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Bl E%}5F(Graph Alignment)|a]&

o [A]FRERN :
« WANNEIG,(V., Eq, X)FG,(V,, Ep, Xy), HAbX € R™AHRRY S
» AJBEFFTERY— &SR (anchor links) S

* |‘Eﬂﬁ§ﬁtj :
* {(u,v)|u € Gg,v € Gy, uFVILFL}
« —/NXFSFHEEE (alignment probability)%BFET € RIVsIXIVel | T (u, v) /IR IFFFHEER
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mEE 5 c

EEE 4 @ 0oo @
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Bl EX}5F(Graph Alignment) 8] &

k

» &= 3323\ (Learning Paradigm)

« B U5E (supervised)/2 M5B (semi-supervised): BifiE, BURTFHZ D
« oI5 ER (unsupervised): Joififk

1R E1E(Knowledge Graph)_EBYSZ{RXG 55 (Entity Alignment)
» KEXS5T
= R E X537 (Highly Heterogeneous Entity Alignment)
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Links Network I

— social link A » B
<> anchor link i

User Accounts

O Alice

& Bob

Charles

Network IT

Network III

Fig. 1. An example of multiple anonymized partially aligned social networks.

A3 F 45 K 5 3T 3 [ICDM15]

networks. BMC Syst. Biol. 6: 144 (2012)

protein-protein
interaction networks

metabolic networks

protein

enzyme

adjacent proteins
physically interact

adjacent enzymes
share a metabolite

sequence alignment
score (e.g., BLAST)

functional similarity of
adjacent enzymes

gene co-expression
networks
vertex gene
edge expression correlation
of adjacent genes
vertex sequence alignment
similarity | score (e.g., BLAST)
edge conservation of
similarity |expression correlations

conservation of
physical interactions

metabolite production
by both species

(b)

A YR L& ay 8 AICDM’15]

Matching. Proc. VLDB Endow. 16(8): 1817-1829 (2023)
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(a) Input Graph Pair

(b) Graph Edit Path
(G. Gy)

(c) Bipartite Graph  (d) A Maximum
from G, to G,

between (V. V,) Bipartite Matching

G.E gi.l (2) E——"( Add a yellow node 3.}

B %35 76 5+ H.[VLDB’23]

Jiawei Zhang, Philip S. Yu: Multiple Anonymized Social Networks Alignment. ICDM 2015: 599-608
Michal Kol&, J&n Meier, Ville Mustonen, Michael L&ssig, Johannes Berg: GraphAlignment: Bayesian pairwise alignment of biological

Chengzhi Piao, Tingyang Xu, Xiangguo Sun, Yu Rong, Kangfei Zhao, Hong Cheng: Computing Graph Edit Distance via Neural Graph



AR REENFTEE (TE)

« BT 5 R =B (Embedding-based) /5 5%
« GTCAIign [TKDE’24]

« T & 154 (Optimal Transport-based)dd /7%
« GWL [ICML’19]
- SLOTAlign [ICDE’23]

» HMRIRME AR T



B BT EFRTRNGZE: GTCAlign [TKDE’24]
s KT ETEFRTZF S (Graph Representation Learning) B 77 3% :

T BRIRRFE I +T5 =X 55 (node alignment)

o E|FHZZ 2% (Graph Neural Network, GNN)[E] i

TARGET NODE

T EVEF RN EE R T

R | ool
u :
.‘{ |N(U)| Wnelgh +Ehv leelf VI E {0'
D PR AR JET sut— & 3 T
INPUT GRAPH ‘.* """ . z*i?f? é{, %J 'TEL 72‘%1% 5B ]1$

H & B AT 2 M %

« Stanford CS224\W: Machine Learning with Graphs. https://web.stanford.edu/class/cs224w/
(RABBEKJELE24) , BFHRFTERE, &%, T, &, BBF

L —1)



B ET T RRRMFAE: GTCAlign [TKDE24]
» BT ENHIL

» “These methods focus on exploiting the local structures and node attributes for
graph alignment and have yet to address cases where the local topology
consistency principle does not apply.”

« FRIRINE: H—LE 2 FHIHTMEFR(Global Topology Consistency)

- d%@
Degree Centrality: D. = o] J
.

Eigenvector Centrality: Ac = Anaxc, Er = c[x]]

7

n—1

e O =
\ Closeness Centrality: > 2 dy, @) ] »

Betweenness Centrality: B. = > Gu:(z) J

L chyFe Y

B {1, if f«<Ljorke zl/Llj

0, otherwise.

H b — A4 5

\.

Chenxu Wang, Peijing Jiang, Xiangliang Zhang, Pinghui Wang, Tao Qin, Xiaohong Guan: GTCAIlign: Global Topology Consistency-Based
Graph Alignment. IEEE Trans. Knowl. Data Eng. 36(5): 2009-2025 (2024)



Bl ETHRRRTGE: GTCAlign [TKDE 24

- BB S
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Initial inputs

3
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E18 58 (Graph Augmentation):

Z<~F 3 (GNN)

R
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The (i + 1)-th iteration
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GCN encoder
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)] Fig. 2: An overview of the proposed framework.
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Bl ETERMRERNSGE: GWL[ICML 1Y)

» TSI

+ EIXIFFAILL B AR B GW 3 3] (Gromov-Wasserstein Learning) FlR /&
] (Optlmal Transport, OT)[a] &

o 5z 1% % (Optimal Transport, OT) =]/

4 N\ [ )

In the case where the margins u and v are discrete, let ., and v, be the probability masses

respectively assigned tox € X and y € Y, and let vy, be the probability of an zy assignment.

The objective function in the primal Kantorovich problem is then u
®
> ety @@

reX,ycY 7T

and the constraint v € T'(u, ) expresses as

Z'me:ﬂmavmex \

®
yeY o
and . T ‘
@

Z%y =, VyeY.
zeX

\_ AN J

Hongteng Xu, Dixin Luo, Hongyuan Zha, Lawrence Carin: Gromov-Wasserstein Learning for Graph Matching and Node Embedding.
ICML 2019: 6932-6941
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Bl ETERMRERNSGE: GWL[ICML 1Y)

» TSI

- BEXI5T _IIJE,MEI’JL*%BZGW >] (Gromov-Wiasserstein Learning) Fl& i f&
) (Optlmal Transport, OT)|a] &R

» Gromov-Wasserstein Learning[=][F

/Deﬁnition 2 (Gromov-Wasserstein Discrepancy (GWD) [17]).\

Given the distribution p (resp. v) over Vs (resp. Vi), the GW

discrepancy between p and v is defined as . L Yk
[ ]

1 1 T2 no T k’ll’;ﬁ/ﬂ\.
pamin 0% 030D 1C(0g) — Culk, PTG TG ), 4 y
€ll(pv) i j=1k=1 I=1 . C (:E?;,xj) C (ykayl)
(1) o ]
s.t.T1l,, = p, TT1,, =v. L@ N /.yl
Here, C, € R"*™ and C; € R™*"2 are the intra- X [ Y
graph costs for G, and G;, respectively, which measure the > ?
similarity (or distance) of two nodes within each graph [21]. L (CX (zi, a:j), cY (Y, yg)) Ligd

We have > " >7"2  T(i, k) = 1 according to the constraints
in Equation 1, i.e., T is the joint probability distribution over
\two node sets, and 1,, denotes the all-ones vector in R". /




B ETFHMEmGE: GWL [ICML 19]
* GWLEE
* &itcostiIfEI
- SEFAGW LearningFNIOTE #1711+ E (Proximal Point Method, Sinkhorn Algorithm)
o B LA&HN(OT) B R FNSinkhorn & 7 [2] et

T mni T2 o \

-
mnTTTYmu C,(k,)[*T(i, k)T, 1),

Telllwv) 27 120 k=t 11
(1)

J

\ s.t. T1,, = pn,TT1,, =v.

[dezkz > ICs(, ) Ctkl)T(jl)J

=1 1=1

=1 k=1

R AR (OT) F & Sinkhornf %
« Hongteng Xu, Dixin Luo, Hongyuan Zha, Lawrence Carin: Gromov-Wasserstein Learning for Graph Matching and Node Embedding.
ICML 2019: 6932-6941
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 ETEiEHNA%E: SLOTAIign [ICDE’23)

« BB
. ,\sﬁEmbeddmg'JZOTH/zE [H X 5 FFFIEAD — BV BT ER AN T

204

Alignment Accuracy (%)

—o— WAlign

—¥— GWD

1004

801

60

40

—#— KNN

100

801

601

401

20

Alignment Accuracy (%)

0

0 20 40
Structure Perturbation (%)

60

0

10 20 30 40 50 60 70
Feature Permutation (%)

Fig. 3. Performance comparison of three graph alignment methods under
\_different level of structure and feature inconsistency.

J

G=WVAX)
Input Graph

Edge View

D = h(A)

Node View
D(i,)) = d(x;, %))

Subgraph View
D(i,j) = d(z;2))
1

Parameter-Free GNN
GNNAX)=2Z

|

Structure Learning
K

a@p@

q=1

Fig. 5. The illustration of multi-view structure learning.

\
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@1k : :
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Fig. 4. The framework of SLOTAlign. Given two attribute graphs, it first constructs a set of candidate structure views for each graph, and then optimizes the

integrated structure representations and node correspondences simultaneously in the joint structure learning and graph alignment framework.

\. J

« Jianheng Tang, Weiqi Zhang, Jiajin Li, Kangfel Zhao, Fugee Tsung, Jia Li: Robust Attributed Graph Alignment via Joint Structure
Learning and Optimal Transport. ICDE 2023: 1638-1651
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o 3 U5 X (semi-supervised) B % 5%

« Zhichen Zeng, Si Zhang, Yinglong Xia, Hanghang Tong: PARROT: Position-Aware Regularized
Optimal Transport for Network Alignment. WWW 2023: 372-382

o &M1R BE LA X 55 (Entity Alignment)

* Yunjun Gao, Xiaoze Liu, Junyang Wu, Tianyi Li, Pengfei Wang, Lu Chen: ClusterEA: Scalable
Entity Alignment with Stochastic Training and Normalized Mini-batch Similarities. KDD 2022:
421-431

- &5 & *F5F (Highly Heterogeneous Entity Alignment)

« Xuhui Jiang, Chengjin Xu, Yinghan Shen, Yuanzhuo Wang, Fenglong Su, Zhichao Shi, Fel
Sun, Zixuan Li, Jian Guo, Huawel Shen: Toward Practical Entity Alignment Method Design:
Insights from New Highly Heterogeneous Knowledge Graph Datasets. WWW 2024: 2325-
2336
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SEEMRIEXFTEIERESAlgN
« f ST

o B (semi-supervised) B X 57 xR A pU E 4 14
RN

« A[Z SRV 1% 1T (Learnable Transport Cost)
« ZHEIRERE

1)

Embedding-based

Merged Graph

Ob]ectlve

/ -»> < (Cs‘ 9 C[ 3 ), >
ot learning, \: (@7 ® Adaptive Cost “
| e.g., proximal*: .

| point method

!
]
[ululs] p EEm : : : Objective
I
- Direct Cost Learning | o
I ]
57 I 1 .
[
mEs b : O
3 e
———————————— 1| @ ! 5
Attributed Graphs ! s @ \ : | g(:t!l:ls.ed
With Anchors | WS-GNN : !
I I

Indirect Cost Learning :

____________________________________________________

Dual Adaptive Cost Learning Multlple Objectives

Fig. 1 Overview of the RESAlign framework

« Songyang Chen, Youfang Lin, Yu Liu*, Yuwei Ouyang, Zongshen Guo, Lei Zou: Enhancing robust semi-supervised graph alignment via
adaptive optimal transport. World Wide Web (WWW) 28(2): 22 (2025)
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SEEMRIEXFTEIERESAlgN

Table 3 Comparison of model performance in the semi-supervised setting. \
Datasets Metrics | FINAL WAlign NetTrans BRIGHT NeXtAlign PARROT RESAlign-WS RESAlign
Hits@1 | 61.54 40.34 47.69 35.19 46.59 70.61 78.87 80.67
Hits@5 | 91.68 62.68 61.32 52.29 77.54 93.63 94.32 95.64
Douban Online-Offline Hits@10 | 95.43 71.73 66.40 58.65 81.56 96.31 96.54 97.21
MRR | 74.33 51.05 58.91 43.51 58.50 80.59 87.63 89.62
Time(s) | 7.78 13.56 66.64 29.77 62.21 7.79 2.82 2.61 (
Hits@l [ 39.72  62.60 70.36 17 88 5168 7211 7138 75.79 Table 4 Comparison of model performance in the unsupervised setting across five methods.
Hits@5 | 72.79 83.81 90.45 78.41 81.03 92.84 93.11 94.07
ACM-DBLP Hits@10 | 83.34 89.74 94.28 85.63 87.87 96.01 96.33 96.76 Datasets Metrics | KNN GAlign  GTCAlign GWL SLOTAlign  RESAlign-WS
MRR |54.14 71.74 77.04 60.72 63.54 80.56 82.50 83.18 -
Time(s) | 21.75 238.27 586.54 751.29 1335.23 226.24 59.91 60.46 Hits@1 | 27.55  45.26 61.79 3.29 51.43 64.58
Hits Botitin St Hits@5 42.31 67.71 76.83 8.32 73.43 82.56
itsal | 8348 5652  73.03 6929  57.05 9512 97.12 97.25 Hite@10 | 4698 78.00 8299 963 P RE .60
Hits@5 | 95.87 72.58 82.46 80.72 67.56 96.57 97.44 97.92 MRR. 35.01 56.32 69.77 5.79 61.29 76.70
Allmv-Imdb Hits@10 | 96.84 78.02 85.63 84.17 70.53 96.96 97.62 98.24 ) ‘ ) ) S— S
MRR | 89.06 64.22 77.00 74.52 61.44 95.79 97.42 97.62 Hits@1 36.25 70.20 60.92 56.36 66.04 71.45
Hits@l | 71.02 99.08  98.94 8647 7268  99.56 99.60 99.63 Hits@10 | 76.22  91.36 79.97  82.18 87.76 93.15
Hits@5 | 86.25 99.95 99.86 98.84 84.45 100 100 100 MRR 38.59 77.49 67.67 64.82 73.76 79.53
Cora Hits@10 | 88.14 99.97 99.95 99.40 85.74 100 100 100
MRR | 77.34 99.47 99.35 92.23 77.68 99.71 99.75 99.78 Hits@1 30.36 82.14 84.73 87.82 90.60 95.47
Time(s) | 23.38 24.63 1085  7.08 16.57 7.94 2.31 2.47 Allmv-Imdb Hits@5 | 47.14  86.35 89.89  92.31 92.75 97.14
HitsQl [63.11 9887 9511 8467  66.68  99.77  99.79 99.86 HERS (2o =l T T b b
Hits@5 | 69.08 100 97.10 99.84 80.58 100 100 100 ; . : : === 2
Citeseer Hits@10 | 69.31 100 97.37 99.96 84.79 100 100 100 \
MRR | 65.76 99.42 96.09 91.92 72.61 99.86 99.89 99.91
Time(s) | 84.43  39.05 26.85 3.96 11.64 10.23 4.96 3.62
Hits@l [ 69.31 8840  70.08 6612 6202 8824 8853 88.68 iﬁﬂi’s‘% 3%' 5SOTA® %} L
Hits@5 | 75.18 91.64 77.93 77.08 78.43 91.32 92.56 92.43
PPI Hits@10 | 75.32 93.42 82.24 80.48 82.74 93.51 93.71 93.64
MRR | 71.89 90.16 76.64 71.23 69.02 90.40 90.47 90.54
Time(s) | 2.48 10.65 63.30 3.36 380.63 4.92 2.54 1.62

F K EZHZF H5SOTAR T L

« Songyang Chen, Youfang Lin, Yu Liu*, Yuwei Ouyang, Zongshen Guo, Lei Zou: Enhancing robust semi-supervised graph alignment via
adaptive optimal transport. World Wide Web (WWW) 28(2): 22 (2025)
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Songyang Chen, Youfang Lin, Yu Liu*, Yuwei Ouyang, Zongshen Guo, Lei Zou: Enhancing robust semi-supervised graph alignment via

adaptive optimal transport. World Wide Web (WWW) 28(2): 22 (2025)




B B35 RRIAEE IR (CombAlignEiE)
B (RBE) BIXFHRIEL S RIERIAFRIEEE S (expressive power)
o X3 PLHCTS S X FOIAS PTAC 5 = %5 B &€ J3 (discriminative power)

(a) Separating matched and unmatched node pairs

o PRUETY &= ILEC 4 B (node matching property) B BE 77

[ V’
I
U -0 ----- :
| u ---- ’.\D argmax, T(u,y) =v
, | u' ------- >®
u ------ ®----- ' @ argmax, T(x, v) = u'+
|

| (3 argmax, T(u', y) =1
argmax, T(u, y) = argmax, T(x', y - ) 7
gmax, T(u, y) = argmax, T y) @) argmax, T(x, v)) = ...

(b) One-to-many prediction (c) Mutual alignment
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Bl EXIFRIRIABE DTSR (CombAlignHi%)
HRRAE: BABRTEY. RUEREEEER

Gromov-Wassersterin Learning with Feature Transformation (GRAFT) —

N r A
Feat Prop & Trans. Gromov-Wasserstein Learning : Lo
- _;-,.»-f,—.
: : ; | Zsa Zr ; - OT-based Learning, e.g., T : e
Q- «—O | # ’ Proximal Point Method GW,
| I ' q Bipartite Graph Construction
X I Learnable /@[ Sinkorn ‘
I e R — i |
( ) Parameterlzed GNN Transport Cost Algorithm /)
S

= . g 9(Tw Tyr)
— 1 e Weight Comutation > M

0 WL-then-Inner-Product (WL) Non-Uniform |

Marginal (NUM)

[REEN RSN === e

Ht Maximum Welght Matchmg
L J

GlA, X))

1-WL Algorlthm HS

Fig. 2. The overall framework of CombAlign. Modules in orange, green, and purple belong to the embedding-based, OT-based, and traditional algorithm-
based approaches, respectively.

Songyang Chen, Yu Liu*, Lei Zou, Zexuan Wang, Youfang Lin. CombAlign: Enhancing Model Expressiveness in Unsupervised Graph
Alignment. Submitted to TKDE (Major Revision)
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BIRIE: B EITRT & mAtE Z B SR
s BERIIEK: RABEIRIRTE FEGEES
Gromov Wassersterin Learning with Feature Transformation (GRAFT) ( Combine 1
(fe a.tu re p ropag atl O n) tQ_ i ' Tr::é"::rlceost /Q[ Al!‘:imﬂ ﬁ Bipartite GraihConstruction
*l- #"% ’?—‘I ﬁ &(G N N) CilAs X "mme‘u ’ ) 9 (TiW’ Ty.) > M
Gt(At’ X,) o Edge Weight Computation
i Ji ﬁb 7’] FF‘ Nllqargillljal (fNUM) S "' Y
o e il
Maximum Weight Matching

Fig. 2. The overall framework of CombAlign. Modules in orange, green, and purple belong to the embedding-based, OT-based, and traditional algorithm-

based approaches, respectively.

Theorem II1.1. We are given the graph structures A s, A, and
node features X, X; as input. Denote feature propagation
as R, = g(A,)X,,p = s,t, where g(-) is a function
without learnable parameters. Denote the additional linear
transformation as Z, = R,W, where W € R4 js the
learnable matrix. Assume that we set the intra-graph cost
matrices as C;, = RpRZT, and C, = ZPZZE for p = 3,1,
respectively, and let (u;,vy), (uj,v;) € M* and (uj,v) ¢
M* where M* is the ground truth. Then, there exists a
case that |C(i,j) — Ci(k,1)| = [CL(i,j") — Ci(k,1)| and
Cs(is ) — Ce(k, )| # |Cs (i, j7) — Ce(k, 1)].

\

Corollary IIL.2. Assume that the intra-graph cost matrix

C,, is the linear combination of graph structure Ap, feature
information X, XT, and node embedding 2,77,

= BOA, + BPXX] + BIZ,ZT,p = s,t,  (6)
where we use [3,, to represent learnable coefficients. If feature
transformation is applied to compute Z,, the costs have
more discriminative power in separating the matched and
unmatched node pairs.

Corollary IIL3. If the fonn function has more expressive
power in distinguishing node embeddings, e.g. [42], the intra-
graph cost has more discriminative power in separating
matched and unmatched pairs.
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N iﬂ%ﬂ'qiitﬁ'éjﬁﬁ?% (CombAlignﬁ%)
- BRDE: MABRTEY, RUERIEREES

Gromov Wassersterin Learning with Feature Transformation (GRAFT) ( Combine 1

Feat. Prop & Trans.

Gromov-Wasserstein Learning Ste

~ OT-based Learning, e.g.,
E Proximal Point Method
/ N . ﬁ Bipartite Graph Construction
Learnable /@[ Sinkorn
Transport Cost Algorithm ‘
7 g(TGWa TWL) » M

Edge Weight Computation

B EBRLAT ey
BT RBEZREI DA G, x| T
TR TR G(A, X)

Non-Uniform
Marginal (NUM)

\ v
%9 |0 —<H, Hp> "
@ :
1-WL A|gomh(,2 H Ht Maximum Weight Matching
\ S L ')

Fig. 2. The overall framework of CombAlign. Modules in orange, green, and purple belong to the embedding-based, OT-based, and traditional algorithm-
based approaches, respectively.

r N\ \
Theorem IIL5. Consider the case that (u;,vy) € M* and
TARGET NODE (ui, v ) ¢ M*. For GW learning (e.g., GRAFT), under the p
l mild assumption of the intra-graph cost, i.e., \
Cs(i,1) = a,Vu;, Ci(k, k) = b, Vo, (14)
Cb(z’]) = Cs(ja 7’)’ Ct(ka l) — Ct(lv k)vvuia Uj, Uk, U, (15)
Ct(k',l) == Ct(k’,l),‘v’vl € Vt\{'vk,vk/}, (16) ,
with uniform marginals p = (1/ny,...,1/n)7 and v = \ /
INPUT GRAPH (1/no,...,1/n2)7, the first iteration of the GW learning
. process with T©) = puvT cannot determine whether u; is
B & dE k5 ) 2~ 49 matched to vy, or vy.
J \ J
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Fig. 2. The overall framework of CombAlign. Modules in orange, green, and purple belong to the embedding-based, OT-based, and traditional algorithm-
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(a) One-to-many prediction (b) Inconsistent alignment
Fig. 4. Percentage of one-to-many predictions and inconsistencies in terms
L of mutual alignment for representative baselines. )
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( TABLE IV N
COMPARISON OF MODEL PERFORMANCE ON SIX DATASETS.
Datasets Metrics | KNN GAlign WAlign GTCAlign GWL SLOTAlign UHOT-GM CombAlign w/o C
Hits@l | 27.82 4526 39.45 61.79 3.29 51.43 60.23 68.52
Douban Hits@5 | 4553  67.71 62.35 76.83 8.32 73.43 71.36 87.84
Hits@10 | 52.68  78.00 71.47 82.29 9.93 77.73 76.91 91.41 [ TABLE V A
MAP | 3608  56.32 46.22 69.77 579 61.29 67.35 77.08 c HITS @]
MPARISON OF HIT WITH ONE-TO-ONE MATCHIN NSTRAINT.
Hits@l | 3635  70.20 63.43 60.92 56.36 66.04 69.89 72.18 N SON© 5 Y 0=0 CHING CONS
acM.ppLp  His@5 | 6683 87.23 83.18 75.60 77.09 85.84 87.12 88.98 _
Hits@10 | 76.22  91.36 86.58 79.97 82.18 87.76 90.65 92.63 Datasets Douban ACM-DBLP  Allmovie-Imdb
MAP | 50.11  77.49 70.76 67.67 64.82 73.76 77.18 79.55 KNN 7388 3111 3879
Hits@l | 3239  82.14 52.61 84.73 87.82 90.60 91.73 96.25 MJV 31.03 56.89 35.14
. Hits@5 | 51.57  86.35 70.91 89.89 92.31 92.75 94.36 97.66 .
Allmovie-mddb @10 | 5879 90.03  76.52 9132 92.83 93.14 94.96 97.89 GAlign 20.84 66.18 80.28
MAP | 4150  84.96 61.17 87.12 89.64 91.61 92.74 97.31 WAlign 15.56 60.33 51.29
Hits@ | 9501  99.45 98.45 99.35 86.19 99.48 99.48 99.56 GTCAlign 57.15 56.96 83.91
Cora Hits@5 100 100 100 100 93.61 100 100 100 GWL 3.22 52.09 87.22
Hits@10 | 100 100 100 100 94.57 100 100 100 .
MAP | 9866  99.69 99.18 99.69 89.71 99.71 99.72 99.75 SLOTAlign 49.19 64.32 90.31
His@l | 89.72  99.73 97.81 99.68 57.05 99.25 99.47 99.82 UHOT-GM 38.31 67.78 21.26
1S . . . . . . B o "
Citescer Hits@5 | 100 100 100 100 65.04 100 100 100 CombAlign 70.75 74.19 96.57
Hits@10 | 100 100 100 100 65.95 100 100 100 L )
MAP | 9491  99.84 98.88 99.89 61.31 99.62 99.69 99.91
Hits@l | 8496  89.20 88.51 89.25 86.76 89.30 89.33 89.70 s , - 7}% .
PPl Hits@5 | 89.10  90.64 93.10 92.81 88.06 92.53 92.97 93.15 %1}- T ,‘.5\ 4% ﬁa ]’i})ﬁ' H’J' é{’ /iid' kb
Hits@10 | 92.17  94.16 94.17 94.07 88.62 93.49 93.52 94.85
MAP | 87.65  90.72 89.02 90.80 87.74 90.76 90.81 91.12

TARE 35 & T BLpE R B 6 4 B 3T 1k

Songyang Chen, Yu Liu*, Lei Zou, Zexuan Wang, Youfang Lin. CombAlign: Enhancing Model Expressiveness in Unsupervised Graph
Alignment. Submitted to TKDE (Major Revision)
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[l EXIFFRRIERENTR (CombAlignEiE)

e ;:l:lj -I-I-i \ ( A
® % — % i EEE CombAlign w/o C+NUM+FT = CombAlign w/o C
B CombAlign w/o C+NUM CombAlign
72.18 /419
TABLE VI 70/ 68.52 %73 79 66.20 058 94.57 96.25 96.57
THE PERFORMANCE (HITS @ 1) OF GRAFT WITH DIFFERENT GNNS. 50! 60 o0y
80
Hit@1 Douban _ ACM-DBLP _ Allmovie-Imdb 250, 250 27
w/ LGCN 57.07 68.87 9339 ®40| ®40 ®.
w/ GCN 61.45 69.68 9457 £ 30/ £ 39 N
w/ GIN 63.15 71.64 95.61 30
w/ SGFormer 65.38 72.73 96.02 20 20 o
101 10
10
3 iﬁ:# S]AE e 0 Douban O AcM-DBLP 0" Alimovie-Imdb
Fig. 5. Ablation study on three real-world datasets.
[ TABLE VII h S g
= o
IMPROVING OTHER OT-BASED MODELS W/ CoMBINE (HITS@1). @*ﬁ&/%} mﬂ?«ﬂ:gﬁ
g TABLE VIII )
Methods Douban ~ ACM-DBLP  Allmovie-Imdb THE RATIO OF THE REMAINING SET OVER GROUND TRUTH AFTER
GWL 3.29 56.36 87.82 ELIMINATING ONE-TO-MANY PREDICTIONS.
GWL+C 5.81 63.46 90.07
SLOTAlign 51.43 66.04 90.60 CombAlign Douban ACM-DBLP  Allmovie-Imdb
SLOTAlign+C 60.01 69.20 91.03 -w/C 100% 100% 100%
UHOT-GM 60.23 69.89 91.73 - wlo C 94.36% 88.36% 98.54%
UHOT—GM+C 63.17 71.32 09245 - w/o C+NUM 94.18% 86.50% 97.60%
L ) || - w/o C+NUM+FT 91.32% 83.27% 96.25%
- hJ < #
FeCombAligniE 5 & f 2| SOTA T4 RERIET S S E Bl R

Songyang Chen, Yu Liu*, Lei Zou, Zexuan Wang, Youfang Lin. CombAlign: Enhancing Model Expressiveness in Unsupervised Graph
Alignment. Submitted to TKDE (Major Revision)
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TABLE II

COMPARISON OF MODEL COMPLEXITY WITH STATE OF THE ART.

Method

Time Complexity

GTCAlign [16] (Emb.)

O(IK(md + n?d))

SLOTAlign [3] (OT)

O(I(K(md + nd?) + nd + Iotn?))

CombAlign

O(I(K(md+ nd?) +n°d + Io,tn?))

CombAlign (Optimized)

O(I(K(md + nd?) + n?(d + Iotlogn))))

THERE

P }}: 2 \:}
M EXAAE

BEIJING JIAOTONG UNIVERSITY

\Fig. 7. Running time vs. Hits@1 of different methods.
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Fig. 8. Scalability analysis.
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Figure 2: A toy example to show the limitation of local representation for graph alignment.
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Figure 3: Illustration of node alignment from OT perspective.
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Songyang Chen, Youfang Lin, Yu Liu*, Shuai Zheng, Lei Zou. Towards Effective and Efficient Graph Alignment without Supervision. Submitted to WWWJ
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Vv GAlign [ WAlign GTCAlign @ GWD = SLOTAlign UHOT-GM + GlobAlign + GlobAlign-E
1.0 1.0 0.80
* * +r *
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Figure 1: Running time (s) vs. accuracy (Hits@1) on three widely-adopted datasets [5,
11, 9, 10, 6]. Existing embedding and OT-based methods show similar performance in
terms of efficiency-accuracy tradeoff. Our GlobAlign model significantly surpasses existing

solutions in accuracy, while our GLobAlign-E model achieves up to one order of magnitude
speedup with comparable performance.
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e XRESFMAEMBNULOT-HHEAR A

i N??(Entity Alignment on Highly Heterogeneous Knowledge Graphs)
E?%‘EFHGNN/KnowIedg_e\ Graph Representation Learningfy 75 ;&5 3%

.
I
H

R

/, - \\\
4 A
n Table 2: The settings of baselines, and the main experiment results on DBP15K(EN-FR), DBP-WIKI, ICEWS-WIKI, and ICEWS-
/ NS N YAGO. Bold: the best result; Underline: the runner-up result. "Struc., Name., Temporal." denotes whether methods utilize
/ Discuss by '\ [/ United_States 2> “"“-‘-R“’“h\ structure, name, and temporal information, respectively; "Semi." denotes whether methods adopt the semi-supervised strategy;
~{.. . \ . . . . .
‘f ; o i l‘ ;’ ‘,‘ Baselines are separated according to the groups described in Section A.5.2.
Jl A ;‘ I. % J,J Models Settings DBP15K(EN-FR) DBP-WIKI ICEWS-WIKI ICEWS-YAGO
g .
“\‘-\ Tme=aa ;r\.,"\ ,,,,,, - x Y % ," Struc. Name.Temp.Semi. Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR
\ \ & / 4 | MTransE 0.247 0.577 0360  0.281 0.520 0363  0.021 0.158  0.068  0.012 0.084  0.040
‘ N N S 5 | AlignE v 0.481 0.824 0599  0.566 0.827  0.655  0.057 0.261  0.122  0.019 0.118  0.055
; 7N g & | BootEA v v 0653 0874 0731 0748 0.898  0.801  0.072 0.275  0.139  0.020 0120  0.056
N Government \ "=+~ - “Mighelle_Obama University_of
PaNy Q paimmy R AN Chisggs GCN-Align v 0.411 0772 0530  0.494 0.756  0.590  0.046 0.184  0.093  0.017 0.085  0.038
P s -7 ‘ ~ae i RDGCN v v 0.873 0950 0901 0974 0.994 0980  0.064 0.202  0.096  0.029 0.097 0042
e 4 L e — - .
- ¢ - z | Dual-AMN(basic) v 0.756 0948 0827  0.786 0.952  0.848  0.077 0.285  0.143  0.032 0.147  0.069
KGI: ICEWS KG2: WIK % | Dual-AMN(semi) v/ v 0840 0.965 0888  0.869 0.969  0.908  0.037 0.188  0.087  0.020 0.093  0.045
Dataset #Entities #Relations  #Facts Density #Anchors Overlapping ?Ez:éNMI\I;I(mmE) ? v Y 0'9_54 0'?94 0'9_70 —0'9_83 —0'?96 —0'9_91 ggzg ggg; 8132 gggé 81‘3}‘; 8822
ICEWS 11,047 272 3527881  319.352 45.79% TREA v v - - - - - - 0081 0302 0155 0033 0150  0.072
ICEWS-WIKI ’ el 5,058
WIKI  15.89 996 108.957 12472 31,825 STEA v v Y - - - - - - 0.079 0292 0152  0.033 0.147 0073
_ | BERT v 0.937 0985 0956  0.941 0.980 0963  0.546 0687 059  0.749 0845  0.784
. ¢ | FuAlign v 0.936 0.988 0955  0.980 0.991  0.986  0.257 0.570 0361  0.326 0.604  0.423
. =
Figure 1: An example of the HHKGs (ICEWS and WIKI) and & | BERT-INT v 0990 0997 0993 0996 0997 0996 0561 0700  0.607 0756  0.859  0.793
. P . PARIS v v 0.902 - - 0.963 - - 0.672 B B 0.687 B E
their statistics. The scale and density of the KGs are very =2
. . . . £ | Simple-HHEA v 0.948 0991 0960  0.967 0988 0979 0720 0872 0754 0.847 0915 0.870
different, and the overlapplng ratios (45,79% and 31_82%) in- & | Simple-HHEA* v v 0.959 0995 0972 0975 0991 0988  0.639 0812  0.697  0.749 0864 0775
dicate that the two KGs are far from the 1-to-1 assumptlon.) \. /

Simple-HHEA 5= 38 5% E 2T kb
HHK G4 P =RR

Xuhui Jiang, Chengjin Xu, Yinghan Shen, Yuanzhuo Wang, Fenglong Su, Zhichao Shi, Fei Sun, Zixuan Li, Jian Guo, Huawei Shen: Toward
Practical Entity Alignment Method Design: Insights from New Highly Heterogeneous Knowledge Graph Datasets. WWW 2024: 2325-2336
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Figure 1: The architecture of ULOT-HHEA.

When Large Language Models Meet Optimal Transport: Efficient Alignment of Highly Heterogeneous Knowledge Graphs. Submitted to AAAI
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Method | ICEWS-WIKI | ICEWS-YAGO | DBPI5K(ZH-EN) | DBPI5K(JA-EN) | DBPI5SK(FR-EN)

Type | Model | Hits@l Hits@10 MRR | Hits@1 Hits@l0 MRR | Hits@1 Hits@10 MRR | Hits@l Hits@10 MRR | Hits@l Hits@10 MRR

MTransE 0.021 0.158 0.068 | 0.012 0.084 0.04 0.308 0.014 0.364 | 0.279 0.575 0.349 | 0.247 0.577 0.360
s AlignE 0.057 0.261 0.122 | 0.019 0.118 0.055 | 0472 0.792 0.581 0.448 0.789 0.563 | 0481 0.824 0.599
Z GCN-Align 0.046 0.184 0.093 | 0.017 0.085 0.038 | 0.413 0.744 0.549 | 0.399 0.745 0.546 | 0411 0.772 0.531
& RDGCN 0.064 0.202 0.096 | 0.029 0.097 0.042 | 0.708 0.846 0.746 | 0.767 0.895 0.812 | 0.873 0.952 0.901
é‘ BootEA 0.072 0.275 0.139 | 0.022 0.123 0.056 | 0.629 0.848 0.703 | 0.622 0.854 0.701 0.653 0.874 0.731
% Dual-AMN 0.083 0.281 0.145 | 0.031 0.144 0.068 | 0.861 0.964 0.901 0.892 0.978 0.925 | 0954 0.994 0.970
E BERT-INT 0.561 0.704 0.607 | 0.756 0.859 0.793 | 0.968 0.992 0977 | 0.964 0.991 0.975 | 0990 0.985 0.993
v Simple—-HHEA 0.722 0.872 0.754 | 0.847 0.915 0.872 - - - - - - 0.959 0.995 0.972

SEU 0.002 0.003 0.002 | 0.001 0.007 0.007 | 0.902 0.965 0.924 | 0.956 0.991 0.969 | 0.988 0.999 0.992
B EASY - - - - - - 0.898 0.979 0.931 0.943 0.991 0.960 | 0981 0.998 0.994
§ CPL-0T 0.001 0.008 0.005 | 0.026 0.076 0.043 | 0.927 0.964 0944 | 0.956 0.983 0.971 0.991 0.994 0.992
3 LightEA 0.005 0.034 0.016 | 0.002 0.013 0.006 | 0.952 0.984 0964 | 0.981 0.997 0.987 | 0.995 0.998 0.996
- ChatERA 0.883 0.945 0.912 | 0.935 0.955 0944 - - - - - - 0.991 1.000 0.995
5 AdaCoAgentEA 0.954 0.973 0.961 | 0.937 0.958 0.944 - - - - - - 0.972 0.993 0.9806

ULOT-HHEA 0.986 0.995 0.989 | 0.980 0.988 0983 | 0.984 0.996 0989 | 0.991 0.999 0.994 | 0.998 1.000 0.999

Improve (absolute) | 0.032 0.022 0.028 | 0.043 0.030 0.039 | 0.016 0.004 0.011 0.010 0.002 0.007 | 0.003 0 0.003

Table 2: Main experiment results on the five datasets. Bold: the best result; Underline: the runner-up result.

When Large Language Models Meet Optimal Transport: Efficient Alignment of Highly Heterogeneous Knowledge Graphs. Submitted to AAAI
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Model Tokens / min(|€1], |E2|) Time / min(|&1],|E2])
ChatEA 17032 230.1
RadCoAgentEA 3091 7.8
ULOT-HHEA 927 0.13

Table 4: Comparative efficiency analysis of entity alignment
models across ICEWS-WIKI: average token consumption
and execution time per aligned entity. lower values indicate
better efficiency.

% BEIJING JIAOTONG UNIVERSITY

When Large Language Models Meet Optimal Transport: Efficient Alignment of Highly Heterogeneous Knowledge Graphs. Submitted to AAAI
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Taxonomy ¢4
~104
OT + LLM? 10* nodes
slow
~104
LLM-based (for HHKG) 10% nodes
very slow
Hybrid, e.g., ~10%4 nodes
Embedding + OT,
PLM + GNN slow
Embedding-based, e.g., ~10° nodes
GNN / KGRL fast
Structure-based, e.g.,
RWR-based propagation
: : ) » Learning Paradigm
Semi-supervised / Unsupervised » HHKG

Graph Alignment / KG Alignment
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B Gromov-Wasserstein Learning &%

Algorithm 3: Unsupervised Gromov-Wasserstein
Learning with Feature Transformation (GRAFT)

Input: G, and G,;, marginal distributions g and v
Output: The OT-based alignment probability Ty

1 Tew < w7, B, 3, < (1,1,1)7;
2fori=11t I do

3
4

10

11
12
13

14

15

Z, « FeatPropsTrans(A,, X, W),

// intra-graph cost (Eg. 6)
Cp « fo(Ap, Xp.Zyp),p = s, t;

// inter-graph cost (Eq. 1)
ngd — qud(csa Ct: TGW)-,-
Minimize (C,,4. Taw) by updating

// the proximal point method
Initialize T® + Teyw and a « w;
for " =01t I, —1 do

Set G <+ exp (— Cg"”d) ® T,

T
// Sinkhorn-Knopp algorithm
for j =110 J do
Lbegia;
a < &5

| T('+Y + Diag(a)GDiag(b);

TGW Y- T(Iot);

16 return Tqoyy
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