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Network Alignment

AGoal: To find node correspondence across networks
AANn example:

x Evolutionary relationship discovery
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Problem Definition

AGiven:(1) undirected networks ~ {D h= R~ }h:
D = 12) a set of anchor links

AOutput: alignment matrix||

@ : Anchor nodes
= = Anchor links

— Edges in G, g
——: Edgesin G,

— = Alignments




Existing Methods =k

AOptimizationbased methods
AKey idea: To encourage alignment consistency among neig|
AExample formulation (FINAL [1]):

Alntuition: similar node pairs tend to have similar
neighboring node pairs

AMath:

1| (6fey 1| ()
" W DT @1 VT @I (@

alignment differences

[1] Zhang,Si,and HanghanglTong "Final Fastattributed network alignment" Proceedingsf the 22nd ACM SIGKDD
E InternationalConferenceon KnowledgeDiscoveryand DataMining. 2016
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AEmbeddingbased methods

AKey idea: To learn node embeddings w/ negative sampling
AExampleormulation [1]:

Alntuition: Nodes that are close in embedding space are
more likely to be aligned

AMath:
I in@acye 1 1,0 P O« ()l 1,C e+

Distant or
dissimilar
nodes

[1] Liu,Li, et al. "AligningUsersacrossSocialNetworksUsingNetwork Embedding' IJCAI2016




Limitation #1: Alignment Consisteng@‘

AAlignment oversmoothness issue
AGiven an anchor linkidt , i.e., they are aligned apriori
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AAnchor link ¢ico A High uf\:\

AMinimizing alignment differencd High|(chw) for all
neighboring node pairs
ACannot distinguish correct alignments from misleading o

AEquivalently, neighboring node paish are used as positive
samples of «dw
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Limitation #2: Alignment Disparity {oa)

ANegative sampling, disparityhA reduce oversmoothness
ACompeting sampling strategies

Alignment  Meaningful Example negative ) —
consistency disparity of anchor =|=h- o<
Positive v V ¥ o o
I e nchor
correlation [1] KI V] Node pair e ﬁnk l EZ';Stive
Negative — = Y 8
. hQ G2 ”
correlation [2] ﬁ K Node pair K
y 1]
Degreebased ? ? Node pair Qo -
Sampllng [3] d d Easy negative

[1] YangZhen,et al. "Understandinghegativesamplingin graphrepresentationlearning” KDD 2020
[2] Maruf, M., and Anuj Karpatne "MaximizingCohesiorand Separationn GraphRepresentatiorLearning A Distance

awareNegativeSamplingApproach” SDM,2021 7
[3] Liu,Li, et al. "AligningUsersacrossSocialNetworksUsingNetwork Embedding' IJCAI2016




T
Balancing Consistency & Disparity

AKey question:

What are the intrinsic relationships behind
alignment consistency and disparity?

AQ1: How to design model architecture to encode alignment
consistency?

AQ2: How to sample negative node pairs to distinguish correct
alignments from misleading ones?

ATarget #1: Should not violate overall alignment consistenc
ATarget #2: Should learn meaningful node embeddings
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Alignment Consistency by GCNs ™

AUnsupervised FINAL [1]

Fixedpoint solution
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ARelationship with GCNs
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‘ Update by GCN w/o parameters ‘ G, @ N mmm —_— G
=|= Inner%roduct ¢ <— ! message passing

[1] Zhang,Si,and HanghanglTong "Finat Fastattributed network alignment" Proceedingof the 22nd ACM SIGKDD
E InternationalConferenceon KnowledgeDiscoveryand DataMining. 2016

10




tAIYYSYO / 2yanra e

AAlignment consistency semtisupervised [1] if(((;fm‘)) N ﬁ

i g { CGey {|(dy
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‘ Fixedpoint solution
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AMessage passing w/o parameters Alignment consistency
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Within-network proximity

[1] Zhang,Si,and HanghanglTong "Final Fastattributed network alignment" Proceedingsf the 22nd ACM SIGKDD
E InternationalConferenceon KnowledgeDiscoveryand DataMining. 2016
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RelGCN, Relational GCN for Alignmg@

AMessage passing w/ parameters
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Ass he he @ parameters at thé-th layer
ARelGCMNJ: variant w/o parameters




NeXtAlignc Model Design el

AKey idea:
AUse RelGCNs to compute relative positions w.r.t. anchor no
AFeed to a linear layer to compute final embeddings

AModel architecture

N Lincar [
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Model Design Details bl

X y X Yy
X |10 |00 X X
— ped 1 e RelGn-U S OZ —»E—»:
d |02 025 4 d d
€ | 0.06 | 0.07 e e
8 022|022 g g
f 022|022 f f
h | 0.09 | 0.09 h h
) Goal: To learn importancg
O of positions w.r.t. different
= anchor nodes
A Goal: To use RelG@Nto encode A Goal: To mitigate ovesmoothness of
alignment consistency ~ RelGCNJ
A Prepositioning: A RelGCN w/ attention to rescale positions
A Anchornodesft o g ) A @B [0]4)
) _ &
A Nonranchor nodes: RWR scores B ., A2® |

w.r.t. anchor nodes [1,2]

[1] Tong, Hanghang, Christos Faloutsos, antudiRan. "Fast random walk with restart and its applications." Sixth internationa
conference on data mining (ICDM'06). IEEE, 2006.

[2] Yan, Yuchen, Si Zhang, and Hanghang Tong. "BRIGHT: A Bridging Algorithm for Network Alignment." Proceedings ofiﬁe Web
Conference 2021. 2021.
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NeXtAligng Model Training =

ALoss functions

. vD n@HT TGP D G T,C 4] Link prediction loss
0 @l e @ @aiieen T
U ND[rl @1 T,Ge) @ ()l 1,€C fe)] Anchor link
@ ,6p @ @I 7,¢C P prediction loss
0 o4 56 0 0
( h)nfl ( AN

An M dwithin-network positive, negative sampling distributio
An My :crossnetwork positive, negative sampling distributic

AQuestion: How to design sampling distributions?
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Sampling Strategy

AAnN intuitive design
An : similar nodes are likely to amccur in the context [1]
An : samples distant/dissimilar nodes [2]
An : highsimilarity node pairs preserve alignment consisten
An : highsimilarity node pair#y hard negative alignment
pairs [3]A alignment disparity

LEMMA  Denote AGy, = 9;3 — 0, and AOy = t—?g — 0. The mean
square errors for nodesb € L1 and y € L3 can be formulated by ) .
- X . - Highprobability
E [A62] = = e :
[263] B | pa(bla) + pac(b|x) * kpn(bla) + kpnc(b|x) ‘ node pairs
1 1 1 ' >
E[A6L] = — —c|
A9%] = B | pa(y) + pac(yla) * Kpn(9l%) + kpnc(yla) — |Largen |
F desb € L, and Ly, th ] ted b [nghnm ]
or nodesb € L, andy € L, the mean square error sg computed by LOWf]
: 111 1 . . .
E[A6;] =ElA6y] = 5 | -+ - =C Competing objective

[1] PerozziBryan,RamiAlRfou,and StevenSkiena"Deepwalk Onlinelearningof socialrepresentations' KDD 2014
[2] Maruf, M., and Anuj Karpatne "MaximizingCohesiorand Separationn GraphRepresentatiorLearning A Distance

awareNegativeSamplingApproach” SDM,2021
[3] YangZhen,et al. "Understandinghegativesamplingin graphrepresentationlearning” KDD 2020
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Acq y: captures local information of noe®in :
Ay y: captures how nodeoposits in:

AA new scoring functios, instead of plain inner product
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Experimental Setup {baa]

AEvaluation objectives

AHow accurate is NeXtAlign for network alignment?
AEffectiveness of different components

ADatasets
Scenarios | Networks | # of nodes | # of edges | # of attributes
31 ACM 9,872 39,561 17
DBLP 9.916 44,308 17
S2 Foursquare 5,313 54,233 0
Twitter 5.120 130,575 0
S3 Phone 1,000 41,191 0
Email 1,003 4,627 0

ABaseline methods
ABright [1], NetTrans [2], FINAL [3], IONE [4], CrossMNA [5]

[1] Yan,YuchenSiZhangand Hanghang ong "BRIGHTA BridgingAlgorithmfor Network Alignment" WWW, 2021
[2] ZhangSi,et al. "NetTrans NeuralCrossNetwork Transformation’ KDD 2020
[3] Zhang Si,andHanghang ong "Finat Fastattributed network alignment" KDD 2016

[4] Liu,Li,et al. "AligningUsersacrossSociaNetworksUsingNetwork Embedding' IJCAI2016
[5] Chu,Xiaokaigt al. "Crossnetwork embeddingor multi-network alignment" WWW. 2019




Experimental Results #1 L

Results with 20% training data w/o node attributes.

Observations:
A Our method NeXtAlign significantly outperforms
other baseline methods.
A More improvements on FoursquafBwitter and
PhoneEmail whose network structures are disparate
(i.e., consistency may not work well).




