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Abstract  As the core step of the data analysis tasks such as graph classification and graph similarity
search, graph similarity computation has always been a research focus and has been paid much
attention by researchers. Due to the complexity of the traditional graph similarity computation
algorithms, it can’t be applied to the task of real-time calculation of graph similarity between graphs
with many nodes. To solve the problem, researchers have proposed new graph similarity compu-

tation methods based on graph neural networks. However, although these algorithms effectively
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speed up the computation of graph similarity, there are still two deficiencies that affect their
performance; (1) Most existing works measure the similarity between graphs by comparing
node-level or graph-level embeddings, ignoring rich local structural features in large graphs; (2) All
existing works randomly sample the graph pairs, resulting in uneven structures contained in the
samples, so the model obtained from training is only sensitive to some specific structures, which
makes the error relatively large. To address the above two drawbacks, this paper proposes a novel
graph similarity computation method MB-GSC (Meta-structure Matching and Biased Sampling based
Graph Similarity Computation) based on meta-structure matching and biased sampling. Firstly, the
GSE (Graph Structure Extraction) algorithm extracts the meta-structures of the graph and construct
the structure distribution vector of the graph. And then, a biased sampling strategy RSG ( Repre-
sentative Sample Generation) is proposed to generate representative samples based on structure
distribution vector for subsequent model training. Simultaneously, the algorithm MSA (Meta Structure
Alignment) is proposed to perform optimal matching and alignment of the extracted meta structures,
so as to obtain the difference in shape of public structures and the number of private structures,
and then construct similarity vectors of substructures containing local similarity information.
Finally, the node-level pairwise comparison vector, the graph-level neural tensor network similarity
vector, and the substructure similarity vector are integrated in the model to calculate the similarity
of graph pairs. In order to comprehensively evaluate the effectiveness and performance of the MB-GSC
algorithm, plenty of experiments are carried out on 4 real data sets within 5 evaluation indicators.
Experimental results verify that the proposed algorithm MB-GSC outperforms other benchmark
methods, and can calculate the similarity between graphs efficiently and accurately. Specifically,
in terms of GED prediction task, the accuracy can be increased by up to 11.16% compared with
Meanwhile, the

number of training samples is reduced by an average of 54% while ensuring the same accuracy.

the benchmark algorithm and 7.45% on MCS prediction task, respectively.

Keywords  graph similarity computation; graph neural network; graph edit distance; graph

embedding; maximum common subgraph
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AR A — 2 T SR B R G DA IR R T
AR TP R BCE R W T g, S ARG L (3R 23 ~ 29
P s 2R AE U LR 45 R4 /N, M RIOR A7 TE
Biclique £5#4 , H#R H (55 30 47) 3 %5 T V. HER L |
RUSMYT A A ERA S R EHREHENS L &
BB R BUE S L R R RS R &R
F9 5 R AR A3 A R VL (36 31~40 17).

(4) % F Starclique. FI a1 L g V. e K7 CGF
AATE) SRR AR RS L Bm 0 s R
B K ST S B R (5 45~51 41) . % F V. AR L
R VAN S KA R B AFAE TS LR R
LR HMA LR SAAET RS L R HN S R
R BT AL O RS 52~61 17).

(5) X} F k-core + &l A% 3C H #2403 7™ 4% o
SCPHTT M b AN 25 Hy k- core 4 AR A 1.

&£ 2. Meta Structure Generation (MSG).

HA : B A @, W T

By R LAY s X AV

1. Ve<lnode in c], V<[] //MBEREEHT f 5%

2. IF w is Clique

3. V,<-maximumClique(V.)

4 SortV=V_ \V, by node degree (descending)

5 FOR each u€V

6. IF connect(u,V.)=>50% //connect(u,V)FE xR
w5 R VR S i HE L)

7. Append node u to V,

8. END IF

9. END FOR

10. END IF

11. IF @ is Star

12. wv=highestDegreeNode(V.) //EEH .05 5
13. V,=VA\{v}

14. FOR each node u & N(v)

15. IF connect(u,V,)>5%

16. remove u from N(v)
17. END IF

18.  END FOR

19. V.=N(») U{v}

20. END IF

21. IF w is Biclique

22. R<MIS(V,,mp) //MIS H B 5 f 85 1 mp A
23. T=<[]

24. FOR each u€V,

30. IF |L|<<5 or |R|<<5 THEN break

31. WHILE true

32. FOR each node u€ V \(LUR)

33. IF connect(u,1.)<<5% and connect(u,R)=>50%
34, add u to R

35. END IF

36. IF connect(u,1.)=>50% and connect(u,R)<5%
37. add u to L

38. END IF

39 END FOR

40. END WHILE

41. V.=LUR

42. END IF

43. IF w is Starclique

44,  L<-maximumClique(V )

45. T<[]

46. FOR each u€V,

47. IF connect(u,L)=50%

48. Append node u to T

49. END IF

50. END FOR

51. R'=(WVAL)NT, R<MIS(R")

52. WHILE true

53. FOR each node u€ V.\(LUR)

54. IF connect(u,1.)=>50% and connect(u,R)=>50%
55. add u to L

56. END IF

57. IF connect(u,1.)=>50% and connect(u,R)<<5%
58. add u to R

59. END IF

60. END FOR

61. END WHILE

62. V,=LUR

63. END IF

64. RETURN s,V
4.3 RKERMEHEEER

A AR AR BE T G385 30 34 5% TR AL J7 12 A 1)
SR B T % X A By 25 A AR AR 5 75 R L X
A ] BE T BOR A A 3457 T A5 1Y 1Y) 24 ) BE ) AN
1o o B R RS AS L [ B B L A IR R A o A5 A
RU G R A AR A I o A SCHRE HE —Fp AR R PE A
A A R W A T 6 R O 25 T K B A
AU B I RO 5 ER 2.

RRFVEREA A A L RN 4 iR, 78 B 3

25. IF connect(u,R)=>50%

26. Append node u to T

27. END IF

28. END FOR

29. L'=WARNT, L<~MIS(L ,m,)

11 GSE 53k $ HOTT 25 4 I Az AT fift B 11 45 4 73 A1
Ia] 2k, FC S e T 18] v 25 2 T A5 R I 20 A1 I L L B T
T B4 [ SR 2O kA G R 912 RSG 20531 A T
7% 5 S 1 v R B AL BTN g o A AR PR AR
ENEESIES
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A o) P .
f \ f Representative \
J:ID]I., E Cluster 1 Sample
B AR | [ )
uster
K-means O%O
j]ﬂ:l, GSE ﬁ Clustering @3 i RSG b,

iﬁ}@m

8%
-

Cluster 3

;

A
— &

gp

(&l
Tol el &

QEPE,

%

B4 i SRS AR PR A A

B T T 803 i H S BT B, A SCE ] K- means
VLT R IR 3 IR T R AR B B A
BVESS 2~5 4TI A GSE AR 545 H 20 Ai ) H 4
G EBIES 6 T EBHR R kMR REG N C=
(CLCoyeee s Gy I Co =Gy Gy b i €[ 1LV
B T~12 1550 A R R B X A 5 F 52 B X B L5
13 4%t 3K PR 2 [T 40 A LU B BRORE  H I 7E T AR
/i )R AR AT B A A TR RE L e TS R 2 o] R

= $7 3K}
(RSG).

WA EEEG=(G .G,

Hith: EIXTES GP={,(G;,G;) .}

. GP<[].E<[] //85¥ 51 m w4 &
. FOR each graph G, € ¢

Representative Sample Generation

1

2

3 u=GraphStructureExtraction(G;)
4 addu to E

5. END FOR

6. C= K-meansClustering(k,E)

7. FOR each cluster C, &€ C

8

9.  FOR each cluster C; €C and j#i
10.  B=C X,

11. END FOR

12. END FOR

13. GP<—aA+pBB / /4% L 4 BUkE
14. RETURN GP

5 EMRUETEEZR

AT E LA AP B MB-GSC B AH L
SEREA 5.1 AT R ARRE A MEIA 5. 2.5. 3.5. 4 4T 4y
FIHEA T SRR T B Bk A, o 5.4 4542
HH T4 DT TC 55 6] 55 5309 O A= 8 AR B 1) i
i Ja 5.5 W ZE ZPANUE BT B A AR 53
Bt o
5.1 #EZRMEEA

A SCER Y MB-GSC B ARUEE TS HEGL An 1] 5
JR AR B G B G R =AY JE IR A
LB S BOT 5, EE AR A AR B AR A A

A=C,XC, J 2 AR AR TR 2 T2 S LA A 1) A S A
‘r"(jéi‘;"\; 4 ] Subgraph Comparison N N
§ ’@ - ; { Matching N Alignment )
! A | Qb
(e & DB SREX
Graph 1 % 3 1

Graph 2

Sl s~ ”

h,

/ Similarity
+‘IE:P> Score

Kl 5 MB-GSC fE4E



7 LA AR BE T CEE A DT TC 5 A i SR A A TEURH UL 33 0 1 1521

D0 35 L 54 R I A 3 M R AR A R IR £
KO CAES 4 A7 1. X F 4 A B Xt 1 e
FR4EF 3R 2 2 GON A B0 — 6 2 19 5 0 e
N B T S Y 85 WL i T 3 50 4 A A R P % i
A B Z R A G B T KT AT 4% 2
B A o 11 G L A 0 P o 0 ol i I % 0, R
B A8 SR FH BN DG I 5% Wk A R 6 A I O 1) B AL T
V1 2 L 45 15 406 %o L X 4 7 45 ) HE 47 DS I T O 4%
G ] 5 6 08 55 O 3K 15 0 1 45 4 15 4 5 4 3 T
AT E AL R BT B R 3 GRS B
o7 P4 T4 422 190 4 1 J 2 PR AL 0D 8 23 .
5.2 HALEXE
5.2.1 AR

TEMAG ZREFER ¥ EP AL REAA
Gy TR 0] 1 P 3 AL 45 (GONE'Y) D)4 JE B2 4
(9 7 22 S W R A B T A AR A
T B B T4 0 R AE £ B TE SR 3 AT 24 5 A
B E R W T G=(V.E.X).V 3 4. E
AR XN R R S AR AE L e N R S L K
S HRAER, — 2 GON et F 75 208 3 it A«

H ' '=5(D 7AD "H'W") (3)

Hodt o Co) B PRB A = A+ Ly 245 H 3R i 40 1
HilE, D s SCFH T AR A R D, =
DA, WHERN K R RS N E AL H €

RYVE H T eRYVE HRIESE (R (1 2
TR H =X, 90 0 it AP 2l A 4 i 36w LB A
T AR A R AR BB A 2N s () e
NGO F R E 0 19— B 48 Ja 5 A CRLFE Y 45 n AR
B d, ST 5 RO 1. We RN R n 2]
MR AR M. (DO BT RN S RIRER G TR AT
Sn B — 48 R P RRAE.
o 1

i3t 22 GON i &4 7T DL 3RS 78 40 6 & 17 4%
SRR AR B RN A SCE T 3 2 GON 4R 15y
HRIR.
5.2.2 WKL

FAL T SCHRC21. 22, Jy T 4 AR ] 22 JR) 4R BE 1Y
22 5 R S Y A5 A SO BT B AR A A
JE. BB A BN GG, BT SR A U, LU,
WEET RN N, N, LSO VR A s S=U,U
TFEAF B A SN X T AS AR RN 1A
T b ol A 2B SR L A B AR ) L WO TN I A
AN AE A O A Oh71 A DRI 49 A5 EL B P BRI 45

h,w) 4)

HIE N W FESY Y, Hoh N=max(N,,N,). J T
A CH A FH T 6 R AR AR SCCKE AR AL A B 1)
fbh H(S).

U I A A G R A B ) bR T R RN R T
AR BNG  BT LA S HE S R e 2 R AL BE 4y
BOBA W SRTTE FIR T SR BT B i 1y
SO G — 1Y B2 R AL B & G G
HRA U, U0 WA 8] 9795 s 4 5, iX 2 30 T AN ()
(A DG HE B S T AR T B B 3R 1 2 [l — A~ %, 4
Kl 6 TR, Graph 2 45 W F A ] i 2R 2 1T 5
Graph 1 g6 B AR B T A TR 2K AR G HE . e LA
ARG HE 571 A 7R K T RE T BOM G HE B Y AL
K25 5 R I {6 45 D 2 ok AR 55 28 2 ) M BE Y K.
I 5 AR — o ) ] A5 s HhO ) X 5 R
TTHET.

:#:

i )

o I

Correlation
Matrix

Graph 1
P& 6 [ A 10 A ) A ) AR OG5 B

AR SO W) U1 1R 7R R AJE 35 R PageRank fH
Ry NG IHRRR R T4 49 A v 1Y PageRank
i PR, :

PR.—d+A-PR+T_“1 (5)
H,d JBHEHE F. A Ry B4 56 B, PR 15 5
PageRank fH [0 &, N N AN I€RY N 1 [0 &.

K7 s T2k S 2 RIS BROCR 1 R
RAGE— B Z 5 AT 3 /Y AH G RE B L B =2
SE R T IE 2Ry 2 2 AT 55

L1 e
. 1@3 IR
Graph 1 —— }
1 | |
= | Correlation
@:> Matrix

Bl 7 A R HER S B A O A
5.3 BLXE
5.3.1 KB gim A
AT AERE A TG RAET RN i
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Bl

Bl 2023 4

AL
=B

1] B8 D7 YR S X R ABC 1 HR SR TE 1 X )
5558 HAT AR E 2R A R s AR SOR b
CETE IHL X35 545 T AN TR) B BUAEL 1 A B R 2
) 8 SCR) T s AL 5 s X AR T i AT 52 M K.
A 5. 2. 15 Bk AR A T R AR LR R
uE R HAH n AT u, € RYF R mln 1R N
BAKA IR R Y Re R AN (6) IR

hZZa,,u,,

KT IPERGEAD S 2 FEBENEa,, 5w E

HE 2B T E ceRY, XA T S %

A u BOF3y 3R it — D AE L 1Y tanh 005 pREL
AT XA K BT S e iR AT .

c=tanh<<%2u“)w>

n=1

(6)

D

(8
Horr We RY VAU A . 3 k2 ) A0 [ W
R ST R e R AT R A T B A5 A i Y TR
A MR BN SCRE o 3PS AR A S ZAE B
AR AP A 0 BTEREAE o, ) B
7R e A TR R n 2 X Rk A B R AL
FUAT H ST 50 ) DA A6 5 51 5 T S B
¢ FRARMDURR B2 o B AT (BL RS 717 A 32 AR 45 B 1o 119 1 X
.

Lit BRI BIRER AR a0 9) .

= o {ut b (A X W) Ju o)

5.3.2 EIZHEL

X TFHER PN A b €R” by € RV, K HE (]
R ] A 8 B DR P R AR D it AR 3
(S FH 7 SCHRL35 T 48 Hh i o 28 5 B ) 2% (NTIND A
AR GE Stk )2 07 NTN E B A 30 LA P A~ 2
At . ASCHE A AR PN RAZ LA

a,=c(u *c)

h,
NTN(h,,hp—a{h}‘-wUfK -h,+V[h ]er} (10)

J

Hop WS e RPN AT Jk L [ R R i B
E.VERS PR —AAUE M, b€ R™ & & 0] 4t
o Co ) SR ITE PRER, KR 2 1 P A i A 87 2
) AFLAL ) 2 1 248 501 5 50
5.4 FEILX%E

FRARZN SN E LB FEE W RT
GERL P T Z 8 1 22 5 EBAE TR 45k H Ok
T B Gdix A s H 2% 18T a8 i A AN B AR 47 b Al

] T ) i SR 45 A SRR AR A SO RO B S5 A 4y
Br o B8 s o Jel et 2 OO L A BT 10 O B 1 45 4 A R
T G AL S DA B 4 s e A K TR 22 1) Y R
ERARIME. AL BRE T LT WA PR (1) g5 IT
BC 5 68 55 5 &t 6T DX (%) TG 45 48 91 & 348 47 DT I 5 X6 5%
XF T8 MU VC I I 28 A S5 48 3H 58 Jaceard AH BRI
TR 1 R 58 B UG BC 1) e A &6 0, 1 F 3 80 25 %
(2) 45 ¥ AR RN 1] S A B, AR 90 T TR AR 10 A 4
5 R A 2 A A R TR 22 S 5 B 25 ) T4
A AL 1] .
5.4.1 ML L5 X 57

4.2 T IR MRS 1 AT AR B A Y 454 )
F 5 G50 o3 A ] 5L EEXE EIRE L 45 8 PR S5 A 81 3K
IR ] R A P ) - 254 22 1) 5 4R A DR 5

SR A4 IR T OTA A SRR R A A B
AR5 51) 2 Ja X 55 5 A i Ay TR0 9 23 A5 45 4 LA
K& B RVRAA S5 5 2 AT E ST T AR IL AL M
Si XS, MRS RN S, 5 S, Y S5 AT T
XF s BRSO I 45 JE T AR Rl i e 45 A 2R B w € 0,
B R 5 5 k. X TR X (a0 €
MR A SR s RIS Wy, (55 3~6
). 5 4% S 5 S B AR EC XTS5 48 43 513 m 2] W
W, (5 7~1147).

&% 4. Meta Structure Alignment (MSA).

BB G LR S B G N R S, X 55 A

H: AL W B GRRR S WL B G R AR 2

1w,

Wi W, W<
M~ GreedyStructureMatching(S; ,S, s A) / /B 5
FOR all structures pair (s, +5,) € M

1 — w DO —

s=CommonStructure(s, ss,)
5 Add s to Wy,

6. END FOR

7. FOR i€ {1,2}
8 FOR all structure s€ S\{s€ S;| 3p€ M:s€ p}
9

Add s to W,
10. END FOR
11. END FOR

12. RETURN W, . W, .W,

ASCER T T B A RS K sURE B 5
BT PR RE. BR T A Z5 81 3R SR I 1R IR
— SRR FEAE D B A G5 Al X 3R] DL BUE 9 2
TR R B PERC G R L Hoal LA 2. (D) Wk 8 45
SELSHIR SF B g AR H, LW A A
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T AR S Rl 2 U6 S S A L
(AL Ay 235 #9119 R SR Z A1 1Y Jaccard AHALPE (56 3
s R EA T EEE S H X H, i — A8 K
Bl Gy HAT sSRE2R A — B G5 X Gy 52D s I BUE
& H 5 H i AUE R e L 5B 4~6 47) 5 % T &
G o 574 M 36 A 18 48 1 b BCER e R 300, JF N B 5 X
SO R FEAS WA T A5 B 25 R B e 22 A1 1 &5 Al Xt
B T~1347) s JcJa T 4% 285 40 vl [) 2 28 1) AR 43 R /)
W 7 HE S I DC EAE — e (5 14~22 17) 5 (2) IR 4
SE T EE R 5 CR] BB &30 43 » 57 48 Hh 2% X 38 5 7E X
FAT HA FK Jaccard AALPERIEEFG T I JmA B
KREERAE M 24~33 7).

&% 5. Greedy Structure Matching (GSM).

A B GRS S B G S SR S, 41
X 5% A

i AL MSS, XS,

1. M<g

2. IF A=

3 H;<(S;,Fi w) for i€ {1.2},w; ((s,))=

Jaccard(s,t)
4. V<A{(s1,5)ES XS, |type(s))=type(s,)}
E<{((s;s50) (2t 425)) | (s1,0)EF,(s,,1,) €F}

(o]

6. G<—(V,E,w) ,w(((s155:), (1 51,))) :Hw,v ((sists )
icile)

7. WHILE E#J
8. (usv) <—argmaxw ((u,v))
(u, ) €EE
9. Add u,v to M
10. X<{zeV\M|(xzNu7#0)V (xNv#0)}
11. E<E\{(u,v)}
12. G<G[V\X]
13. END WHILE
14, S;<=S\{s€S;| IpEM:.s€ p} for i€ {1,2}
15. FOR all structure s, € S,
16. FOR all structure s, €S,

17. IF type(sy) =type(s,)

18. Add (sy45) to M

19. Si<=S\{s;i} for i€ {1,2}
20. END IF

21. END FOR

22.  END FOR

23. END IF

24. ELSE

25. S,<S, fori€{1,2}

26. WHILE true

27. U~<{(s1+5)ES, XS, | type(s;) =type(s;)}
28. IF U= THEN break

29. (1 582) <—argmax Jaccard 4 (si +55)
(Al..\Z)GU

30. Add (s;,s,) to M

31, S,<S;\{s;} fori€ {1,2}
32. END WHILE

33. END ELSE

34, RETURN M

B b R RIS B SR Jaceard 46U + 5
T Clique, BI85 4L Jaccard fH, (11D 51
%fF Star,Biclique 5 Starclique, 15 R 20 Vo
V. E S Htph V=V, UV. H V. NV, = , FE )
S5 P 25 05 B Jaccard &R B0 BCE B, 5K
(12). 1€ Biclique 4 Starclique H1,V, .V, 4 Bl £ 5%
e A A Star LV VLA 00 S oL s S H A
AWV NV |

Jaccard 4 (s, ,s5,) = AV UV an
. ,
y 1IN AV GO NVG |
Jaccard 4(s1 55,) = 2 ; AV, (s DUV, G | 12)

5.4.2  FHSRAEALI B AE AR

WIHT BTk, 5. 4. 1 75 0 B A 1B A 25 4 5 3¢ 515
IR UC e 3 5 X 5745 B AN S50 5 4 A R 45
AT ) AR B 2N 548 5 R A S R Sy B A
SRR AL i b T T B GORE LA .

FERTL 5 R A 45 0 i D T e AR A el o ) 2
B LR AT AR R (1D L (12) 3 BS54
F X5 L 1 Jaccard A AR BE 43 %0, 1 06 AT DL AR A8 R
25 R AR AU A — 2 50 B I Tl 2. O T SR — A
HEHBE T 5 S AR AL 43 EOrT 5 B B ) Ak B X6 BT A A
10143 B 418 445 # 28 Y BBCT- 8, =X (13)

/)m:%z.s'mre, wE N (13)
k=1

H A B T2 A AR R O bEe R 2
ST BN TS5 A T AR 25 5 T 2 R ) B
AR B P 22 S I — R 4. A AE— R B, B A
Ve v B — SIS TR - 5 A 110 B i 2 S R U g A% DG T
JSLT 1) - 285 A6 K B ke T 5 A0 i R A T 4K T 3 7 A
Vel 22 3] 1) O S HL SR TR DS JE (R 25 4. Ol I L iR 75
R 45 R B 22 5 25 IR R R RE b A 8RR A 4
Hp 25 2 R ) B AP 43 AT 1] . T DA i 28 1 1 465 44 R A0
MR bER Y AL E AT EMILRZE S S5HEA 4
B 2 S A 4
5.5 HESHEITE

B 5.2.5.3.5.4 45 40 A ARk A% T B B 15 8
G B G T B AR AL ) B AR Y N A N 4 B
A B AT R ) ) 2 1) 24 JE L 1 53 e 2 ) 0 A A0 40
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Hl

¥ i 2023 4F

Sy S RUTT 34975 1% 22 5 2% R O 5 i 15
PEAT AL

—L ¢ — . )2
L= \’T\(E (S —si)

Hrh T2 R G TIN5 B B B s
Sy RS R B R 3t THT 2L S 1L
5.6 WMEERESH

MB-GSC f4 I [8] 52 % £ 73 32 22 60 48 =& 45
(1) 4 AR B BE. % a8 o ] B2 2R o OCTE ]
VE| g Y580 (2) AL Bt S B B B A L2
BB R R 28 8 O(D*K) . D N ik A4
Ky b 2k o I 28 1) SRR A1 I 55 24 5 0 A5 ORE R 43
BOT AR E E 2288 OCDN?®) . N=max{ |V, |,
|V, | RBR 580G T WA 8Ot 5 145
P T g i A N 7 B B & R AR B A L Ik ) A2 2%
K OCmn) smyn 53 518 B Gy o G, 1 T 45 79 5. % 5%
WA Fe M Bk A 45 M ] Y Jaccard AL It
BERKER TR OG®) . ia=max{|s; |,]s: |} A
RO OREI=E VGOE N R

(14

6 KWH5SMH

A K 308 e 22 2 S 6 6 U A AR SRR A 3K

P e SRR B P R AR X E R R R S R
BEE AT AL E AT L SR T S
5 S S, IR LI 2 R EAT A AT
6.1 HIE\EEZWIEE

(D) ¥ ds e

AR S B 4 ok B LI AN [ 4
1 B 42 . AIDS, IMDB, LINUX . PTC, Ef1E 4
Bz B T VAL B A AR LR AR AIDS
BORAEAL & Tk B NCI/NIH7 JF & 3897 %) b 4t
T B A W AE A i 42687 M2k S Y E L
A RS 29 AR i — A AH R
LINUX #4840 2 i Linux 4% A4 K 48 747 A4
FE A 8 (PDG) o 7E B 4> PDG o, 45 f5U2 — k18
A 3 S X A 18 ) 22 () RO 96 AR L LY A TE A
% IMDB-MULTI 44, & 1500 A~ A 5% 38 519 3 3 ™)
2% AT EARER BTG SRR AN B Z ] Y
BYERF PTC iR 344 sRAL =10 & W) N 25 41
B BT REAT 19 AR R — A AR SO 5
FHE bR B0 B i A (5 B N3k 2 s, Hodr A4
BHl 4R 1 T X A R 4 45 2 Rl 4 L 81 A5 3 1 125
TR AR BE LA B X S B R 80 %6 A P 5 4 350 1 e 4
. B 8 & 9 AT ¥4k T LA B 4R B W Y GED,
MCS J3 A 1 BL.

R2 HEEELRER

LigE S &l i F X % %% B RECRIY K143 Ee Al P %o %
AIDS 21L&y 700 [2,10] 8.9 6:2:2 392K
LINUX R 40 1] 1000 [4,10] 7.6 6:2:2 800K
IMDB-MULTI SR 1500 [7,89] 13.0 6:2:2 1800K
PTC N 400 [16,103] 30. 2 6:2:2 94. 6K

Graph Pair-392 000 (AIDS)
i Mean: 9.03

Graph Pair-800000 (LINUX)
i Mean: 4.71

(=21
—_
U

Count/X 10"
e~
Count/X10°
—
<

2 I 0.5 I
00 o5 10 15 20 %o 05 1.0 15
GED/x10' GED/X 10"
Graph Pair-1 800000 (IMDB) Graph Pair-94 600 (PTC)
i Mean: 81.91 1Mean: 51.89
=6 T o ]
= | S ]
= =
3 =
52 g2
0 ~ 0 -
0 02 04 0.6 08 10 0 05 1.0 15 20
GED/ X 10’ GED/ %10’
K 8 GED 44
(2) X bRk

o TG T IS A B AR UL 713307 3 (i A

Graph Pair-392000 (AIDS) Graph Pair-800 000 (LINUX)

ean; 3.73 diylcan: 6.21
58 53
X 6 X
= =2
%
S2 Sl
0 0
0 0.2 04 06 0.8 1.0 0.4 0.6 0.8 1.0
MCS/ X 10' MCS/ X 10’
Graph Pair-1 800000 (IMDB) Graph Pair-94600 (PTC)
) i Mean: 8.03
=8 i 1.5
— —
X 6 i X
E ! 1.0
4 =
3 5
3, Sos
0, 5 3 0 3 4

MCS/ X 10’

1
MCS/X10'

9 MCS i

FEVERE 7 1 HAK T 36 GNN [ Bk, A S04 3%
BUAT E A3 T GNN A A URE 55 07 85 3147 0
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. FEZR A K AH O TAE M SE AL b BT 3 R
B 5 A ST R EAT PERE X L.

O % A . GCNMean™™ , GCNMaxH"-
S5 LA A A Dy O R A ) 2]
AL EE + e 2 B 0 AN o6 T R B ) PR 0 L 4515 5

@ T SR IT R 7. LA SIMGNNPY (GMN™ |
GraphSIM"" \MGMN"™" Sy {3 , 1t 28 B0 3k 76 B %
A R B 2 oAb e T AR R B T
SCEEgRE .

@ FE L H k. L H MN™  HGMNM™ |
PSIimGNNY 03, e 28 5505 3 2o B ) 43 L 2 R
F 5577 AT F R L.

AR SCAE A 28 R B T HAT AR R 1 O vk i
IR LG s KRB R AF

(a) GCNMean'""' , GCNMax"", ff § GCN 2¢
2 R S -3 B Kt Ak 5 B 4 3% 2 I 45 1
AL

(b) SIMGNN -S54 7 il 28 ik 8 I 45 4/ 4K 119
P A AL 55 D s A B2 BRI L T A AL

() GMN™ . Bl A2 R B2l A 95
— A B R AR AR B B Y U

(d) GraphSIM"™" . i Fij 22 4115 ik A ZE G AR
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