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l Our contributions are summarized as follows...
- FNERIFE (FERARBIFEIRL) B contributionsE &
s EFHAE "RRT , sERGIKE AR

TU 7y
/ To sum up, our contributions are three-fold: \ The main contributions of this paper are summarized as \
' follows:

« We point out and analyze that existing attributed graph
alignment methods are susceptible to both structure and
feature inconsistency, and thus perform unstably in noisy
real-world graphs.

o A novel framework — SLOTAlign has been proposed for
joint structure learning and optimal transport alignment. * We propose a adaptive graph alignment algorithm that
We prove the robustness guarantee of SLOTAlign against incorporates various cross-domain costs into a unified

VS. learning framework. Additionally, we introduce loss
terms at both the embedding and cost levels, leveraging
known anchors to facilitate training.

* Based on optimal transport, we propose two distinct
and flexible cross-domain cost designs to address the
graph alignment problem from two perspectives: struc-
tural alignment and node alignment.

feature permutation and develop a convergent alternating
scheme based algorithm to solve the optimization problem
in SLOTAlign.

« We conduct extensive expcrimen[s on six graph a]ignmen[ * Extensive experiments demonstrate the superiority of our

datasets and the DBP15K KG alignment benchmark dataset.
The proposed SLOTAlign shows superior performance over
seven general unsupervised graph alignment methods and
five specialized KG alignment methods. It also has strongest

algorithm, achieving a significant absolute improvement
0f 9% in MRR to 89.62% on the real-world dataset. With
just 1-5% anchor nodes, our method performs compa-
rably to the state-of-the-art that relies on 20% anchor
nodes, while enhancing model efficiency by 3-4 times

Krobustness against multiple types of structure and feature/

: : and exhibiting greater robustness.
inconsistency.

J

Jianheng Tang, Weiqi Zhang, Jiajin Li, Kangfei Zhao, Fugee Tsung, Jia Li: Robust Attributed Graph Alignment via Joint
Structure Learning and Optimal Transport. ICDE 2023: 1638-1651
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For the graph matching problem, it is widely known that som
ing the one-to-one scenario is a combinatorial optimization chal-
lenge [42], whose exact solution can be found by the Kuhn-Munkres
algorithm [25]. Edmonds and Karp optimized its time complexity
from O (|V|4) to O (|V|3) [13]. If simply employing the KM algo-
rithm without carefully designed weights W not only leads to a
vast search space but also fails to produce satisfactory prediction
results. As we know, the source graph G5 has m nodes and the tar-
get graph G; has n nodes. The KM algorithm requires us to design
an m X n weight matrix W, where W;; represents the probability
of node i € Gs matching node j € G, resulting in a total of m X n
edges. Therefore, the key question is how to design better weights
to ensure a reduction in search space while improving prediction
effectiveness.
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(COrollary IL.3. If the fgnn function has more expressive
power in distinguishing node embeddings, e.g. [42], the intra- ’Ff'!]'@ éﬁ*ﬁﬁ ﬂ‘t’e%\ *ﬁ' ib%é'] T 2 5% 1]
graph cost has more discriminative power in separating GNNEe F &AM H 35, ..
matched and unmatched pairs. )
( TABLE VI \
THE PERFORMANCE (HITS@ 1) OF GRAFT WITH DIFFERENT GNNS. o B—kFAS , R gargue/@‘g‘{’ A T w/
Hits@ | Douban ACM-DBLP  Allmovie-Imdb LGCN’ GCN’ GIN
WLGCN 57.07 68.87 93.39 « HX: “IPATIFGraph Transformer b #f
w/ GCN 61.45 6Y.68 04.57 2= 9 s A2
W/ GIN 63.15 71.64 95.61 77?7 7 Argue/” R, A= BT w/ SGFormer
_ w/ SGFormer 65.38 72.73 96.02 ) Reviewerst iz 3 54 1 T i & 691 F- 4

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 11

COMPARISON OF MODEL COMPLEXITY WITH STATE OF THE ART.

~N

Method

Time Complexity KAV 8 & L R Sy Ao TR A B AT EY

GTCAlign [16] (Emb.)

O(I K (md + n*d))

SLOTAlign [3] (OT) O(I(K(md + nd®) + n®d + Itn?)) *%ﬁ ’ «.%J’-ji'ﬂt'fkd E%‘%&%‘:SOTAE Z: ; cee

CombAlign O(I{K(md + ri.riz) +n?d + L,rn"})
\ CombAlign (Optimized) | O(I(K(md + nd?) + n?(d + I,tlogn)))) j
/ 80 80 o 100 % 100 x — \
1004 CombaAlign | | combaign ComnAlign rarioy °
70 Comballg Combalign * comen wero || T oron, SLoTAIgn
— Feaio 70 AR Mg m-GM 901 EM:‘(I-,M‘L GTCARGn GTcANon 90 GTCAsgn ' . <
] SLTUgn | - v Waign - A4
coer A o 50 - R Eargue/%FE, #X
#5017 e £60 . - # 70/ ® 1 e ®
v W w = ) — S 8
= woton, ® ) ® @ | 0 e @ 80 ) > b
§oo| 2 % % B Hscalability 7]
T 3ghom + 50 T _ | . T T
50 80 N
20 M . R 1B
40 . 1
10 304 ﬁ . S
)
0 : 30 20 70l % ¢ iéééﬁ %ﬁ{’b\ iE
1 10 100 10 100 1000 10 100 1000 0 100 500 1000 00 5000 10000 20000
Running Time (secand) Running Time (second) Running Time (second) Runnin g Time (secon d) Running Time (second) é = A
1 P e - ‘& N S
(a) Douban (b) ACM-DBLP (c) Allmovie-Imdb (a) CS (b) Physics
\ Fig. 7. Running time vs. Hits@1 of different methods.

Fig. 8. Scalability analysis. /

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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1

different embeddings if the following conditions hold:

a) A aggregates and updates node features iteratively with

h*) = ¢ (hf,k_”.f ({hfll"—” X7

where the functions f, which operates on multisets, and ¢

o

X)),

are injective.

/Theorem 3. Let A : G — R? be a GNN. With a sufficient number of GNN layers, A maps an_\‘\
graphs G and G5 that the Weisfeiler-Lehman test of isomorphism decides as non-isomorphic, to

: ; : 5 Y s sos
b) A’s graph-level readout, which operates on the multiset of node features {hsv } is injective.

J

(k) _ (k) (k)Y ., p(k—1) (k—1)
[hi, — MLP ((Hf )hi, D v )]

> 2 2 LN
O

BEIJING JIAOTONG UNIVERSITY

Keyulu Xu, Weihua Hu, Jure Leskovec, Stefanie Jegelka: How Powerful are Graph Neural Networks? ICLR 2019 (#citations =

11225)
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/ In this section, we probe the expressive capabilities of GraphSAGE in order to provide insight into \
how GraphSAGE can learn about graph structure, even though it is inherently based on features.
As a case-study, we consider whether GraphSAGE can leamn to predict the clustering coefficient of
a node, i.e., the proportion of triangles that are closed within the node’s 1-hop neighborhood [38].
The clustering coefficient 1s a popular measure of how clustered a node’s local neighborhood is, and
it serves as a building block for many more complicated structural motifs [3]. We can show that
Algorithm(I]is capable of approximating clustering coefficients to an arbitrary degree of precision:

Theorem 1. Ler x,, € U,Yv € V denote the feature inputs for A!gnn'!hmun graph G = (V,€&),
where U is any compact subset of R, Suppose that there exists a fixed positive constant C € RT
such that ||x, — X, ||2 > C for all pairs of nodes. Then we have that Ve > ( there exists a parameter
setting ©* for Algorithm|l|such that after K = 4 iterations

|z, — €] < €,YV €V,

\ where z,, € R are final output values generated by Algorithm 1 and c,, are node clustering coefficients. j

William L. Hamilton, Zhitao Ying, Jure Leskovec: Inductive Representation Learning on Large Graphs. NIPS 2017: 1024-
1034 (#citations = 21427)
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N\ [ )

5 i :f"“r“ . Theorem 2. On graphs that are scale-free initially and after
ntra-community . .. .
§ destndiics each contraction, Alg. 2 (IFCA) answers a positive query in
§ A iﬂnth-C<)fnmunit5’ time SubLinear(n + m) if €,,.. < c.
= estination
e P S Proof. According to the analysis in Sec. V-D3, the number of Revision Ffl‘ﬁj’tﬁ
R ’ o visited vertices between two contraction invocations is k; > "
e ] = \24 g
2 e a (¢/€pre) /P —1 2 (¢/€pre) /P, so without switching to BiBFS, ﬁ%/\“bﬁ H:’V vy =3
g SOET SOE th bability-guided h with it tracti 2 a8 Ju
5 -A,-.-:f' \ -A_-.~.'f' \ the probability gl‘u ed searc YI con'lmum ycloi%c 140n runs Ha _.]zg'z‘o]-i -
g 3 : "-_ 4 : ’.-_ ].n tlme O(n/kf davg/épqﬂe) - O(m (C/epre) ). When - /\
g €pre < ¢, we have O(m - (¢/epre)t1/#) = SubLinear(m). }i% ﬁfﬁﬂ *}T
() Baseline, € =5, i odpeianoeses (61} BS, e acigmagosases According to Lem. 2, BiBFS on the reduced graph runs in time
/ / / /

Fig. 1: The frontier expansion of BFS and Alg. 1 at different O([V'| + |E"]), where [V'| < and |E"| < m. Therefore, the

g | overall time complexity is SubLinear(n + m). O
\e s in relation to the number of edge accesses. AN )

Yue Pang, Lei Zou, Yu Liu: IFCA: Index-Free Community-Aware Reachability Processing Over Large Dynamic Graphs. ICDE
2023: 2220-2234
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representation learning
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We found that representation leaming is necessary (in the sense that it gives dramatic performance
B improvements)in graph classification tasks and heterophilous node dlassification
M e3R8 7 BF W3E ESIEE 1 BAE WEINEE
BT

An end-to-end attention-| based approach for learning on graphs
6 - Nature Communications, 2025 - nature.com

[PDF] nature.com

__ Moreover, we demonsirate state-of-the-ar! performance scrass diferent asks, ranging
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[PDF] openreview.net

B Anson, E Misom, L Aitchison - Transactions on Machine Learning ... - openreviewnet
convolutional NNGP relative to GCNs and by tuning v in the graph convolutional DKM, we

find that ion learning improves
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The nature of heterophilous graphs is significantly different from that of homophilous graphs,
which causes difficulties in early graph neural network (GNN) models and suggests
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existing works on GNN and heterophily rely on the six heterophilous

wRF WiE #E5IRRE: 28 BXNE FELSTHEE 9

raph datasets which

Adaptive-propagating heterophilous graph convolutional network
Y Huang, Y Shi, Y Pi, J Li, 3 Wang, W Guo - Knowledge-Based Systems, 2024 - Elsevier

. Inthis paper, we propose a new framework to address this issue on heterophilous graph-structured
data. The proposed method comprises two main components. On one hand. the ..

r 57 99 5IF #EIRRE: 1 BRE AR S TEF

Permutation equivariant graph framelets for heterophilous graph learning
JLi, R Zheng, H Feng, M Li... - IEEE Transactions on ..., 2024 - ieeexplore.ieee.org

The nature of heterophilous graphs is significantly different from that of homophilous graphs,
which causes difficulties in early graph neural network (GNN) models and suggests
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