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Type-steered Edge Matching for Heterogeneous Graph Similarity Learning
SANG Shilong' and CHEN Kejia'****

1 School of Computer Science,Nanjing University of Posts and Telecommunications, Nanjing 210023, China
2 Jiangsu Key Laboratory of Big Data Security & Intelligent Processing (Nanjing University of Posts and Telecommunications) , Nanjing 210023,
China

3 State Key Laboratory for Novel Software Technology at Nanjing University, Nanjing 210023, China

Abstract Graph similarity learning aims to measure the similarity between graphs by learning their structures. Graph similarity
learning methods based on graph neural networks are still limited to the node-graph level matching paradigms, failing to perceive
the edge-level representation and its contribution to graph structure matching. Moreover,edges in real-world graphs usually have
different types,representing different semantic relationships between nodes, which are remain underutilized in cross-graph inter-
action methods. To address this problem,a type-steered edge matching for heterogeneous graph similarity learning(TEM-HGSL)
framework is proposed. Firstly.a heterogeneous graph isomorphism network based on the line graph is designed to better learn
edge embeddings. Then,a type-aligned edge matching mechanism is introduced to make better use of the semantic information of
edges. Finally,the graph similarity calculation at both the edge and graph levels is realized. Experiments results on four heteroge-
neous graph datasets show that TEM-HGSL can reduce the mean square error in average of 25. 65% compared with the best
baseline, effectively achieving fine-grained similarity calculation.

Keywords Graph similarity learning, Heterogeneous graph, Line graph, Type-steered edge matching,Graph structure matching

Il % 4 B B (Graph Edit Distance, GED) Fl i K2 37 K

1ol (Maximum Common Subgraph, MCS)™ 2 Bl 3= 7 £ & A5 {1
Pl AR BLE %% ] (Graph Similarity Learning, GSL) | 6% By ¥k (0 =% /2 NP-hard L IR F 0. B

> T 110 45 A6 R A1 SR DG I TR 22 TR) g A RL AR B L 2 R R PIL A 2 [ #if 22 W 4% (Graph Neural Network, GNN) ) i i & &,
2] R DG EE I 5 Oy 2 — 0 ORI AT LR AE 25 W) AR AR HELT — R FEF GNN B B 5 S HESL, It GMN,
T ORI BT S i £ SR R G O AE NA-GSLMY, GraphSim™# 4§ . 3 6 7 35 3 i 1155 5 2 4R

i

5 B 97:2025-03-03 3R 1& H Y. 2025-05-19

BT H . HEKARRF R4 (62476137) 5 1 5t RS TS HUR AR BT B AR [ 5 T 52 96 %8 FF R (KFK T2022B01) 5 199 5% M S K 2 AL Rt ik 42
(NY221071)

This work was supported by the National Natural Science Foundation of China(62476137) , Foundation of State Key Laboratory for Novel Soft-
ware Technology at Nanjing University (KFKT2022B01) and Research Foundation of Nanjing University of Posts and Telecommunications
(NY221071).

WA VEH 57T £E (chenkj@njupt. edu. cn)



182

Computer Science THEHLEL2  Vol. 53,No. 3, Mar. 2026

S B TR 32 L, A RO TORS BERROR

SR, A T vk 32 B8 DG 1Y A G0 3R 7 TG T 58 s, 220
T ARy B A e A 4 4 A R DG B R FE . kAt LS
r P B A AR S L A T AR B EUOR [ . i, B 1
R T WA AH ALY 4TS5 A 1A ZE MR B SR (Cs He O)
&R TR (Cs Hy O, 3 BB A M E BEH B3 O
il A7 A — XoF 3 o LR 3% B2 1) B S L T B D DU 8 4 B
T BE . B TR TR T A A D AR B 8 2 > 5700 i Ll 2 ik
— %5,

(@ Ju O—

Ca) 2 (b) ¥R i

PRl 1 B O R AN R 1) 43 S5 A 1R
Fig. 1 Molecular structures of cyclohexenone and cyclohexanone

T B AE bR AR AR SO T 5 BT R B £ ACMIL000
R R UL 5. 1 95D, 78 12 804 48 5 26 i 1y [) o 2 0 40 4
AIDS700nef [ 435 #E 4T T AR AL E 2 > 5236 . 45 AL 181 2
BT, £ 7 7E ACM1000 | % 34 J5 i3 2% 8 #% (Mean Square
Error, MSE)!'* 45 AIDS700nef #4011 25% ~76% ,iEM T
F1% St R0 P ) By 2 X DG P 45 2R 3 AR 3 R

1027 6772
A AIDS700nef
6097 6156 c ne

6 / 5435
0 ]
4252, /

221 ACM1000

MSE

GCN GAT GIN GMN  SimGNN GraphSim

2 FEifE GSL kAR Tl ATDS700nef Al 5[l ACM1000
_F#9 MSE {# He 4%
Fig. 2 MSE comparison of GSL baselines on homogeneous graph

AIDS700nef and heterogeneous graph ACM1000

FEXSLL B PIAS ), A SCHE T — A R TR 5] A T
it 114 5 I [0 AH B 2 2 S HE 48 (Type-steered Edge Matching for
Heterogeneous Graph Similarity Learning, TEM-HGSL), &
JeiE 5 0 1R 4 5 BE B (Heterogeneous Graph Edit Distance,
HGED) , i b 5 BT X i AR AR B . 36 IH Sk TR Y
S R A M 4% (Heterogeneous Graph Isomorphism Net-
work, HGIN) . S BL# ik A B9 %R . Bl G 5 T 28 B Xt 5% M
W S B i R DCE LA i S5 B dE BG4 DL T
] i i A 42 % 4% )2 (Fully Connected Layers, FCLs) , 15 #| 7
5 ] i AL B2 4348

AW EL TR T -

D FE BV BE 2 2] J7 1 th B AL R IC B ML 48 00 T 5+
Jit B MIBLIEE 5 2] J5 15 TEM-HGSL;

2 HE T 5 I S B EE B O A T B X S 5 A B
V) R0 178 0 30 4 5

3L LE IR T TEM-HGSL A5 8 15 % > # fiE i 5
R LT Hofl S 2 05 122

2 MXIIE

2.1 EHRNEES

W 5 P 22 ) 4% (GNINs) (1) & 2, T8 A LB T 80 19 F 52
W MAE SR GED B 5 7 1 3% il 36 F 3R 2% 2T 19 5 L il dn
KA GON' GINTY GAT™ 45 0y 1 3k A% R 9 % om 5 # T 3
ALEE 4350 SR 7 SE B AR DS R , SimGNNY JF A1) 1 H in
ABE B A S R A R RO B T R R, B,
GraphSim" "/ 3 i3 17 J5HEJF 08 88 47 A0 8 5 &, IR AL CNN
Bl AS ] J2 Y DT 46 B A pe T SimGNIN A B 5 P 8 R AT
il B, GMNTY 5] A B 38 HER T LIRS E £ 5 W
PRI, BR T S HE A R A T AL e AT DS D
RARE . 0 NA-GSLUY 550 1 (] 47 5%t (i 2 7 . R A A
TE B 7 DL X 5715 8 D e J6 B 5 TaGSim™ ™ 4 A [ 1 1] 44 48
1 5 v R HU R R R [ AR A o S B T RS A A 150
M GED., AT Z2f# 7 & VT B JF 45 K /Y [a) #, MGMNM® 4
T1 A - T X A4 AR L LA sk 2> B[R] 9 %6, ERICH) A1) X 5%
IE DL o o 10 2 B B+ GraSPHS) i) A7 B2 ) 86 i 35 /5 e m
DARRARTF S TF 4 .

SR, 13 7 vk 3 K 25 BB BT O 3 1 53 oM AR AL R BB AL
FoRMILELE JT R 115 AE L .

2.2 RRERREN

S 0T PR 2 T 4 RE A i AR U I (2 AL LT
By B8 5 i ot B 72 (Meta-path) & # H X € R,
HANP 3 F 50 B 42 1Y 7 2 97 ML 46 48 08 X R i B8
P, HANDA™Y JEF 0 AR TE W i SR 5 52 5 P
JIHLHI R SR RAE R . (R T T AR 0 05 ik i e 23
AR LYU G EE LT e AT AR, X GAT i
W, ¥ T3 M T 5 B3 B B MAS Simple-HGN, B4 T 1
M PERE . DAHGNY by g 5 i 18] K H [\ o+ A9 9 IR 9
I FH RS HG 2 5T R SRR

S SRR SR £ 2B LG RN T B AR LU
FRREE, HifC A —LRME) GNN JBIL T XX &
T U 7T
2.3 ABEEMEZ %

RGCNPY Sy 4 8 56 2 28 AU B In — AN 1] 2% 3 BUEE , DA 1T 2F
RFZEME A, PNAPY RSB BB S T
AEFN AR JZ AT A5 R AE, H S AF B F R T R R
NENN ) 58 85 i & 45 sH o MA P N2 A
AR . CensNet ™ i By 26 I [R] i 2% 2] 7 & R 7m ALY
FoR . LEMON™ 3 i J5 &1 F1 4R B 3R 19 % b, Xt 4 F dE A7
Hif% . NemoNet™ B iZ Ab il Il 2% . 2% 2 15 SURI 09 =5
5 8 DT 38 3 R 3 F S5 I R R

3 WEAIR

3.1 REERT

HER G=(V,E. X, 0, %),V NI 54, E . X N
VAR RE @ V—>C R R BIB S s A . W E—~R h il
WL R AL C AR 23 i s 19 SRR RGO R AL S
ICI+IRI=>2,ME GHRFE, BN €V HAGHRR
¢, =P(v,) EC, B4 Me, €CE BBF LKA, =W(e,) ER,
3.2 REREREES

P&l 4 % B 5 (GED) B 125 9 7 [B1 5% 380 1) Jne /N 4B AR . AR



FA e A RG] 5 0 T B Y S 5 P AR BB 2 > T vk

183

SCOKE S GED ¥ J 81 5 i B 3 &, 8 T 5 B 4 R R R
(HGED) . /3% 57 I K G, 5% e G, B 75 2 58 34 1 d /AR
M R

HGED(G,; ,G; )—( mm) gl(/(e( (1)
ey, eo RARITH MBI AMES,Cle) £R— W 4
ﬁ"ﬂ’ﬁe/%ﬁﬁ\ S B R g R AR R TN SR i B
Gh BV B FE TR RA  3X — T B AR AR R A AT X S5

Eﬂﬂﬂﬂ[&%ﬁﬁﬁ%@&ﬁ(ﬁiﬁnﬂﬁ FRe TR . Rk, 265
LS R

Cla,—>a,) =Caq(2,) +Cosa (20) (2
Hrb,2eVUE, x, Mz, 20 3 9 B A AN RI 2R 0 R iR T R A H
bRt Z ., WK 3 iR, HGED(G, ,G){E H 5.

cost=1

—
3 kR4

3.3 &H
AR HZE (Line Graph) 22 A . FIEE G 1y
KREEXNLG) =V, E X, @, W) i BRI &0
DA SV, =E. B LG a3 Axt e G i —
zwmium G THIEE P S ille, e, EEY HALY B
ML ) — A58 76 LG P X i (934 Ce, se,) € Ey
&ﬁ}ﬁﬁlqﬂ,lxcﬁﬁeaev,, T G T T, ER
Wi B, () =W(e)=r, ERHH D, (+ )W LG I
FAIWGT R B, W )N G 2 AL R AL
3.4 RREHEMUEZS
S0 PR UL B 2 2] 8 A 3 o DG e S5 Kt 22 i) 4 485 4
B AE B ST AR L T AR SO AT S B Uk R
HGED [ H4E 4%, 2 AR REG .G Mefla—n
HGED {H s5.2% ] —Mie/IME MSE f9 AR {8115 i 00 s %8/ -

N 1
V4 = . . 3
%\%A L i3 ‘(VFH_MSE(ﬂ(G,,G,),.\) (3)
Hor T, RN NGB E A0 RETIH S5
cost=1 yff 2 . 4 Zt j[ j:-’- iﬁ
5 iAmis N "
ARSCEARMERANE 4 FiR, FEMAE 4 MR DETFR
D JOT V&1 [v) 49 ) 45 ) 320t A\ 2 2 B 5 2) 2 T 28 0t Ak 1Y) 8] 1 T
& 3 HGED % 7 i We AR e 5 3) HE T 28 B X 55 1 13 % DT Be B e s 4) [ AE fBLBE
Fig. 3 Example of HGED calculation fid

TS #H _5[2\_%5*%%_____________:________}e_zﬂﬁﬁa@é&ﬁa&k ________ r__@*ﬁﬁ%?ﬁ%ﬂ?i?}e___:

; |

!mmoi , G, EO ! I l : !

! (MLP) |

alti: @) s A P 2 ERmE) | '

an W _frrms) TUORE® 6 R Fird ' |

L | ARE > i : G E R e : |

i o o) @gd ] | I I i) , I

O =l i (@] o6, 1, | !

¢ “ e REARRARERIOE i |

7 34 5 By 3 2 I o

£T 5K S

|
|
Lo
|
|

111
o
M

Kl 4 TEM-HGSL % K HE 42 |4

Fig. 4
BHNES]

WAHAE SR PR GIN (3 B AL s HLH L B T
TR Y 5 5 ] W) 4 09 2% HGIN,

SERTSEH (WL 2) K H, GINTIHEfE 5 GCN Ml GAT #f
M HSHE L T GIN 55 H: 7 B A B AL

2V =MLP® ((1+e0)zld P+ X z¢ D)

m€ N (n)
Hip 2P RRT a1 L B A TR .2” =X, ;e 2%
ABEN DO RRTE n WBBES.

SR, 76 5 BT (LB 2 15 ACM1000) H , GIN fi4 # g 4TS
REEAR N T A6 R Hh A A 5 6 R O SO R AR
SO e T v 300 e Bt Sk £ PR PR T A K GIN R B R T
LEh, HHBMEBEAXMT .

2 =MLP® ((14+¢0)z P +T)

/E_A

X 15 55
4)

(5

Overall framework of TEM-HGSL

ﬁ 5 ! H IR
T=% % obowenggn (6)
rGRMQNr(”)‘N (n) |
Hp, rERFER—NDXAEEM N G ERGHE 2 IHZE

B AHER AR RES W, KRR LT - A R S ESE
. SR h A —Fh e R 2M, 0 HGIN 3R 46k GIN,
4.2 FEEMUMERTHE

BB IE T AS BB UTRE &, . 4 i
NHEFE ZE€REXD , Hih D 2l 4k i, 45 Ff i *irﬁ
FH SR A AR, 75 B A A

T=2> Xz, I(¥(e)=r) 7)
rER ¢€E

Ho R EDHKIE L TE RF D IZ KA AL F 1 #r A B
IC ) —AHE78 REL Y HACY 0 e 2R » B, EH R
LW 0,

Ho T F 2 AL - (i A MLP, 3R 45 38 B % 5%



184 Computer Science HEHLEIZ  Vol. 53.No. 3, Mar. 2026
5 [ D i o i« S50 D L
t,=MLP([t;,.t;, ] &) L HHAA.G .G LG LG,

Hoot, o1, 4 FRIRG, . G PR AL - B[« RN
B,

B E B B o N IS 4 W 9 i Y B
B9 R R ) R 3], S P S A A AL Rl A

_ 1y
a—tanh( R Wu%/Rt,,) )

HAop W g — A WEE G, BHEEIR e 50
AR N FUES — 4k )5 26 A MLP o, 75 21 B 9% T i 15 6 .

h:MLP(%:Ra(tT ca)-t) 1o
HorfrooC e ) R BB, AR {H 1 sigmoid; hE R”, D J2 % i
4.3 EEIFFFHIARTE

S Y G b S B IR () 45 A8 DU TC L AR SCBE T i A R AT B
SR UN NP SN QUN D

BT REB RN AZ AL T TR K—ik
B iy s i S A i), o — sk R i s o S RLE . K HGIN
2B R R AENTEZ LB ERIAENA [
W2 2] SRR G, Gy 22 8] B B A AL BE SR BES ;0 Sy e AR C
Wit T — A 2 R S B R, LB AN 8] 28 B i 2 (A /9 34 2

S (a,b)=a(wj e I(W(e,) =W(e,)) [@RD]

! v,

Q.K ..
Jdy
Hd, S ., (a.0) FIRG, Filie, WG, e, BITER 13 8:0 =
ZWq K, =Z Wy, Wo Wy 53RN A D BE M, R Z

TRAR 50 C « ) PTG PREL, AR H softmax,
R B B X S, RIS o LUE 7E A8 [F] 19
Rz AR HEAT AR, AHUE TR AN .

SJ»,(a,b):a( J s I(W(e,) =W(e,)) (12)

K"
S:G(«Q/Ij e Ve I(Wle,)=W(e,)) (13)

F.,0=8.Wq,.K=S8, ., Wi ,V=S8,.,Wy,o( +)JE& softmax
%

B O

T N X 5505 B AR DL EE S P e S Ak i Al B8 S UE I
P CNNUY AR 15 3 51 T I 1) 4 s € RY L DS 4 3
El |E; |

5= 2 (S,W, +S,W,) (14)

Hi,S, .S, iFExRS W p 175% ¢ 5.
4.4 BEHELLE TR
BA BB UCE M h € RP AL K VG D ) & s € RY $f

B3 A FCLs o, B0 G, FIG, A B BE 42 5k s . 7K SCff il
MSE £ J i 2k R %% .
1 A )

:m(w)ﬂy(s‘,.j*sw)
Horp, T, BRI GE ML G s, BG-GB F 5 H L 4
. BIH—4fk iy HGED fH.
TEM-HGSL M h RS HiR i % 1 fis
&3 1 TEM-HGSL
WA RREG=(V,,E.,X;,®,¥) .G = (V,,E.X;,®,¥), K3
—AfEAHLEEAE s

L (15

2.for1=1,-+,L do:
3. for v€V, do:
4 2"V <HGING)

5. end

6. end

7O 2R AR AR R R a:t,«rEEREEz,. s I(T(e)=1)
8. E@Jﬁﬂﬁd:h«MLP(%‘Rm}‘ ca) o)

9. BB RAZ HAR S S~ L H T E N (L Z)

10. HYLVC AL . s<-CNN Ui 1L (S))

11, 38 [ § < FCLBHE (has))
5 ZLBWRERSW

ARICHE T TEM-HGSL 5 M %77 ¥ & HGED [ 54T
%5 11 e BN, 1388 3k V1% i S 0 6 3AF 45 AR B 1 A RO
5.1 HE&E

A By S 1 8R4 (0 ACM, DBLP, IMDB 4) &2 B4
RIAEE , To vk BB T RS 2% 3 5056 . Bk, ASCR A
T RE MR 48 R (BFS) 3 47 B AL T R BF DR ] v 488 B vp 47
TR0 7 B 2 A 45 . S T KA T B 2E ST Y RS Al
HGED {H , # B R A F B A5 S BOR 3 1607, 415 AL
i 45 o B 0 & A A 28 R, L LR Ak ok R R . BRIk
Hh AR SCIE R 4 T A A W ETE R MUTAG, 85 H i st
AL 2 S S Ry S IR R YT S N, BT B R S
Bangk 1 s,

*1 BIRERITFEER

Table 1  Statistics of datasets
B % IGI WV E| ¢ IRl
ACMI1000 1000 7.25 8.15 4 4
DBLP700 700 9.04 8.42 3 3
IMDB1200 1200 11.03 10.19 3 3
MUTAG 188 17.93 19.79 7 4

5.2 WEHE

RS E SRR T vk AT B B 4 R AL 1A e
Fid AL Tt K 1) 2 AR GNN J7 3k (GCNFY, GINTY, GAT™Y,
RGCNP) A1 8 Fif [a] Bt 4 1 P12 DG i 145 e 4 DG I 9 ¥R
GSL 77 # (SimGNNM!, GraphSimt'?, GMN!Y), MGMNL
ERICH, TaGSim™* , NA-GSLMY , GraSPH)) |
5.3 XWiEE

o T I A BB ARAE [ B B A R g A7 o T A L AR
SCHK P8 5 BT B K i ( Heterogeneous Graph Benchmark,
HGB) ™) v Ak A, 3o 57 o 1] 450 9l 48 30 47 58 — R IE TR 1)
AL H , 1 SR 45 45 A A0 SO A I I S ST S0 80

Ji A SR B2 ER R R 62 22 2 Y L A5 i L S 4 A Il k4 L
ARG UE 4. B A B L /N IR B Ol 128, 2 S AR E N
0. 001, ff il AdamW 1 Ry i b5 . & 9% DC L ] 42t 1 371 4% DC fic
) B 2B R 128, FCLs B BN 4. 4 AR RN 128,
64,32,1,
5.4 EMIEFR

HEEFEMY 8, A KRB (GLGH W



Febe 45 SRS G 100 DT T A S 5 AR R JE = 2] 5 ik

185

HGED 23 5t 47 0 — 4k b 3R, 5 4% 5 18] B9 JLAE O 56, 5 0%
VE 7 B 528 (Ground Truth) .

HGED (G, .G,

HGED,p, = VW07 €(0,1]
Ho, Ve LIV 153 518G Gy s

Ji A AT AN 8 b5 5 T I A 4 O 1 AR Ry — B0 BV 28 Oy ik
22 (MSE) i J% /R 2 41 5¢ & $U (Spearman’ s o) Pl # 1 /R
X R (Kendall’s )PV SR PP A LA M BB, b, MSE /)

(16

TN D C A S B A 5 30T B2 R B R ROE & R AG A B HE B
P RR R BOE R R T — Bk, T SR e AT
PEAS [RDRLJE HE P 22 5 BB B R PR RER LY. ILAh i RSB
RUTEAH RIS _E BARRURE TSR o A8 160 X LA Y s S0
5.5 SFEREMEMERFEE

S T VL AR B EE [T ) 52 6 45 SR N 3% 2 B 4 R AT AR I T A
Xt A UL R B P R £ T

®2 EMMERELE

Table 2 Overall performance comparison
ACM1000 DBLP700 IMDB1200 MUTAG

MSE ¥ ot A MSE ¥ ot ) MSE ot oA MSE y ot )
GCN 6.772X10 % 0.950 0.851 2.516X10 % 0.962 0.882 10.828X10 ° 0.790 0.633 5.933%10 ° 0.922 0.792
GIN 6.156X10 % 0.924  0.808 2.307x10 ° 0.959 0.881 11.670x10 ° 0.785 0.629 5,208x10 ° 0.940 0.823
GAT 6.097X10°  0.922 0.79  4.012X10°° 0.940  0.841 11.047X10 ° 0.788 0.630 8.863x10 ° 0.920 0.795
RGCN 1.408x10° 0.983 0.914  0.895x10 ° 0.984 0.922 2.547Xx1073 0.947 0.837  3.398x10 ° 0.953 w
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NA-GSL 3.440X10 % 0.956  0.848 1.469x10 ° 0.948 0.884 7.581x10 ° 0.879 0.760 3,998x10 ° 0.937  0.813
GraSP 4.101X10°3%  0.917  0.832 1.477X10 % 0.951 0.883 7.699x10 ° 0.849 0.733 4.532Xx10 % 0.892 0.753
TEM-HGSL  1.164X107% 0.986 0.930 0.714X10™3 0.986 0.939 1.778X10°° 0.978 0.868 2.213X10~° 0.971 0.892
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Table 3 Ablation experiment
ACM1000 DBLP700 IMDB1200 MUTAG
MSE ¥ ot A MSE ot ) MSE v ot oA MSE v ot oA
w GIN 5.673X10 % 0.913  0.803 2.131X10 % 0.960 0.893 7.532X10 % 0.789 0.638 4.906X10 ° 0.941  0.832
w/o LG 1.339X10°°  0.974 0.921 0.881x10 ° 0.983 0.927 2.372x10 ° 0.953 0.846 3.818Xx10 ° 0.945 0.833
w/o EM 1.583X10 % 0.952  0.917 0.932X10 ° 0.978 0.913 2.476x10 % 0.950 0.839 3.831x10 ° 0.944 0.828
w/o GM 1.221X10° %  0.976  0.922  0.790x10 ° 0.981 0.926 1.892x10 ° 0.964 0.851 2.343X10 ° 0.965 0.879
w/o TA 1.188x10 % 0.984 0.927 0.721X10 ° 0.983 0.933 1,831x10 ° 0.967 0.858 2.239%x10 ° 0.967  0.890
TEM-HGSL  1.164X1073 0.986 0.930 0.714X10~3 0.986 0.939 1.778X10~3 0.978 0.868 2.213X10™° 0.971 0.892
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