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Hybrid Bayesian Network Structure Learning via Evolutionary Order Search

LI Mingjia, QIAN Hong and ZHOU Aimin
School of Computer Science and Technology,East China Normal University,Shanghai 200062, China

Shanghai Institute of Al for Education, East China Normal University,Shanghai 200062, China

Abstract Bayesian network is an effective tool for uncertainty knowledge representation and reasoning. LLearning and discovering
its structure is the basis of reasoning via this tool. Existing Bayesian network structure learning algorithms often encounter the
dilemma of balancing effectiveness and efficiency in real-world applications such as intelligent education. On the one hand, score-
and-search methods can find out the high-quality solutions.but they suffer from the high algorithmic complexity. On the other
hand, hybrid methods are highly efficient but the quality of the found solutions is not satisfactory. To address the above dilemma,
this paper proposes an evolutionary order search based hybrid Bayesian network structure learning method called EvOS. First, the
proposed EvOS constructs an undirected graph skeleton through a constraint algorithm,and then applies an evolutionary algo-
rithm to search for the optimal node order,and finally uses the found node order to guide the greedy search so as to obtain the
Bayesian network structure. This paper conducts the empirical study to verify the effectiveness and efficiency of the proposed
EvOS in the commonly-used benchmark datasets as well as the real-world task of educational knowledge structure discovery. Ex-
perimental results show that,compared with the score-and-search methods, EvOS is able to achieve up to 100 times speedup while
maintaining the similar accuracy.and its effectiveness is significantly better than that of the hybrid methods.

Keywords Bayesian network.Structure learning, Order search,Evolutionary optimization, Knowledge structure discovery

— PR B ME R B R AY DL 30 4%l 25 (— AN G
H &, Directed Acyclic Graph, DAG) A K 80 Ch 7 19 45 14 4%
DU R 2% (Bayesian Networks, BN) /& #L #% 2% > 40 35, K ,Conditional Probability Table, CPT) 20 %, ix — 3 43 5l

1 3]

i

FF5 H 9 .2022-10-09 3R {& H 1.2023-03-12

BHTH FH K ARF R4 (62106076) 5 1 g 1 BF 2 5 R &= A2 BB QDT 3 i %150 B (19511120601) 5 F i A AR BE 4 H 4w B H
(21ZR1420300) 5 BT E & A 25 BildT 0E KR A& 2 RGBT H (21CGA32) 5 /e A LA BTk 55 2 & 095 4

This work was supported by the National Natural Science Foundation of China(62106076) ,Science and Technology Commission of Shanghai Mu-
nicipality(19511120601) , Natural Science Foundation of Shanghai(21ZR1420300) ,“Chenguang Program” Sponsored by Shanghai Education De-
velopment Foundation and Shanghai Municipal Education Commission(21CGA32) and Fundamental Research Funds for the Central Universities.

WAEVEE &M (hqian@cs. ecnu. edu. cn)



AW A R TR AL T 1 A IR G DL 30 19 4% 25 4 2 o) T vk

231

A B MR T R AL OCHR OC B . DL BT 0 5% 2 S B
AN PERR R 38 S B A AT R I H O A B T i
B BRCERGEHE ML L™ RIS 8%
T AT i 2 AR U T R A .

DUt 169 2% 1) 45 4 2 >3 1 55 15 70 MOULIN 548 v 4 0 L o
S DO 25 1R S5 R . B DL IS0 T 2 1 S5 4 2 R B S R
e FH DL 307 IO 24 Aot I 0 T4 o PR UL L 45 g 2% R DL 87 T 4%
WFFE T G EAY — TR . A Y DL ST R 2% 25 4 24 ) Jr
ARG 3 2 B T AR Tk ETIWESE R T EAREG
Ik BT LY U5 1 RSN P A A N P 36 ok 2 > AR
gt (] 18 0 7P 5 A S | I LAk A 40K 40 i DR DL v 307 I 45 25 4
Forb, S SRR 38— R T A BE Bis T iy B
L. AT AR Mk B E PC (Peter-Clark)
B R R B/ TR (Max-Min Parent and Children,
MMPOSENI A, X AR R ZAAEF 8 %, 18 F I
I 307 D0 6% (1) T R AT SR A5 A M BE T 2 SR O vk R AR LR T
I 307 O 0% v 198 — B R S 2 K IR 0 2 2R bl R A A —
TC A 1] [ 340 33 A AR SO 28 I ¥R AN I LTS e i
BRI U, S b S M A 30 A I 23 2 HH ELAH OF S 9 45 28
Ak B3 B O I 2 — IR R AT 553X S R A 2 SR 26 U TR
HRBN (0 1 BT 5 AR 5 S O TR N R I SRR R
T A MR 7 D) 2 DR 52 ) 27 15 5 0 1 G

LTV G348 3R 0 T v e D S0 15 2% (1 45 vy 2 o AR R —
ORI o SEE SC— PP s %V o R B
LN SRR DU & el I NI U K {7 S s S E R 2 O '
£5 :BIC (Bayesian Information Criterion)!™ , AIC ( Akaike In-
formation Criterion)™ , BDe(Bayesian Dirichlet equivalent)(”?
#1 BDeu(Bayesian Dirichlet equivalent uniform)t'™ 2§, 7¢ &
SCHFAT o3 BRBUT 1500 2k T8 R 5 0040 9 07 12 4% 3 f ok Ak
AP WA T R R LA K2 RN UK2GA
(K2GeneticAlgorithm ) # 3™ J€ 1 & (Hill Climbing,
HOU | #2824 2548 & (Greedy Equivalent Search, GES) %
HEOVE, MR TET AR LRI )5 2k 0 I e
T AT LAk A Ab B 5% P it Sy G B AR OF i S ), SR L 7E
DAG 75 [ % foe (0 it i — 2o 72 2 BE B 2 — 4> NP Xk (Non-
determinism Polynomial Hard) 4 £ & £t 4k ] 104, IR i, 3F
SR RE T EE R TR MR A EN SRS
B[R] 52 BR 1 4508 T HAS R B m 45 R mT e A 2 42 R s dl

R LI R G 2 R 5T 4048 R AP Fh I Bk 3k
WENTE ARG S AR, R Z AR R e A S
Gy 96 o AV 5 2R 5 ) 0 SR /AN 7 P 4348 R 04 I ok R AT SRy A
8RB TE w20 HE AT 1. AR IR A I R R/ IE L
( Max-Min Hill-Climbing, MMHC)™ #1 H2PC ( Hybrid
HPOY BRI S5, SRI00 , [ F A8 36 43 R Y J7 ¥ L 55 ff
BTy HETEA v R RMEAE S ANWE.

g5 bk A Sk L AT A TR I A TR A 80T i AL
P VR s AT B HER . L MMIHC AR R IR A 27 ik e
R AR Rt 25 i SR T AR 0 BT & O 1 43 BLAR T LD K2GA
AR BT R AR B0 1 R B B A% EE A
BOR E A RIARBES 7O — B BRI R A

B D357 45 4 2 3] B 1 AE R ROt S v A T S R AT IR, —
WMo REHAS — WM RIARRMAZ., DB REEHE TP
R 2 H R AT 45 R ) DL T B A B A B — kiR S R 2
AE YRR S 0GR BB B AT A T O Bk
FA R TR R, MRMEHBA NSRRI
2 T RRARAC B 8] A RE 2% 3 — 280 B A IR G5 R L 2 I A
(B AR AT A Bh AR AR R B B AR A AR A
3z,

YT U AR SN S BR T SR & B T — R 3k T A i
R A Ut T 4% 45 8 2% 2 J5 % (Evolutionary Order
Search Based Hybrid Bayesian Network Structure Learning
Method, EvOS) . B 7E N #UE 5 52 br i H 37 5 b i D1 - 2 [
2% B K 2 ST AT 55 AL — il B8 05 B 4 AU PO AN A Tk
ZJ7 R Z ARG RO B SR R a &R E
L A CRI 24 3 TR BR R R 25 D 5 R B AT %
AT SRS SR % 1 — MERZ T WA
JT- 48 5 BT A58 RO (R IE A 1Y) 5T 2, (W) A R 24 30 O 1 im
T RS B T AR . BRI EvOS 1 e A 3T 4 R
B )7 i 8 — A TC 1A B 48 SRR R E B 2 5795 807
B3 B DFA, I AE e 3 Al b A P 8 % R T (Genetic Al-
gorithms, GAY 8 R IR 1 ST » i 5 R 3618 R B 5 57 18
5 DU R AT B S5 21 DL 3 6 4 24

ARSI 3 BT RRAL G LA R LA 5

(DT —Fh 5 T 8 A0 7 38 R IR A DLt 5 9 245 25 4
2 2] 07k EvOS, L AE % 5 U st AU B0k A A0 N v Rk

(2) EvOS 4 DUnT S8 [ £ 45 4 2% 3] “ 47 1 G i 5 e 1y
KHFHG — B —DMHERRZ T A b 7 v 48 R &
TR R 29 O 0 T R A A R R T
el JO YT AR R AR T BT AR R DL ORTIE A 1Y T

(3)7EH FH S MBI 4 5 80 U0 R g5 2% T AT 4%
AT A S 4 S W A LT A 8 R 20T kL EvOS BB TE
YR EMER T RmmEa G I ABERES T
RELXFIE,

AICHS 2 W BEA B R L L R IE N R
15 6L LA S EvOS R £ 77 35 (1 X 0] S5 80 & 5 58 3 9 PEAR A b
EvOS B3R ARMES DL K A 158 4 T 548 5 W Al B R
EvOS 76 M 2R 5 5 20T Sl b ) 5 S5 fE 45 By st
SR 5T I S A SO R ROk TAE AT R,

2 MXTIIE

AT B FIT S RIS P R AL A OC TAE,

TEE SUUF PP 43 SRR 3R A DL 307 090 26 25 4 2% 57 3% — &l
38 % o) S A R PR A 0 LR 21T A B 2 AP R
38 F2 2 (] v 4R B A I 45 4L TC B — A PR R, SRR aX — NP
ME B AL AL TR R B BIF 5 A AR R R At Bk
UL 1 AR Bk BT 4y Sy £ A ORI R U AR Ak 1 O ik
[HESP

DA AR S 7 A M LU L B 0 AR Ok 8 I 4
FARES LA K2 HCM i GESI' 4, Hip K2 Bk 2
ST R A R RS — W ITE A



232

Computer Science iTHEME#  Vol. 50, No. 10,Oct. 2023

FE S TEBA T U RO B R AR AR 0 1 R 2 Ak B B SE A
ERI A . SRMTAEAR 2 53 F , 9 MUF X — B 30 AR 2 R
MY 3kl R BRI T K2 R . HC 5 GES WU 75 275
SUFENA BTN —25 B IF4h . 0085 i TR e R AL PE 4
D)1/ VAR % -8 (o ) M b XX (0 N =Y L s B ) [ D 5 ()
Y5 GES 1 7] /2 25 5y B A Jmi 3 fuc 6 i 45« 5 B0 22 3R 31 1y
5K 52 REAM B K. EvOS I ST 18 S 2 gk
8 2 A 15 B I 2O I 0 2% 5 T A R A 0 OO0 K
25 18] b 0 T A P A 1 B A Sk S B

AT R N T8 AR S H T ok i 2 2s Ak IRl R i) — 2%
J7 8 WAL A A AR AL, A Tl 5 10T i 2 g 1) 4 45
RBE 2 B . DL 4 A 2 o op, R B T 4 2
A fiff ) 35 07 BE PRI, B FH A 9 Ak SIS O 3 S AT UK A0 i 0 R oR
53 RTE DAG 25 [ R SF 2 8 R W2,

S5 — 2T DL ST 0 4 3 R O 418 48 0 I L ok R — AR
HARAYAR . Larranaga 5000 08 T3 T Bk g I
I 37 19X 445 235 ) 2 0 2 o 46 F 2 B Sy 405 4 6 6 0 P A1
T N RE R B AT OR A . N PR IE R B R S5 TC R, H Al 1B
ERFXHR AT B IE . O T Rl 8 E B F, Etxeberria
AT fuse-DAGS™ e 4 3 415 F A £ 0 3K JR 3 f
PEEG R . 33X 2805 vk 2 B8 00 3 A FE T AT DRIE A 1 A vk BD
R EITC R, T T A8 R Y 5 R AT DL R T X —
[ia] &

B EN R W 4 N DAG 2 N E . S —4
DL 357 190 46 DA U8 4 e 2 i T G R AR Y R 58 AR L FE S A
2 o) R R AT AU R S A — . TR B, T
FF A8 R A AR 22 H At b e Kt BRI T 48 R s 1R) L R AR
WAE TR TIPS, Larranaga 0% #2 1 i K2GA L) K2
A A A DL T ) 2 DV 3 4 SRy T T B 38 N PR B, O A
ETHRATR BB R 52 5 R F MR A GA R %
LAY ST . Aouay ZEPVAE K2GA R 35 ) LK 184k A4 35
SRR e BT OB F B AR 1k B Bk (Particle Swarm Optimization,
PSO) 41 T K2PSO., S MIE T/ 08 Wu S5 2 1
B 3 T Y B4 55 (Ant Colony Optimization) B K2ACO, .3
D5 AR AR 4 T A e A AR A SR E L ) AR A L A
YR VAT 507 35 0 B A 30 5 B2 R K2 Bk 3 — AU R M
R T 3X B B A% . EvOS (8B SR BT 25 1) I 14 38 Ak 18
R R ST, RF Z A 7E T EvOS 2R A Y 31k 5 ik
HPE N R I AG X — 5 N T B K2 Bk R R A
A T A R A S 1Y TG 1) P R AR B A 1 R PR A
AT )3 o7 TR o AR AP B Ak S AT K e 4R I R A
X R ROCR

3 EvOS &%

AN EEZAN G EvOS I HESL, B R 3 ki
PR IR W R R R U T WA, b R
To 1] [ B 2 2 X A B Berh EvOS 55 2 2] — A 20 I A2
I [ MR 56 7 1Y JE 1) PR 45 4 . T 1) [ 2 >0 i AR R A
g A e AT BEAC Y K R LA 2 T AL R S 208 T AR R =S 1]
AT S T J5 25719 3 5 B9 3& B2 3EAG . SR TP R A

R AU N — A R TG ) R E ] R T A B AT A
VPO D 2T P B T8 N AR O AR BT R S (] B
ALY TR T A SOk R B e 1 7 . e & D
-0 160 255 4 e, R L 5F 2B 2 B RT3 S o2 I R L 15 5
RAM T M4 458 . EvOS i A aE 1 iR,

ToE A EE AL AR

i & E

B
A

B 1 EvOS s ERE
Fig.1 Sketch map of EvOS
3.1 BAEENSR’IE

4 BN=(G.O) R —PTUERESG V=V, Vo, V,} N
TR IR b G= (V. E) RRAR T HERIA [
JCER P ol BR g DL 307 I 4% (R S5 44 5 0= {6, , 0,5 -+ 0, } TR
BAT BV AL E BT B Pa (VORI AR R
Bl BR O DL I3 R0 2% ) 2 8. DL T IR 45 0 4 2 ) Tl S
SMF HEXRTEREV EBm AWNEIEER D C
R 2 S AR RV, LV, eV T B SE B R L LA 1) JC3F (8
G FRR MRV LB RS P (VO BEBHE BT 7
Ui i % X

PO =PV, [ Patv,) (D
Hp,Pa(VHFER GHV T L,

T 1) BB 5 S22 A R 2 Bt R R .

B% 1 GEAr MR ™Y &V, —A5 i, D 0 45 4
MR D PO R RE AR N AL E VL BRUE ARV, S B
A, WRBREV PIEERAZER N EZENERHBA
R IS A AR VOO N R S

BI% 2T R AT R A BBOE X F 3 2 7540 1k A9 728 &
EVHEBRAMERE G=(V.E).V SRS A
PO ARG R AEENV, €V, S QW HES Pa(V)
RS AR A B S e Sy F A TR AR R W AL B G=
(V.E) it B By /R Al R &A%

BRI% 3CRIEPEM B R e L e RS VTR
T ARV, RV, AT S A S IR A B E G LY,
MV, ZEM A K EHEAEREV PAEENAER 58 (d-
separation) 7 M FRAS A V BSR4 P 5K G 2T
AR I

B b Y T M AR 5 B0 A T VA A U g e T R AR
WAFTE . PSRRI 30T R £ 5 4 2 ST AT S5 v 2
N 2 b R R BIOUL I ) B AR R AR AR o T IR T R AR AR R )
N T AR S IR 11 OG FR AR S L X L 1Y S 42 M R 4 A A i
KA IR IS B — Fp AL R R X
JETE G5 M 2 3T 0 1 AR v AR R OR S LA AN 0 S Al S R
X H R — A ER AR . Spirtes Fl Meek!™™ ) TAE B £



AW A R TR AL T 1 A IR G DL 30 19 4% 25 4 2 o) T vk

233

1 R AFAE— e 03 A P WA N A AT 1 E R R G O
RERY AR AR W A WO Y L I B F Rl — A0 AR PR BE A AE
ZA BN G

I Ab A SCHR 4 DL I 30T 9 45 S A 2 ) D vk R T A
PR X B AT o R — A LESEEV EIHE,
AR, BT S F AR — 452 & DAG(Complete DAG, 28 &/
A A 22 () 30 A7 7E — 457 1) 30D AFAE — — Xt B 26 R L B bkt
—ANEMERE G=(V,E) & LHX YW SFEANT,

EX VW EFER)

0°={p:0 ¥ N K584 DAG J& G Wl )
Ho HMEKZENDER GRBENBEE, ME8EEN
S F— AR GE A 11 TR E G, HXF R A a5 5 A S e
— 1,800 >1,
3.2 ETAREFEINBRES

EvOS B3k 158 — 45 J& 2 30 1 A8 B0 (9 4 i1 06 &R B 4L,
PL—A T E s, X —# 0] LUR 1R 0 A AR gk ]
Bl A 410 5 T A5 B 10 M R 0 U 2R 4 (] A RILARE L by i 4
TR A R B 0 PP A N E . R DU 3T ) 4 2 3] L 4 )
XA 119 TG 1l ] B SR ATl 24 AR O i S R K 2R T R T 4%
0 S A 56 R ) B T A AR R S T RB AR AE L . AR, A
FHIE 1SR U, AR B A F) 58 SR i A0 25 SR CRIR 22 th AU 3% 1
T IR0 i B 3 T A AT RE AR A R FAT R M
MRV 5V, HEERTA [TV, V, | DM, X8 IT
ZFoR At ST ME RS 36 (Independence Test) o 41 5 ) > 28 B 4%
sy R 25 0k True; R Z 2K False; Z & A VAV, U
VO FTA ol fe 0 F 4 sl B XF T o A28 8 00 ) B, 75 2 i
2" — 2 WAL ST PR 56 T 3 AN A B E T A AR ) 54
FETERIE B, 0 AR X RE A MR A R 2 R RE /R Z 1Y . Rk, B
P 24 SR 2K T 3 A 1 SR FH U & =200 O 3 O 1 AT 4% 1R A S
X, W MMPC 8.3k i 803 £ 20 Bl FARE TS
— AR AR B I R A /N ST AE 9 AR e AR A XA 4R
EHEFEERWLF AL, HERFMWAERET BN X
IR AR T AR R S T RE A5 R ST 5 R 0 A AT AR
BE 25— A~ ik fie /N G IR de I I A8 d e A T AR H
PRSI F W S R FEAR S, EvOS 3L 58 — 0 i
W B AN FUJR X 8 R s [ R AT — 22 A 24 8, X TC ) T AE B
PG BE 2SR I A IR 48, B Rk UL, EvOS 1Y B 4824 2] e ip
SEEN TG B AR R A 2 . RO SCHR T — R
87 200 1) i T 4% 2 7 P A 56 1 T Il BT B R S O kL T 4G
TAZ 7R R O I T A I A S0 A A AR R A B BB IE
W, A AR E S NE L,

EX 2088 BHES)

Nei(V)={V,;.V,EV\V,,IT(V,,V,;|S)=False}  (2)
He, S=V\V, UV Bl V BTV AV, T 728 5 4 i i 4
. SBEEAXTEANZRVY, & B AR 4 7 Hob B A 78 5
YEREZMHEA T HV AR 5 A mES. Bk,
WRV, € Nei (V) b —EHV, € Nei (V) , H I AT LR 5 i
T A5 4 AR A O A 2 T 1] [, T T A A B R IE T KRR i
B4 BEAE

EFE1 HE DN MK G= (V. E), X T

B—ANYWEV, A Pa(VOSNei (V) BIV, 1 G R FES
MU EERAERES T,

WA SHE AV € Pa (V) MR 38 20 (1) f T 43 it I
KA ITWV,,V"' |S) =False, i X 2 A[fHV" € Nei(V,), A
I, Pa(V.)SNei(V)),

HAAEENRE, EH 1 LR TR EES WYL
FER S AR & S ArE— 2 2 Y3, SR B C
I [ B 0 R T UG 09 5T 3 N R AR L e A Y
P £6% 25 4 TG EL 45 G HK, R IR SR M T AT & B B EvOS 2
TR A FH 2 28 S 7 R 18 R SR AR PR A 1Y
3.3 TARF#EZ

A A T T 8 A T A SR 9k A5 3 AR ] 1Y
TG 1] B 2R 3 R KA 48 EvOS B A% O BT 43 o B 4o 4] ) A
T I B 5 AR R 8 & A R B R AR T S

5 — AT Guag 55— A ST 00 AT LURYE o
P R HEF R G o TR AT 5 ) H Y SR TERT A Y
R R RZA TR . BAAME G, 284R.G
AR, R A EHE, B2 AT A R
By 7R 1) A2 s B, B F (1,2.3,4) 5 (4,3,1,2) 43 4
R4 AT AU o8 4 T 1A B SE ) A5 B 0 AT 0 A TR R 2
JiR

O
1 2 3 4
:>

0"
N
o0, :.':

P 2 7 E 1 o e S A

Fig. 2 Example of node order orientation process

FHEVA W TEERE G5 8 2 AR DL 7 R 46 1 454, R
I 45 7€ W LN A D, 7T LA 3 BDeu W43 A0°F

S (G DY=2 2(log I'Gmy +a/(1,)+

i PGny +a/rig)
A»;llog I'a/riq) )

Forf,n AR AN v N SV RSB ¢ MRV AL
T AREAE BT Gamma PR o BB S H my AW
MWEHE D hAE VRS e HRW RS HE N 7 A

i=1j=1

3

BBty = Yoy . WSRO ULRETR O AT B W — S 1
1 P 2 20 0K A T T AR 4L 5 28T Bl 50
B T — 52 5 B0 L T BDeu B4 11, g, 3% PR 155
TR 15 501 AR A A HORE H R X R & — R
A5 PR — A A A A RS S B R
B . DAL A SR GG 1 P T 509 R
T T A0 T A 5 A T P B 2R R
0 BDeu ARG R A Tk 32 1

1T ok KA AR 2T A 03 I 4R AR
5 190305 97 8 2 S (T 40 R 3R O 4 A



234

Computer Science iTHEME#  Vol. 50, No. 10,Oct. 2023

Wk 1R,

BEiE1 WRIPEERBREEE

FATE1 B 2R Guag s WL D, 38 5 A E max_epoch, 343 b6 4L

f5pea (G D)

iy < Fe AT R o ¥

L. BEHLR 45 A5 57 FRE pop

2 AR Ty HHEEAM o 4 Gua 2 15 155 4045 11 SR I G (0940
o (35 N HE A AR AF B i o »

3. for epoch<— 1 to max_epoch do

4. fHEH ERETF T E TR

5. VHORLIE N E T AR A R B B R — AR E pop’

6. HHio

7. end for

8. Hith 0"

Horp, E AL AR 5 B SR AR Bk v A SR T B
— AR AR T B R A SS AR AR b i R — AR A O
s, HE S TR AR E S 2T, Bk 1 Bk
FHRG 3 Rl 557 43 590 2 T e 38 S 48728 S A DA B o 0 3o
BHET.

COMR 38 SUBE I, e 38 X5 3 0 6 48 — A~ S0 HF
AR — Bt F 7 5 1 Of B8 JLAE 53 — AN SCBEAS R v 9 IR 3k 7
AT BIPASSEEA R 4 52T AU (1,2,3,4,5,6) A
(3,1,4,6,5,2) , LAETE S AN SCBEAS R P BEBLIE B 3 A4S a5
P, A8 2,4,5 3% 3 A B HXF R Y 505 40 e 1.6,5, (R H
B T X 3 A sl 22 A0 i Hofb 47 B I 2 B AR A5 80 (3L %, 4,
x:%,2) , TAT T AR 43 . B x IR 46 45 8, 4 JESE — A~ AL
FEA IR (1,6,5)3% 3 A7 A AT k47 HES1 L 43 2055 — A F
A R(3,1,4,5,6,2), [AIHE, W45 W A S A7, B — A HE
AL E BB A FRAER,4,3.5,2,6), PR XLH
F I — A HRAE S AR B 3 TR

3 T A8 LS A
Fig. 3 Example of order crossover operator
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Fig.5 Flow chart of EvOS
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Table 1 Parameters of benchmark Bayesian networks
RIES TR i % HH B
Asia 8 8 18
Sachs 11 17 178
Child 20 25 230
Insurance 27 52 984
Alarm 37 46 509
Hailfinder 56 66 2656
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Fig. 6 F1 comparison of EvOS and baselines on six benchmark

data sets(the higher F1 score the better)
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Fig. 7 SHD comparison of EvOS and baselines on six

benchmark data sets(the lower SHD the better)
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Fig. 8 Comparison of running time of EvOS and K2GA on

six benchmark data sets
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Fig. 9 Example for knowledge structure learning
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Fig. 10 Expert defined Bayesian network structure between

nodes of knowledge
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Table 2 Performance of EvOS and comparison algorithms

in knowledge structure learning task

7k Fl1 SHD EAT EE /s
EvOS 0.584-0. 04 6.641.1 199414
K2GA 0.6040.03 6.340.8 39644129
MMHC 0.2140.00  13.040.0 <1
GES 0.2974:0.00  14.04-0.0 <1
PC-stable  0.2240.00  13.040.0 <1
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Comparison of effectiveness and efficiency of EvOS

Fig. 11

and benchmark algorithms in knowledge structure learning task
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