LR S|
CHINESE JOURNAL OF COMPUTERS

ETREWLES B RXFNERNETE
F3iE
$TED RER) £H) AEE) IEL

DORAEK S I ENURES TR, JEFH 110167)
DAL T RS THEHLARE, b5 100081)

OE ENESE. EMLHERSE S BB TS % 0P B, BRI TR — B R &2 A 1 S — A
S, ARG AR TS O VE RIS A, TOiRIE AT SER TR BT A AR BB AT 55, L b il R AL AT IR T
BT P T P e 2R P 4 T B AR BL FE T H SR i o SRTATIR S8 00 B ORI AL BE v, (HRMREE R T A 2, A
M T ARATREERE s )2 HEE TAFE Y B E RN B H AR kA B 2 TR AR AL RS, s T K T R R A
FRAE: )BT A A LAESIRENURFE A BB B8R, SBOEAR SIS, INZRP R 058 7318 e 45 44 U R T %
ZERUK A, A SCHE T — Tl A 42 T e 45 M VT I 5 46 R AL R B AR LU EE TR J5 1% MB-GSC (Meta-Structure Matching and
Biased Sampling based Graph Similarity Computation). i 5G#¢H GSE (Graph Structure Extraction) & AT B K] Hp 76 45 4 14 7
EREE R A &, ARG 5T b m B3 A IR AL 5 IE RSG (Representative Sample Generation)iEAT AR MEREA A, H
TIREERRI . RS, 321 57E MSA (Meta Structure Alignment) X $2EUEI e 45 A BEAT B AR ITECH 57, AT SREUA T 4544
TERZE S S A AR =, A2 S8 00 R ARME B T et & . f)5, TERRY TR BT R xR
AR . BN ok B 2SR AU L T 25 AR AR ] AT B AR AU v B SR E BRI Rt R A 5 ML TEARTE
4 DNRETHIEE LS EUETNEAT T OREXT LR, XHER M REEAT AT . SRIR 2 RIRAE T A SO EE MB-GSC fig
g AL B Rt S (B A UBE, 7£ GED Fitill. MCS FUIAE 55 _EAEm B2 LE A 7Y 43 e Tt 11.16%. 7.45%, BFELR
TIEAH [ ¥R At 2 1 [ B S I R A BT 350980 54%
A BT BIMAEM%; BmEER; BN mRALTH
PEEDES TP391

|

Graph Similarity Computation Method Based on Meta-structures Matching
and Biased Sampling

AN Li-Xia) WU An-Biao? YUAN Ye? SUN Si-Qi”» WANG Guo-Ren?

D(School of Computer Science and Engineering, Northeastern University, Shenyang 110167)

2)( School of Computer, Beijing Institute of Technology, Beijing 100081)

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
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real-time calculation of graph similarity between graphs with many nodes. To solve the problem, researchers
have proposed new graph similarity computation methods based on graph neural networks. However, although
these algorithms effectively 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
(Representative 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 the
benchmark algorithm and 7.45% on MCS prediction task, respectively. Meanwhile, the number of training

samples is reduced by an average of 54% while ensuring the same accuracy.
Key words Graph Similarity Computation; Graph Neural Network; Graph Edit Distance; Graph Embedding;
Maximum Common Subgraph
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47. IF connect(u, L) >50%
48. Append node U toT
49. END IF

50. END FOR

51. R'=V\L)NT , R« MIS(R)
52. WHILE true

53. FOR eachnodeu eV, \(LUR)

54. IF connect(u,L)>50% and connect(u,R) > 50%
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56. END IF

57. IF connect(u, L) > 50% and connect(u,R) < 5%
58. addu toR

59. END IF

60. END FOR

61. END WHILE

62. Vg=LUR

63. END IF

64. RETURN s, Vg
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WNZR DS, TR T B A B 25 K A AL 75 R k2%
FE, 1K ] RE P ECR AN ST AR Y () 2% 3] R
TIARE, BRI, FR, YA E
fEE R BCR R NBEAK . ik, AR SCHEH —Fb
AREBVEREA AL F R M 58 A 15 1 b SR S5 B 5
B ESR R A U R BCR SHERE R .

BRI R 4 Fros, 7EEL B
17 GSE SEFRHUTEE I A BT RRE I 4504 20 AT
o, ot T E RS R A, BT
e SR B SRS kA% T T 5 RSG 43 AN
) % 5 e e R BT 2 BT gp, > AE AR VERE
AT fE8 45

H’%5 3. Representative Sample Generation (RSG).
fn: FHEE GGG
i EIXHES GP ={...(Gj,Gj),...}
GP <[], E<«[1/EMDHAEES
FOR each graph Gj € &
U = GraphStructureExtraction(G;)
addUlto E
END FOR
C = K-meansClustering(k, E)
FOR each cluster Cj € C
A=C; xC;
FOR each cluster Cj €C and j #1i

© ®» N A WD =

10. B =CjxC;j
11.  ENDFOR
12. END FOR

13. GP «— aA+ BB /4% L BURE
14. RETURN GP

BT AT R | HoSe LR e, AR S0k A
K-means FEBHATRE, 8L 3 #hiR T A
Bk RE . ByESE 2-5 17 AL GSE A kst i o
M BEESE, HiESE 6 1T EEHE RNk A%,
BHAH C=1(C,.C.C JHC ={G,...G, |
ie[lL,k], 5% 7-12 47 0 A RRE X A 5 Fi%
KX B, 25 13 17551 9 28 AR P e LA EURE
H FI7E T DA B B R AR S i PE e, $2 T8
T2 SIHOR

5 ERPEITEESR

AT ESNAFRER MB-GSC B AU T
HARAL, 5.1 ey HEBANELNER, 52, 5.3, 5.4
TR S W, TR ESRE, Hf
5.4 iR ORI VLHED 50 5 5% I AR BT B A AL
PEFE, &5 5.5 THERZ ZEHAMME Bl TR
(PIARALL 23 B 5
5.1 IEZEHEIA

ASCHEH I MB-GSC AL T HAEZL U 5
Fin, BAEEEEY. TR, AR =AERE
FRAABE X B h 5, F BRSSP, ARERYERE
KR ZRMNER. 2 EHACE . AR =l
HEMABETTE . Hd, S SRR AL
FROKEXIB) D AESE 4 TG . TR XS,
B THER IHE £ 2 GON A — 1
SN, TR FHVE B AL 36T s A B
PN, ZiL, ZHIRNESIRSG R REHT
F R, B b e B 4 K 4%
B, T R IR F RROGT DG E S S A s A DA R -
A, T B b St B o g # iR AT T
B, 15 TR A R IR A G S SR
gk, MR EZAEnE. &5, @S R
3 ZARACME 2R A N 2% v B 4 AR AL
Va8
52 TRAXE
52.1 T RERANAE AR

TEIAE Z M BEIRR S T7EF, ACGEFERA
I3 JE AL RR I ) P A IR 285 (GONIDTY LA J& R A 1
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FRIRN
522 WEFLER

1 RoR, AT 3 J& GON 3RA511

FRONTFICHR[21] [22], O 1 i3RI 2 181 Atk
MIZE 5T, ASCEE RN RO LERETH 505 R 20
LS . BB IS G+ G, I RURA MBI U,

U, N, .

N, AR UL A A
S=UU], THEAEIHIARE S .

XA

RN, 0 e R B SR YEFEA R, ikt
TRUNOE, FAXRAE 0 Bt s Bk, 5
RECEAE AR Z R E N BB s, Hop

N =max(N;,N;) o 4 1A BRI s R B,
ASCRARME R F A H(S) -

SR I A G B 15 B AT A6 T R RS A
%vﬁ%ﬂm v LA s HEFUNGUT 368 i 4 (R AR LA EE
BT RNA, ARTAE LR s e L e h,
THREAS Y, BEEFEAE, EG . G,
FIFTRIRA U, U RO AN [T i 5, X
BTANFIMSCARE S » TIA B BRI R —
AEXF . Al 6 fTR, Graph2 4 BIFIANE I R T
A, 31 5 Grapht oet EAEZE BT AN R U RIAE 9%
MR it EAARBTEHEFR (9717 5 Roofs il fig 3 20 %
MR 2 5, LA ISR AR AR R o ST M I
WK Dt e EEARAE —  R (T G )
X AT HE -

SO YIGETT R AHRIE 1 51 PageRank fH
ATHEP, 2305 RS S T 411 Ry 1) PageRank
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B 7 s 7 W R HEE P BRIE R, A
RAGE— I e, 2 A5 2 A S P th B 2 1
€, AT RS SIMES

D= o
]
Graph 1 — R—

. ll ..
(o= o
Graph 2

B 7 R R AR e R
53 BEEXE

53.1 EZAAER

RNTAEREBRN, 75588 H ST HERR,
3¢ (8] B 5 VR R T AR AN By, (E R IR TC
X S5REAEARBEEER S, Ak, AR
R —HpyE AL, X5 A FARMAUE, R
ARG5S A A Y A ek AR RN
[aj- AN

5.2, FIFTIAR, AR SR T AR IR
ue RV, HHFnfru, e R® FRRTT A n RN, N
BAKEIFE R NheR?, B 6 Fr.

h= ian u, ©6)
n=1

NTUHHEESEN TR LR Ea,, BARE
HE— MR ETXAEce R, JoXFra 1 sk
A uBCPY), SR8 — A ARZE R tanh B0 PR £R
BEATE, XA TR E e TR 7,

c= tanh((ﬁ i u W) )
a,=o(U] -C) @®)

Hor, W eRPP BUEARE. @i > BCE IS
W, BRI e St 1A B S Ja 1 fa
adh. RYE BT XCAEe, WHEWRIRASZAE
WRRRISR, [REFANT R0 fEENEa,, Wk
8 From. M CAETHTET min 2 HXRIEEA
FAERAEEE L, nTUHEAONITEY a5 B R
)5 ¢ AARLLREE ,  BARMLLAR =% A RNL %3RS B v
TR
Gia LR WE, BARERARNTE DN 9.

h=> ol -tanh(- S u W)y, ©)

532 Kb

T4 ERMANEIRAh e R, h eR”, X
) B 0 AT A S B A LR B I AR AL,
B, ASSCAE T SCRR [35] 0 4 H A R 40 5K N 4%
(NTN), FHEALG LM Z J7i%, NTN ResE A &0t

P A ZYE R . AR A 10 THE PR
ANZ AR R o

: h
NTN(th)=o(WVVV“”-hj+V{

hjJ+b)(1o)

Hodr, W e RO E TR, [ RonidERE,
VeR“PE—MEME, beR" ZmEME,
o () RFIERE, K RIS AN BHR =2k
(PIARACLAR & ) SRS 1 S 40
54 FEIERXE

MTFEARZNANE, BEaTEE NN
ik, WMAEZmEREEET R FEE, R
RVE B R N B 25 ST m iR N A R AR G
HEINSLRIOE: S S g AL S 11 N = B NS ELE )
ST R, I R EOE R B O T 5 AR
BT B ARABL: ,  DARAE 47t e B AN K B2 ) )
JEBARAAE . BN IR E S LU AP IR (DS
VERC 5055, &1 B0 (1 o 45 44 51 3R 33047 VT e %
5, W SERICEL I AR S5, THEIL Jaccard M
L, XS AR SE RRIUCEC R 454, T HAGE
ZESts Q) TSRk R AR R, AR A T AR A
BEWERASEHEROTERER SHEER
(1) 25 AL A AL 1] = o
54.1 S5MULHCS X 5%

4.2 THNA, RIEHEE 1 AR5
REE AR EH0T BN, GRS REIER,
IR 1) AE B 1) TS5 M 2 ) R E R 5

H% 4. Meta Structure Alignment (MSA).

WA BG EMFNELS , B G, EFES, , X5 4
Wl AHEEHW, , B G R EE W, , Bl G, FaE W,
Lo Wi Wi, Ws <]
2. M <« GreedyStructureMatching(S;,S,,.4) //Hi%E S
3. FOR all structures pair (S,S7) € M
4 s = CommonStructure(s;,s,)
5. AddstoW,
6. END FOR

7. FORie{l,2}
8 FOR all structures € §j \{s € Sj |[IpeM :s € p}
9 Add's toW;

10. END FOR

11. END FOR
12. RETURN W, ,W;,W,

Bk 4 HA T eI TR AR, AP A
LT APIIE N By S P PSS P A S LT A1)
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K& AR ESER. 8 2 T8 %HE T EFILE
M S, xS, , IRIEEIHRALEE S, 5 S, T HIZ AT
FCoxF, LR BT ) 25 44 T8 T AH [ 1) e &6 ) 2R Y
weQ, BMAIREHREE S fid. o TaAg T
(s.s,)eM, IHEERAILE s, FHE N
W, (3 3-6 17). HJa, S, 5 S, BIRELH 451453
BIEINEIW, « W, (ZE 7-11 1T).

ARSCHEH T T ULEC Y B R U, Bk S Hif
BT TEHEAR . B TP BIIEEIR, FLiL R
W AN RN FAE N, SR 55 T LATISG 4
EFA T SILEL R R, HalLLyZ . (DR EE
Y5 E SRS, EAEMIET R ESEH,, TAES
BIM T R S, & BT U2 S, I 454,
BB A ZEHE BT U2 1811 Jaccard AHAAMECER
34T); AAEE N S ESEE H, x H, [ — A8
WHEIG , HAT SRR BT (5,S,) » AT
BUEEH, 5 H, TOBUERSERGE 4-6 17); X T
KIG, suahk ks A E o K, IR
X AR A R, B EBRm iz s
FIXTCER 7-1317)s 5, R E5H [ Y AL 4
KANEFFHEFIFFILRCE— (R 14-22 1T). QUi
YHIE T AN T (ATRER M), TRk AL
FEXFTF A N EAT I Jaccard AHRLPER S5/, FF
TIN5 R M (B 24-33 1T)

B’ 5. Greedy Structure Matching (GSM).
N B G ILFIR S, B G, MditpF S, ditnt

7 A
it S5HIUGHD M =51 xSy

. M«J

2. IF A4

3. Hj < (5j,F,w) fori €{1,2} , w;((s,t)) = Jaccard(s,t)
4.V < {(51,52) €51 xS; | type(s)) =type(sy)}

5. E<{(Grsatit) (Lt e AL, t) e P

6 G (V.Ew,w(((s1,52):(1,12)) = [ Tjcq 2y Wi (Giot)
7.  WHILE E=Q

8. (u,v) < argmax(y v)cg w((u,v))

9. Addu,vtoM

10. X<« {XeV\M |(XNnu=0)v(XNnVv=0)}
11. E < E\{(uVv)}

12. G« GV \X]

13.  END WHILE

14.  Sj<S;\{seSj|IpeM:se p}forie{l,2}
15.  FOR all structure §] € S

16. FOR all structure S, §2
17. IF type(s;) =type(s;)
18. Add(Sl,S2)tOM

19. Sj < Sj \ {sj} fori e{1,2}
20. END IF

21. END FOR

22. END FOR

23. END IF

24. ELSE

25.  S;«Sjforie{l,2}
26.  WHILE true
27. U < {(s1,52) € Sy xS, | type(s;) = type(sz)}

28. IF U= THEN break

29. (51,8) <—argmax s )y Jaccard 4(sy,s;)
30 Add(s),$)toM

31. Sj < S \{sj} fori e {1,2}

32.  END WHILE

33. END ELSE

34. RETURN M

LR AF AT Jaccard AHALLEE
XTT Clique, BV Ri4E Jaccard {8, Wiz 11;
MXJF Star. Biclique 55 Starclique, 7 5EEH A
V1 N V2 W‘j%ﬂzﬁ\; /E;EPV =V1 UVZ EV] ﬁV2=® ’ %
BRI R 1) Jaccard REGFHCEYY, W
3 12, 7E Biclique 45 Starclique #', V, . V, 7%
IR AR Star 1, VLV AT LT RS
FoAh T R

Jaccard (s,,s,) = ANV (S) AV, (an
ANV (5) OV (s,)
Jaccard (s,.s,) = - AV AV ()

2T AV (8) WV (s,
542 FEERAEL A EA R

WIHTFTIA, 5.4.1 TN E 45513k 35
RUCHD, ISR RBI A LS & B 45,
A ) A2 B A 5 00 5 R A 5 e R BERE AE
TR, AT RIS B .

TESE 5 FR AN 45 M VT BC SOGB4
Heiby, FNATUMRHE AN 11, 12 HHEE2IAA
SEMIXTINIIP) Jaccard AHAUEEZ>%0, HHUE AT DASRIS R
INEERIAAE ) — A B R . N T 81
NYEBUE T 5 SAR L B0 I B Ab 2, XF P
AL BRI 25 AL A P44 48, an=k 13

b, =&iscore, weQ (13)
k=1

HI A ) T SRR B R Oy b e R, 2
SR T BT A AR S T R S R
BRI ZE R — &Ry AFE R DL, P
BRI R T AR R ZE R B, MIREREIL
Fic FSEXT 1 S5 A A Bk T B R AN B, SR TTX Y
N EZR R RBEIL S TORILEC IS5 . ik, 36
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TR SR 2 R R, FIREH A R
GERL RS SR T L) Ay A T B . T DA I P45
M E RN b e R*, A& AH MR ZE R 5%
MR ZE S FRY .
55 MMSEITE

HIR 5.2.5.3.5.4 453 03R4 7 IR Ridk .
K. FERIGARIAE, A58 SEREM %R D
P AR ARACL 1) B (P A, U1 o 46 10 L A AL 40 %
Sy » MR LA 3577 1 25400 2% R 0K 5 T L S
HEAT L -

L= 3 (5-8) (14)

Hrb 7 RNGEXEES, |7 AIZREX I,
s, 9 DR AR AU S T 3SR
5.6 HKHEEZE D

MB-GSC I [ 5 2% FE 43 i = 245 =557
(DERNAERB B 1% R 28N O(JE )
|E | AERAEG; QRIS EOHER B B
BT E IR E 4 E 8 O(D*K) , D NI N4
FE, K ONPREE K& X 28 R RRAE RSN 4E B2 s 15 R
L4 $oit 5 ORI R B 4% A O(DN?)
N =max{|Vg |,|Ve, |} AERAT AL 1 B AR
HotsEd, FERILEISFER ARG R R R
1, BHRIEZE N O(mn), mn a5 REG,,G, i
I Ak DA B S - e o = e A T
Jaccard AR 5T, TEHIRIE UL F A OM?) ,
A =max{|s, |,|S, [} NPT BB

6 SRS

A TK 8 I £ 21 S0 36 AE VR AL A SCHEVE A
Rk, BN SZIRBEHRAE . YR FERR . X EL BN
SRR E AT, UL, BT E e
THELSLLS . SO, FENT St el Wit T
6.1 HWWSLWIKE

(1) HEsE

ASCSEES FEALH 4 4k B B SL i SN FE 40
R EHYE4E: AIDS. IMDB. LINUX. PTC, &
TG 12 B T VAN B A AR AL T B 12325321,
AIDS BHEEM S TkRE NCUNIHT FFRIGIT T
HPURE IR IR SRS 42687 MEELE D)
K, BRSNS 29 MR — AN E
6; LINUX ZdE 4605 i Linux PRZAZ T 48747
MEFHAE(PDG), £ PDG H1, 18 —%%

A, R HAMER) Z PR R, B AT
FR%; IMDB-MULTI &7 1500 4™ HLE278 1 1 H 3
W2, BT AARR BT, BRI Z
I A1ERFR: PTC 4L i 344 KL E M
W, AT AER 19 MREFR—. A
SEIGAE A ) _ IR BOR R ARG B K 2 fon. H
W, RN AR I BN AR B 45 5 R 43 L A5 45 21 (1)
I RIMREE B LA BRI B, B EH 80% 1 P 5 4= 36
KIRC AR B 8. & 9 IRk T LA BRI %t
f) GED. MCS 73 i 5. o

(2) ¥t B

BTG 3T B I AU T F ik AY)
EVERE T PR T HET GNN JIEEE, A0k
A FRMET GNN BB ARLE T 7 1R 7 %)
tt. TEZEE KEMKE TAEM AR L, EHEIA 3K
LS AR SO AT RN L

(HEZ RN T77%: GCNMean!'?, GCNMax[!1%!
&, HIEMNEA BRI E AR [ 5 8] 1
FEALRE BB B A Sy AR B () B 2 LE A R

()T K ULEC F77: LA SIMGNNRO, GMNR221,
GraphSIM2!), MGMNR4UAARFEK, LR BFIELE E K
R HEBE B 2 EANAS T S R BB
1 -EE R RS

Q) FHEIZ LR Jri%: L H2MNBS), HGMN 231,
PSimGNNR7DA R, Shksk@Ed Ekl o, JZR
R T AT T R

A SCAE SR E LRI T B AR MW 52
HATXEE, KRB HUT:

o GCNMean!9, GCNMax!['9; f§H GCN %#>]
BRI, P BRI 5 N A I 45 1 5
B AL

o SIMGNNR0I: 547 25 5K 5 W) 2 478 3 1) P
AL 5 T AR N SEE T B AL

o GMN22; GIARZ N EER)Z, Wil &5 —
A B B AR IS BRSO RN

o GraphSIMI211: i F 22 20 5 £ 5 N A= AR AR B
FERE R4 I F CNN 3247 4b 2

o MGMNR4: it 77 f-B 2 BALAI, SREX
A HEZ AR RAL G R

o H2MND2SL: MR B A B 2 S B RN, K
ANEIBAE T B IR AT VLAD DR BT B AR B -

(3) PPAtFE bR

H5MA TAE—FE, AEHLLT 5 ANPGRS
IBATHE(RT) 377 1R%Z(MSE). Spearman Z:Z5 AH
KZH(p)- Kendall ELAHK ZE(7 ) Top-k #EM
H(p@k). HA, RT W2 BAI%, MSE
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R2 BEEEKER

pAETTES P S B WAEGEE P e Riatesl B
AIDS EE &Y 700 [2,10] 8.9 6:2:2 392K
LINUX FEFPARHIE 1000 [4,10] 7.6 6:2:2 800K
IMDB-MULTI ~ HFkrt Mg 1500 [7.89] 13.0 6:2:2 1800K
PTC EE &Y 400 [16,103] 30.2 6:2:2 94.6K
1e4 Graph Pair - 392000 (AIDS) 1e5 Graph Pair - 800000 (LINUX) 1ea Graph Pair - 392000 (AIDS) 1e5 Graph Pair - 800000 (LINUX)
i Mean: 9.03 iMean 471 bipan 3,73 hiean 6.21
6 15 { 8 3
£4 %10 z® g,
8 g &, g
2 I 0.5 2 1
0 0.6 0.5 1.0 1.5 2.0 00 0.0 0.5 1.0 15 0 0.0 0.2 0.4 0.6 0.8 1.0 0 0.4 0.6 08 1.0
GED lel GED lel MCs lel MCS lel
1e5 Graph Pair - 1800000 (IMDB) 1e3  Graph Pair - 94600 (PTC) 1e5 Graph Pair - 1800000 (IMDB) 1eq  Graph Pair - 94600 (PTC)
iMean: 81,91 6 iMean: 51.89 iMean: 8.03 ilgiean: 8.38
6 T i 8 ! 15
4 6
8 s} 8 1 3
2 2
2 05
0 — ] ] 0.0
00 02 04 06 08 1.0 00 0.5 1.0 15 20 0 1 2 3 3 4
GED 1e3 GED le2 MCs 1el lel
K8 GED />4 B9 MCS /A5

TG B2 BAR LR TR HERYE, o o+ p@k P
R ERE, M EME R . iR
febr I BARN B R

(DIZATISEJ(RT): 384T I [A]FE AR A 1 55— X &
(A AEHARLEE By FH B (1] o

Q¥ TTRZMSE): fat BT AL 5 F
SEAH TR T £

(3)Spearman AR R p): HHEMN ML E
A IPEIN 4R AR, ASSEIG F VPN 00 () HE P 45
RERIHTFERAICEREE, WAz 15 fix.

6Z(Xi —Yi )2
n(n’—1)
(4) Kendall 5 AHK 2 %0( 7 ): AT ML EA
KM G, AL TP A E =Sk
sk, HEUEVEEN[-11], AR 16 fis, Hi
C NFEFMAE, D NRFEXAH.
C-D
cip (16)
(5) Top-k IR p@k): & i AN UE
1R ENRT K AN O A HER %, WA 17 fos, Hp
TP, « FP J %l A Tl 1E 7 Top-k 4 & 5 T 55 i
Top-k 4. ASSZEGEL k = 10 AR 7R F 00 v 7ff FE o
TP,
PR R
(4) WA RESHKRE

p=1- (15)

(17)

SEIGFRBE: Linux #E1F & 45 Ubuntul8.04; Intel
Xeon Silver 4214 CPU @ 2.20GHz, 128GB RAM,
4 A5 A7 11GB ) NVIDIA RTX 2080Ti GPU; %
FEER 559 Python 3.6, PyTorchl.1.0%,

SEEE: A T EEIE A TR S
B E, VEHNBI T ST EANBIEE, CLEG)
6:2:2 BENLRI > B 0 BIE NGRS IR,
MiALE, HALEE W T

(DA T BRI, L1 ar s,
L% N F 7 Fl (Inertia) /3-8 B B AR TREAHL
K # AIDS. LINUX. IMDB. PTC ##E4E F2k
K R E N 2. 2. 3.2, TEN 6.4 S50,
B AR OIS RE R, [FISEEERFEE] a =70% , w38
BEERFELLG] p=80% 5 X THIUAT kR, NEA
5 55K AIDS. PTC K] One-Hot 4if 7 &,
1M IMDB 5 LINUX [ s o hR%s, WOR o 4
7% MANLERIEREF, GCN EfixE N 3,
ff ] ReLU E NG K%L, GCN H A~ N1
FRZ%, # AIDS. LINUX. IMDB. PTC A
AEHy N 29, 1. 1. 19, GCN 5 1. 2. 3 Fh
HYEH BN 64 32, 16; R HidfEd, NTN
EwEK=16; WEaEZLEIREF, BHEHEH
bins=16; ML ETFF T, SEBENL)ZE
N5, E N H 4EES 0 64 B 32, 32 B 164 16
2 8. 8 F| 4. 4 B 1; YZdEF, HEKNS
batch size =128 , ffiJ[f] Adam "L 5%, 23
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# 3 GED FlsLigsER

Hfitk  VEM | GONMean  GCNMax  SimGNN  GraphSIM GMN  MGMN  H2MN - A #TH(%)
MSE(10%) | 2214 3423 1430 1880 4310 3214 2211 1369 426
P 0.653 0628 0817 0851  0.697 0869 0834 0840  -333
AIDS r 0.629 0.505  0.667 0703 0508 0702 0651 0780  9.87
p@10 0.194 0200 0419 0418 0213 0383 0390 0426  1.67
MSE(10%) | 7.541 6341 2360 1076 2676 5259 1561 1046 278
P 0.579 0724 0.943 0972 0802 0915 0566 0981 092

LINUX
r 0.525 0740 0.822 0931 0738 0764 0675 0920  -LI8
p@10 0.141 0.541 0775 0869  0.862 0648 0849 0890 241
MSE(10%) | 68823 58425  2.964 1924 3210 3145 2232 1724 1039
P 0.402 0449 0781 0825 0725 0531 0691 0931  12.84

IMDB
r 0.378 0354 0770 0821 0782 0467 0501 0802  -231
p@10 0219 0437 0724 0813 0751 0521 0498 0821 098
MSE(10%) | 7.428 8329 1873 1889 1.854 3650 2295 1647 1116
P 0.546 0.506 0726 0714 0670 0647 0725 0808 1129
rre r 0.490 0468 0678 0719 0592 0708 0716 0.694  -3.47
pP@10 0.210 0241 0475 0541 0374 0554 0499 0599 812

F 4 MCS FURSEIRLE R

HfE%k AR | GoNMean  GCNMax  SImGNN GraphSIM GMN  MGMN ~ H2MN - A3 #8FH(%)
MSE(107) 6.234 4156 3433 2402 2234 3719 2832 2213 094
P 0.756 0.801 0822 0858 0901 0816 0807 0903 022
AIDS r 0.498 0.574 0680 0798 0803 0641 0639 0814 136
pP@10 0.347 0315 0374 0.505 0513 0757 0477 0525  -30.64
MSE(10%) | 2.689 2170 0729 364 0794 0739 1541 0753 -3.29
P 0.521 0714 0859 0962 0939 0637 0762 0970  0.83

LINUX
r 0.747 0784 0889 0946 0934 0478 0711 0952  0.63
pP@10 0.421 0459 0850 0951 0949 0570 0637 0960 094
MSE(10%) | 10457 10124 2451 1287 0590  5.128  3.176 0546  7.45
p 0.746 0.841 0930 0976 0941 0752 0739 0984 456

IMDB
r 0.611 0619 0879 0946 0920 0788 0922 0954 084
P@10 0.387 0451 0812 0882 0875 0695 0603 0889  0.79
MSE(10%) |  12.441 13845 5419 3975 3142 2765 4807 2653 405
P 0.578 0662 0712 0779 0782 0889  0.682 0831  -6.52
rre r 0.650 0.688 0746 0800 0792 0715 0727 0812 150
p@10 0.384 0402 0356 0498 0584 0770 0705 0689  -10.51

Ir =5¢-3, &R E epoch=1000, HHJ5 100 &
IEARBEATIRAIE , AR I 550N 1R B8 452 2 108 6 o AR
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HE A A e B . Rtz 4, 6T
SimGNN, P& ZENECHN 16, NTN JZ 5k & K/
K=16 , H 7 K # % bins=16 , it & K/
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batch_size=128 , % 2] ¥ Ir=1e3 , %£ 7 ¥

dropout =0.3; X}F MGMN, GCN % 4k $0i5h
100, ffH BILSTM fENE & k%, 70 & %
d =100, #t & K /) batch size=128 , 23] X
Ir=5e-3, EF*dropout=0.1; %F H2MN, B
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T PG BB Z A 2 DA e B0 22 Ta) 1) 22 5
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£ GED TMIME S5, ASCHAAE S 70 A 510 p
o 7 FRAR DA IR AR, T DAAS AR
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T, {H L AE S5 B S I HER I, X AT RE A2 R N 45
FUL L XS 55 B 51 N BB ALYE ; 72 MCS AT 45 |,
A B A, AR ALAE PTC B 4E ) p M o $5
b BB SEBUR AR AR, @I X PTC $dE 41
IR R I, IR XT ) GED 1870 i 30— A IE
BorAi, MAKZHEEN GED [HERTE 51 A4,
T B ZRBY BB 491 2 v T AN A AL A (1)
AR, BRI KT RE I PR

Ak, B 12 B3 BTG T AR ST VAR
4 MRS E GED . MCS il ff) MSE 2%
SRECE A2 . B RT DAAS A, AR SCRERLAE AN
FE45 Bl Bom A2 U8, dt, AR
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Background

Graph similarity computation is the core step of many
graph-related machine learning tasks, such as graph
similarity search, graph classification. It’s also a fundamental
problem in computer science and its intersections such as
pattern recognition, has received extensive attention in
various applications. In this article, we mainly proposed a
novel graph similarity computation method based on graph
neural networks.

This research belongs to graph similarity computation.
The current international related research is SIMGNN, which
uses histogram features and neural tensor networks to model
node-level and graph-level interactions, respectively.

This paper proposes MB-GSC(Meta-structure Matching
and Biased Sampling based Graph Similarity Computation)
for graph similarity computation. Firstly, the GSE (Graph
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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
(Representative 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.
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