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The Free Encyclopedia
https://en.wikipedia.org/wiki/Chongqing

Country China

Settled c. 316 BC
Separated from 14 March 1997
Sichuan

Municipal seat
Divisions

Yuzhong District
26 districts, 12

- County-level counties

— Township-level

Government

* Type Municipality

e Body Chongging Municipal

¢ Party Secretary

e Congress
Chairperson

* Mayor

e Municipal CPPCC
Chairperson

e National People's
Congress
Representation

People's Congress
Yuan Jiajun
Wang Jiong

Hu Henghua
Cheng Lihua

58 deputies


https://baike.baidu.com/item/%E9%87%8D%E5%BA%86%E5%B8%82/
https://en.wikipedia.org/wiki/Chongqing
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TransE GCN  Transformer

RDFS/OWL OWL2

RDF
1997 2004 2009

SPARQL

@prefix eric: <http://www.w3.org/People/EM/contact#> .
@prefix contact: <http://www.w3.0rg/2000/10/swap/pim/contact#> . I :r’ ¢ . 4
@prefix rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> . ® = °
».. &
®

eric:me contact:fullName "Eric Miller" .
eric:me contact:mailbox <mailto:e.millerl23(at)example> .
eric:me contact:personalTitle "Dr." .

eric:me rdf:type contact:Person .
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Q auckland§ @ s n‘ i ‘
A & < http//www.wikidata.org/entity/Q37100 ¥ &
city on the North Island, New Zealand
Auckland
Auckland Region
region of New Zealand's North Island ?var24 Auckland ] ., /7
e haaoe place of birth : . \'
male given name J OCCUpatiOn
Auckland number of children
unincorporated community in California r X
?prop28
Auckland politician ]
family name
Auckland
painting by Robert Johnson .
@ Datatype properties [27]
Auckla_md
P e Nos Caniyeno @ Object properties [16]
Auckland >
county of New South Wales, Australia [ instance of Q v]
Auckland [ head of government Q v ]
New Zealand electorate
[ country Q V]
University of Auckland
university in New Zealand [ continent Q V]
r e
> ( afficial lanamaaa awvl -

Hernan Vargas, Carlos Buil-Aranda, Aidan Hogan: RDF Explorer: A Visual Query Builder for Semantic Web Knowledge Graphs. ISWC
(Satellites) 2019: 229-232
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Changchun University of Chicago
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battery

A
camera —> 4 ¢\A esEeeh

storage
postgraduate
\ -
s T B
y (monetary unit)
undergraduate
timeZoneDst —> a
AREE

(population density)

H7R (area)
e ERBRE
v (zip code)
BIEX S
(area code)
0.4 0.5 0.6 0.7

R IRANREVSANE AR UE

B X B FR

(time zone name)
v

v
v

E RS

countryCode —> 4 T (country code)

officialLanguages

a.8 0.9

Zequn Sun, Wei Hu, Chengkai Li: Cross-Lingual Entity Alignment via Joint Attribute-Preserving Embedding. ISWC 2017: 628-644
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Zhuo Chen, Lingbing Guo, Yin Fang, Yichi Zhang, Jiaoyan Chen, Jeft Z. Pan, Yangning Li, Huajun Chen, Wen Zhang: Rethinking Uncertainly
Missing and Ambiguous Visual Modality in Multi-Modal Entity Alignment. ISWC 2023: 121-139
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Models Rimg = 0.05 Rimg = 0.2 Rimg = 0.4 Rimg = 0.6

HQ1 H@10 MRR HQ1 H@10 MRR HQ1 H@10 MRR HQ1 H@10 MRR
= | MSNEA [7] 413 722 517 411 725 518 446 743 546 520 786 611
L | EVA [30] 623 .878 715 624 .878 716 623 875 714 625 876 717
N | MCLEA [29] 638 .905 732 588 .865 686 611 874 704 661 .896 744
% | w/o CMMI 703 934 787 710 937 793 721 939 .801 753 949 825
E UMAEA 720 .938  .800 727 .941  .806 727 .941  .806 758 951  .829
A | Improve 1 8.2% 3.3%  .068 | 103%  6.3%  .090 | 10.4%  66%  .092 | 9.7% 55%  .085
z | MSNEA [7] 313 643 425 311 644 422 369 678 AT2 480 744 569
1| EVA [30] 615 877 708 616 877 710 616 878 711 624 881 716
o | MCLEA [29] 599 .897 706 579 .846 675 613 867  .703 .686 .898 761
i3 | w/o CMMI 708 943 794 712 947 798 730 950 810 772 962 843
5 | UMAEA 725 .949  .807 | .726 .949  .808 732 .952  .813 775 .963  .845
A | Improve 1 11.0% 5.2% 099 | 11.0% 7.2% 098 | 11.6% 7.4% 102 | 8.9% 6.5% .084
= | MSNEA [7] 297 690 427 304 .690 428 .360 710 A74 AT8 772 574
L | EVA [30] 624 895 720 624 .895 720 .626 .898 721 634 900 728
& | MCLEA [29] 634 930 741 582 .863 682 .601 879 702 675 .901 757
s | w/o CMMI 727 956 813 733 960 817 746 961 828 790 968 857
2. | UMAEA 752 .970  .830 .755 .960  .832 763 962  .838 792 970  .859
A | Improve 1 11.8%  4.0%  .089 | 131%  67% 112 | 13.7%  64% 117 | 11.7% = 6.9% = .102

19
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Nan Huo, Reynold Cheng, Ben Kao, Wentao Ning, Nur Al Hasan Haldar, Xiaodong Li, Jinyang Li, Mohammad Matin Najafi, Tian Li, Ge Qu:
ZeroEA: A Zero-Training Entity Alignment Framework via Pre-Trained Language Model. Proc. VLDB Endow. 17(7): 1765-1774 (2024)

/ RAEM Teledifusdo de Macau \
; .

A B

N
0‘(\%/ = Q’Q/ g //)
CN %G\ 'UI Qjék'// ,@,.
C H £ R AL ® (K
COO § 0?\/ "5'
O’f}, @b«/ / A\
/4
D E G -/ L M 0]
\ ] TDM Macau ] /
\ 4 ZeroEA — Graph2text A 4

TDM: [MASK]is equivalent to Teledifusio de Macau: [MASK]is equivalent to

[TDM]. [CN] is in [country] relation
with [TDM]. [TDM] is in [located in]

relation with [RAEM].

[Teledifusao de Macau]. [Teledifusdao de Macau]
is in [in] relation with [China]. [Teledifusdo de

Macaul] is in [located in] relation with [Macau].

20
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| Tﬁﬁ%izﬂ’ﬁjﬂ ;E{ZIK%E?IE 4 ‘ Embedding Module : oUTPUT
[ PLM: Entity Embedding Generation J
N\ T PLM
- 1

‘ Entity Alignment Prediction

Embedding
Matrix

Similarity-based Top-K Alignment

or Distance |  Entity Ranking Candidate Set: S¢;

\=

Nan Huo, Reynold Cheng, Ben Kao, Wentao Ning, Nur Al Hasan Haldar, Xiaodong Li, Jinyang Li, Mohammad Matin Najafi, Tian Li, Ge Qu:
ZeroEA: A Zero-Training Entity Alignment Framework via Pre-Trained Language Model. Proc. VLDB Endow. 17(7): 1765-1774 (2024)
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O
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TDM: [MASK]is equivalent to
[TDM]. [RAEM] is in [in] relation

with [RAEM].

.
Teledifusao de Macau: [MASK]is
equivalent to [Teledifusdo de
Macaul]. [Teledifusdo de Macau] is in

/TDM: [MASK]is equivalent to [TDM].
TDM provides public services. [TDM] is in
[in] relation with [RAEM] which is
currently a Special Administrative Region
kof the People's Republic of China.

£

PLM

Sst

-J

/Teledifuséo de Macau [MASK]is
equivalent to [Teledifusdo de Macaul].
Macau Broadcasting Television Co., Ltd.
[Teledifusdao de Macau] is in [in] relation

£

Telegyy - : _ : with  [Macau] which formerly a
e pggto s 3 [located in] relation with [Macau]. _ S\ Portuguese colony. PLM
<::| e PR Aes | P >, |TDM <= —Q = p Teledifusdo de Macau
I |
Input N 1 &( 1 (TDM <= = —e:a- = =» New Mexico
|:D:| . : Translator web Search I
1 - - :
Nelghborhood \ ' |TDM <= = €3 = =+ Black Widow
it SrRphzIe PLM <:I ! Calculator QA II ...... = = _8 = —p wiie
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ZeroEATEZ NN E/ESGESE B 7 SOTAZER

Model DBP15K,}, en DBP15Kj, en DBP15K¢; en DWY100Kgpp, wd DWY100Kgpp, ye
Hit@1 | Hit@10 | MRR | Hit@1 | Hit@10 | MRR | Hit@1 | Hit@10 | MRR | Hit@1 | Hit@10 | MRR | Hit@1 | Hit@10 | MRR
Supervised
MTransE [7] 0308 | 0.614 | 0364 | 0.279 | 0.575 | 0.349 | 0.244 | 0.556 | 0.335 | 0.281 | 0.520 | 0.362 | 0.252 | 0.493 | 0.376
JAPE [44] 0412 | 0.745 | 0.490 | 0.363 | 0.685 | 0.476 | 0324 | 0.667 | 0.430 | 0318 | 0.589 | 0.378 | 0.236 | 0.484 | 0.364

Trans.

BootEA [45] 0.629 0.848 0.703 | 0.622 0.854 0.701 | 0.653 0.874 0.731 | 0.748 0.791 0.898 | 0.761 0.894 0.818

TransEdge [3] 0.735 0.919 0.801 | 0.719 0.932 0.795 | 0.710 0.941 0.796 | 0.788 0.938 0.832 | 0.792 0.936 0.889

GCN-Align [53] | 0.413 0.744 - 0.399 0.745 - 0.373 0.745 - 0.477 0.562 0.514 | 0.601 0.642 0.623

MuGNN [6] 0.494 0.844 0.611 | 0.501 0.857 0.621 | 0.495 0.870 0.621 | 0.616 0.897 0.732 | 0.741 0.937 0.856

GNN RDGCN [54] 0.708 0.846 0.746 | 0.767 0.895 0.812 | 0.886 0.957 0.911 | 0.902 0.954 0.923 | 0.864 0.889 0.973

CEAFF [58] 0.795 - - 0.860 - - 0.964 - - 1.000 - - 1.000 - -

MEAformer [9] | 0.949 0.993 0.965 | 0.978 0.999 0.986 | 0.991 1.00 0.995 - - - - - -

PLM BERT-INT [47] 0.968 0.990 0.977 | 0.964 0.991 0.975 | 0.995 0.998 0.995 | 0.992 0.999 0.999 | 0.999 0.999 0.999

SDEA [65] 0.870 0.966 0.910 | 0.848 0.952 0.890 | 0.969 0.995 0.980 | 0.980 0.996 0.990 | 0.999 1.0 1.0

Unsupervised & Self-supervised

Trans. MultiKE [61] 0.509 0.576 0.532 | 0.393 0.489 0.432 | 0.639 0.712 0.665 | 0.915 0.974 0.932 | 0.830 0.962 0.916

GNN SelfKG [32] 0.829 0.919 - 0.890 0.953 - 0.959 0.992 - 0.983 0.998 - 0.998 1.000 -

PLM ZeroEA(dir) 0.972 0.990 0.981 | 0.975 0.992 0.981 | 0.983 0.992 0.988 | 0.986 0.991 0.988 | 0.999 1.000 0.999

ZeroEA(undir) | 0.985 0.993 | 0.991 | 0.982 0.995 | 0.989 | 0.998 0.999 | 0.998 | 0.998 0.999 | 0.996 | 0.999 1.000 | 0.999
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Stage 1: Entlty Verbalization

KG1 KG2
O~ @)
1 0 o)
e ;O
o :
| <E302, %)L, E415> 1<Q401, deathDate, -497> 1
v <E415, B, FLi> ] 1<Q401, name, Confucius>*
| <E302, HI%EEM, -551> 1 :
4 J

Entity Verbalization Model

J i}

L

L
L

E302, also known as ,also

,isa

known as or

Stage 2: Entity Retrieval

L

L

C L

-
™ E302, also known as ,also
Jisa known as or
prominent ancient...
[ Entity Embedding Model ]

Stage 3: Alignment Rerankmg

Nearest Neighbor

O O O Search
!

prominent ancient...

Zhichun Wang, Xuan Chen: DERA: Dense Entity Retrieval for Entity Alignment in Knowledge Graphs. CoRR abs/2408.01154 (2024)
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SEIMEZRAY T A TE R
SHEENZ MFIDRE

FERES T L AHYMERE

Info Model DBP15K-ZH-EN DBP15K-JA-EN DBP15K-FR-EN
: Hits@1 Hits@10 MRR | Hits@1 Hits@10 MRR | Hits@l Hits@10 MRR
2 JAPE 0.412 0.745  0.490 | 0.363 0.685 0476 | 0.324 0.667  0.430
E GCN-Align 0.413 0.744  0.549 | 0.399 0.745 0546 | 0.373 0.745  0.532
iz JarKA 0.706 0.878  0.766 | 0.646 0.855  0.708 | 0.704 0.888  0.768
< | DERA(Ours) | 0.946 0982 0961 | 0.921 0959  0.937 | 0.949 0985  0.964

GMNN 0.679 0.785 - 0.740 0.872 - 0.894 0.952 -

2 SelfKG 0.745 0.866 - 0.816 0.913 - 0.957 0.992 -
g TEA-NSP 0.815 0.953  0.870 | 0.890 0967  0.920 | 0.968 0.995  0.980
Z. TEA-MLM 0.831 0.957  0.880 | 0.883 0.966  0.910 | 0.968 0.994  0.980
DERA(Ours) | 0.846 0962  0.900 | 0.866 0951  0.889 | 0.980 0.996  0.987

2 HMAN 0.871 0.987 - 0.935 0.994 - 0.973 0.998 .
2 AttrGNN 0.796 0929  0.845 | 0.783 0921  0.834 | 0919 0.978  0.910
E BERTINT 0.968 0.990  0.977 | 0.964 0.991  0.975 | 0.992 0.998  0.995

< ICLEA 0.884 0.972 _ 0.924 0.978 - 0.991 0.999 -
g TEA-NSP 0.941 0983  0.960 | 0.941 0979 0960 | 0.979 0.997  0.990
£ TEA-MLM 0.935 0982  0.950 | 0.939 0978  0.950 | 0.987 0.996  0.990
Z | DERA(Ours) | 0.968 0994 0979 | 0.967 0.992  0.978 | 0.989 0.999  0.995

HGCN-JE 0.720 0.857 - 0.766 0.897 - 0.892 0.961 -
RDGCN 0.708 0.846  0.746 | 0.767 0.895 0.812 | 0.886 0.957  0.911

" NMN 0.733 0.869 _ 0.785 0.912 - 0.902 0.967 —
£ | DERA(Ours) | 0.930 0982 0950 | 0.917 0978 0941 | 0.972 0.995  0.982

> DATTI! 0.890 0.958 - 0.921 0.971 - 0.979 0.990 .
3 SEU' 0.900 0965 0924 | 0.956 0.991  0.969 | 0.988 0.999  0.992
= EASY! 0.898 0979  0.930 | 0.943 0.990  0.960 | 0.980 0.998  0.990
8 CPL-OT' 0.927 0.964  0.940 | 0.956 0.983  0.970 | 0.990 0.994  0.990

= UED' 0.915 - - 0.941 - - 0.984 - -
LightEA' 0.952 0.984  0.964 | 0.981 0.997  0.987 | 0.995 0.998  0.996
DERA'(Ours) | 0.985 0.997  0.990 | 0.994 0999  0.996 | 0.996 0.999  0.997

*
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Cross-language overlap: Number of instances that are described in multiple languages.

LoE

Class Instances 1 2 3 4 5 6 7 8 9 10+
Person 871.630 | 676.367 94.339 | 42.382 | 21.647 | 12.936 8.198 5.295 3.437 2.391 | 4.638
Place 643.260 | 307.729 | 150.349 | 45.836 | 36.339 | 20.831 | 13.523 | 20.808 | 31.422 | 11.262 | 5.161
Organisation 206.670 | 160.398 22.661 9.312 5.002 3.221 2.072 1.421 928 594 | 1.061
Work 360.808 | 243.706 54.855 | 23.097 | 12.605 8.277 5.732 4.007 2911 1.995 | 3.623

BRRE—ESHRATHILIAISLHEE, BlRBELRXTTIEE.
fgn, PersonsCfjleh, SCARXTFFZILE(871630-676367)/871630=22.4%,

Jens Lehmann, Robert Isele, Max Jakob, Anja Jentzsch, Dimitris Kontokostas, Pablo N. Mendes, Sebastian Hellmann, Mohamed Morsey, Patrick van
Kleef, Soren Auer, Christian Bizer: DBpedia - A large-scale, multilingual knowledge base extracted from Wikipedia. Semantic Web 6(2): 167-195 (2015)28
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Active sampling Probabilistic reasoning for label refinement
0 “ 00 00
enerate -
Actve ) _, (O] 22 . [2g|_[og_ |2
selection 28 =
A 9 LLM 9 @ = —
25 o annotator 006 \ )
2% L otator -
s § Selected Pseudo-labels Refined labels
Target KG
Alignment probabilities

Shengyuan Chen, Qinggang Zhang, Junnan Dong, Wen Hua, Qing Li, Xiao Huang: Entity Alignment with Noisy Annotations from Large
Language Models. CoRR abs/2405.16806 (2024)
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Table 1: Evaluation of entity alignment performance, measured by Hit@K for K € {1, 10}, and
Mean Reciprocal Rank (MRR), presented in %. Experiment statistics are computed over three trials.

EN-FR-15K EN-DE-15K D-W-15K D-Y-15K
Hit@l Hit@10 MRR Hit@l Hit@l0 MRR Hit@l Hit@l0 MRR Hit@l Hit@10 MRR

Groupl. Entity Alignment with GPT-3.5.

IMUSE  50.0+0.1 72.6+0.8 57.5+0.4 51.6+4.7 75.9+3.9 60.5+4.5 6.0+£0.2 14.6£2.5 9.0£1.0 54.4+25 78.9+1.1 63.2+2.0
AlignE 6.6+0.3 24.5+0.5 12.6+0.5 6.2+0.3 18.4+1.0 10.4+0.5 8.0+0.9 24.0+2.7 13.3*x1.4 50.1+2.0 76.6+1.4 59.2+1.8
BootEA  44.8x+1.1 71.9+1.2 54.2+1.2 68.1+0.2 85.4+0.3 74.3+0.2 60.8+0.2 79.3+0.1 67.4+0.2 87.8+0.1 96.7+0.1 91.2+0.1
GCNAlign 17.4+0.3 43.240.4 25.9+0.3 22.2+0.2 46.2+1.1 30.3£0.3 16.9+0.1 39.3+0.3 24.3+0.1 45.3x0.4 68.3+0.6 53.3+x0.5
RDGCN  69.3£0.3 82.5+0.3 74.3+0.3 73.3#4.3 84.6+2.6 77.4+£3.7 79.2+0.7 89.7+0.5 83.2+0.6 82.6+3.7 91.9+1.3 86.1+2.7
Dual-AMN 51.9+0.3 79.6+£0.9 61.6+0.5 70.5+0.7 91.1+0.3 78.9+0.6 62.0+0.1 86.8+0.1 71.9+0.1 85.8+0.3 98.4+0.0 91.4+0.1
LLM4EA  74.240.3 92.9+0.4 81.0+0.3 89.1+0.5 97.8+0.1 92.6+0.3 87.5+£0.3 96.7+0.1 90.9+0.2 97.7+0.0 99.5+0.0 98.3+0.0

Group2. Entity Alignment with GPT-4.

IMUSE  52.7+0.9 74.9+1.0 59.840.9 59.6+2.6 81.8+1.5 67.9+2.1 21.6+6.1 50.0£10.0 31.1+7.4 86.6+x0.5 94.2+0.1 89.2+0.4
AlignE 30.8+2.4 69.1£2.5 43.1+2.5 46.4+5.2 76.5+3.8 56.6+4.8 36.1£3.7 67.8£3.6 46.7£3.7 86.4+0.9 97.0+0.3 90.2+0.6
BootEA  58.2+0.3 83.7+0.3 67.0+0.3 80.5+0.4 92.6+0.2 84.8+0.3 71.6+0.2 88.3+0.2 77.6+0.2 95.0+0.1 98.6+0.0 96.3+0.1
GCNAlign 30.6+0.0 65.3+0.3 42.1+0.2 41.9+0.4 68.6+0.5 51.2+0.4 31.3+0.3 61.6+0.1 41.4+0.2 82.6+0.2 94.9+0.2 87.2+0.1
RDGCN  72.1+0.2 84.5+0.1 76.7£0.2 74.1+1.1 85.1+0.7 78.0+1.0 82.5+1.1 91.4+0.7 85.9+1.0 85.4+0.9 93.2+0.4 88.3+0.8
Dual-AMN  76.7+0.1 94.9+0.3 83.6+0.2 90.7+0.1 97.9+0.2 93.6+0.1 81.5+0.1 94.9+0.2 86.7+0.1 97.5+0.0 99.3+0.1 98.1+0.0
LLM4EA  80.2+0.3 96.0+0.2 86.0+0.2 93.1+0.5 98.7+0.2 95.3+0.3 89.8+0.3 97.9+0.2 92.9+0.3 97.9+0.1 99.6+0.0 98.5+0.1
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GPT3.5SHUtMETIE S, SRR

EN-FR-15K EN-DE-15K D-W-15K D-Y-15K
87 1 96
| R SR R oS B R e S & 94
861 ® oo | e -
85 1 931 e e .
g 8 Z o z z :\./.\,_,,,4
= 83 - S 9 S
93 981
82 1 —$— GPT-35 - —— GPT-3.5 91 4 —— GPT-35 —$— GPT-35
81 1 ® GPT4 97 4 ® GPT4 ® GPT4 ® GPT4
80 T T 1 T I T T T T 1 1 I 90 1 T T T T T T T 1 T T T
Ix 1.2x 1.4x 1.6x 1.8x 2x 1x 1.2x 1.4x 1.6x 1.8x 2x Ix 1.2x 1.4x 1.6x 1.8x 2x Ix 1.2x 1.4x 1.6x 1.8x 2x
Query Budget Query Budget Query Budget Query Budget

Figure 2: Performance-cost comparison between GPT-3.5 and GPT-4 as the annotator, evaluated by
MRR. We increase the budget for GPT-3.5 to evaluate its performance. [n X ] denotes using nx of the
default query budget. Each experiment is repeated three times to show mean and standard deviation.
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Res
&

Knowledge
Representation Learning

Translation

[ class Entity():

Y def _init_(.):
- # Interpret K6 i
. def get_description(self, LLM): ;

I whether e; and e,. are allgn?ﬂ |

George H. W.
Bush

Reasoning J

: Name, Structure, Description, Temporal

.. # Utilize LLM's Knowledge | Iwhether results are satisfactnry?I \/ |
J \ Rethinking E—J?\ ..... j

Xuhui Jiang, Yinghan Shen, Zhichao Shi, Chengjin Xu, Wei Li, Zixuan Li, Jian Guo, Huawei Shen, Yuanzhuo Wang: Unlocking the Power of
Large Language Models for Entity Alignment. ACL 2024: 7566-7583
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Two-Stage EA Strategy

Entity Feature Pre-processing

01: Leveraging the capabilities of KRL-based EA
methods as a foundation.

KG-Code Translation

02: Understanding KGs and enhancing with
LLM's contextual knowledge.

 class Entity():
i | # Enable LLMs to Interpret and Understand KGs for EA.
def _init_(self, name, id, tuples =[]):

self.entiy_name = name

self.entity_id = id

selftuples = tuples

def get_neighbors(self):
def get_relation_information(self):

def get_time_information(self):

# Activate LLM's Background Knowledge for EA.
def get_description(self, LLM):
description = LLM(self.entity_name, self.tuples)
return desctiption

-‘{Knowledge Representation Learning (KRL)D Embedding

03: Leveraging LLMs' reasoning abilities for enhanced EA.

..................................................................................................................................................................

Entity

Stage 1. Candidate Collecting

Iteration 1

george_h._w._bush

\

1

1

! .
i

I !
[

LGN /

N —— w—

L
: |[ e; = Entity(George H. W. Bush, id_1, tuples _r1)j
HE -

—)

B P ——. 1

\

Description:
George H. W. Bush, ..

Stage 2. Reasoning &Rethinking

o
CHATEA

Description:

* [george_h._w._bush], ..
LU ¢ ~

........................................................

Reasoning: Do e; and e,- align or match? Please
Answer based on given code with considering name,
description, structure and temporal information and
your OWN BACKGROUND KNOWLEDGE step by step.

i| For e; and e, , Step 1, think of [NAME SIMILARITY] .., ... :

Step 2, think of [PROBABILITY OF DESCRIPTION POINTING
SAME ENTITY], .., ...

Step 3, think of [STRUCTURE SIMILARITY] ...

Step 4, think of [TIME SIMILARITY], ..

The alignment score is: 0.XXX.

Expand the Searching | [teration

20
lteration 3 10 gt
|teration 2 ] Scope {1, 10, 20}

.............

Result

Rethinking: Do these entity alignment results [
are satisfactory enough? ([YES] or [NO]) i

........................................................

.................................................................................................................................................................
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Models DBP15SK(EN-FR) DBP-WIKI ICEWS-WIKI ICEWS-YAGO
Hits@1 Hits@10 MRR |Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR |Hits@1 Hits@10 MRR
MTransE 0.247  0.577 0.360| 0.281 0.520 0.363| 0.021  0.158 0.068| 0.012 0.084 0.040
AlignE 0481 0.824 0.599| 0.566  0.827 0.655| 0.057 0.261 0.122| 0.019 0.118 0.055
BootEA 0.653 0.874 0.731| 0.748 0.898 0.801| 0.072  0.275 0.139| 0.020 0.120 0.056
GCN-Align | 0411 0.772 0.530| 0494 0.756 0.590| 0.046 0.184 0.093| 0.017 0.085 0.038
RDGCN 0.873 0950 0.901| 0974 0.994 0.980| 0.064 0.202 0.096| 0.029 0.097 0.042
Dual-AMN | 0954 0994 0970 0983 0996 0.991| 0.083 0.281 0.145| 0.031 0.144 0.068
TEA-GNN - - - - - - 0.063 0.253 0.126]| 0.025 0.135 0.064
TREA - - - - - - 0.081 0302 0.155]| 0.033 0.150 0.072
STEA - - - - - - 0.079 0.292 0.152| 0.033 0.147 0.073
BERT 0937 0985 00956 0941 0980 0.963| 0.546 0.687 0.596| 0.749 0.845 0.784
FuAlign 0936 0988 0.955| 0980 0.991 0.986| 0.257 0.570 0.361| 0.326 0.604 0.423
BERT-INT | 0990 0.997 0.993| 0996 0.997 0.996| 0.561 0.700 0.607| 0.756  0.859 0.793
Simple-HHEA | 0.959  0.995 0.972| 0975 0991 0.988| 0.720 0.872 0.754| 0.847 0915 0.870
ChatEA ‘ 0.990 1.000 0.995| 0.995 1.000 0.998’ 0.880 0.945 0.912| 0935 0955 0.944
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KG1

[0 entity —» relation
=== entity alignment

KG2 unified entity embedding space

Zequn Sun, Jiacheng Huang, Xiaozhou Xu, Qijin Chen, Weijun Ren, Wei Hu: What Makes Entities Similar? A Similarity Flooding Perspective
for Multi-sourced Knowledge Graph Embeddings. ICML 2023: 32875-32885
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k=1
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Input: K,, K,, seed entity alignment S, the maximum number of iterations 7', a
threshold e for algorithm termination, an embedding model M
/* Represent an entity as the composition of other
entities as defined in Eqg. (6-11). */
1 Let the gradients of M be zero to get entity representations;
2 Compute lambda values A and A’ to represent entities; /* Initialize the
similarity matrix. Set the similarity of seed

entity alignment to 1. */
3 Q) « (0)7;";’1.:1;
4 fori,j € Sdo
L QOi,j <~ 1;
/* Compute fixpoint using Eg. (6-13). */

6 fortr=1,2,---,T do

7 Q « normalize(AQ,_l(A')T);
8 if /\A(Q,,Q, |) < e then

9 L break;

10 return Q,;
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Table 1. EA results on DBP15K as well as OpenEA D-W and D-Y. The best scores in each group are marked in bold. The results of

. %&ﬁﬂﬁﬂﬂii&

LRI (#h3E)

JERITRIIERE

= SRR 55 TransFloodFJGCNFlood
EhiZRIHEE
BieEee LIR, HwHIREE=H

MTransE are taken from (Sun et al., 2017). The results of GCN-Align are taken from its paper. “-”” denotes their unreported metrics.

Models DBP15K ZH-EN DBP15K JA-EN DBP15K FR-EN OpenEA D-W 15K OpenEA D-Y 15K
Hits@l Hits@l0 MRR Hits@l Hits@l0 MRR Hits@l Hits@10 MRR Hits@l Hits@10 MRR Hits@l Hits@10 MRR
MTransE 0.308 0.614 - 0.279 0.575 - 0.244 0.556 - 0.259 - 0.354 0.463 - 0.559
TransFlood (ours)  0.315 0.707 0451 0.372 0.757 0.505  0.347 0.752 0484  0.294 0.699 0.427 0.503 0.880  0.641
GCN-Align 0.413 0.744 - 0.399 0.745 - 0.373 0.745 - 0.364 - 0461  0.465 - 0.536
GCNFlood (ours)  0.349 0.761 0.490 0.376 0.770 0.512  0.349 0.761 0490 0.358 0.739 0.486 0.478 0.754 0.583
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Xiaobin Tian, Zequn Sun, Wei Hu: Generating Explanations to Understand and Repair Embedding-Based Entity Alignment. ICDE 2024: 2205-2217
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Entity Alignment

Output

o York iy
- Barac b

followed by place ?f birth birthflace
Donald Ji ohn Trump ]4- ————— >[ Donald Trump
1

""" couple
Me Melanija Knavs

predecessor

The explanations are

(Donald John Trump, wife, Melania) matches (Donald Trump, couple, Melanija Knavs)
(Donald John Trump, place of birth, New York City) matches (Donald Trump, birthplace,

New York)

U

Prompt Construction

Query

Please find important matching triples below as explanations for entity alignment
(Donald John Trump, sameAs, Donald Trump)

Triples
The triples of Donald John Trump are (Donald John Trump, wife, Melania),.....
The triples of Donald Trump are (Donald Trump, couple, Melanija Knavs),.....

Examples

=

i

ChatGPT

Xiaobin Tian, Zequn Sun, Wei Hu: Generating Explanations to Understand and Repair Embedding-Based Entity Alignment. ICDE 2024: 2205-2217
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KRER] B AERSLIANIST SR, B — ISR RmimE L.
ZH-EN DBP-WD
EA models | Ver. methods Prec. | Recall | F1 | Prec. | Recall | FI
ChatGPT 0.823 | 0.862 | 0.842 | 0.841 | 0.970 | 0.901
MTransE | ExEA 0.918 | 0.938 | 0.928 | 0.846 | 0.966 | 0.902
ChatGPT + ExEA | 0.982 | 0.986 | 0.984 | 0.960 | 0.996 | 0.977
ChatGPT 0.816 | 0.826 | 0.821 | 0.815 | 0.944 | 0.875
Dual-AMN | EXEA 0.879 | 0.940 | 0.905 | 0.911 | 0.978 | 0.943
ChatGPT + ExEA | 0.970 | 0.984 | 0.977 | 0.967 | 0.996 | 0.981

Xiaobin Tian, Zequn Sun, Wei Hu: Generating Explanations to Understand and Repair Embedding-Based Entity Alignment. ICDE 2024: 2205-2217
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{ Question ! Answers ' Question  + Answers !
. In which industry does Tim E :Smartphone, : : StThlg cokncgp[csectc;rthata . 1 DanoneSA,, |
' Cookrunacompany? . PC,Tablet @+ >aroucks DEIONESTOISTNE - v hactlg, ...
. T ’ . ' product of which company? | ’ '

-------------------------------------------------

P I B I I BT . L L L L, R R R N

Query Graph i_m.:.,u\ Query Graph A

[DanoneS.A.] { [Consu

1

Product “oncept Sectc :

CEO . . (Starbucks Corp. ] !
Fu"Lmk 2LoXY m Concept SECtOI‘l i

: ' i v

E ' ( Dairy (product) +.E§.'.'.t.!?..!.k.'.r.‘.!${ Dairy (concept) | !

: : I o

it Product !
........................

___________________________________________________________

Minhao Zhang, Yongliang Ma, Yanzeng Li, Ruoyu Zhang, Lei Zou, Ming Zhou: Two is Better Than One: Answering Complex Questions by
Multiple Knowledge Sources with Generalized Links. CoRR abs/2309.05201 (2023)
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KB Embedding Phase P QA Phase
Score (0/1) Score (0/1) Score Distribution <0.6, 0.1, 0.2, ..>
? Translator ? ?
ComplEX 7y ComplEX Lo ComplEX
Link Type: oo
. A Partial L A ,
i[ooo][ooo][ooo] [o o o) ooo][ooo][ooo]i

A

£

KB Embedding KB Embedding KB Embedding RoBERTa KB Embedding
[ <et,r2, e3> | [ <e2, rA2, e3> | . [ Topic Entity Question | [Candidate Answer #1%
\._ RawTriple __ _Replaced Triple _ L A ) : 7y '
v ' : N ’ '
e B . . ,,___________T_T_T_T_T_TJ_’__'__'_ _________________ U mmeeee- (S o
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Method Dev Set Test Set

MRR Hits@1 MRR Hits@1
No-Link 192+ .000 .113+£.011 .166+.010 .088 +.011
Merge-KB .351 £.004 .265+.011 .350+.011 .242+ .011
Full-Link  .371 +.011 .261 +£.009 .374+ .021 .254 +.022
Multi-KB  .494 + .003 .373+.007 .488 +.017 .363 +.021
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Zequn Sun, Jiacheng Huang, Jinghao Lin, Xiaozhou Xu, Qijin Chen, Wei Hu: Joint Pre-training and Local Re-training: Transferable
Representation Learning on Multi-source Knowledge Graphs. KDD 2023: 2132-2144



MA2: ZiRHREE )k

0Bk EZREIEHTIREIS, £ NrEIEHI TRIBEIS:

Pre-training stage

Large KGs E'Il‘eacher modcél Pre-training loss
__________________ label
L!!!.L!,L!,LI :_J:L_'_'_'_'_'_'_'_'_'_'_::—_—_:I —i i 1 o _I ){
RPreebase " Relationalpaths | 13— | SO o,
N2 k| T i | W
DBpedia  Y/SGO E]_’ _,E] Re-training loss
W _i
Linked subgraph —15* fﬂt{grnaelnteiihs i E_i Student model teach&rls‘ logits
Lf?j.l(,)fl ——‘[_)2-1_____,;_’ D_’ _’D student 5 logits
r— —i ] | d R
Task-specific KG e — el -
oce L I_j_' 2. _’l;, label
$°® imiskar |~ Relational paths || | [} &[] LA
” L - — — ogits
_________ D_. _.l I —_

Re-training stage



MA2: ZiRHREE )k

O XSl 2k
n ETLASIORASRES, RTHXRRE, ST ER
MAESEES, JIE— P AIhiEE

- -~ multiplication with logits label

entity U L ? : . > s
T -T_ T - T entity embeddings L 2
Lo relation \’:" O
. Sequence encoder \_—NCE+—O
mput & O
embeddings T T A T 4 ®
output l- R l" R 5 O
embeddings L - O




Pre-training stage

Large KGs

NV B

~ Frecbase
N3P

DBpedia XBGD*

Linked subgraph ——»>

Task-specific KG

<0

$_ g FBI5K-237

Re-training stage

=R RURY)|

IHITENERIER R FEZS SIS, BWEzT
SRR S/ \FE

K

A9 —1iT H =

Pre-training loss

-I Jabel
4
/

logits
I

Re-training loss

Teacher model
___________________________________ [ 0
e T B Y
i a LI g3} '._.!
— Relational paths | | +— =
L L— g (—O
1 Q i1
- -
J—' C— _—[]
W |
i Augrnented i i E Student model
] relatloflilge_lt_lls_ 4 [(]— _.D
_______ i BN o
[ {1 L)
-------------------- z
N Y D_. §- _.D
—>Relational paths | | +—> 8 =i
——————————————— 0 0

teachgr 5 logits

2
student s logits

=

label

L
r—ﬂ—i_lﬁitﬁ—l—lﬁ

60



MA2: ZiRHREE )k
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Table 4: Results on FB15K-237, WN18RR and YAGO3-10 with Wikidata5M and DBpedia5M (WikiDBP10M) as background KGs.

Setting  Model FB15K-237 WN18RR YAGO3-10
MRR H@10 H@1 MRR H@10 H@1 MRR H@10 H@1

TransE 0.362 (25.7%)  0.574(20.8%) 0.248 (-) 0.235 (4.9%) 0.526 (3.1%)  0.060 (-) 0.501 (35.4%) 0.703 (14.9%) 0.314 (29.8%)
ConvE 0.375 (15.4%) 0.572(14.2%) 0.270 (13.9%) 0.451 (4.9%) 0513 (-1.3%) 0.419 (4.8%) 0.479 (8.9%)  0.681(9.8%)  0.403 (14.8%)
RotatE 0.384 (13.6%) 0.585(9.8%)  0.276 (14.5%) 0.484 (1.7%) 0.558 (2.3%) 0.443 (3.5%) 0.516 (4.2%)  0.725(8.2%)  0.439 (9.2%)

JointLP  TuckER 0.422 (17.9%)  0.605 (13.1%)  0.327 (22.9%) 0.471(0.2%) 0.520 (-1.1%) 0.445 (0.5%) 0.553 (9.5%)  0.701 (6.1%)  0.473 (12.1%)
MuKGE (RNN) 0.417 (46.3%) 0.620 (43.2%) 0.310 (47.6%) 0.400 (-1.5%) 0.476 (6.5%) 0.362 (-5.2%) 0.685 (53.2%) 0.851 (37.9%) 0.586 (65.5%)
MuKGE (RSN)  0.432 (46.4%)  0.625(33.5%) 0.329 (55.9%) 0.412 (-3.7%) 0.487 (-0.6%) 0.372 (-6.5%) 0.693 (37.5%) 0.870 (33.0%) 0.584 (38.4%)
MuKGE (TF)  0.437 (42.3%) 0.650 (35.1%)  0.335(52.2%)  0.446 (0.5%) 0.504 (2.0%) 0.414 (-0.7%) 0.717 (37.1%) 0.878 (29.5%)  0.620 (41.2%)
MuKGE (RNN) 0.397 (39.3%)  0.600 (38.6%) 0.297 (41.4%) 0.421 (5.2%) 0.478 (0.4%) 0.388 (7.2%) 0.687 (53.7%) 0.841 (36.3%) 0.591 (66.9%)

PR4LP MuKGE (RSN)  0.446 (51.2%) 0.653 (39.5%) 0.340 (61.1%) 0.407 (-4.9%) 0.488 (-0.4%) 0.365 (-6.5%) 0.693 (37.5%) 0.872 (33.3%)  0.594 (40.8%)
MuKGE (TF)  0.454 (47.9%) 0.663 (37.8%) 0.348 (58.2%) 0.446 (0.5%) 0.509 (3.0%) 0.415(-0.5%) 0.722 (38.0%) 0.880 (29.8%) 0.628 (43.1%)
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WikidataZl|YAGO3-10#3EE A LAZHEZI105 1-hopF158 2-hopRYESEE
AN, MRIWN18RR, HE141-hopF1864~2-hopHIESEREALN

Table 8: Examples of the 1-hop and 2-hop rules mined from

Y } s\ 2
the joint graph of YAGO3 (YG) and Wikidata (WD). IEMuKGEMN BR|EFFTT~FS
Rule head Rule body Conf.
YG: founder (X, Y) —= WD : foundedBy (X, Y) 0.84 R xan N
YG: parentOrganization (X, Y) <= WD : subsidiary (Y, X) 0.85 Eg K B QA1£73 Eg I Ej E gﬁ / %J: I X)h_l-'
YG : musicBy (X, Y) = WD : composer (X, Y) 0.97
YG: byArtist (X, Y) — WD : performer (X, Y) 0.99 ——
YG: spouse (X, Y) = WD : father (Z, Y) A WD : mother (Z, X) 0.82 %gu EE Eﬁgll\iﬁgj:%ﬂ_
YG: author (X, Y) =  WD:followedBy(Z, X) A WD : notableWork (Y, Z) 0.84
YG: byArtist (X,Y) — WD : follows (X, Z) A WD : performer (Z, Y) 0.97
YG : partOfSeries (X, Y) —

WD :followedBy (X, Z) A WD:partOf TheSeries(Z,Y) 098 Taple 7: QA accuracy on WebQuestionsSP. Our model is
pretrained with Wikidata5M as the background KG.

Half-KG  Full-KG  Full-KG w/ rel. pruning

Table 9: Rule examples of WN18RR (WN) and WD.

Rule head Rule body Conf.

WN : memberOfDomainRegion(X,Y) &= WD : countryOf Origin (X, Y) 1.00 EmbedKGQA [40] 0.485 0.587 0.666
WN : hasPart (X, Y) &= WD:headquartersLocation (Y, Z) A WD: ownedBy (Z,X)  0.80 NSM [22] — — 0.743

WN: hasPart (X, Y) — WD : executiveBody (Y, Z) A WD : country (Z, X) 0.63
WN : memberMeronym (X, Y) —= WD : constellation (Z, X) A WD : partOf (Z,Y) 1.00 'uKG [32] 0.547 0.646 0.723
WN : synsetDomainTopicOf (X,Y) <= WD:narrativeLocation(Z, X) A WD : presentlnWork (Z,Y) 1.00 EmbedKGQA + MuKGE 0.518 0.632 0.746
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Xindi Luo, Zequn Sun, Jing Zhao, Zhe Zhao, Wei Hu: KnowLA: Enhancing Parameter-efficient Finetuning with Knowledgeable Adaptation.
NAACL-HLT 2024: 7153-7166
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Xindi Luo, Zequn Sun, Jing Zhao, Zhe Zhao, Wei Hu: KnowLA: Enhancing Parameter-efficient Finetuning with Knowledgeable Adaptation.
NAACL-HLT 2024: 7153-7166
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= AR ERE TR

Methods 4P arameters CommonsenseQA SIQA BIG-Bench Hard
Accuracy Score Accuracy Score Accuracy Score
Llama 2 (7B) 7B 45.37 36.40 46.42 40.58 26.95 24.87
Alpaca2 (r = 16) +0.24% 56.92 46.55 52.61 46.18 28.93 25.42
Alpaca2 (r = 32) +0.50% 57.90 46.81 53.17 46.21 28.79 25.36
Contriever (WordNet) +0.50% 57.15 46.09 52.58 46.13 - -
Contriever (ConceptNet) P 57.06 45.30 52.51 45.51 - -
KAPING (WordNet) +0.50% 57.21 4591 52.51 45.89 - -
KAPING (ConceptNet) o 5758 4564 5266  46.15 - -
KnowLA (Random) 57.49 47.82 52.61 46.56 29.26 25.34
KnowL A (WordNet) +0.55% 58.07 48.35 53.22 46.76 30.00 25.39
KnowLA (ConceptNet) e 58.39 48.19 53.22 46.81 30.19 25.29
KnowLA (Wikidata) 57.90 47.39 53.21 46.64 29.39 2542

66



MA3: ZIRAMRFEANNIESHIE

KnowL ABEIE LR NIRELFERTEENNR, ESEMEEINEILE,
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-0.025
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KnowLA (Wikidata) -
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Figure 4: The heatmap indicates the capabilities of KnowLLA and Llama 2 in capturing knowledge compared to
Alpaca2, which is measured by averaging the changes in cosine similarities of the last token representations from
100 queries across all FFN layers. The x-axis denotes the 32 layers of Llama 2.
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FETR Acc. Score Acc. Score
KnowLA (EREIE) 57.90 47.39 53.21 46.64
KnowLA (SZiEEHL) 59.21 48.41 53.48 46.79
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Ran Li, Shimin Di, Lei Chen, Xiaofang Zhou: SimDiff: Simple Denoising Probabilistic Latent Diffusion Model for Data Augmentation on Multi-
modal Knowledge Graph. KDD 2024: 1631-1642
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| b Y8 — s\ —— A m— Ab
TERFTHIZIRSEE, B 7 X RO, 1IRE T2
BT ERGFTHIZIRSEERE, B 79| G80RMKE, =S 1 iZ1UEE
20% 50% 80%
Methods Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR
MMEA 0.265 0.541 0357 | 0.417 0.703 0512 | 0.590 0.869 0.685
. | EVAx 0.134 0.338 0.201 | 0.223 0.471 0.307 | 0.370 0.585 0.444
‘> | HMEA 0.127 0.369 - 0.262 0.581 - 0.417 0.786 -
A | PoE 0.126 0.251 0.170 | 0.464 0.658 0533 | 0.666 0.820 0.721
% | MSNEAx 0.158 0.403 0.242 | 0.365 0.662 0.462 | 0.572 0.821 0.659
5 | MCLEA 0.445 0.705 0.534 | 0.573 0.800 0.652 | 0.730 0.883 0.784
* | SimDiff(Ours) | 0.615 0.820 0.678 | 0.731 0.880 0.786 | 0.829 0.929 0.865
| | Improv. best % | 38.20 16.31 2697 | 2757 10.00 20.55 13.56 5.21 10.33
MMEA 0.234 0.480 0317 | 0.403 0.645 0.486 | 0.598 0.839 0.682
¥ | EVAx 0.098 0.276 0.158 | 0.240 0.477 0321 | 0394 0.613 0.471
S5 | HMEA 0.105 0.313 - 0.265 0.581 - 0.433 0.801 -
S | PoE 0.113 0.229 0.154 | 0.347 0.536 0.414 | 0.573 0.746 0.635
% | MSNEAx 0.145 0.357 0.221 | 0.389 0.660 0.479 | 0.605 0.821 0.677
5 | MCLEA 0.388 0.641 0.474 | 0.543 0.759 0.616 | 0.653 0.835 0.715
R | SimDiffOurs) | 0.530 0.736 0.595 | 0.659 0.820 0.716 | 0.743 0.886 0.791
| | Improv.best% | 36.6 14.82 2553 | 2136 8.037 16.23 13.78 6.108 10.63
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M Language Distribution Statistics of DBpedia

3M

2M

IM

¢s hu ko ttr ar eu sl bg hr el

Results of Prix-LM Results of Ours
JA Query: (861 HAY v # —EFHEKRSE, AKX 7 4,?) Golden Anwser: SHTHTE 4 v /7 —
86th All Japan Football Championship Stadium Axis Bird Stadium
R B ER (A University Club) ,%ﬁ)lﬁ?'ﬁ' "j'_ v H—35 (A Japanese Stadium)
University of Tsukuba Football Club Axis Bird Stadium
PG (A Chinese City) WA T 48 A Bl o [l B b s B35 (A Japanese Stadium)
Guiyang City Tochigi City Stadium
,%EXTE'E‘? Yy A —‘j% (A Japanese Stadium) RS (A Japanese Stadium)
Axis Bird Stadium Yodoko Sakura Stadium

Ran Song, Shizhu He, Shengxiang Gao, Li Cai, Kang Liu, Zhengtao Yu, Jun Zhao: Multilingual Knowledge Graph Completion from Pretrained
Language Models with Knowledge Constraints. ACL (Findings) 2023: 7709-7721
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ZIES MR LI EERESTMES FHIATRANERER

MODEL DE FI FR HU IT JA TR AVG
TransE 0.00 0.01 0.02 0.03 0.04 0.02 0.06 0.02
ComplEx 4.09 2.45 2.50 3.28 2.87 2.41 1.00 2.65
@ RotatE 6.72 5.87 8.40 16.27 6.91 6.21 6.85 8.17
a Prix-LM (Single) 12.86 19.81 18.01 28.72 16.21 19.81 23.79 19.88
e Prix-LM 14.32 18.78 16.47 29.68 14.32 18.19 21.57 19.04
Ours 17.54 20.74 18.34 30.91 14.98 22.05 25.20 21.39
TransE 6.14 6.54 6.60 14.91 5.95 7.22 8.20 7.93
ComplEx 8.47 5.28 5.19 6.70 4.31 4.68 2.11 5.24
8 RotatE 10.52 7.42 14.62 21.75 12.11 9.75 11.29 12.49
Iz Prix-LM (Single) 23.09 28.75 24.75 38.44 25.32 29.02 33.05 28.91
e Prix-LM 23.68 29.54 23.15 39.80 25.46 27.01 31.45 28.58
Ours 30.40 29.74 26.36 44.18 27.03 30.79 35.48 31.99
TransE 17.54 17.80 15.26 29.00 14.16 20.65 19.35 19.10
o ComplEx 9.35 8.21 8.91 16.96 8.76 8.23 5.24 9.38
o~ RotatE 14.61 8.61 19.49 28.31 18.48 14.44 17.13 17.29
% Prix-LM (Single) 33.82 38.91 34.04 47.31 36.61 38.81 38.50 38.28
s Prix-LM 33.91 41.29 32.25 46.23 35.18 36.12 37.50 37.49

Ours 41.81 43.44 35.15 58.00 39.15 42.45 44.55 43.50
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Kaisheng Zeng, Hailong Jin, Xin Lv, Fangwei Zhu, Lei Hou, Yi Zhang, Fan Pang, Yu Qi, Dingxiao Liu, Juanzi Li, and Ling Feng. 2024. XLORE 3:
A Large-Scale Multilingual Knowledge Graph from Heterogeneous Wiki Knowledge Resources. ACM Trans. Inf. Syst. 42, 6, Article 145
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[ Pre-trained Language Model (mBERT) )
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[CLSD 6( oMi ] [SEP] "[ Yao Ming is a Chinese basketball executive and former.. ] [SEP],, @e|ght 229 centimetre, spouse:YeLi, sport:basketball,. ) [SEP]
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Methods DBPIZH_EN DBP %H_EN DBP%H_EN
Hits@1 Hits@10 | Hits@1 Hits@10 | Hits@1 Hits@10

MMEA 18.6 38.8 251 45.8 26.8 46.1
MTransE 27.8 59.6 17.5 50.6 19.9 51.8
BootEA 292 99,9 16.1 43.4 18.4 44.5
GCN_Align 24.7 56.7 14.3 46.0 173 50.6
HAKE 26.9 58.3 19.4 52.1 22.0 52.8
Dual Amn 41.7 68.4 33.1 60.7 36.6 62.8
JAPE 52.6 72.8 52.5 70.6 53.1 716
RREA 54.4 78.5 39.8 67.4 45.0 70.5
EVA 53.6 77.4 54.3 71.9 55.3 122
SelfKG 62.1 80.1 63.9 81.1 64.0 81.3
ICLEA 83.3 95.0 84.9 94.8 84.1 94.8
Ours 90.3 96.1 91.9 97.8 91.2 98.1
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Knowledge element  # Entity  # Property # Concept  #Fact  # Qualifier Equivalent

link
XLORE 2 14,951,135 512,883 1,371,272 163.43M 0 423,974
XLORE 3 66,237,822 2,608 446 1998.6M 342 750,281
S Y .
O {E 2 M : https://xlore.cn/index
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