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Abstract

Self-supervised entity alignment (EA) aims to001
link equivalent entities across different knowl-002
edge graphs (KGs) without seed alignments.003
The current SOTA self-supervised EA method004
draws inspiration from contrastive learning,005
originally designed in computer vision based006
on instance discrimination and contrastive loss,007
and suffers from two shortcomings. Firstly, it008
puts unidirectional emphasis on pushing sam-009
pled negative entities far away rather than010
pulling positively aligned pairs close, as is011
done in the well-established supervised EA.012
Secondly, KGs contain rich side information013
(e.g., entity description), and how to effec-014
tively leverage those information has not been015
adequately investigated in self-supervised EA.016
In this paper, we propose an interactive con-017
trastive learning model for self-supervised EA.018
The model encodes not only structures and se-019
mantics of entities (including entity name, en-020
tity description, and entity neighborhood), but021
also conducts cross-KG contrastive learning022
by building pseudo-aligned entity pairs. Exper-023
imental results show that our approach outper-024
forms previous best self-supervised results by025
a large margin (over 9% average improvement)026
and performs on par with previous SOTA su-027
pervised counterparts, demonstrating the effec-028
tiveness of the interactive contrastive learning029
for self-supervised EA.030

1 Introduction031

Knowledge Graphs (KGs) (e.g., DBpe-032

dia (Lehmann et al., 2015), YAGO (Pellissier-033

Tanon and et al.) and Wikidata (Vrandečić, 2014))034

provide structural knowledge about the entities035

and relations in real world. These separately036

constructed KGs contain heterogeneous but037

complementary knowledge. Entity Alignment038

(EA) integrates the complementary knowledge039

in these KGs via identifying equivalent enti-040

ties (Sun et al., 2020b), and thus benefits various041

knowledge-driven applications such as question042

answering (Cui et al., 2019) and recommendation 043

system (Cao et al., 2019c). 044

The mainstream solutions in the literature are 045

based on deep representation learning, which em- 046

bed entities into a latent space, and then calculate 047

the distance between embeddings as the evidence 048

for EA. These approaches could be roughly clas- 049

sified into three lines: KG structure embedding- 050

based methods (Chen et al., 2017; Sun et al., 2017a) 051

utilize seed alignments to guide the representation 052

learning of entity and relation; Graph-based meth- 053

ods (Wang et al., 2018a; Liu et al., 2020b) employ 054

Graph Neural Networks (GNNs) (Kipf and Welling, 055

2016; Veličković et al., 2017) to enhance the entity 056

embeddings by utilizing various entity information 057

and propagating the seed alignments to the entire 058

KG; BERT-based method (Tang et al., 2020) di- 059

rectly fine-tunes multilingual BERT and achieves 060

the SOTA performance. Despite great performance 061

achieved, they rely on seed alignments provided by 062

humans during the training process. As the acquisi- 063

tion of seed alignments is usually time-consuming 064

and labor-intensive (Liu et al., 2021c), it is hard to 065

apply them to real-world EA scenarios. 066

Hence, self-supervised EA under the unsuper- 067

vised setting (i.e., matching entities without any 068

seed alignment) starts to attract research attention. 069

One pioneer work is EVA (Liu et al., 2021b), which 070

used visual semantic representations of entities to 071

align entities in heterogeneous KGs in a fully unsu- 072

pervised setting. Very recently, SelfKG (Liu et al., 073

2021c) drew inspirations from contrastive learning 074

approaches, which originally targeted computer vi- 075

sion tasks by leveraging instance discrimination 076

and contrastive loss (e.g., MoCo (He et al., 2020), 077

SimCLR (Chen et al., 2020b)), and gave a con- 078

trastive learning framework for self-supervised EA. 079

Despite their success, the following two critical 080

issues still need further investigation. 081

How to find pivots for cross-KG interaction 082

in a self-supervised EA framework? EA is essen- 083
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tially building inter-KG links, and thus the cross-084

KG information interaction is critical. Existing085

methods achieve such interaction via explicit su-086

pervision (seed alignments) or implicit signals (im-087

ages as visual pivots). SelfKG puts unidirectional088

emphasis on pushing sampled negative entities far089

away rather than pulling positively aligned pairs090

close, as is done in the well-established supervised091

EA. However, its negative sampling can only sam-092

ple entities from the same source KG to avoid con-093

flict, which blocks the direct cross-KG information094

interaction. Therefore, it is necessary to rethink095

how to design a self-supervised EA framework with096

direct cross-KG interaction.097

How to learn comprehensive KG embeddings098

and jointly utilize entity structural and seman-099

tic information? Previous supervised methods100

have validated the effectiveness of various entity in-101

formation (e.g., relation, attribute, description) (Wu102

et al., 2019a; Liu et al., 2020b; Tang et al., 2020).103

While in the un/self-supervised EA, limited fea-104

tures are focused, e.g., entity image (Liu et al.,105

2021b) and name label (Liu et al., 2021c). How106

to fully utilize and integrate the structural and se-107

mantic entity information in self-supervised EA108

remains another issue.109

To address the above problems, we propose a110

model named Interactive Contrastive Learning for111

self-supervised Entity Alignment (ICLEA). We de-112

sign a novel interactive contrastive learning mech-113

anism in a self-supervised EA framework by con-114

structing pseudo-aligned entity pairs to establish a115

direct information interaction channel for the two116

KGs. Inspired by previous supervised approaches,117

we introduce more important side information into118

self-supervised EA. Specifically, we separately en-119

code entity name labels and descriptions by differ-120

ent pre-trained models, then organically combine121

them to provide powerful initial embeddings for en-122

tities. We propose a relation-aware neighborhood123

aggregator to better leverage the structural and se-124

mantic information brought by the KGs’ relations.125

The main contributions of our work are threefold:126

1) We design an interactive contrastive learning127

mechanism to achieve the direct cross-KG infor-128

mation interaction in a self-supervised EA frame-129

work. 2) We propose appropriate modules to better130

utilize and integrate the structural and semantic131

entity information for self-supervised EA. 3) Ex-132

perimental results show that ICLEA outperforms133

the best self-supervised baseline by a large margin134

(over 9% average improvement), and performs on 135

par with previous SOTA supervised methods while 136

maintaining more stable model training. Our work 137

significantly narrows the gap between supervised 138

and self-supervised EA approaches1. 139

2 Problem Definition 140

Definition 1 (Knowledge Graph). A knowledge 141

graph is represented as G=(E ,R, T ,S), where 142

each e ∈ E , r ∈ R, t = (ei, r, ej) ∈ T ( ei, ej ∈ E 143

) represent an entity, a relation and a fact respec- 144

tively, and s(e) = {ne, de, ae} ∈ S denotes the 145

side information of entity e, i.e., entity name, tex- 146

tual description and attribute value. We denote 147

the set of one-hop neighbors of entity e as Ne of 148

size |Ne|, namely, the entities that are directly con- 149

nected to e in KG G via fact triples, where Ne = 150

{e′ | (e, r, e′) ∈ T ∧ (e, e′ ∈ E)}∪{e′ | (e′, r, e) ∈ 151

T ∧ (e, e′ ∈ E)}. 152

Knowledge graphs are often separately con- 153

structed for various goals, and thus contain het- 154

erogeneous but complementary knowledge. En- 155

tity alignment is to identify entities from different 156

knowledge graphs (different languages or sources) 157

that describe the same real-world object, and can 158

be formally defined as follows. 159

Definition 2 (Entity Alignment). Given two dif- 160

ferent KGs G1 and G2, EA is to learn a rank- 161

ing function f : E1 × E2 → R to calculate the 162

similarity score between two entities, based on 163

which we rank the correctly aligned entity e2 as 164

high as possible among all entities of E2 with 165

a queried entity e1 ∈ E1. Pre-aligned entity 166

pairs I = {(e1, e2) | e1 ∈ E1, e2 ∈ E2, e1 ↔ e2} 167

are provided, where↔ means that the e1 from G1 168

and the e2 from G2 are equivalent. 169

According to the use of I, the EA task is classi- 170

fied into (semi-)supervised and self-supervised or 171

unsupervised settings. The (semi-)supervised set- 172

ting leverages part of I as supervision signals for 173

learning, while the self-supervised or unsupervised 174

setting does not require any supervision. 175

3 The Proposed Approach 176

Although supervised EA methods achieve SOTA 177

performance, their dependence on supervision sig- 178

nals limits real-world applications. In contrast, self- 179

supervised methods show the ability to obtain com- 180

petitive performance without any supervision, and 181

1We will release our code and data under an open source
license after the review process.
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<latexit sha1_base64="5TL0f8tapdWMV+oJFi3aBWjQTcc=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXQzJWpu6KIrisYB/SDiWTZtrQZGZIMkIZ+hVuXCji1s9x59+YPgQVPXDhcM693HtPmAquDUIfztLyyuraemGjuLm1vbNb2ttv6iRTlDVoIhLVDolmgsesYbgRrJ0qRmQoWCscXU791j1TmifxrRmnLJBkEPOIU2KsdHdBDB32cjzplcrIxegcVRFE7hlCvudbgvyKhzHELpqhDBao90rv3X5CM8liQwXRuoNRaoKcKMOpYJNiN9MsJXREBqxjaUwk00E+O3gCj63Sh1GibMUGztTvEzmRWo9laDslMUP925uKf3mdzETVIOdxmhkW0/miKBPQJHD6PexzxagRY0sIVdzeCumQKEKNzahoQ/j6FP5Pmp6LT13vplKuXS3iKIBDcAROAAY+qIFrUAcNQIEED+AJPDvKeXRenNd565KzmDkAP+C8fQLiY5B7</latexit> B
a
tc

h
0

<latexit sha1_base64="rW/lJ/VgbLjIykGyEzBYWbjrsl4=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXQ2asTN0VRXBZwT6kHUomzbShSWZIMkIZ+hVuXCji1s9x59+YPgQVPXDhcM693HtPlHKmDUIfztLyyuraemGjuLm1vbNb2ttv6iRThDZIwhPVjrCmnEnaMMxw2k4VxSLitBWNLqd+654qzRJ5a8YpDQUeSBYzgo2V7i6wIcNejia9Uhm5HjpHVQSRe4ZQ4AeWoKDiex70XDRDGSxQ75Xeu/2EZIJKQzjWuuOh1IQ5VoYRTifFbqZpiskID2jHUokF1WE+O3gCj63Sh3GibEkDZ+r3iRwLrccisp0Cm6H+7U3Fv7xOZuJqmDOZZoZKMl8UZxyaBE6/h32mKDF8bAkmitlbIRlihYmxGRVtCF+fwv9J03e9U9e/qZRrV4s4CuAQHIET4IEA1MA1qIMGIECAB/AEnh3lPDovzuu8dclZzByAH3DePgHg3pB6</latexit> B
a
tc

h
p

<latexit sha1_base64="FlwpEzT6Kad42qJ0o7zOs4+V53Q=">AAAB8HicdVDLSgMxFM34rPVVdekmWARXQ2asTN0VRXBZwT6kHUomzbShSWZIMkIZ+hVuXCji1s9x59+YPgQVPXDhcM693HtPlHKmDUIfztLyyuraemGjuLm1vbNb2ttv6iRThDZIwhPVjrCmnEnaMMxw2k4VxSLitBWNLqd+654qzRJ5a8YpDQUeSBYzgo2V7i6wIcNenk56pTJyPXSOqggi9wyhwA8sQUHF9zzouWiGMlig3iu9d/sJyQSVhnCsdcdDqQlzrAwjnE6K3UzTFJMRHtCOpRILqsN8dvAEHlulD+NE2ZIGztTvEzkWWo9FZDsFNkP925uKf3mdzMTVMGcyzQyVZL4ozjg0CZx+D/tMUWL42BJMFLO3QjLEChNjMyraEL4+hf+Tpu96p65/UynXrhZxFMAhOAInwAMBqIFrUAcNQIAAD+AJPDvKeXRenNd565KzmDkAP+C8fQJCLZC6</latexit>

B
a
tc

h
? p

<latexit sha1_base64="Sr6jyjcwwnnTCxYom6C6pccfNmE=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNPTESOItKILHCGaBZAw9nU7SpGehu0YJ43yKFw+KePVLvPk3dhZBRR8UPN6roqqeF0mhgZAPK7O0vLK6ll3PbWxube/kC7tNHcaK8QYLZajaHtVcioA3QIDk7Uhx6nuSt7zx+dRv3XKlRRhcwyTirk+HgRgIRsFIvXzhjAIb9ZIovUm6GqhKe/kisR1ySqoEE/uEkEqpYgiplEuOgx2bzFBEC9R7+fduP2SxzwNgkmrdcUgEbkIVCCZ5muvGmkeUjemQdwwNqM+1m8xOT/GhUfp4ECpTAeCZ+n0iob7WE98znT6Fkf7tTcW/vE4Mg6qbiCCKgQdsvmgQSwwhnuaA+0JxBnJiCGVKmFsxG1FFGZi0ciaEr0/x/6RZsp1ju3RVLtYuFnFk0T46QEfIQRVUQ5eojhqIoTv0gJ7Qs3VvPVov1uu8NWMtZvbQD1hvnzr1lKc=</latexit>

S
G 1

<latexit sha1_base64="YtodG1qvbhvS06KSRlKwBYYMqG0=">AAAB/HicdVDLSgMxFM34rPVV7dJNsAiuhmSstO4KIrqsaB/QliGTZtrQzIMkI5Rh/BU3LhRx64e482/MtBVU9EDgcM693JPjxYIrjdCHtbS8srq2Xtgobm5t7+yW9vbbKkokZS0aiUh2PaKY4CFraa4F68aSkcATrONNznO/c8ek4lF4q6cxGwRkFHKfU6KN5JbKN27aD4geUyLSy8xNcZa5pQqyMTpDdQSRfYpQzakZgmpVB2OIbTRDBSzQdEvv/WFEk4CFmgqiVA+jWA9SIjWngmXFfqJYTOiEjFjP0JAETA3SWfgMHhllCP1ImhdqOFO/b6QkUGoaeGYyz6l+e7n4l9dLtF8fpDyME81COj/kJwLqCOZNwCGXjGoxNYRQyU1WSMdEEqpNX0VTwtdP4f+k7dj4xHauq5XGxaKOAjgAh+AYYFADDXAFmqAFKJiCB/AEnq1769F6sV7no0vWYqcMfsB6+wRwHpVN</latexit>··
·

<latexit sha1_base64="GmHxt3Lf0YluTT3f5sxH3C+v57E=">AAAB7XicdVDLSgMxFM3UV62vqks3wSK4GjK1MnVXEMFlBfuAdiiZTKaNzSRDkhHK0H9w40IRt/6PO//G9CGo6IELh3Pu5d57wpQzbRD6cAorq2vrG8XN0tb2zu5eef+grWWmCG0RyaXqhlhTzgRtGWY47aaK4iTktBOOL2d+554qzaS4NZOUBgkeChYzgo2V2n0SSaMH5QpyPXSB6ggi9xwhv+pbgvxa1fOg56I5KmCJ5qD83o8kyRIqDOFY656HUhPkWBlGOJ2W+pmmKSZjPKQ9SwVOqA7y+bVTeGKVCMZS2RIGztXvEzlOtJ4koe1MsBnp395M/MvrZSauBzkTaWaoIItFccahkXD2OoyYosTwiSWYKGZvhWSEFSbGBlSyIXx9Cv8n7arrnbnVm1qlcbWMowiOwDE4BR7wQQNcgyZoAQLuwAN4As+OdB6dF+d10VpwljOH4Aect0/+xY9s</latexit>

··
·

<latexit sha1_base64="FjrHw2iMf9vNWfR61ZtbqgLoN7c=">AAAB7XicdVBNS8NAEJ3Ur1q/qh69LBbBU0kaS/VWEMFjBfsBbSibzaZdu8mG3Y1QQv+DFw+KePX/ePPfuG0jqOiDgcd7M8zM8xPOlLbtD6uwsrq2vlHcLG1t7+zulfcPOkqkktA2EVzIno8V5Symbc00p71EUhz5nHb9yeXc795TqZiIb/U0oV6ERzELGcHaSJ0BCYRWw3LFrtr1C6fuIkMWMKThOrWGi5xcqUCO1rD8PggESSMaa8KxUn3HTrSXYakZ4XRWGqSKJphM8Ij2DY1xRJWXLa6doROjBCgU0lSs0UL9PpHhSKlp5JvOCOux+u3Nxb+8fqrDcy9jcZJqGpPlojDlSAs0fx0FTFKi+dQQTCQztyIyxhITbQIqmRC+PkX/k06t6rjV2s1ZpXmVx1GEIziGU3CgAU24hha0gcAdPMATPFvCerRerNdla8HKZw7hB6y3T/Mfj2Q=</latexit>B
a
tc

h
0

<latexit sha1_base64="stYJ2c8R7vNJgaBMPwfK+tpvNu8=">AAAB9XicdVBNS8NAEN34WetX1aOXxSJ4Kkljqd6KInisYD+gTctmu2mX7iZhd6KU0P/hxYMiXv0v3vw3btsIKvpg4PHeDDPz/FhwDbb9YS0tr6yurec28ptb2zu7hb39po4SRVmDRiJSbZ9oJnjIGsBBsHasGJG+YC1/fDnzW3dMaR6FtzCJmSfJMOQBpwSM1LsgQEe9tBsrLtm0XyjaJbty7lRcbMgchlRdp1x1sZMpRZSh3i+8dwcRTSQLgQqidcexY/BSooBTwab5bqJZTOiYDFnH0JBIpr10fvUUHxtlgINImQoBz9XvEymRWk+kbzolgZH+7c3Ev7xOAsGZl/IwToCFdLEoSASGCM8iwAOuGAUxMYRQxc2tmI6IIhRMUHkTwten+H/SLJcct1S+OS3WrrI4cugQHaET5KAqqqFrVEcNRJFCD+gJPVv31qP1Yr0uWpesbOYA/YD19gkZiZLs</latexit> B
a
tc

h
L

<latexit sha1_base64="8Xm46EuasOHojMHW/f0d3i07ZrY=">AAAB8HicdVBNS8NAEN3Ur1q/qh69LBbBU0kaS/VWFMGDhwr2Q9pQNttNu3SzCbsToYT+Ci8eFPHqz/Hmv3HbRlDRBwOP92aYmefHgmuw7Q8rt7S8srqWXy9sbG5t7xR391o6ShRlTRqJSHV8opngkjWBg2CdWDES+oK1/fHFzG/fM6V5JG9hEjMvJEPJA04JGOnunAAd9dPrab9Ysst29cyputiQOQypuU6l5mInU0ooQ6NffO8NIpqETAIVROuuY8fgpUQBp4JNC71Es5jQMRmyrqGShEx76fzgKT4yygAHkTIlAc/V7xMpCbWehL7pDAmM9G9vJv7ldRMITr2UyzgBJuliUZAIDBGefY8HXDEKYmIIoYqbWzEdEUUomIwKJoSvT/H/pFUpO265cnNSql9mceTRATpEx8hBNVRHV6iBmoiiED2gJ/RsKevRerFeF605K5vZRz9gvX0C/8SQjg==</latexit> B
a
tc

h
1

<latexit sha1_base64="mZzGV6auzTeAlg1cNJ2nfXwm/QU=">AAAB8HicdVBNSwMxEJ2tX7V+VT16CRbBU9ltLdVbUQSPFWyrtEvJptk2NMkuSVYoS3+FFw+KePXnePPfmLYrqOiDgcd7M8zMC2LOtHHdDye3tLyyupZfL2xsbm3vFHf32jpKFKEtEvFI3QZYU84kbRlmOL2NFcUi4LQTjC9mfueeKs0ieWMmMfUFHkoWMoKNle7OsSGjfupN+8WSW3ZrZ16tiiyZw5J61avUq8jLlBJkaPaL771BRBJBpSEca9313Nj4KVaGEU6nhV6iaYzJGA9p11KJBdV+Oj94io6sMkBhpGxJg+bq94kUC60nIrCdApuR/u3NxL+8bmLCUz9lMk4MlWSxKEw4MhGafY8GTFFi+MQSTBSztyIywgoTYzMq2BC+PkX/k3al7FXLleuTUuMyiyMPB3AIx+BBHRpwBU1oAQEBD/AEz45yHp0X53XRmnOymX34AeftE9a9kHM=</latexit> B
a
tc

h
0

<latexit sha1_base64="jt+YScf3h8Cd+QPj281GE/nRhvs=">AAAB8HicdVBNSwMxEM3Wr1q/qh69BIvgqey2luqtKILHCrZV2qVk02wbmmSXZFYoS3+FFw+KePXnePPfmLYrqOiDgcd7M8zMC2LBDbjuh5NbWl5ZXcuvFzY2t7Z3irt7bRMlmrIWjUSkbwNimOCKtYCDYLexZkQGgnWC8cXM79wzbXikbmASM1+SoeIhpwSsdHdOgI76qTvtF0tu2a2debUqtmQOS+pVr1KvYi9TSihDs1987w0imkimgApiTNdzY/BTooFTwaaFXmJYTOiYDFnXUkUkM346P3iKj6wywGGkbSnAc/X7REqkMRMZ2E5JYGR+ezPxL6+bQHjqp1zFCTBFF4vCRGCI8Ox7POCaURATSwjV3N6K6YhoQsFmVLAhfH2K/yftStmrlivXJ6XGZRZHHh2gQ3SMPFRHDXSFmqiFKJLoAT2hZ0c7j86L87pozTnZzD76AeftE9U4kHI=</latexit> B
a
tc

h
p

<latexit sha1_base64="NiuNbllK8cb5vpTX3e9WvCsXheQ=">AAAB8HicdVBNSwMxEM3Wr1q/qh69BIvgqey2luqtKILHCrZV2qVk02wbmmSXZFYoS3+FFw+KePXnePPfmLYrqOiDgcd7M8zMC2LBDbjuh5NbWl5ZXcuvFzY2t7Z3irt7bRMlmrIWjUSkbwNimOCKtYCDYLexZkQGgnWC8cXM79wzbXikbmASM1+SoeIhpwSsdHdOgI76aTztF0tu2a2debUqtmQOS+pVr1KvYi9TSihDs1987w0imkimgApiTNdzY/BTooFTwaaFXmJYTOiYDFnXUkUkM346P3iKj6wywGGkbSnAc/X7REqkMRMZ2E5JYGR+ezPxL6+bQHjqp1zFCTBFF4vCRGCI8Ox7POCaURATSwjV3N6K6YhoQsFmVLAhfH2K/yftStmrlivXJ6XGZRZHHh2gQ3SMPFRHDXSFmqiFKJLoAT2hZ0c7j86L87pozTnZzD76AeftEzaHkLI=</latexit>

B
a
tc

h
? p

<latexit sha1_base64="EEuyKzstnXPHWXJe5OCRSerf8q0=">AAAB+nicdVDLSgNBEJyNrxhfGz16GQyCp7CbGKK3oAgeI5gHJOsyO5kkQ2YfzPQqYd1P8eJBEa9+iTf/xkmygooWNBRV3XR3eZHgCizrw8gtLa+sruXXCxubW9s7ZnG3rcJYUtaioQhl1yOKCR6wFnAQrBtJRnxPsI43OZ/5nVsmFQ+Da5hGzPHJKOBDTgloyTWLZwTo2E2i9CbpKyAydc2SVbZqp3atijWZQ5N61a7Uq9jOlBLK0HTN9/4gpLHPAqCCKNWzrQichEjgVLC00I8ViwidkBHraRoQnyknmZ+e4kOtDPAwlLoCwHP1+0RCfKWmvqc7fQJj9dubiX95vRiGJ07CgygGFtDFomEsMIR4lgMecMkoiKkmhEqub8V0TCShoNMq6BC+PsX/k3albFfLlavjUuMiiyOP9tEBOkI2qqMGukRN1EIU3aEH9ISejXvj0XgxXhetOSOb2UM/YLx9Ai9PlJ8=</latexit>

S
G 2

<latexit sha1_base64="2XngF/UIX4WM9VBACyljBBHCANc=">AAAB/HicdVDLSsNAFJ34rPUV7dLNYBFclTws1V1BRJcV7QPaECbTSTt08mBmIoQQf8WNC0Xc+iHu/BsnbQQVPTBwOOde7pnjxYwKaRgf2tLyyuraemWjurm1vbOr7+33RJRwTLo4YhEfeEgQRkPSlVQyMog5QYHHSN+bnRd+/45wQaPwVqYxcQI0CalPMZJKcvXajZuNAiSnGLHsMnczK89dvW40jOaZ2bShInMo0rJNq2VDs1TqoETH1d9H4wgnAQklZkiIoWnE0skQlxQzkldHiSAxwjM0IUNFQxQQ4WTz8Dk8UsoY+hFXL5Rwrn7fyFAgRBp4arLIKX57hfiXN0ykf+pkNIwTSUK8OOQnDMoIFk3AMeUES5YqgjCnKivEU8QRlqqvqirh66fwf9KzGqbdsK5P6u2Lso4KOACH4BiYoAXa4Ap0QBdgkIIH8ASetXvtUXvRXhejS1q5UwM/oL19AmX+lUY=</latexit>

Pseudo alignment generation

KG semantic 
encoder

e1p
<latexit sha1_base64="niW1LEn1r1Wht6uEva1gAsfy2I4=">AAAB7XicdVDLSgMxFM3UV62vqks3wSK4GibjwMyy6MZlBfuAdiiZNG1jM8mQZIQy9B/cuFDErf/jzr8xfQgqeuDC4Zx7ufeeJONMG8/7cEpr6xubW+Xtys7u3v5B9fCopWWuCG0SyaXqJFhTzgRtGmY47WSK4jThtJ1MruZ++54qzaS4NdOMxikeCTZkBBsrtWi/QNmsX615LkJR6CPouaEXBGFkCfKjIPQhcr0FamCFRr/63htIkqdUGMKx1l3kZSYusDKMcDqr9HJNM0wmeES7lgqcUh0Xi2tn8MwqAziUypYwcKF+nyhwqvU0TWxnis1Y//bm4l9eNzfDKC6YyHJDBVkuGuYcGgnnr8MBU5QYPrUEE8XsrZCMscLE2IAqNoSvT+H/pOW76ML1b4Ja/XIVRxmcgFNwDhAIQR1cgwZoAgLuwAN4As+OdB6dF+d12VpyVjPH4Aect0/v9o9h</latexit>

ec2p
<latexit sha1_base64="OBwXYdAegLKYCMGdD6n6vKQdt5c=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwVZJatd0V3bisYB/QljCZ3LZDJ5MwM6mUkD9x40IRt/6JO//G6UNQ0QMXDufcy733+DFnSjvOh5VbWV1b38hvFra2d3b37P2DlooSSaFJIx7Jjk8UcCagqZnm0IklkNDn0PbH1zO/PQGpWCTu9DSGfkiGgg0YJdpInm2Dl/buWQAjotNynGWeXXRKTuW8clHGhsxhSK3q1NwqdpdKES3R8Oz3XhDRJAShKSdKdV0n1v2USM0oh6zQSxTEhI7JELqGChKC6qfzyzN8YpQADyJpSmg8V79PpCRUahr6pjMkeqR+ezPxL6+b6EG1nzIRJxoEXSwaJBzrCM9iwAGTQDWfGkKoZOZWTEdEEqpNWAUTwten+H/SKpfcs1L5tlKsXy3jyKMjdIxOkYsuUR3doAZqIoom6AE9oWcrtR6tF+t10ZqzljOH6Aest09UK5Qf</latexit>

e�2j
<latexit sha1_base64="gJDBLOmrEzwu266Ylufr1wFKlZE=">AAAB8XicdVBNS8NAEN3Ur1q/qh69LBbBiyWpVdtb0YvHCvYD21g222m7drMJuxuhhPwLLx4U8eq/8ea/cdtGUNEHA4/3ZpiZ54WcKW3bH1ZmYXFpeSW7mltb39jcym/vNFUQSQoNGvBAtj2igDMBDc00h3Yogfgeh5Y3vpj6rXuQigXiWk9CcH0yFGzAKNFGuoFeXLpLbuOjpJcv2EW7fFI+LWFDZjCkWrGrTgU7qVJAKeq9/Hu3H9DIB6EpJ0p1HDvUbkykZpRDkutGCkJCx2QIHUMF8UG58eziBB8YpY8HgTQlNJ6p3ydi4is18T3T6RM9Ur+9qfiX14n0oOLGTISRBkHniwYRxzrA0/dxn0mgmk8MIVQycyumIyIJ1SaknAnh61P8P2mWis5xsXRVLtTO0ziyaA/to0PkoDNUQ5eojhqIIoEe0BN6tpT1aL1Yr/PWjJXO7KIfsN4+AbgokPU=</latexit>

e�2i<latexit sha1_base64="dauZDSeI5RDBDD9mOPsxDuDGkiI=">AAAB8XicdVBNS8NAEN3Ur1q/qh69LBbBiyWpVdtb0YvHCrYV21g220m7dLMJuxuhhPwLLx4U8eq/8ea/cdtGUNEHA4/3ZpiZ50WcKW3bH1ZuYXFpeSW/Wlhb39jcKm7vtFUYSwotGvJQ3nhEAWcCWpppDjeRBBJ4HDre+GLqd+5BKhaKaz2JwA3IUDCfUaKNdAv9pMLSu+Qo7RdLdtmunlRPK9iQGQyp1+y6U8NOppRQhma/+N4bhDQOQGjKiVJdx460mxCpGeWQFnqxgojQMRlC11BBAlBuMrs4xQdGGWA/lKaExjP1+0RCAqUmgWc6A6JH6rc3Ff/yurH2a27CRBRrEHS+yI851iGevo8HTALVfGIIoZKZWzEdEUmoNiEVTAhfn+L/SbtSdo7LlatqqXGexZFHe2gfHSIHnaEGukRN1EIUCfSAntCzpaxH68V6nbfmrGxmF/2A9fYJtp+Q9A==</latexit>

e�1i<latexit sha1_base64="yBNcJWi32u7P0n1GPY1VFtERosE=">AAAB8XicdVBNS8NAEN3Ur1q/qh69LBbBiyFJaxtvRS8eK9hWbGPZbDft0s0m7G6EEvIvvHhQxKv/xpv/xk1bQUUfDDzem2Fmnh8zKpVlfRiFpeWV1bXiemljc2t7p7y715FRIjBp44hF4sZHkjDKSVtRxchNLAgKfUa6/uQi97v3REga8Ws1jYkXohGnAcVIaemWDFKbZnfpSTYoVyzTtt163YGW2bCqruPCXDmrn9agbVozVMACrUH5vT+McBISrjBDUvZsK1ZeioSimJGs1E8kiRGeoBHpacpRSKSXzi7O4JFWhjCIhC6u4Ez9PpGiUMpp6OvOEKmx/O3l4l9eL1GB66WUx4kiHM8XBQmDKoL5+3BIBcGKTTVBWFB9K8RjJBBWOqSSDuHrU/g/6TimXTWdq1qleb6IowgOwCE4BjZogCa4BC3QBhhw8ACewLMhjUfjxXidtxaMxcw++AHj7RPVOpEJ</latexit>

e�1j
<latexit sha1_base64="XnA+Y1oHNsefLAES06rX0WyAgWg=">AAAB8XicdVDLSsNAFJ3UV62vqks3g0VwY0ja2sZd0Y3LCvaBbSyT6aQdO5mEmYlQQv7CjQtF3Po37vwbJ20FFT1w4XDOvdx7jxcxKpVlfRi5peWV1bX8emFjc2t7p7i715ZhLDBp4ZCFoushSRjlpKWoYqQbCYICj5GON7nI/M49EZKG/FpNI+IGaMSpTzFSWrohg8S+S2+Tk3RQLFmmbTu1WhlaZt2qOGUHZspZ7bQKbdOaoQQWaA6K7/1hiOOAcIUZkrJnW5FyEyQUxYykhX4sSYTwBI1IT1OOAiLdZHZxCo+0MoR+KHRxBWfq94kEBVJOA093BkiN5W8vE//yerHyHTehPIoV4Xi+yI8ZVCHM3odDKghWbKoJwoLqWyEeI4Gw0iEVdAhfn8L/Sbts2hWzfFUtNc4XceTBATgEx8AGddAAl6AJWgADDh7AE3g2pPFovBiv89acsZjZBz9gvH0C1sORCg==</latexit>
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Figure 1: The overall framework of ICLEA. It consists of three main parts: (1) KG semantic encoder; (2) The
relation-aware neighborhood aggregator; (3) Interactive contrastive learning mechanism.

have much better scalability. To fully exploit the182

potential of self-supervised EA approaches, two183

crucial issues remain to be addressed. 1.How to184

establish a direct cross-KG information interac-185

tion channel for a self-supervised EA framework186

instead of only performing intra-KG contrastive187

learning? 2.How to fully utilize and integrate the188

structural and semantic KG information?189

To address the above issues, we introduce the190

interactive contrastive learning for self-supervised191

EA framework, which contains three parts: 1. A192

KG semantic encoder is utilized to encode the193

names, descriptions of entities and relations for pro-194

viding efficient initial embeddings. 2. A relation-195

aware neighborhood aggregator is introduced to196

fully exploit relations’ structural and semantic in-197

formation so as to update entity representations.198

3. An interactive contrastive learning mecha-199

nism is proposed to perform contrastive learning200

between pseudo-aligned entity pairs in two KGs,201

thus promoting the direct learning of cross-KG in-202

teractions. Fig. 1 shows the overall framework of203

our proposed approach ICLEA.204

3.1 KG Semantic Encoder205

KG semantic encoder aims to fully capture the se-206

mantics of entities and relations by leveraging their207

names and descriptions. Since pre-trained language208

models (PLMs) have achieved remarkable progress209

in NLP, we decide to leverage LaBSE (Feng et al.,210

2020), a language-agnostic pre-trained sentence211

model, for encoding the name. Besides, we choose212

SentenceTransformers2, a transformer-based sen-213

tence embedding framework, to obtain entity de-214

scription embeddings. We choose them due to their215

2https://github.com/UKPLab/sentence-transformers

outstanding empirical performance in capturing 216

precise semantics for phrases and long sentences 217

while helping us to cross the multilingual barrier. 218

The names of each entity e and relation r are 219

usually composed of phrases. We utilize the tok- 220

enizer of LaBSE to obtain the tokens of the entity 221

name ne and relation name nr, and get correspond- 222

ing embeddings through LaBSE model fθLaBSE . 223

Next, a mean pooling operation is applied to the 224

embedding of each token, followed by an L2 nor- 225

malization. 226

~hnx = ‖Mean(fθLaBSE (nx))‖L2
, nx ∈ {ne, nr} .

(1) 227

Moreover, entity description contains rich se- 228

mantics that allows PLMs to encode with more con- 229

text information. The entity description is usually 230

composed of one or more sentences and contains 231

multifaceted features related to the entity. For each 232

description, we select the first Lmax characters to 233

feed into the SentenceTransformers model fθST 234

and get the representation of entity description de, 235

~hde = ‖fθST (de)‖L2
. (2) 236

Finally, we get the entity e’s representation em- 237

bedding ~he by concatenating entity name embed- 238

ding~hne and entity description embedding~hde , and 239

more details are available in Appendix A.1, 240

~he = Concat(~hne ,
~hde). (3) 241

3.2 Relation-Aware Neighborhood 242

Aggregator 243

Relation-aware neighborhood aggregator aims to 244

update entity embeddings by performing message 245

passing with the help of KG relation information. 246
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Refer to 3.3, it has the online and momentum parts.247

These two parts have the same model structure, and248

they have different parameter updating strategies.249

We take the online part as an example to introduce250

this module. The relations can bring us two aspects251

of crucial information: structural — neighbor en-252

tities, which provide valuable context information253

for understanding the center node, and semantic254

— neighbor relations, which capture rich semantic255

information of edges adjacent to the given entity. In256

this work, we apply GAT (Veličković et al., 2017)257

as a backbone network due to its effectiveness.258

Structural Aggregator. The aggregation of neigh-259

bor entities is performed by considering both en-260

tities’ importance and their relations to the center261

node. One vanilla GAT aggregates all neighbor262

entity embeddings for the center node to model the263

importance of different entities, which treats all264

relations equally, formally,265

~heni =‖Kk=1 σ

 ∑
j∈Ni∪{ei}

αkijW
k~hj

 ,

αij =
exp

(
σ
(−→q T

[
W~hi‖W~hj

]))
∑
k∈Ni∪{ei} exp

(
σ
(−→q T

[
W~hi‖W~hk

])) ,
(4)266

where W is the linear transformation’s weight ma-267

trix. The attention mechanism is a single-layer268

feedforward neural network parametrized by a269

weight vector −→q . K is the multi-head attention270

number. σ is a nonlinear activation function such271

as LeakyReLU. αij is the normalized attention272

coefficient. ‖ is vector concatenation.273

Another extended GAT is proposed to model the274

importance of different adjacent relations. It uses275

relation specific attention heads as relation-wise276

gates to control information flow from neighbor277

entities and obtains updated entity embedding ~hsti ,278

~hsti =‖Kk=1 σ

∑
j∈Ni

βkijW
k~hj

 ,

βij =
exp (γij)∑

k∈Ni
exp (γik)

,

γij = σ
(
σ
(
~rijWr1ij

+Br1ij

)
Wr2ij

+Br2ij

)
,

(5)279

where ~rij is trainable relation specific embedding280

between entity i and entity j. Wrij and Brij are281

relation’s transformation and bias weight matrix.282

Semantic Aggregator. Relation’s name in KGs283

usually contains certain semantic information,284

which is helpful to obtain better entity represen-285

tations. Semantic aggregator aims to aggregate286

and fuse neighbor relations’ semantic information 287

into the center entity. In this work, we apply a 288

GAT that is same as Eq. 4 to fuse neighbor rela- 289

tion name embeddings into corresponding entity 290

embeddings. Specifically, for each ~hj in Eq. 4, we 291

replace it with a average neighbor relation embed- 292

ding ĥj = 1
Kij

∑Kij
x=0

~hnrx , where nrx is the x-th 293

relation’s name between entity i and entity j, Kij 294

is the total number of relations between enitty i and 295

entity j, and ~hnrx is the relation name embedding, 296

which can be calculated from Eq. 1. For~hk in Eq. 4, 297

we replace it with ĥk using a similar method. In 298

this way, we can obtain ~hsei of entity i based on its 299

neighbor relation names. 300

Finally, we use a fully-connected layer to fuse 301

three aspects of embeddings ~heni , ~hsti , and ~hsei to 302

obtain the final entity representation ~vi, 303

~vi = MLP(Concat(~heni ,
~hsti ,

~hsei )). (6) 304

3.3 Interactive Contrastive Learning 305

Interactive contrastive learning strategy is designed 306

to learn direct cross-KG interactions for self- 307

supervised EA. It mainly consists of three parts:(1) 308

Momentum contrastive learning mechanism sam- 309

ples negative entities and pushes them far away 310

from the positive one, thus aligned ones are rel- 311

atively drawn close. (2) Negative sample queues 312

store previous encoded batches as negative samples 313

for the positive batch. (3) Interactive contrastive 314

learning mechanism constructs pseudo-aligned sets 315

during training and establishes cross-KG direct in- 316

formation interaction. It pulls the positive samples 317

and pseudo-aligned entities closer, while pushing 318

them far away from the negative samples in KGs. 319

Momentum Contrastive Learning Mechanism. 320

Given a training KG G1’s initial entity embed- 321

dings H1 =
{
~h1,~h2, . . . ,~h|E1|

}
, self-supervised 322

EA representation learning aims to learn an online 323

embedding tranformation function fθ that maps H1 324

to V1 =
{
~v1, ~v2, . . . , ~v|E1|

}
with ~vx = fθ

(
~hx

)
, 325

such that ~vx best describes ~hx. Instance-wise 326

contrastive learning achieves this objective by op- 327

timizing a contrastive loss. Following SelfKG, 328

we use the Noise Contrastive Estimation (NCE) 329

loss(Gutmann and Hyvärinen, 2010). In practice, 330

we jointly optimize the NCE loss on both source 331

KG G1 and target KG G2, defined as, 332

LnceG1 =

|E1|∑

x=1

− log
exp

(
~vx · ~v′x/τ

)

exp
(
~vx · ~v′x/τ

)
+
∑r

k=1
exp

(
~vx · ~v′k/τ

) , (7) 333
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where, vx and v′x are positive embeddings for en-334

tity ex, and v′k includes r negative samples’ em-335

beddings, and τ is a temperature hyperparame-336

ter. These embeddings are obtained by feeding337
~hx to a momentum encoder parameterized by θ′,338

~v′x = fθ′(~hx), where θ′ is a moving average of θ,339

θ′ ← m× θ′ + (1−m)× θ,m ∈ [0, 1). (8)340

Negative Sample Queues. While performing mo-341

mentum contrastive learning for EA, we need to342

sample negative entities from the same source KG343

to avoid the conflict by simply excluding the posi-344

tive one. We maintain two negative queues for both345

KGs that store previous encoded batches as nega-346

tive samples. As shown in the middle part of Fig. 1,347

when a new batch Batch′ arrives, we add it to the348

corresponding queue tail, and the head Batch0 is349

dequeued as a positive sample batch Batchp. In350

the early stage of training, we do not perform any351

parameter update until one of the negative queues352

reaches the predefined length L+ 1, where L for353

the number of previous batches used as negative354

samples and “1” for the dequeued positive batch.355

Let the numbers of the entities in KGs |E1|, |E2|,356

the batch size B and L is constraint by,357

(L+ 1)×B 6 min (|E1| , |E2|). (9)358

Finally, the real number of negative samples used359

for each positive batch’s entity is (L+ 1)×B − 1.360

Interactive Contrastive Learning Mechanism.361

This mechanism aims to build an direct informa-362

tion interaction channel for two KGs during train-363

ing. We construct pseudo-aligned entity sets SG1364

and SG2 for each source KG to the correspond-365

ing target KG at the beginning of each training366

epoch. Given initial embeddings of source and tar-367

get KGs G1 and G2, H1 and H2, we feed them into368

the online encoder fθ to obtain the corresponding369

embeddings V1 and V2. For each entity e1p in370

G1 and e2q in G2, we match the most similar en-371

tities e2̂p and e1̂q from the corresponding G2 and372

G1. We predefine a L2 distance threshold λ, if373

Dis(e1p, e2̂p) or Dis(e2q, e1̂q) is less than λ, we374

add the pair of entities
〈
e1p, e2̂p

〉
or
〈
e2q, e1̂q

〉
to375

the corresponding pseudo-aligned set SG1 or SG2 .376

We apply Faiss3 for obtaining pseudo-aligned sets377

efficiently. It is worth noting that distinct from378

the previous bootstrapping strategy (Sun et al.,379

2018) that maintains high-confidence aligned entity380

3https://github.com/facebookresearch/faiss

pairs iteratively, our approach focuses on generat- 381

ing larger pseudo-aligned sets automatically, which 382

liberates us from the caution of introducing a few 383

noises. To incorporate pseudo-aligned sets into the 384

contrastive learning process we introduce an addi- 385

tional NCE loss Licl into the training process, and 386

in Eq. 10 we take the example of the KG G1, where 387

~vx = fθ( ~h1p), ~vx
′ = f ′θ(

~h2̂p),
~h1p and ~h2̂p is entity 388

embeddings. The hyperparameter β balances the 389

sensitiveness of the model to the negative sample 390

~v′1k and ~v′2k from different KGs. A pseudo-code of 391

our algorithm is given in Appendix B, 392

LiclG1
=

|E1|∑

x=1

β ·


− log

exp
(
~vx · ~vx′/τ

)

exp ( ~vx · ~vx′/τ) +
∑r

k=1
exp

(
~vx · ~v′1k/τ

)




+(1− β) ·


− log

exp
(
~vx · ~vx′/τ

)

exp ( ~vx · ~vx′/τ) +
∑r

k=1
exp

(
~vx · ~v′2k/τ

)


 .

(10)

393

Based on the above discussion, we can get the 394

overall optimization goal L of ICLEA, 395

L =
∑

i∈{1,2}

LnceGi + LiclGi
. (11) 396

4 Experiments 397

In this section, we evaluate our proposed approach 398

on DBP15K, a widely used benchmark for EA. We 399

first introduce the experimental settings, then re- 400

port the overall results, and finally conduct ablation 401

studies as well as parameter sensitivity analyses. 402

4.1 Experimental Settings 403

Dataset. The DBP15K dataset is originally built 404

by (Sun et al., 2017b), which includes three cross- 405

lingual datasets extracted from DBpedia4. Each 406

contains 15, 000 reference alignments between En- 407

glish (EN) and one of the other languages, i.e., Chi- 408

nese (ZH), Japanese (JA) and French (FR). Tab. 2 409

presents the detailed statistics. To make wide com- 410

parisons, we also report the results on its translated 411

version (Xu et al., 2019). Moreover, to make the 412

comparisons fair, we use Google Translate to trans- 413

late all non-English entity descriptions into English 414

when using translated DBP15K in our experiments. 415

Evaluation Metrics. We use Hits@N as the eval- 416

uation metric. Hits@N means the proportion of 417

correct entities that rank no larger than N (N is 1 418

and 10), and higher Hits@N indicates better perfor- 419

mance. We further calculate the average Hits@1 of 420

three subtasks to measure the overall performance. 421

4http://downloads.dbpedia.org/2016-04/
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Model DBP15KZH_EN DBP15KJA_EN DBP15KFR_EN AVG Hits@1
Hits@1 Hits@10 Hits@1 Hits@10 Hits@1 Hits@10

Supervised

MTransE 30.8 61.4 27.9 57.5 24.4 55.6 27.7
JAPE 41.2 74.5 36.3 68.5 32.4 66.7 36.6

MuGNN 49.4 84.4 50.1 85.7 49.5 87.0 49.7
BootEA 62.9 84.8 62.2 85.4 65.3 87.4 63.5
MRPEA 68.1 86.7 65.5 85.9 67.7 89.0 67.1
JEANS 71.9 89.5 73.7 91.4 76.9 94.0 74.2

GM-Align∗ 67.9 78.5 74.0 87.2 89.4 95.2 77.1
HGCN∗ 72.0 85.7 76.6 89.7 89.2 96.1 79.3

AttrGNN∗ 79.6 92.9 78.3 92.1 91.9 97.8 83.3
RNM∗ 84.0 91.9 87.2 94.4 93.8 95.4 88.3
EPEA∗ 88.5 95.3 92.4 96.9 95.5 98.6 92.1
CEAFF 79.5 - 86.0 - 96.4 - 87.3

HMAN 87.1 98.7 93.5 99.4 97.3 99.8 92.6
BERT-INT 96.8 99.0 96.4 99.1 99.2 99.8 97.5

Unsupervised or Self-supervised

MultiKE 50.9 57.6 39.3 48.9 63.9 71.2 51.4
EVA 75.2 89.5 73.7 89.0 73.1 90.9 74.0

SelfKG 74.5 86.6 81.6 91.3 95.7 99.2 84.0
SelfKG∗ 82.9 91.9 89.0 95.3 95.9 99.2 89.3

ICLEA 88.4 97.2 92.4 97.8 99.1 99.9 93.3
ICLEA∗ 92.1 98.1 95.5 98.8 99.2 99.9 95.6

Table 1: Overall results on DBP15K. Methods marked with “∗” use a translated version of DBP15K. The best
results in supervised/unsupervised or self-supervised settings are marked in underline/bold.

Datasets Ent. Rel. R-Tri. Ent Alignments.

ZH_EN ZH 19,388 1,700 70,414 15,000
EN 19,572 1,322 95,142 15,000

JA_EN JA 19,814 1,298 77,214 15,000
EN 19,780 1,152 93,484 15,000

FR_EN FR 19,661 902 105,998 15,000
EN 19,993 1,207 115,722 15,000

Table 2: Statistics of the simplified DBP15K datasets.

Baselines. We compare our ICLEA against two422

groups of baselines, i.e., semi-supervised and423

un/self-supervised EA approaches. The latter in-424

clude MultiKE (Zhang et al., 2019), EVA and425

SelfKG, and the former are further divided into426

three branches: 1) KG structure embedding-based427

methods that only use the KGs’ structure informa-428

tion: MTransE (Chen et al., 2017), JAPE (Sun et al.,429

2017b), BootEA (Sun et al., 2018), MuGNN (Cao430

et al., 2019a), MRPEA (Shi and Xiao, 2019)431

and JEANS (Chen et al., 2020a), 2) Graph-based432

methods that leverage GNNs to utilize various433

KG information: GM-Align(Xu et al., 2019),434

CEAFF (Zeng et al., 2019), HGCN(Wu et al.,435

2019b), AttrGNN (Liu et al., 2020b), RNM (Zhu436

et al., 2020b) and EPEA (Wang et al., 2020), 3)437

BERT-based methods that directly use multilingual438

BERT to deal with EA: HMAN (Yang et al., 2019)439

and BERT-INT (Yang et al., 2019).440

Implementation Details. Our model is imple-441

mented with Pytorch 1.7.0. We employ Adam442

as our optimizer with a learning rate 1e−6 and 443

gradually reduce it to maintain the stability of train- 444

ing. The number of training epochs is 300, the 445

batch size is 64, momentum m is 0.9999, similar- 446

ity threshold λ is 1.0, temperature τ is 0.08 and 447

the size of negative queue is 32. We choose L2 448

distance as entity embedding distance metric for 449

pseudo alignment generation and set β to 0.5 in 450

interactive contrastive learning. More implementa- 451

tion details are available in Appendix A. 452

4.2 Main Results 453

Tab. 1 lists the overall performance. For all base- 454

lines, we take the reported results from the original 455

papers or SelfKG (Liu et al., 2021c). From the 456

results, we have the following observations: 457

Comparisons with semi-supervised methods. 458

ICLEA outperforms almost all previous supervised 459

models on both original and translated DBP15K, 460

and achieves results comparable to BERT-INT (the 461

strongest baseline). They use multi-lingual BERT 462

directly to help with entity alignment. ICLEA 463

achieves the same excellent results as BERT-INT 464

on the FR_EN subtask, where the BERT-INT’s 465

HIT@1 is 0.1% higher than that of ICLEA, while 466

the ICLEA’s HIT@10 is 0.1% higher than that of 467

BERT-INT. The gap between ICLEA and BERT- 468

INT is only 4.2% in average Hits@1, and it is 469

further narrowed to 1.9% on the translated dataset 470

(though BERT-INT does not translate dataset di- 471
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(a) Hits@1with ICL (b) Hits@1without ICL (c) NQ size and batch size (d) Description length
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Figure 2: Study on negative queue (NQ) size, batch size, description length, temperature τ , momentum m, L2

distance threshold λ and hyperparameter β on DBP15KZH_EN. (a), (b) present the test Hit@1 curve throughout the
training epochs with and without ICL.

rectly, it uses multi-lingual BERT). It is worth472

mentioning that BERT-INT actually fine-tunes the473

whole multi-lingual BERT, whose parameter scale474

is 10 times larger than ICLEA (110M vs 11M). In475

a nutshell, ICLEA significantly narrows the gap476

between supervised and self-supervised EA.477

Comparisons with un/self-supervised methods.478

In the unsupervised or self-supervised setting,479

ICLEA notably outperforms all those baselines480

with a large margin. Even compared with the481

strongest baseline SelfKG, ICLEA improves the482

average Hits@1 score by 9.3%/6.3% on the origi-483

nal/translated datasets. Note that the improvement484

is more significant in original datasets, especially485

in ZH_EN subtask, indicating that ICLEA is less486

language dependent and suitable for dealing with487

the cross-lingual entity alignment tasks.488

Multi-lingual bias phenomenon. ICLEA exhibits489

multi-lingual bias consistent with most previous490

methods, i.e., performing best on the FR_EN and491

worst on the ZH_EN. Note that EVA has a rela-492

tively balanced performance on three datasets due493

to the introduction of language-independent entity494

images. This inspires us that multi-modal entity in-495

formation utilization in self-supervised EA would496

be a promising future direction.497

4.3 Ablation Study498

We perform ablation study to evaluate the effective-499

ness of all model components. Accordingly, we500

implement four variants of ICLEA by removing en-501

tity description encoder (w/o Des.), relation-aware502

neighborhood aggregator (w/o Rel.), momentum503

contrastive learning (w/o MCL) and interactive con-504

trastive learning (w/o ICL). Tab. 3 presents the re- 505

sults, which show that the removal of each compo- 506

nent has a negative impact on the performance. 507

Specifically, w/o Des. has the largest negative 508

impact on performance, demonstrating the effec- 509

tiveness of entity description. w/o Rel. causes rela- 510

tively larger decreases in Hits@1 than Hits@10, 511

indicating the importance of relation and struc- 512

ture in distinguishing more ambiguous cases. w/o 513

ICL brings a more notable performance degrada- 514

tion, illustrating the importance of the interactive 515

contrastive learning mechanism for self-supervised 516

EA. Besides, we further investigate how the perfor- 517

mance changes during the model training with and 518

without ICL. As shown in Fig. 2a and 2b, without 519

ICL, the Hits@1 score reaches the peak after tens 520

of epochs and then shows a sharp drop, while using 521

ICL brings a more stable model training. 522

Model DBP15KZH_EN DBP15KJA_EN DBP15KFR_EN

Hits@1 Hits@10 Hits@1 Hits@10 Hits@1 Hits@10

ICLEA 88.4 97.2 92.4 97.8 99.1 99.9
w/o Des. 80.4 91.4 87.3 94.1 97.3 99.5
w/o Rel. 87.0 96.7 91.5 97.7 98.8 99.9

w/o MCL 86.7 96.5 90.2 97.1 98.6 99.7
w/o ICL 83.6 93.7 88.8 96.2 97.5 99.8

Table 3: Ablation study of ICLEA on DBP15K.

4.4 Hyper-parameters Analyses 523

Negative queue size and batch size. For these 524

two parameters, we perform grid search from 8 to 525

64. Fig. 2c shows that the performance exhibits a 526

fluctuating upward trend when fixing batch size to 527

64 and increasing the size of the negative queue. 528

Meanwhile, Fig. 2c also shows the performance in- 529

creases steadily with larger batch size when setting 530

7



queue size to 64. While both expanding negative531

queue and batch size can improve the performance,532

a larger batch size usually brings more computa-533

tional cost than the negative queue.534

Entity description length. As shown in Fig. 2d,535

a longer description brings better performance be-536

cause it can provide more semantic information.537

Considering the computation cost and the descrip-538

tion length distribution in the datasets (see Ap-539

pendix for details), we set the length to 512.540

Temperature τ and momentum coefficient m.541

The temperature τ regulates the degree of atten-542

tion to difficult samples (Wang and Liu, 2021) and543

the momentum coefficient m prevents sensitive up-544

date. We empirically choose both parameters from545

finite sets and present the results in Fig. 2e and546

Fig. 2f, which show that a relatively larger m (e.g.,547

0.9999) leads to better performance and τ = 0.08548

is a good cut-off point.549

Distance threshold λ and hyperparameter β.550

Distance threshold λ controls the selection of551

pseudo alignments. A larger λ means more pseudo552

alignments for cross-KG interaction, while possi-553

bly introducing more noise. As shown in Fig. 2g,554

it is a good balance point when λ = 1.0. The hy-555

perparameter β is the trade-off factor between the556

positive samples and negative samples from differ-557

ent knowledge graphs. As shown in Fig. 2h, we558

find that the sensitivity of the model is almost the559

same for both, and thus set β to 0.5.560

5 Related Work561

In this section, we briefly review representative562

efforts of the EA task to present the trends and563

promising directions in this domain.564

EA task aims to identify the equivalent entities565

from heterogeneous knowledge graphs for better566

curation of them (Tang et al., 2006). The early567

efforts mostly consider this task under semi- or568

fully supervised setting (Tang et al., 2006; Li et al.,569

2008). From early KG structure embedding-based570

methods (Chen et al., 2017; Sun et al., 2018; Li571

et al., 2019) to GNNs-based methods (Wang et al.,572

2018b; Cao et al., 2019b; Zhu et al., 2020b,a; Mao573

et al., 2020a; Wong et al., 2020; Sun et al., 2020a;574

Mao et al., 2020b; Yu et al., 2021), a series of ex-575

plorations have proven that structural information576

is indispensable in EA tasks. When the research577

comes into the era of pre-trained language models578

(PLMs), the multilingual PLMs further improve the579

SOTA performance of semantic EA models (Wu580

et al., 2019b; Tang et al., 2020) and attracted more 581

attention for this field. Besides the high perfor- 582

mance achieved by these (semi-) supervised mod- 583

els, researchers begin to consider the efficiency and 584

practicality with new methods such as adversarial 585

learning, active learning, etc (Pei et al., 2020; Zeng 586

et al., 2021; Mao et al., 2021; Liu et al., 2021a). 587

However, the imperative need for labeled data 588

still bridges the gap between these models and real- 589

world applications, for annotating the data of entity 590

alignment is naturally time-consuming and labor- 591

intensive (Liu et al., 2020a). Therefore, several 592

pioneer approaches (Zhang et al., 2019; Liu et al., 593

2021b, 2020a) attempt to solve the problem under 594

unsupervised settings, i.e., matching the entities 595

without any seed alignment. Strikingly, the suc- 596

cess of self-supervised training in computer vision 597

community (He et al., 2020; Chen et al., 2020b) 598

provides new directions for unsupervised entity 599

alignment models. As there are few attempts that 600

launch self-supervised training in this task (Liu 601

et al., 2021c), we recognize that it is urgent and 602

purposeful to set up a paradigm so that the expe- 603

rience of existing EA methods can be adapted to 604

this new direction. Therefore, we propose ICLEA, 605

which jointly considers the structural and semantic 606

information in the self-training process, and calls 607

for more efforts in self-supervised EA. 608

6 Conclusion and Future Work 609

In this work, we propose a model named Interac- 610

tive Contrastive Learning for self-supervised Entity 611

Alignment — ICLEA. To better jointly utilize the 612

entity’s structural and semantic information, we 613

separately encode entity name labels and descrip- 614

tions with the help of PLMs and propose a relation- 615

aware neighborhood aggregator to better leverage 616

the structural and semantic information brought by 617

KGs’ relations. We design an innovative interac- 618

tive contrastive learning mechanism by construct- 619

ing pseudo-aligned entity pairs to establish a direct 620

information interaction channel for the two KGs. 621

Experimental results show that ICLEA performs on 622

par with previous SOTA supervised counterparts 623

and outperforms previous best self-supervised re- 624

sults by a large margin while maintaining more sta- 625

ble model training. We also present several promis- 626

ing directions, including the utilization of entity 627

attributes, solving multi-lingual bias problem and 628

applying prototypical contrastive learning, whose 629

detailed discussions are in Appendix C. 630
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A Implementation and Training Details845

We train and evaluate all our models on a machine846

with the specifications listed in Table 4.

Table 4: Hardware specifications of the used machine.

hardware specification

RAM 252 GB
CPU AMD® EPYC 7402 24-core 48-thread
GPU NVIDIA® GeForce RTX 3090 (24 GB) × 8

847

A.1 Dataset848

We process the data and conduct an experimental849

study on the DBP15K datasets, with the original850

datasets from (Sun et al., 2017b) and (Tang et al.,851

2020).852

First, we simplify the names of entities and853

relations. The names of entities or relations in854

DBP15K usually have a string of useless prefixes,855

such as “http://dbpedia.org/resource/Jay_Chou”856

and “http://dbpedia.org/property/nation”, we re-857

move the useless prefixes and replace the under-858

scores with empty spaces, leaving meaningful en-859

tity and relation names. (Tang et al., 2020) pro-860

vides the description data of entities in DBP15K,861

and distribution of the number of entities based on862

description length in DBP15K dataset is shown in863

Figure 3, the description length of most entities864

is less than 256, but in order to fully consider all865

entities, we set the extracted description length to866

512, while 512 is also the maximum length that can867

be extracted from most PLMs. After processing,868

the new entity names, relation names, and entity869

descriptions allow PLMs to handle them in an effi-870

cient and unambiguous way.871

Then, we need to map each entity separately to872

a unique index in each pair of KGs. We use the873

DBP15K dataset provided in (Tang et al., 2020)874

as our original dataset and follow the indexes they875

created in our experiments, since they have already876

completed this processing step.877

In terms of obtaining 1-hop neighbors, we treat878

KGs as undirected graphs, that means we use the879

relational triples in the datasets to find all entities880

connected to a given entity, regardless of the direc-881

tion of the connection.882

Finally, we rebuild the dataset and use the Dat-883

aLoader of Pytorch’s torch.utils.data package to884

package our data and create a batch process, with885

inputs containing the names of the central and adja-886

cent entities, their descriptions and adjacency ma- 887

trix. 888

The DBP15K dataset we used can be down- 889

loaded via the following links: 890

• https://github.com/nju-websoft/JAPE 891

• https://github.com/kosugi11037/bert-int 892

A.2 Training Details 893

Our model is implemented by Pytorch with 894

version1.7.0, trained with following parame- 895

ters:batch size=64, negative queue size=32, train- 896

ing epochs=300, description length=512, max 897

neighbor num=15, m=0.9999, τ=0.08, warm-up 898

epochs=24 and random seed=37. We use only 899

NCE loss in the first 20-30 epochs to warm up 900

the network, within this range, there is not much 901

difference in the performance of the model so we 902

set warm-up epochs to 24. The results prove that 903

the model can acquire more accurate pseudo-entity 904

pairs after the warm-up epochs. 905

We employ Adam as our optimizer with a small 906

learning rate 1e−6 and gradually reduce our learn- 907

ing rate to maintain the stability of training. 908

To extract information at the semantic level, 909

we use LaBSE to obtain entity names and rela- 910

tion embeddings, LaBSE is a SOTA language- 911

agnostic sentence embedding PLM which is trained 912

on 109 different languages. SentenceTransform- 913

ers are used to obtain entity description embed- 914

dings as input for subsequent layers. Sentence- 915

Transformers is a Python framework for SOTA 916

sentence, text and image embeddings. We use the 917

paraphrase−multilingual−mpnet−base−v2 918

model provided by SentenceTransformers to ex- 919

tract sentence representations, which trained on 920

parallel data for 50+ languages, is selected to ex- 921

tract sentence representations because of its best 922

performance tested in our experiments. In neigh- 923

bor aggregator layer, both input_size and out- 924

put_size =LaBSE_DIM + DESC_DIM, and in 925

fully-connected layer, input_size=LaBSE_DIM × 926

5 and output_size = LaBSE_DIM × 3, where 927

LaBSE_DIM and DESC_DIM are equal to 768. 928

Each batch consists of center entity embedding, 929

neighbor embeddings, relation embeddings and 930

their adjacency matrix. We use neighbor embed- 931

dings, relation embeddings to obtain two types of 932

entity embeddings as the input of vanilla GAT. Ex- 933

tended GAT is used to obtain relation-aware entity 934

representations. Finally, we use a fully-connected 935
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Figure 3: Distribution of the number of entities based on description length in DBP15K.

layer to fuse three aspects of embeddings to obtain936

the final entity representation. It is worth noting937

that we perform normalization at the end of both938

GAT and fully-connected layer.939

We randomly select 5% from the original train-940

ing set as the validation set in order to early stop-941

ping. All experiments are conducted on a Ubuntu942

server with GPU(GeForceRTX 3090). Each evalu-943

ation is repeated five times with the same random944

seed and averaged results are reported.945

A.3 Nearest Neighbor Search946

To quickly obtain pseudo-entity pairs and evalu-947

ate the model, we use Faiss, a library for efficient948

similarity search and clustering of dense vectors.949

We first apply IndexFlatL2 based on L2 distance950

as an indexer to construct indexes for the entities951

in source KG and target KG. Once the indices are952

built, the kd-tree algorithm used in Faiss allows for953

a fast similarity search task.954

In the entity pair acquisition period, we treat the955

two KGs as equivalent and perform two-direction956

searches. If the L2 distance between an entity and957

its nearest neighbor is less than the threshold λ, we958

treat each entity and its top 1 nearest neighbor as a959

pair of pseudo-aligned entities.960

In the model evaluation period, we search the961

top 1 and top 10 nearest entities in the target KG962

for each entity in the source KG, which is used to963

calculate Hits@1, Hits@10.964

B Pseudo-code for Interactive965

Contrastive Learning966

Algorithm 1 gives the overall technological pro-967

cess of our interactive contrastive learning for self-968

supervised entity alignment.969

Algorithm 1: Interactive Contrastive Learning.
Input: encoder fθ , training dataset X of source KG
KG1, target dataset Y of target KG KG2,
Similarity threshold λ, momentum m,
θ′ = θ. // initialize momentum encoder as the

encoder

while not MaxEpoch do
/* Get pseudo-aligned entities */

Vi = fθ(X), Vj = fθ(Y ) // get features for

all data

Pair1→2 = Faiss.search(Vi, Vj , 1, λ)
Pair2→1 = Faiss.search(Vj , Vi, 1, λ)

// Find the top 1 nearest entity with L2

distance less than λ for each entity

Pairall = merge(Pair1→2, Pair2→1)
/* Training */

for x in Dataloader(X) do // load a

minibatch x

v = fθ(x), v
′ = f ′θ(x)

v′′ = fθ′(Pairall[x]) // forward pass

through encoder and momentum encoder,

Using the pseudo-aligned entity

representation of x as positive example

neg_value = fθ′(neg_queue)
Loss = Lnce(v, v

′, neg_value) +
Licl(v, v

′′, neg_value)
// calculate loss with Equation 10

θ = Adam(Loss, θ)
// update encoder parameters

θ′ =m∗θ′ + (1−m) ∗ θ
// update momentum encoder

C Future Works 970

Utilization of Entity Attributes Attributes are 971

a series of attribute-value pairs, which are similar 972

to relation-entity pairs. Aligned entities usually 973

have similar attributes and values in different KGs. 974

Some previous work has demonstrated that con- 975

structing representations for attributes can improve 976

the accuracy of entity alignment. AttrGNN (Liu 977

et al., 2020b) uses graph partition and attributed 978

value encoder to deal with various types of attribute 979

triples. But attribute values are of various types and 980

are numerous, so it is difficult to construct attribute- 981

related representations for entities in the context 982
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of a self-supervised framework. How to combine983

attributes with a self-supervised EA framework to984

construct better representations for entities and per-985

form self-supervised learning is one of the future986

research directions.987

Solving Multi-lingual bias problem Multi-988

lingual bias can be interpreted as:A model prefers989

one language or language pair over others. There is990

some multi-lingual bias in the representation of sen-991

tences extracted using the cross-linguistic model,992

so Hits@1 varies in different language datasets,993

usually the best in FR_EN and the worst in ZH_EN.994

The earlier models that rely only on KG structure995

features to deal with EA such as JAPE, MTransE,996

etc., almost all models show the highest Hits@1997

value in ZH_EN dataset, which shows on the other998

hand that multi-lingual bias does exist. EVA solves999

this problem by introducing image information1000

and achieves a balanced performance on the three1001

datasets. It uses image information to generate1002

an initial seed dictionary and incorporates image1003

features into entity representation. Designing a1004

multi-modal fusion algorithm for EA, which or-1005

ganically fuses image, side information, and graph1006

structures for our self-supervised learning, is also a1007

work worthy of research.1008

Prototypical Contrastive Learning For a given1009

entity, contrastive learning of EA treats different1010

entities of the same knowledge graph as negative1011

examples, regardless of their semantic similarity.1012

This leads to some entities with similar semantics1013

being pushed too far in the representation space.1014

Some previous work learns semantic relationships1015

between different samples by introducing prototype1016

information, and has achieved significant improve-1017

ments on CV tasks. PCL (Li et al., 2020) intro-1018

duces prototypes as latent variables to help find1019

the maximum-likelihood estimation of the network1020

parameters in an Expectation-Maximization frame-1021

work. Knowledge graph entities also have potential1022

concept information, such as people, buildings, etc.1023

How to let the model learn this information and1024

assist in self-supervised EA is also a challenge.1025
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