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Abstract

Graph matching problem (GM) refers to establishing correspondences between two set of points
while keeping the consistency between their edge sets and can be mathematically formulated as a
quadratic combinatorial optimization problem. With the success of graph neural network (GNN),

XEFIF: Bl Adk TR R AR R R E E USR], HENURE S R, 2022, 12(4): 1089-1098.
DOI: 10.12677/csa.2022.124112


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.124112
https://doi.org/10.12677/csa.2022.124112
http://www.hanspub.org

Mt Ak

recent learning-based graph matching research attempts to solve the problem by way of linear as-
signment via transferring local structure information into node embedding at each graph. Howev-
er, such a technique omits second-order pairwise edge similarity in essence causing the decrease
of accuracy. Based on this issue, this paper proposes a novel embedding-based graph matching
network fully considering the pairwise edge similarity. Edge-to-edge similarity, equivalent to as-
sociated edges, is aggregated into nodes in the association graph derived from two matching
graphs, to amplify the discriminativeness of cross-graph node embedding. Experimental evalua-
tions are conducted on public datasets, and results show that our method outperforms the
state-of-the-art in accuracy. In addition, compared with the state-of-the-art, the proposed method
has superiority in space consumption, indicating the potential to solve large-scale graph matching
problems.
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Figure 1. An example of graph matching
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Figure 2. An example of message passing between nodes and edges under an association graph
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Figure 3. An overview of the proposed pipeline: a cross-graph embedding with edge-wise attention for deep graph matching
3. ETAXER M ER E LR W 4 R R AR E

VGG _16

relu5_3

2R A 73 O A R SRS gp PRI VL S I, S SR THRR AL s Z I Z2 5 1, SR S AR DL O AR i 2
[B] AR ARAAPE A 3 AR WL e O T 3R RS AE s (R 22 1, PRI 22 X 2% T LUK 25 r Rl i SR 5ok B 48
JEES R R IATER, AR R 4 R AP IE AN B R SN A AR R . O T RE A SRR S R AT
Gitfa 2, ASCRHA] SplineCNN B4 BUMIZE I 48 [2 1K1 LT S5 H 5 S IR AN BISE slfFiiE = rh e o, P
KR ai A 8 Delaunay =l 73 [22]5503%, T D e P 0 by 4 S e 2 ) 00V — AR AR R AR AR S 88
J5 » 45 RUARHE A R 2T SplineCNIN K1 KA IR £, B RN T LA 25 15 JEL 4 sURFAE BRI F2

32. ETEHDEBRNSEERBRAE

P IR = B 2 257 P I P 2 8] B R AIE R S AR I AL . ASCHIN TR ARMEAE B, AR 9 miE
45 R S AR B MR 2
W 2 B, G H, e {0, R 1, M ATIAX RAERE, MG, =H,, =11, BUWRHES K FILTFHET
G MR TEE A ), TG, H, e {01 FFHEH . AAMIHEAE X e RT MY e R 435I H
Uit 1 HRFAIE 2 22 Ry 2 -
X =(G/ -H)F, Y=(G]-H])F? @)
WU AL EE AR B K, € R DT L s RO AE Y AR SR
IZe = )Zdlag (gedge)Y_T (5)

Jorf Qe € RY AR5 SIBUE,  diag (-) 2 M 0T A5 AR
TRT AR R K, e T i S ICRAE e 7 25 R [0 UE L2 ) f S R, A
SCKARZMEH AL 0E softmax {1 F T 20T AR LRE R K, 388 KRR R 75 25 57 I o o e AU 74
SYITE AL . 2R3 A LR AE 5 BOAR LR FEIE it S S nd B RRRE, EACC M, AR 9T
B e e [0,1]elxez :
& =softmax (K, ) (6)
WE 2()FR, SRR AR T AL S K, T G HE P I U S e T e AR LA 5 8, [

SIS LI 2 0 B P UL . RS — 3 SAL B AP, LY 0 R
5 & € R MR\ (B ERE L AR 7 < R

DOI: 10.12677/csa.2022.124112 1093 TR 5 R H


https://doi.org/10.12677/csa.2022.124112

Mt Ak

r=H,eH, )

HTALRTIAN S LS £ eV Rl eV, . S B RS N 7 , AT LLMIEE NG 2 FEB 048 21 1 115
m, . B B T

=25 ff ®)
jevs
T B ERERE ¢ (e RIGHEZM 0 B 1, ZMEFORIE T 28 i siott . B8] LLAS 3 55T 5 1 46
FHAE:
1?ilz fil"'mj»i VieV,, jeV, 9)

X F 58 IR 4 5 § eV, A R 1 25 B A
EAFERM R, HET MR K 45 S 8 RNE[17] [18] [19]7% 58 T IR S &, X —JHiY
I SRR P S PR 22 2 T B, AT SEB SR IR B (R AN 4 o, RO ARBLEE AR 2 AT s X AR B
%% SR, RERETH RN AT A R i B 50(“ nz) HZHEL ASCHIL- S A
BEAT KRR BAR S8 T (2 30(6)~(9)), WA LRAIY, Z’JEO(nl +n 400, ) .

3.3. RILEE

ACVCEL EE N M 1) i, o H PR A WGP M FE LT, AR R 2 20 R 44
(ASRE) T, BB BRI P e [O]"™ . I U P B3 it b 57 75 0 12 41 0 A oL 195
S CRY™ , L BIRHIBIERAS Y, S, P, RIS AREHFE .

Zeid RGBSR, T DS R B S SR F e RV AT F? e R, A ORI ALLEE 175 20 48
FES e R™™ 5T

S = F'diag (e ) F*' (10)

FEf, Groge € ROEFTVIZRINSE I ZH0, T diag (-) A A S — St fA4EE «

PRI i R 0 2 SR S5 - R B A @ T b 2 [ A5 P45 (Optimal Transport).
i 5 LSRR T 8000 sinkhorn SEUKT16TRAR: 45 SO AIDURE AR AV AR S, i R A HAT I %ﬁﬂﬂ
— (LA G SO exp(S) . TRAAF BT P e [0,1]"" -

R; = Sinkhorn (exp(Sij )) (11)
A FUE A BRI 5 S X O € (O0)™™ . 4642 i 0 4 AU ok 4 LRGP e [0,0]™"™ B (8L 43 A R

X OSSO R R BN, e iz B AR 1590 1
|=—ii X% logP,, +(1- X% )log(1-P,) (12)

i=1 a=1

4. SEREIFAH

ARSI PPl & T AN N TR 2 ST UG R 2 iR 45 Pascal VOC [23]411 Willow Ob-
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A Pascal VOC [20]5 58 15 B 186 SCHR[13]1) S0 5 &, SR Berkeley T LARERHIE S [2711E N
BB R ZBIEE LI 20 KMk, HaIgraEa & 7020 sk A im SR e A 1682 Tk . Bk
F A 6 2 23 AN AREAS BIRHIE s ARV ZR 1T, BT IR #RE B AL 5 T A i R AE s T AE,
e iZ 5 HE B 2 256 x 256 115 2 K/ . Pascal VOC il 45 2 — AN T E VGRS AT 55 W L Bkl e 3 5t
R A R 1 — Se DL e e B R RS, BABRACRALIE, Wikl 4 Fizs.

2RO AR IE A VL C T 2L (2R 26 R IR UL IE » MR 15 Pascal VOC $id 42 (1 — LEUL AL 7 A AE BRI R A AH
WAL, Dz AR A — ) T UL RO AT 95 BA PR PR 051 &

Figure 4. Example of graph matching performance of CEGM in Pascal VOC datasets
4. ATIRHA) CEGM 4RBU7E Pascal VOC HiiR&E THILELE R REE

SIS EE RN 1 FR, ARSCH) CEGM #E W4 S AU FE PR FE i 7 A B 48Y . 8 Ak tth, CEGM
1E 16 MRAMREFE LIk B T8, M NGM-v2 76 4 NRAIREFE ik B T &eflt. —J7 T, CEGM M4
TR AR MY [14] [26]F AR fU7E T #0Ks B UTEC o) A 5t o R MR A3 BC 10 AR, B s RCR R s
PE: A—J5H, RO TERSRE B ROSRAHE aE T IO AR LR E B B NANTHARL, 5 A A e T R A A
JEEAE SR PR B 2 TR e — Btk . BRib 2 4h, SCHR[L7] [18] [19]th 787 % 8 1 IXARL S B, HRX
AR (1) P B AL A 5 T B N AR A I SR BRI, B4 R AU RS Ko Horp, NGM-v2 [197% B 51
W25 4 (GCN) [15]/EH T oRBR ], DAL T B CHR IR 45 o, B SORHARLEE S ., I8
qﬁ@yﬁxi%%EﬁAﬁﬂ%ﬁﬂM@%%%ﬁ@%ﬁ%ﬁ%m%,Wﬁ%%ﬁqq+@+mgo
Kk, CEGM 5 NGM-v2 [19]AHELEL, fERE LRI 4z, e A7 B2V AE B CEGM (H1t.
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Table 1. Average accuracy of each model under Pascal VOC dataset (%)
% 1. Z1RBVF Pascal VOC #IEE THIFIIEE (%)

H N JEE . H,
” ® oL R fa 5 wo., W ok o Py
b T 5% W - =X Yit 4 7T S O N R o,
Wil P i % % ¥ ¥ 4 P34 K% W i
GMN

[13] 41.6 59.6 60.3 48.0 79.2 70.2 67.4 64.9 39.2 61.3 66.9 59.8 61.1 59.8 37.2 78.2 68.0 49.9 84.2 91.4 62.4

PCA 498 61.9 65.3 57.2 78.8 75.6 64.7 69.7 41.6 63.4 50.7 67.1 66.7 61.6 44.5 81.2 67.8 59.2 78.5 90.4 64.8

CIE-H  49.4 63.1 70.7 53.0 82.4 75.4 67.7 72.3 42.4 66.9 69.9 69.5 70.7 62.0 46.7 85.0 70.0 61.8 80.2 91.8 67.6

L[1C7]S 46.9 58.0 63.6 69.9 87.8 79.8 71.8 60.3 44.8 64.3 79.4 57.5 64.4 57.6 52.4 96.1 62.9 65.8 94.4 92.0 68.5

EA[\E]M 49.4 62.1 64.6 75.3 90.9 80.9 71.1 61.3 48.7 65.9 87.5 58.4 66.3 60.1 56.3 97.1 64.7 60.6 96.0 93.0 70.5

NG[%I]_VZ 61.8 71.2 77.6 78.8 87.3 93.6 87.7 79.8 55.4 77.8 89.5 78.8 80.1 79.2 62.6 97.7 77.7 75.7 96.7 93.2 80.1

CEGM 60.7 73.9 80.2 80.6 88.5 94.6 88.9 81.6 57.8 79.9 90.5 79.1 79.6 79.6 62.5 98.5 77.7 82.3 98.7 93.2 81.4

4.2. Willow ObjectClass ##& &E %44

Willow ObjectClass £i#E4E 218 B 5T 256 kK F, -7k E 5 Fhdhl: "4, W7, KeE, B
FOREG . AF5K B A #0154 AR A 1 10 AN BA SARRAE A5 . 78 SCRR[13] A SEa6 B, Aok I A # gl B & 256
x 256 ITHE o XHEE— 2R T INZRIEHE, 77 20 Tk R VR IIZREE, 0 1B R 1R 9t gE . Willow
ObjectClass ##fE £ A% T~ Pascal VOC a4, LR ERIEIEARL 12 A Pascal VOC #dia4E, HIF
KW LS IREE T 055, DRI L DG I PO o B A i B A1

ZARER LR R a0k 2 For, i TSR RIME R 2 Pascal VOC A FT NI, BTA IMBLEYTER
JE 1 EGEE] TR IR, o, AL CEGM BEALFESF35RE B B IS T e ARG ST NGM-v2 [19].
SR RR . AT S R N I ITEC 4% CEGM 7 B AN A FF St 4 b 38 B RS B2 R 35
5—7J71H, CEGM TE N A7 BRI FE iz i 1K T SCHR[17] [18] [19], B3 Sk I 5 3 0 7% B PRI T i R 8%
[KIt, CEGM TEKE BEFN N A7 B2 I8 2 18] (P45 7 TS 2 1 H AT sl -

Table 2. Average accuracy of each model under Willow ObjectClass dataset (%)
52 2. &B1%FE Willow ObjectClass 1B 5 T R4S B (%)

A R E 5 FEFE T R
GMN [13] 67.9 76.7 99.8 69.2 83.1 79.3
PCA[14] 87.6 83.6 100.0 77.6 88.4 87.4
CIE-H [26] 100.0 90.0 82.2 81.2 97.6 90.2
LCS[17] 91.2 86.2 100.0 99.4 97.7 94.9

EAGM [18] 94.4 89.7 100.0 99.3 99.2 96.5
NGM-v2 [19] 97.4 93.4 100.0 98.6 98.3 975
CEGM 97.0 93.3 100.0 99.2 100.0 97.9
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NBEH(A F(6)~(9) M TR/ e T T ARLE S B, RAIEFIREE BT AT SRR, &
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fir 4~ PCA-Edge 174, s2i6 4 a4 3 fis: PCA-Edge #77E Pascal VOC #11 Willow ObjectClass #4f
LA T IIRERE LA T PCA B, iZSCIRRM]: 1) ASCIR I HIBE BIR ABLHA A T DA 2 TR AR
(1 B VU AC A Y 52 i DU ARG B2 s 2) %08 IR NS ER BR 0 1 D FE PR VT G PRS- AR, A 28 i N 31 B IR
JEE VT IE RS 2 e

Table 3. Average accuracy of cross-graph embedding module comparison experiment (%)
2 3. BEERNRIRIITEL LI TR HE E (%)

TR Pascal VOC Willow Object Class
PCA[13] 64.8 87.4
PCA-Edge 65.2 88.3

5. &

ASCER N DA B TR A BOR IR FE IEIUL FE 19 2% 200 1 306 AHABLRE A5 2 1)L, SR 1 B TR IR
TR R BV FE AL R 78 70 2% R8T UG A 8 —Bhk o FL P B IR ABEER AT DA gl i, A 32
I B VSO R RS . — D7 1T, ASSCER Y CEGM NS TE A ATFEUE 48 Lol T RS B B 3Tt
I, HLEET H AT LA NGM-v2 [19]8 8,  ARSCI) 5 B iR AREER B st iy de 2 - SR B 19 3 - i
RASRAE, FENAAHFE LT NGM-v2 [19]. [Hlit, ASCH) CEGM KR LERE LA N A7 FE T ik 3]
THRME, SKISERAEY] 1 iZ TR B A Rk
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