30,0.70 — 0.25,0.75 0.60,0.40,0.00  —

ol W N | IF

M6 [R5 4y 5 W IR] A AT LA, AR TR) )
BAi o RARRE DL T, R0 H AR R 2 TR R A
AR, 3K DAL A i A DU J0 190 2% 1K) 48 I T 2 T
FE B AN, B WL B s 2k SR, U 4
PR EAR FOBOR AR, AEHm sk RIE 2 40 %o, ££
4 5 I Ia) A AL RERD 55 YU H b

RO RS VUM 4% 5 A2 4 DDBNs RHEREZ: X LE
(K 5T 40 %)

Table 9  Comparison of the inference results of static

Bayesian networks and structure-variable DDBNs (Data

loss rate: 40 %)

i DL 307 0 24 R 4 A 451 DDBNs {3t

ENEIDAY
LW F, B, J, A (%) 49 F B, J, A (%)
1 25.7, 46.0, 15.8, 12.5 11.4, 85.4, 2.50, 0.69
2 11.2, 66.4, 10.3, 12.1 4.90, 91.7, 1.77, 1.65
3 29.3,50.2, 11.9, 8.65 7.29, 85.8, 3.31, 3.63
4 T.AT, 35.4, 22.4, 34.7 3.28, 71.5, 8.85, 16.3
5 7.36, 35.8, 23.4, 33.5 4.26, 59.4, 14.0, 22.3

LT ()il 2 #en] LUE H BE S W I AL
B R R AN K, AR 45 k) DDBNs £E 5 AN (]
A E AR H bR AR AN BT A, X PR AR A
DDBNs AN A LAAH AN B 1) | B e 45 B,
[T e 27 A E 2 A o 1 e 9 T = S N S e
2 [A) A EL R (). il U I R G 2K ) 1
K, A&k k) DDBNs A ) H (eSS ok b
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Fig.6 Comparison of the target recognition probabilities

given by static Bayesian networks with data loss rates
16 %, 28 %, and 40 %, respectively
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Fig.7 Comparison of the target recognition probabilities

given by structure-variable DDBNs with data loss rates
16 %, 28 %, and 40 %, respectively
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AR SR BN 2 VU Sr 9 26 02 ) SR s UL J4 4
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