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Abstract:
knowledge , and also a powerful theory model within the community of artificial intelligence. To solve the drawbacks of hybrid meth-

Bayesian Network (BN ) is one of the most important methods for representing and inferring with uncertainty

ods for learning BNs which are easy to fall into local optimum and unreliable for learning large data set, we propose a novel hybrid
algorithm for learning BN equivalence classes which combines ideas from maximal prime decomposition( MPD) of graph theory,
conditional independence(CI)tests, and local search-and-score techniques in an effective way. It first reconstructs the undirected in-
dependence graph of a BN and then performs MPD to transform the undirected graph into its subgraphs. Finally, the new algorithm

uses only lower-order CI tests and local BDeu score to check the v-structure of each subgraph. Theoretical and experimental results

show that the proposed algorithm is correctness and effective.
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Algorithm 1 MBDA

1. Input: Data set D; Variable set V= {v;,v,,",

2. Initialization: p¢ = V\ t,5p = ().

3. Order-0 CI test: for each variable v; € pe , if Ind(v;3t)is hold, then pc =
pe\ v, S(v) =)

4. Order-1 CI test: for each variable v; € pc , if there is a variable v;€ pc \ v;
such that Ind (v;3¢1v;),then pe = pe \ v;35(v;) = S(v;) Uy,

v, } ; Target variable ¢ .

5.Find superset of spouses: for each variable v;€ pc , if there is a variable v;
€ V\ tUpe,such that = Ind(v‘,v;LIS(vj)U ;) ,then sp = sp U v;.

6.Find parents and children of ¢: call the MMPC algorithm to get pe(t) =
MMPC(I,D(ch s;?))).For each v; € pc \ pc(t),if t € MMPC (v,
D) ,then pe(t) = pe(t)U ;.

7.Find spouses of ¢:for each variable v;€ pc(t),if there is a variable y,e
MMPC(v;, D) \ {pe(¢) Ut} and a subset Zc peUsp \ {tU v, such
that Ind (¢; vl Z)and = Ind(t5v;1 ZU v;) ,then sp(¢) = sp(2) Uy

8.Return M(1) = pe(t)Usp(1).

9. Output: A Markov boundary M(¢) of ¢.
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Algorithm 2 BNEA

1. Input: Data set D; Variable set V= {v,0,,*,,} .

2. Construct an undirected independence graph G" from the data set D:
* For each variable v; € V, call the MBDA to get the Markov boundary of
v; and represent it as an undirected sub-graph G;(i=1,2,,n).
% Combine Gy, G5,"*, G, into an undirected graph G" = (V,E™).

3. Call the junction tree algorithm to obtain maximal prime sub-graphs G7,
G5, , G} from the undirected independence graph G™.

4.8t PP=G",C=(J.
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5. repeat gﬁ%iﬂ@l@ﬂ‘]?ﬁﬁ%E"Jﬁ%\%mﬂ’ﬂﬂzﬁj\*ﬂtlﬂﬁ

m

6. if there exists a sub-graph G} such that a cycle C(v;, vy, vj) C G then
7. if Ind(vi;ﬂj)and—' [mi(v,-;vjlvk)then
8. Orient v;—>v;<—v; and delete v; — v; in P°;

9. else if Ind(v;3v;1v,) and~ Ind(v;50;10,), 050, j, k. then

10. Orient v;—v;<—v; and delete v; — v; in P;
11. else

12. C:CUC(vi,v,f,1/'j»):

13. end if

14. end if

15. until P° has not changed;

16. Orient the undirected edges in P by using local BDeu score search
method if they appear in the list C;

17. Orient other edges in P° if each opposite of them creates either a directed
cycle or a new v-structure;

18.returm P° = (V, E™)

19. Output: PDAG P = (V,E").
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F1 FWHEEE Asa BIEELHTRER

Alg(Levela) n =500 n = 1000 n = 2000 n = 5000 n = 10000
BNEA(0.01) (1.7,1.7,3.7) (1.7,1.6,3.6) (1.1,0.9,2.8) (0.7,0.4,1.8) (0.1,0.1,0.8)
BNEA(0.05) (1.6,1.3,3.8) (1.5,1.4,3.5) (1.0,1.0,3.0) (0.6,0.5,2.0) (0.1,0.2,1.3)
MMHC(0.01) (2.9,1.6,5.7) (1.9,1.4,4.6) (1.1,0.8,3.0) (0.7,0.3,2.3) (0.2,0.1,1.9)
MMHC(0.05) (2.0,1.1,3.8) (1.7,1.4,4.2) (1.0,0.8,3.0) (0.5,0.5,2.3) (0.1,0.2,2.0)
FHE LR Alam HIEE LWL ER
Alg(Levela ) n =500 n = 1000 n =2000 n = 5000 n = 10000
BNEA(0.01) (5.4,5.2,19.8) (3.2,3.6,16.7) (2.0,3.6,15.2) (0.9,1.9,10.2) (0.6,1.6,8.7)
BNEA(0.05) (3.8,5.7,19.8) (2.6,4.0,16.7) (1.4,4.0,15.2) (0.4,2.3,12.2) (0.4,2.1,11.3)
MMHC(0.01) (6.5,4.2,19.8) (4.5,2.5,16.7) (3.2,2.5,16.7) (1.7,2.1,11.2) (0.8,1.3,9.6)
MMHC(0.05) (5.4,4.7,21.8) (3.5,2.9,15.0) (2.6,2.9,15.2) (1.3,2.3,13.3) (0.7,2.6,13.1)
FREEE Alam BIEE EMITH LR
Score n =500 n = 1000 n = 2000 n = 5000 n = 10000
Se( Gy) —5.2004e + 003 — 1.0000e + 004 - 1.9440e + 004 —4.7737e + 004 —-9.4515e + 004
Se(Gy) —-4.9831e+ 003 —1.0652e + 004 -2.0502e + 004 —4.7558e + 004 —-9.4514e + 004
Se(G,) - 6.8038e + 003 —1.9824e + 004 - 3.0308e + 004 —4.7826e + 004 —-9.4533e + 004
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