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Abstract Recently, Bayesian network (BN) plays a vital role in knowledge representation and
probabilistic inference. BN structure learning is crucial to research on BN inference. However, there
are some disadvantages in the most two-stage hybrid learning method of BN structure; it is easy to
lose edges with weak relationship in the first stage, when we learn the super-structure; hill climbing
search method is easily plunged into local optimum in the second stage. To avoid the two
disadvantages, the super-structure of BN is firstly learned by OptOlss algorithm, which makes the
result miss few edges as much as possible. Secondly, based on super-structure, three search operators
are given to analyze the random selection rule of the initial network and address the random
optimization strategy for the initial network. Further, SSRandom learning algorithm of BN structure
is proposed. The algorithm is a good way to jump out of local optimum extremum to a certain extent.
Finally, the learning performance of the proposed SSRandom algorithm is verified by the experiments
on the standard Survey, Asia and Sachs networks, by comparing with other three hybrid algorithms
according to four evaluation indexs, such as the sensitivity, specificity, Euclidean distance and the

percentage of overall accuracy.

Key words Bayesian network (BN); structure learning; random search; super-structure; hybrid

algorithm

OB OEE R, N et A7 M % (Bayesian network, BN)E R # 2 it A TS5 MR IR 5 @ L FEEAH R
METEZHOER. AP .BNEMFILZBNBEREPH T LR A, 2L BN LMY 2 HBEREFT
HEP . RE2AE— RBP4 | MBEAOREMNFIPHEEE S EZRABRAGANGRA; $ 2 o

W EE:2016-09-20;1&E HHA:2017-02-21

E&TH HEKARRSF RS T G H (61432011 5 42 R I # AR 5T 1R B0CA 5 4 T 0B (U1435212) 5 B 5K A AR BL 2 3 4 18 75 5 4E R
FAEATE (61322211 5 F 5 A RFHF R4 H (61672332) 5 i [ 1 4 5 BF 5 5 4 00 H (2016 M591409) 5 111 PG 45 1 4R B 2 k43 01
H(2013011016-4,2014011022-2)
This work was supported by the Key Program of the National Natural Science Foundation of China (61432011), the Key Program
of Plan Joint Foundation for Military and Civilian Sharing Major Research (U1435212), the National Natural Science Foundation
of China for Excellent Young Scientists (61322211), the National Natural Science Foundation of China (61672332), the China
Postdoctoral Science Foundation (2016M591409), and the Natural Science Foundation of Shanxi Province (2013011016-4,
2014011022-2).



Bl 45 B TR A Y BN AL 522 ) Bk

2559

fe ol 38 & Sk B A RN B 3R AR W P AR xT X 2 AN FML F R R A OptOlss Sk 5 TR %M AT
fesbitt R B IME DN R H R TAREMGIL R I T 514 W 24 09 FEALIEAF LN Fo 2F 47 45 W 44
AL Ko, EERBETRBEMNORAIE 26 SSRandom £MF I L k. ZHEF—FRE LT
AR AT H B ok By R RARARAL ; B )& /£ AR £ Survey, Asia,Sachs M b, i@t M Fa0H BRILEZIE
B R ERE LA FECH IHREFI L AN ERA S BRIET ZF T A0 R4

M AR
P34
REZESES TPIS

D1 H- 3 X 4% (Bayesian network, BN) it B
N T BB 2% BE 2w I b B3 AR R I — Fh & 22y
B BRIz N T A R AR L BE YT 2 W L
B A T 4 I 43 AT 45 ) . L BN A 3 0 R
H A BN B 58 #9382 2 3 22— 2 A5 B 4 1] 1
JH B i 4 LAl

BN 23] B AL L5 25 M S g
2 ¥R o AR FEAE P TR H LM M. |
Al X T BN 2544 2 o] Bk KRBT 43 3 286

1) 3T 247K (constraint based, CB) 8% # 4 #i
BT EES L RDVR e 22 20 15 Bae P iy AR,
Xof AR g 22 [R] B AR P A AT DU K 43 A D A& AR i 2 TR
R G 2% 5 SR ) P 3k S ARORE M OC R A 2 BN B AY L 3%
KPR RS 2% ABAE — SE R T AT RLAS B A
By BN 4544, Jf HA kT B 2 0 =L i ) 52 24 B
ZRFEIWEIE S THZEEZ MR H T BN
Ghikbre .

2) BTV R WA BN I A AT RE Y BN
ZERA ML B AT R R E X R B W
BN HEAF T4 DL R4k R A5 50 50 19 BN 254,
R A TR SR L AH AT 43 bR R 18 B A R
JE TN G5 AR 48 2R % R] DR /NS I A% 1 5 45 B0
3 H DA TR IR 1) 52 2 1 i (R R A - D 48 28 19 U
P AT R T 4y 2 B K2 B @ ik R
KA R RO IEAT RAR ST 73 55 R R B L RGE &
TR R EUD RS ACHR B Y BN g4 5 ).

3) HETE R TATHIR A FE 1 gk
B Bk 2 REENIL R m R T AR Ik
R G SR AN PR OC R A Y 4 Y B AR TG )
HEZE (skeleton) 1% SR Ji5 56 T 0 G 1) &1 #E 42 % i
A8 RF LKA 3] 4 BN g5 4. Ho g L (R A
238 4 MMHC (max-min hill-climbing)™™. 7E
MMHC & & th, i 45 F) I MMPC (max-min parents
and children) 875 15 21| [ 2% (1) JC 1] & HE 42, SR )5 A

Noet By M 285 25 5 3 s R R AR M REF Ik

HIE L 5L 15 3] BN 4544, {H i+ MMPC 15 3] 19 6
] EIAE B8 rh2x 550 A 1Y — e, RVAEAE 25300 [n) .
T30 T M C L B AR BT R R R B I
NSRS =30

2014 4F , Villanueva F1 Maciel"" 2 it — F 5 %%
2> BN # 45 #4 (super-structure, SS) ¥ OptOlss
B ZBE BT BREE S OU T — e B EE L] DLk
1 55 14 20 57 P4 (conditional independence, CI) iz
AR —ZUE R L B 72 9 £ (approximate deterministic
relationships, ADRs) &% [a] 5, R AJ GBI /D T 55 56 &
NI ) R PRI A SO M SR 14 T i i 2
Mo ) B ST BE AL R OF 5 TR D
A 5y AR ARL R) AL, & iy — ol 5 T 8 25 ) 1) B AL 4 R
BN 4544 (IR & 2% > 5k,

1 EfEiR

AT FEA 47 BN B A5 HDE A o LR 25 4
FEZE Je o OptOlss 2% > Bk,
1.1 BN #E 5 H T4 0

BN #5802 B8 M 90 1 25 A1k, 2
A m T K (directed acyclic graph, DAG) %454 F
BEAS 1 5 AH X R A 4% 18 K 2R 43 A & (conditional
probability table, CPT)#a{. %A v] I 4k TR
W M= (G, P), Hh G=(V,E)FmR BN 1 DAG 45
.V KRR RS E KRR A Sz i (R] Y AR
HARB R s P RN A s R CPT £ 4,
S B AL 7 05 A 22 ) P AR

45 E R D, BN 548 2% 5 5 B b 3R A
S5HAEE DA R E A DAG 4584, 70 W 4
G5 K8 55 R A BOHE 0L R B 0 oR BB Ry T bR B
QAN 2 s T G S A V1 o = SN 2 s o |
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Fue (DI M) =log P(D| M,é>—§1ogw,
Hih .0 FRg SR D X M R KRS

$id= D q(r,—1) FRBRKBEAq 2T
i=1

RABRV, BT G Er ARV, IR
EANEG N SR REA R ARV,
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X BN G544 Y IR & 2 5k — ok 3, 1 e
TR G F A TG ) A AR (KT B R 45 4SS
SRIGTE SS YR iz 4% R0 70 07 004k BN 45
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EX 1. #EEH SSU X F—4 DAG G, #
— AT LS ¢ R I ZE WA . B 5E 4
%1% DAG SR J8H , W FRiz G ) K e G 1) —
A SEABEEH L 15 IR R AN 58 4 45 4. 25 To ke ] 156
B R SO 4 2 A A A

AR VP2 2 W T BN A5 1Y 7 ) 5
yRbere1sl Hoth, Villanueva Fil Maciel™ # H
OptOlss B T 847 B ROR . % 3 fl ke 1 1E
FEA AT BRI B0 T HA 8 450 27 ] Bk 4 5 th
BEY 2 A ) 1) CT I3 A — By ) 45 2) an ] 1
JIr7R ) ADRs [0 80, BV eE 5 1 47 7 5058 ¢ &R 1 1)
RO, R B TS AT RE 2 .

Weak :\ ,
Relationship -~ ADR

(a) True DAG

@  ®0
il &
Missed Edge \ S
N G ___.-" Testing P(4,C|D)=P(C|D)

(b) A learned super-structure due to the ADR

Fig. 1 An example to illustrate ADR problem
1 ADR ] 8 i B 7 1)
F I A SCR 2 OptOlss 536 AR 3K 45 BN
GhE BRI S AT R AL R LB UL A BN 2544,

2 BT SS HWFEHE F S HE % SSRandom
TEFT Opt0lss B LIRS SS YRR [ AT £

BT I 1L B3 12 v o 285 i 24 445 SR 00400 03 45 4 B AR
FER B ) A R FR A AE A [ AL BF 52 2 T SS Y

BEPLIE R A, HARH, BT SS Y 3 A i
RETRIG o Hr 3T SS B4 16 W 2% 1) e AL 12k B
FUIN 32 55 Ve 45 000 1h I 4% 3kt 4 B A R 95 A (L 7Y
BEBL AL AL 5 W o 3 — 20 42 H T SS W R AL 48 R
(random search based on SS, SSRandom) 1) 2= >J
HE.
2.1 ETFSSHBREF

A 1 BrBefs i ny SS 28 & &t BN
BTy ) JE B ET A I, i % DAG B9 3 MR
(ERNRECE i

D WA T 0 O, ZE T AR FIEIL
BRI T B S b 0y i — 4> 5 e
JE U B Y | DAG .

2) WHE T CHE Osy,. BIZE ST DAG 2=
— kil

3) ¥ 5 a1 E T e E Ok BDKE 4T DAG WP i
— SR T5 T AT B

o L VE R SIC L AR R 03 A 300 i A
PEOZ PR UE 1% B AT £ 47 T8 I8 B PR 455 468 3k X 4% 475 2
DAG 45#4.
2.2 ETF SS HI#1%A M 4& i B A 2 BUAR I

ENX 2. BT SS kil DAG SSRDAG. #
5T SS Y 3 FE RAE F X B DAG FEAL#E 4T —
H i 22 Onaa s Osa » Ore, B 1E J5 15 2 19 DAG, B AR
HiZ DAG 3T SS yEEHL DAG.icfFE SSRDAG.
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VB R 25 2%, I 76 L 3L i b 4 22 0 4L, v, 90 b6
TG 101 X 285 R X S B AT D 4 B s . AR SCER T R T 1R
o 2% 2% I 5 5 00 IO 2% B0 I I 28 SR T IR R
FRATT W0 e I 25 (0 E R R AR B SS T A . HORAE
A IR B I FTEE T - 45 B 2 T ) i 38 3 O B F
BEBLES 0 — A5 ), IEBEMLIE R m A m A
SSRDAGs, 3% BIC 1573 % & B9 SSRDAG 1E k%)
TRAEAL G°. AT IZ ) R I 28 1 326 438 A I 1L 2 o i
A 2D D E R T — 252 V) IR M4
S m A TPAR IS 4 R A Y. A AR X I R B Y A
3 I 28 RE T B
2.3 Xt HI%A W 4% B RE AL AL 4K ok B

T mMeg ¢° hE & SS th Y ir A L m
3 PR R A Ak B R 2 PR Osa, FEE J5 1)
Ore A ANTF LU TTI0) Opag BAE. IR R AT, B 58
Hon G0 VE R YR AL R R RL G AR5 B HILIE
FE Os, Al O, B24E m K455 m 4> SSRDAGs, i 15
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B G (1<j<<m)3: m+1 4 SSRDAGs ##% BIC 154y
HEATAETH T HES B A5 45 e e I 4590 Sy > i 99 45 A
G,

J T AR Y RTINS G I IRk 4 R
B A Bt P 51 A 2 4~ SSRDAGs ifi #l 58 X
(R AE .

EX 3. 2> SSRDAGs HIBEHLAE . % F 2 4
SSRDAGs #5551 , H B #1158 S F85 B AL BE £ 1 %55 45
s LI AR e RS 2 AN
SSRDAGs [y #:1E.

Bl 1. X5 T WL — A TAE R A RS G
M S FfitidEE LC /) BN sS4, B0 H DAG 4549 6145
A A A, S) . (G, S), (S, LCY>, T [ LLiZ M 4
B — MU & I (ALS) (A6, (G.S), (S, LC),
(G.LOYy SS il 40 Ui B H: 2 4~ SSRDAGs (1)
Bl ML S L HRAE.

(a) SSRDAG; (b) SSRDAG,

1Y

(c) The crossed SSRDAG; (d) The crossed SSRDAG,

Fig. 2 Two SSRDAGs and their random cross results
2 P4~ SSRDAGs 5 H B 58 &5 R

XFFE 2Ca) (D) HiH) 2 4 SSRDAGs, {2 381411
BEMLEEFE T 95 256 (A GRS LO) , I HAZE L E
M mES. e WE 20 (D a2 D
SSRDAGs.

PE— 2B A8 m 1 A HEGF 7 B9 A5 7 v B HIL %
HEFF YA 2 DRI TP — A gk ¢ L IR SR
m—1 A — AR FEAILSE S 3K RE 5 45 73 B A KA
2K BE AL SC U E A 2 DA — 5 10 B 3 4 A2 Ik 23 1)
2% L B Hh X 2 T I 2% 1 e R AR R L ol A B A JR) B
fH. I BB AR B 2 4> SSRDAGs H 153 73 45
o FY IR S A5 SR 1 B IO BR 48 R LR AT m IR
IR R I RERIC N G (I<<k<<m). $£FH . X m

NG A<bk<m) BRI &SRS ¢ A A
BRI MESERURTMEG ¢ —HIEH, HZEik
FNE ARG R R B 5 14 A BN BCRL) DAG
Ghith.
2.4 SSRandom =% 3] &%
BN 25444 2] ) SSRandom 57 1y H b5 J2 & T
SS BEHLIE R i BIC 137> 8 B9 BN #2815 DAG.
KESr R 3 AR
Stepl. 3T OptOlss B354 BN ) SS;
Step2. 7E SS H:Ali b, X i 4 JC 1] £ B AL A
Onaa BT U5 0] BRAGAT 3 e s AW AR A A 67 A
NG HTAER G
Step3. i I T Osa, BV 7 18] T Oges X
G BEALIEAT m WALA , I H v 23 I 2% 540 73 0 28% ik
FTBERLAES S, SV DL — a8 WAL 38 45 2 AR 53 I 45 3kt
SR BN R TR G F A AR AL R BN 2544,
AR AR i 3R a5k 1 B
&% 1. SSRandom & IE.
f A B DRI UEL 0 BEHLIE R EL m 5
it AL S BN 1) DAG G 4544,
i OptOlss By NEUHE 5 D h 3R 15 8 45
¥ SS;
while 75 PR n 8083 41855 2 do
for i=1 to m do
I Ona B F 5 BEHLERTS m 4> SSRDAGs
BALCG s Gy G s IX BB 5 43 31
Ja ¥4 8 SS Wl T i1 5
end for
VIR IBIRL G° ‘_arlglfrfiix Suc(G)s
HHEA G <G5
for j=1 to m do
BEMLIE S Oso, Bl O B AL G L3R4S
SSRDAGs G* ;
end for
Sort(G" .G+ G, Gy ), A% BIC 1847,
Xt m—+1 4 SSRDAGs AEFFFEHES 5
G <Sort H 5 = 1573 1 [ 2% 5
for k=1 to m do
G <M G" I Sort HIR E A543 1) B £
BEHLIE— > 45 5
G SRR m—1 AP E A AT
BLsE X, 1% 2 1~ SSRDAGs M 4% G'°
MG s
G <arg max(fuc (G ) fuc (G275



ARV S KR 2017, 54(1D)

2562
end for
il fre (G D) <fwe (a{gﬁ{nax Fue (G ) then
G ~—arg max fuc (G )
end if
end while

return G<G~ .
2.5 RBIEEHRMESH

f£ SSRandom 3k . 7SS SL Atk [ (1) Bl HL 48
FHRA; 5 1A for JEFRJE BE MLk ££4) 1h N 2%, H i)
[0 52 4 B R OGn) ym FoR BEALIE RIKEL. Sort HEF
S F PR HE e i LI R) 52 2 2l OGm log )
Hom RoR om WHENLIE R 5 AR5 1 m >4, 5 2
ASFIER 3 A for 4F 25 /2 BEAIL UL A6 9 46 199 2 . FE i 1)
SERFEX N OGn) . BRI . 2 A AL 48 2 5300 3 40 It
8] & 2% BE A O(m log m).

MITE SS i B Al b, o 2% 08 1 H A 53 36 1 1k
BN &5 ¥ , a0 725 77 7 (brute force) Fl J€ 1 ¥ Chill
climbing) & , A 4 F5 B %5 88 43 My FL B[] &2 4% M 1
. B SSAF M TE W LB e BN E LT

o= VIVIED e v e | 47 08 1t A+

B T T 3 ) LA B RE AT 40 A

D @ik, i T2 T ) B ) e 2530 5E W,
1117 455 2% 300 0 A2 ) 155 LA 2 Fof o PRLTT 5 2 1) I 486 48 R
23 (8] N 20 ORI R B2 2R 0 O29).

2) @Ik, T HAS 2 0 2% 25 1] Sy 48 R 5 %k
209 28 A — N L sl i L B 30 A 8 A I 4%
B H A AL SS BYEER b AT 1 (0<i<<e) 547 0] 381
FI8 254 I 1) 246 114 Ak 2 1) 24 1 0k

2e=2(e— 1) +i+1,
Ho, Ce— ) Rom — ML 7= L9 W 28 8. 2 A4
3 S ZE 78— ORI 32— YR B 00 D 7 A R T 45 A
R ¢ e RSO0 N 2L 26° AL 2% SO )
BN OC).

Hi . 75 SS BRI 3 b5 12 (0 I 18] 52 4% B2 0l
Nz 1 PR .

Table 1 The Time Complexity Comparison

F1 BESHRETLL

/]

Algorithms Time Complexity
SSRandom OGm logm)
Brute Force 029)
Hill Climbing OCe?)
Notes: m is the number of random search. and e is the number of

undirected edge in SS.

WH L RKZMWHOT BN A MBS KT
BBV B — R A T FRSE 1 rBR
SSHTmBEL e=> |V | B E DM & V], B
O 24 735 5 K0 i L 28 7 3 AIE 1 9k 0 48 2R 2 ) 45 8%
BE AL I8 2R 53 1k 148 2R s a) D B8 i, AR SO 3 5
SR AT R Y [V 4352 6,8, 11 H A SCHY R AL
HREE m=10 if, KZH 8L T L H AL BN 454
BV E RN M S5 R, v] UL i B AL 2R O I L b
CE BRI R LR

3 XBWERELHHN

AR TE bR v R A b R AR SO 4R 5 LA
L EAR 3 Fh BN 45445 > 5k, 430 5 bn fE 45
16 4 J7 EPEARFE A5 b (8 6 L 2 A 56 T AR SC T 4R
212 PR RE.
3.1 ZURESHES

SR B T 4 RS Windows 7 4b 3L AR
Intel® Core™ i7-4510U CPU @ 2. 00 GHz. N #F
4.00 GB.

A S e RIEFE IR P ED T RiEF AW
(¥ bnlearn T H AL 92 B, 5256 3% F A7 i ) Survey,
Asia, Sachs =ANRILE W 48 25 4 15 L n 2 2
71N S R B T AR A R G e gk S R o R 2% 22
o 32 A AR S A AL R
Table 2 Three Standard Structures of BNs Used in the Experiments

F2 XWATRAMN 3 IHRE BN &

Standard  Number

Number Minimum Maximum Average

BNs of Nodes of Edges  Degree Degree Degree
Survey 6 6 1 4 2

Asia 8 8 1 4 2
Sachs 11 17 2 7 3.09

3.2 FMriERR
BN 544 ()27 > 45 F 38 1 R Sn(sensitivity) |
Fr & Sp (specificity) . Bk JL B 1 5 % Ed
(Euclidean distance)™" DL J 4% 358 X B 4% 1A AE
R Pa(percentage of overall accuracy) PU-~38 #r i
FPVPEANY. & 46 b BARH AR I F -
1) RAEWYE Sn. W IE 8 2 B 09 3 & 52 BR Y
O A AR bR A BOR . HoAs AR m ol
Snzia
TP+FN
Horr, TP R B W 4 v A3 3 i B Al 2 09 3 19
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A K R IE B o7 21K FN R HEfE ) 45 o
A B 2 R T A B B2 R R A EL

2) FRUPE Sp. FOWRIE W o7 B9 TE 3 S BRTG
NN VX L AN IR DN Y TN )

S TN
P=EPF+TN’

Horp  FP R 360 W 28 vf JG 30 AH 2 A 30 1 S5
BRITAR 1 A4S 850 TN 3R BE o N 45 vh o i 1 H 2%
HH G R4S B, BV IE B 2 G BN B

3) WRJLHAERE B Ed. 2 W2g H 4 5 B S W

2% 2 18] 7E R EG 25 8] 1) 22 B0 L 48 AR (8 /N A%
AfbERN
Ed=/(1—Sn)?+(1—Sp)”.

4) BERMETH A Pa. 208 IE 85 B9 A 18]
T IE 8 27 T 19 TC 1 A Ll R o B B2 o] T A 14 0 4%
23K 0 o AR E L % A b (LB AR . A A 3R
NA

Sn+Sp

Pa= 5

3.3 Z#RMWEESF

S 3 BN L AR SC BT 4 ) SSRandom Bk A
B A MMHC, Hiton+ HC (bnlearn T. B {1 {3
) Hiton #l HC # & K & MK 4. GS + HC
(bnlearn H# 1 Grow-Shrink #l HC MR &) = Ffr
ZE ) 22 ) B TE Survey, Asia, Sachs R 4% | 1) 5256
G N e Fe bR £ Sn.Sp.Ed. Pa U4,

BT AR ST 4 7 3 5 B B B335 I A PR AR
FFEALIE R K ECm B BHE. ﬁ‘ﬁi%qﬂ Xt F a1
WU %1 n=100 Fl n=300 iX 2 F o ; % T m
(LA % 1 m =10 Fl m=30 3% 2 F g L.

XF T SSRandom B3k, B A I L T 2% > 5 Rk
A3 00 T Al 3 Fp B L IE AN X 2 280, BT
DA TT o045 St ie. I 7E R R o0~ FE R ks
17 SSRandom 5532 1 AH [ £ 4 46 I, 8] 16 3 47 H Al
3 R RS BN g5, B 12 20 CHI 4 X 5) Yk
5 W BARSCIR 45 R an gk 3~5 MR E 7 ROR
FE AR T SR U 19 525G 25

Table 3 Comparison Between SSRandom and Other Three Algorithms on the Dataset of Size 5000
£3 MBAAEN 5000 F SSRandom 5 H fth 3 B L LWL R xFbL

Survey Asia Sachs
Algorithms n m
Sw  Sp Ed  Pa Sn  Sp Ed  Pa Sn  Sp  Ed  Pa
10 0.967 0.992 0.042 0.979 0.900 0.938 0.124 0.919 0.647 0.940 0.358 0.793
e 100
SSRandom 30 0.933 0.992 0.068 0.963 0.925 0.938 0.111 0.931 0.659 0.933 0.348 0.796
(the average
of 5 times) 10 0.967 0.983 0.043 0.975 0.900 0.942 0.123 0.921 0.671 0.951 0.333 0.811
300
30 0.967 0.992 0.034 0.979 0.925 0.946 0.101 0.935 0.682 0.946 0.322 0.814
MMHC -
. 0.725 0.994 0.275 0.859 0.644 0.978 0.357 0.811 0.197 0.896 0.810 0.546
(the average of 20 times)
Hiton+ HC _ _ -
R 0.725 0.994 0.275 0.859 0.650 0.999 0.350 0.824 0.329 0.920 0.675 0.625
(the average of 20 times)
GS+HC -
. 0.742 0.994 0.259 0.868 0.513 1.000 0.488 0.756 0.241 0.935 0.762 0.588
(the average of 20 times)
Table 4 Comparison Between SSRandom and Other Three Algorithms on the Dataset of Size 2 000
x4 HAREHN 2000 B SSRandom 5 E fth 3 ME LM LWL R LE
Survey Asia Sachs
Algorithms n m
Sn Sp Ed Pa Sn Sp Ed Pa Sn Sp Ed Pa
SSRandom 300 30 0.667 0.975 0.335 0.821 0.875 0.946 0.150 0.910 0.624 0.944 0.381 0.784
MMHC 0.500 1.000 0.500 0.750 0.650 0.979 0.351 0.815 0..141 0.925 0.862 0.533
Hiton+ HC 0.500 1.000 0.500 0.750 0.650 1.000 0.350 0.825 0.188 0.908 0.817 0.548
GS+HC 0.500 1.000 0.500 0.750 0.525 1.000 0.475 0.763 0.118 0.925 0.886 0.521

Notes: The results of each algorithm are the average of 5 times.
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Table S Comparison Between SSRandom and Other Three Algorithms on the Dataset of Size 10 000
£5 HAREN 10000 i SSRandom 5H fth 3 #E LRI L& Rttt
Survey Asia Sachs
Algorithms n m
Sn Sp Ed Sn Sp Ed Pa Sn Sp Ed Pa

SSRandom 100 10 1.000 1.000 0.000 1.000 1.000 0.925 0.075 0.963 0.729 0.948 0.276 0.839

MMHC 0.900 1.000 0.100 0.950 0.725 0.971 0.277 0.848 0.200 0.892 0.807 0.546
Hiton+HC 0.900 1.000 0.100 0.950 0.725 0.996 0.275 0.860 0.282 0.912 0.723 0.597

GS+HC 0.900 1.000 0.100 0.950 0.550 0.996 0.450 0.773 0.200 0.903 0.806 0.552

Note: The results of each algorithm are the average of 5 times.

MK 3 A FE L HEA & IR 5000 B, 43 1E (n=
100,m=10),(n=100,m=30),(n=300,m=10),
(n=2300,m=30) PUFIE &L T . Bk Survey M4 - #)
Sp Fl Asia W £ F GS + HC J & ® Sp b,
SSRandom Hyk7E 4 Fhdgbr T 35 Lo FHAh 3 5815 3%
WA, H Pa 45 2 7F Survey #l Asia W 2% | 7] ik
90 % LA |, 7 Sachs W 45 b1l k3T 80 V0 . {H HoAlh 3 Fif
FIATE Sachs W45 111 Pa 80 RE17E 63 % K H DL
.o Bl 4i it SSRandom B A FR IR AL n=1300
45 SR A 83, 3% (10/12) B [ n=100 W} &F,
AR i 5 R4 | n=300 5 n=100 £ m=10
M m=30 3 4 P& T W R GETHS . TR BRAT
m=30 [ A 75% (9/12) (25 R B 1 m = 10 i}
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