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Abstract: Graph matching refers to the problem of finding vertex correspondence among two or multiple graphs,
which is a fundamental problem in computer vision and computer graphics. As a combinational optimization problem,
graph matching is NP-hard in general settings. Classic two-graph matching has met its limitations in matching accuracy
because of its NP nature and limits in data qualities. In contrast to the classic two-graph matching setting, until recently
matching multiple graphs with consistent correspondences start to emerge for their practical usefulness and methodological
potential for further innovation. Starting by a brief introduction for traditional two-graph matching, we walk through the
recent development of multiple graph matching methods, including details for both models and algorithms. Finally, several
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Fig. 1 Three representative situations of multi-graph matching
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3.2.1 XU E R (Recovery under bijection)
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KKT X WPEIEE LRSI i Tk

T T
l;{ }1 = llpl [1 PT] =0, (22)

EFFE—BEH T — AR T B 7 Mgkt
SRR AR Ak Il R
MAESCER 5619, 7E#& $& it T MatchALSH %, 1%
SREVE LT O (] A i L U A A G O E U ) H
FREREL, FER AR S [ RA S BIE S50, 1):
min— > <8;;, X;; > +a<1, X >+\|| X|.,
X ij ——— N —

N— i Ak
TsAIE, < 8, X >
Xi=1I,, Xij =X, 0< X <1,
(23)

[FJI, T AR IRHRE P, i 1 XUEHL2) 5.

KHREMERNE, S;; e R HAE T —Hr
M5 R TR AEALRE, T A I IR AL FEAS R, T
S € RM*MING & T EAFABEXTS ;. A4h, BT 5
SN 1A PERR AR, SCHR (56125 3 1 X it n 1Y)
FIEEAW, HA ot 1 — MRS B e MU
SRR IR

FETZ RS, STHR[ST1HRH 1 BAT b AR Match-
EIGH k. — i TAESY RN 25 8 T B A
XIS S5 2 B R ULRC R R 0 &, gets b 24~ 3
XTRRAIAAR UL BT AR L.
3.23 AW A EJE(Recovery under common inli-

er elicitation)

IR FE T R R T AT A R Y AR S6STH — A i
Uity A2 e 2 AL TR AE FE R n T (AT AR ED A
Aphe, AP AR AR R BB . — > HAR IR AR
FERAASCHR 541, 1 Z6 i B H AR & B b k=2 )
AT RS, KR Hn < nt.

BT FRMEE, TR 591, fEE St T W MR
B H AR, P e {0,137 [E X BAER T
2(23) iR F 0 R ARARATOR, 3 A2 B A S AR A 3K A 7

fEFERE PTAE (19 XC:
: L T2 A 2
min Z”X—PP ||F+§||Ci-Pi_Zi||Fa
Pec2 " rank(Z<n)
St X 1wz IESHER
24

Horp PRFAETEREHESFE R 2 )
0<P1<1 P'1=1.

A AN AT AT AR REA SRS B
EAEEAL. FERH A2 KT I BRAIR,
W R—HHHEMEC; € R¥™™ %W BRI Tz
B R G F A SR FT L0 e I AR R 1T
¥ Z; € RZ MUK GHBIAE R Z e R* 5521 — 1
24T FEHORT B0 AR PP AR fe i 7 — AT
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BRARARN BRI i R A2 Y SR A _E ik ] .
324 44X £ B IL AL (Distributed multi-graph
matching)

ERFE32 RN AN EE R R E I
DRI AP X BEAT ARG, — > AR AR
Rz SRV 7 N2 A L E B 1) 7R, JFRE
ZAF B R BIREARAE X3 40 AESTHR [61]H/E 2 1
AT TR — SR EI R A B A V5RO 2

WA, T T HTF 4 A % PG AR
BUAE oA A SR Y DL A S 20(23) 8 STk [56]H
(6)):

min}_(<aly, — Sy, Xy, > +A[ Xy, [|.),
s.t. sz'm‘ = XV;m', Vi,j,
(25)
Hor: VIVRBHEEV, 50V, BEA KIS, F
Mo SCRFEE V™ i A9 s ARAIE T 4 43 2
Xy, N2 R —BERES 5] A EIREAR SR S22 )R
— B RIS B X0 R PRI — BRI B (T
Tt R 22 [ P PR, X BLAE ST g 1 20(23) AT,
SCHR (6113 — B4 T — N T SRR A 2L
S LIV, IR SR T o — ARSI 1 T — Al
BN B AT AR SR ZESRAL T, 2
SRAT A B 81 AR R &L AHELZ R, 2(25)
(AR I AT LA 38 R R VLG 1) 15 7%, X 5 X (23)
R RE I 5L
3.3 FR-124/% )1 (Rank—1/Clustering methods)
FR—1Y 771 3R RT3 e AL 2 JR 5 Rk )
FERE AT B HER, 455 200 55 5 7T mURFIERE RE
HAMT G IR, BETAREIRA LR 5555 s
IR B T3 — R K, (IR AR 0 B 20 A S 7141631 45
T IR R R SR A SR, 1R TTVER — KRR &
SR T P T 2 0 200 A XU R 2. GG ) 5 2
K&, FIRRERTRS WIGAE BN BUR. 72T TH /41
R B, R 5] N R EOR, WA RLTRCE R
FR-1BZT R P K.
RET7iE: RSk (6410, R IR T — MERITY
FURFAE 25 18] AT SRR I 710K 3K il 22 [T ] UL I )

L5 KSE BRI, R B A R kA it
SE T [F— 0 s SOz A BT sURHE R IME, I
DU 5 s o 2L AT IR B 5 K MEA R )22,
X HLIR B L — NN, BIREAN 43 75 R B AN
(A B AR 1 R R, AN SRk B A — BEIREAC I Y R
HEIL 22 IR, IX A A% ) ) SR AR AR AT A TR 2T
IR, SCHR[6514E 1 T — NI T % AL TH
QuickMatch$.7%, 1% 514K F QuickShift!®* HE S 44
THE B AT T TR RN EERIE, ST EA TR EH
BN REE, AT S EHSEER, HFRA
CRFARTEREILAL.

TAMAEHER IR, BRI LS SR
T TS A B AR AR A 2 AT A, T A AN
K FH LY sURRAE L HARLEE A 2.

3.4 &= ULEC (Incremental graph matching)

TEZ 3G B VUG & 2 B DL FC U L ) — N HL 2
. TESERR N A, Eids 28 2 Bl ) 5] AN i 385 m (451 G
IR ), A I 2 VTR EE AR Tk AL
AL B ARG O, PR, 7R 23 & KL AR R A
BRI S, IR AEAS B 24 H IR AR UL LSS R
(PR, B e ORGSR A AT VT & —
AR AR B 25 YR I B S ) /. SCHR 6718 T — N T
BT T SURE UL R () 3G 5 UL T B T SR L A T
VRS AbFE T 5 — e P DT C 8 R DU . 071k
347915 st #£ (determinant point process, DPP)>K
X EIREALE G AT 0 4, DL ORIE &3 HNFEAR I 2
FEME. T 7E 3G & VU RS A2, 038 5 DPP ) Bl LA P
SREEALE 2, 48 7 E TR & e, BakiEd —
A BERZH K, 755521 1R A4 2 B ITRC P50
— AR B FE AR N, 1G5 UL
K REIZE T
3.5 A48 (Conclusion and discussion)

VR 3t — 20 FH 3R ko i 32 1 22 IR UL E 5 v
AT TICR S R Sskt, BT — B REsiEAAT
BC SRR T R Rk X7, BRAR FEA A SS . A EE
N, &R B IR R B A Z IR T
T 386 5 200792, o6 1 B R i H A B K ) S e
NIRRT ST BB R R ).

%1 2REE G HLE

Table 1 Summary of multi-graph matching algorithms
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VA T I % B VO RC AT 2 B AR, R
% PSR B bR TR s L. e, “
I fs 57 AR AE 2 AL 2% B8 B B R AE.

ORI B FoRBVE 45 SR A 1

I—ghE. “JRERILHAL 7 Ron kSRR A 1 T
. P9 HIE N ARERFVERE H it AN
MEH, ATREREERNESHT LR, ‘M
B RORFIE 45 R E S FRs s .
AT B AR AR AN T B AL EE D IR, 8
E=p i UNITESS
4 REEFIREE (Conclusion and outlook)

ARSCAE A AFE A ) — FEIVC BC AR & A0 7 i i ST
I, EE SR T % P R DU i) R B 3 A B
). B2 W EREAE B RIBIN, 5 7 &4 T
TE ) R P 7, AR L B L VRO TR
BET B 2 8] SR, TSRS H ) BT R A
S A T v 2 PR, Rl 2 A 8 B S A p
5 RS R VT I P 5 THT, WA B FRT /732
B

fERSE Mk T, H ATV R 2 RS e
PS8 K ) R b k47 DURC, B — e 75 SR P L8
S VT k2 2 B SR AU FE AR G S 43 sl 2
ZERYHR DR MR, AR R R IR
(T X AR TEAE B, 25 SLBR i B 45 45 I8 i
BT 1 2 ANME. VEE AR FIH 2 B ) R PC RS ) —
AR, A 2 A B E R, T B e
P W B PR 45 4 2 3, A — AN TR LE ) BT 5 U .
FE AT s DT 7 1T, P A B &
FORH SR A RS B N R IOVl 7 — AN LE 1)
AROTE. BT BRI BA A s e B R,
— N BB IR NI SR ) A AT SR A B AR
e, B 2 A BEIREAR S B 07 55 ) 2 2 () ] e o5 28
— AN FE A ) 001 45 3L 1 4 DT I A% 79 158 47 A RS
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