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Abstract This paper investigates the efficient computation of most probable explanations (MPE) in causal Bayesian networks
(CBNs). From the perspective of a directed acyclic graph,researchers find that every CBN has a corresponding Bayesian network.
By comparing the semantics of intervention with that of differentiation,this paper reveals the differential semantics of a full ato-
mic intervention on MPE. Using the differential semantics,it reduces the computation of an MPE instantiation for an atomic inter-
vention on a CBN to that of an MPE instantiation in the corresponding Bayesian network. Next, it proposes a jointree algorithm
called BJT to compute the best atomic intervention, which includes the BMPE probability and a corresponding instantiation, by
building only one jointree for a CBN. The BMPE probability is the highest probability of all atomic interventions on MPE in a
CBN. BJT can use the causal effect to compute the MPE probability and an MPE instantiation for the corresponding Bayesian net-
work. Finally, experimental results show that BJT performs more than one order of magnitude faster than the-state-of-the-art al-
gorithm for computing the best atomic intervention in most CBNs.

Keywords Causal Bayesian networks,Bayesian networks. Intervention, Differentiation of MPE,MPE instantiation
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Fig. 1 Bayesian network with five nodes
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Fig. 3 Full atomic interventions on all non-evidence nodes in
CBN shown in Fig. 1
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i B . SRJF BIT R E B 1 3k 115 BMPE 524 .A=1.
B=0,C=0,D=1M E=1, AT0I LLIE & 75 5 #h X 3 5 2R
& (9 BMPE 526 Aot Rz DU 387 99 2% /) MPE S 431

4 EIE

TE BNJU B 3Rl B OAR SCSE BT BJT 5, ETree™ 2
HEERFHAY ., RATHAE T ETree MA SR BIT 3t
B R T B R AR & B BMPE 4 % R BMPE 52
Bl RN R T ORE A R S5 R BRI
EF 3 SRR A DL nF T 45 s MPE 2401 A9 T H 5, IR
o MPEL 8., FATE B T BIT M1 MPEI LU 155 48 1k 3¢
3BT Al MPET #0235 T HUS MR B (. SC8 R AW
PSR ok AR SC AR MDY L AR SO BIAT R T 43 Sy g 5 1) )
FHE R I A] S 48 78 MPET A BJT 9454, IR £ 1 PR
compile He /R MPEI Al BJT 75 4 %5 0 46 £ 5 4 A% BT A6 2% (1)
Bt [a] . 43 302k Al MPEL-L #1 BJT-1 2k % 78 MPEL #1 BJ T 7 #fE
Y B T A8 5% 1) B ]

%1 ETree il BJT LA K MPEI (4 RE X} 1

Table 1 Performance comparison of ETree, BJT and MPEI
(A7 :ms)
Networks Compile BJT-1 MPEI-1 ETree
alarm 8.1 4.8 7.4 84.2
bm_05_01 521 43.6 96. 4 72940
bm_05_02 812 58.4 118.8 138852
bm_05_03 893 57.2 126.4 179493
diabetes 42 40. 3 94.2 19664
fs-04 19.8 4.5 7.2 1037
hailfinder 11 5.6 8.8 245.3
mm_3_8_3 731 32.2 70. 4 178364
muninl 638 78.4 160. 8 14193
munin2 74 45.4 86. 8 39782
munin3 97 61.6 131.2 54349
munind 113 73.2 128.4 63811
pathfinder 40 19.4 42.8 1792
pigs 36 14.8 31.8 4762
students-3_2 74 18.4 43.8 5564
water 22.2 10.8 16.2 257.5

M 1 MEEE], MPEL A1 BJT 7E 45 K £ K R M1 AT
HIPEBERR H ETree 4, IR J& ETree 16 04T fie 4 35 8L R T T
BRI 2 02 |V, | AR T MPEL A BIT P 35 4 —
AR A B SR B IR . A S 4 A DL e 2% A —
AR N 1 AT LAEE B L 7 15 % BT A 4 S R e e T
HiA BMPE 52 6 J5 16, BIT £ 45 A4~ KSR B A A 280 51 40 46 L
MPEI E if,

[5 2y MPET I BJ T #8J2 H T 1 & 4 302 1y & A1 4
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MrBoE — MR . ZEHEBRY B FRATT & B BIT-1 Ltk MPELT @944
RETIF R Z I RO E A Il . X2 BIT-1 4 LU
TRARRE . DBIT-1 /) F 0K T B 8 0CHS I JF 16 5 1t
EMNEF R R F A FE 4R 55 2) BIT-1 1T LA 58 45 A1) FH 5088 4%
PESE AL DL 37 9 2% MPE S2 il (35, fEF 20T,
BIT-1 R B HATE A FBLE B2 38 4B 58T LASHE MPE 5241,
IS DA 1 Hh A 6% U0 28 30 33 P A vk B0 Al B m 0 SO R o
BATEAWMT 3 AR D BN LATE 4 A5 W IF 17 i
SN B A 25 A 58 A TR T 2) 13X A R AR R R A
A2 S — AR T T WOR T E  JR TF 3) M F A
g X AR AR B 2 R BRSNS IR A ENA T
TEHAERXDEFER @O HMR T,

GHRIE HEHREMES A T T EREES, THER
S RO R A R S FE B 5 A B B R X MPE 3 47
il 7EdER% MPE 58 & J5& F F W i 50 35 R AR SC4R
T —Fh A R PR B B R W MPE 9 R4 R T
TS 15 D1 30 9 2% v i MPE SE46] . S T 0 T T AT A0 Ak
HE L, RATRA— B FRE R SR, XA 2R
FNETF I H . AR SO )12 09 B 3 5, o — A B
JFH 2 R AT LA 306 28 B 1) e 4 DT 1 190, 91 DA U S A6 4
E HE A B PR ML BRI 2 0 . AR SR AR SCHR Y B B
ARAEG T 3B i B AT T BUSCR B TH 5, O % T Fi 2
AT A B AR .
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