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Entity alignment with path-integrated structure-aware attention

LIU Hui', SHAO Yubin!, DU Qingzhi!, DUO Lin!, ZHANG Zetao’

(1.Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500,
China; 2. Yunnan Province Key Laboratory of Media Convergence, Kunming 650228, China)

Abstract: Entity alignment is a critical task for integrating multi-source knowledge graphs, aiming to identify
semantically equivalent entities across heterogeneous graphs. Existing methods typically rely on an entity's
neighborhood structure or pretrained semantic information for representation learning, but they perform poorly
in complex heterogeneous scenarios and generally fail to effectively utilize multi-hop path information. To
address these limitations, we propose the entity alignment with path-integrated structure-aware attention (PISA).
This model first extracts semantically representative multi-hop paths between entities to construct a path-triple-
based extended graph structure. Then, a structure-aware multi-head attention mechanism is introduced to learn
entity representations from the fused graph, enabling the model to more comprehensively capture semantic
relations between entities across complex structures and diverse relations. On the DBP-15K FR-EN, JA-EN,
and ZH-EN subsets, PISA’s Hits@1 improves over the baseline by 1.90%, 0.76%, and 1.79%, respectively. On
the WK31-15K EN-DE (V1), EN-DE (V2), EN-FR (V1), and EN-FR (V2) subsets, PISA’s Hits@1 improves
over the baseline by 1.78%, 2.01%, 1.46%, and 1.27%, respectively, which demonstrates its effectiveness and
stability in heterogeneous knowledge-graph entity alignment.

Key words: Entity Alignment; Knowledge Graph; Multi-hop Path; Path Semantics; Structure-aware
Attention
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AR5 B R

32 ELKFE

A FCISLIR LB A OAE Bk 2 foR. X
T DBP-15K A1 WK31-15K AT 4 C 4% % (1
15K Fh 73X SR, H 20068 TR, 10% HT
BOAE, 70%H T, HALSHRIE R AFEARS Y
WM&ko FRATREERT TN F5 AR X 39 5 - AR BEHLR
FE S0 NMFEARXS, %R EHE N 0.001,
transformer V£ & /1% 4, & KIZE RN
4000, WEAFHLE], X TEEEINL, @it 40 %
DO RBAARTE, R F4e, JEBE®A 300
A Adam ALK SEGEATIA . RS A8 P -
GPU N NVIDIA GeForce RTX 4070, CPU N 12
X Intel(R) Core(TM) i5- 12600KF ZbFH S, A5z
57E PyTorch 3.9 VR 7 S HEZL TS, SERR iz
TR PNAT G B O E, SRR I B A2 07 i Tl
A FRRMERERS 5 2 30 72, A7 5 K 10GB;
WM BORERERS 2 20%f, A7 5 KM 12GB.

R 2SR R LRARRLE
Tab.2 Hyperparameters and experimental environment
TiH 2
o S AA T 15000
IR GARE AR X 50
Ep s 0.001
PER=WAD S h, 4
%K epoch 4000
Early stop True
b Adam
GPU NVIDIA GeForce RTX 4070
CPU Intel(R) Core(TM) i5- 12600KF
Python fitA< 3.9
TR 5 2] HESE PyTorch 2.4

3.3 KRWER

XtF A DBP-15K I WK31-15K, FRATH: AT
BB A ) Ui S 12t B SO SRR BEAT T
S T CH E = W NP S8 R URE S
MTransE!'Sl, JAPE?), BootEAI'®), J& {4 ik A 15
% (Entity Alignment between Knowledge Graphs



using Attribute Embeddings, AttrE) B2 & 5 +
TransEP2 e (B B Y, FELEIBIANZIES
WS BRI BRG gmbs SR R S A E B, B
P E A= R R I MY N
RDGCNUI, NMNPE R T [ 22 25 5 e 1
AL, I S R B R AL 45 7S 2 72 0 5
A A0 38 ¥ 1 45 4 R B AR OC BE s RAGARSTHI
RPR-RHGTRMIZ 5| N TR REHTER ST, AL
PETt T AR AL S IR R SRR R BE 70 5 0 S5
PERE

® 3N 4 73R oR T RS PISA AL

Ml SR FERLRZE DBP-15K AT WN31-15K H4
NTFSER XS FF R 4R LISRIREt IR . Ay 7 1
RPR-RHGTP R 4t — 52 56 3 55~ I BT 45 5

AliNet 45 S EIFHCE JF3C, PISA NARSCHE H 45
A, RALG &ML IO R TR S HHOREE &
SEARE R R RECHF R, AR SR 2R 45 SRR
H RPR-RHGTPHE L H )45 S o 3Rk HH I 1
BN ER, IR RIS . TS
FebR 4% Hits@1. Hits@5 f1 MRR, 451 Fl 145
R TERE T R VT AR HE P B R M
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Tab.3 PISA performance on DBP-15K

e HEIC-HESL H 333 HSC-FESC
Hit@1 Hit@5 MRR Hit@]1 Hit@5 MRR Hit@!1 Hit@5 MRR
MTransE 19.74 40.37 0.297 20.41 40.52 0.303 20.89 42.09 0.311
JAPE 2298 4522 0.336 23.86 44.50 0.340 26.46 50.30 0.378
BootEA 57.61 7727 0.666 5271 71.89 0.616 55.45 73.72 0.639
AttrE 40.21 66.09 0.522 35.96 60.31 0.475 16.02 33.29 0.250
RDGCN 80.88 88.08 0.842 81.22 87.98 0.844 62.11 73.88 0.676
NMN 83.46 90.01 0.864 84..29 90.47 0.870 65.16 76.64 0.702
AliNet 55.20 \ 0.657 62.80 \ 0.831 53.90 \ 0.628
RAGA 85.27 93.17 0.889 79.29 89.12 0.838 68.72 82.55 0.750
*RPR-RHGT 85.87 93.76 0.894 86.92 92.04 0.900 65.53 80.49 0.724
RALG 94.83 \ 0.964 87.23 \ 0.906 83.54 \ 0.876
PISA 87.77 95.28 0911 87.68 93.95 0.904 67.32 81.52 0.739
# 4 PISA ¥E WK31-15K Rtk REFRIL
Tab 4 PISA performance on WK31-15K
e FESCAEL (VD) FESCARI (V2) RLHEXL (VD RS (V2)
Hit@l Hit@5 MRR Hit@l Hit@5 MRR Hit@l Hit@5 MRR Hit@l Hit@5 MRR
MTransE 30.7 51.8 0.407 193 352 0274 247 46.7 0.351 24.0 43.6 0.336
JAPE 28.8 512 0.394 16.7 329 0.250 26.2 49.7 0.372 29.2 524 0.402
BootEA 67.5 82.0 0.740 83.3 91.2 0.869 50.7 71.8 0.603 66.0 85.0 0.745
AttrE 51.7 68.7 0.597 65.0 81.6 0.726 48.1 67.1 0.569 53.5 74.6 0.631
RDGCN 8198 8765  0.846  81.61 86.98  0.841 80.53 87.66  0.837  87.12 9288  0.898
NMN 8557 9045  0.877 8518  89.57  0.871 85.12 9074 0876 8929 9428 0915
RAGA 87.90 9428 0908 8134  89.15 0849  82.71 91.55  0.867 8895 9536 0919
*RPR-RHGT 89.05 9472 0916 9169 9620 0938 86.89 9403 0900 9262 9682  0.945
PISA 90.83 9586 0932 9370 9778  0.947 8835 9423 0914 9389 9777  0.954
SrMTER 3 Al AN, PISA AHER T2 THRA M “TAiflh” - “Steve Jobs”, FKH 4 FHIFEER

(MtransE, JAPE, BootEA, AttrE) F1 #£ F
GNN (RDGCN, NMN, RAGA) LM iEH
BEMH . VRS- CHAE E, PISA fE
Hits@1. Hits@5 . MRR f§ ks LM T RPR-
RHGT 73542 E T 1.90%. 1.52%. 0.017; #£H
-GCHAR RS, R T 0.76% 1.91%.

0.004; 1EH SC-BE L H R EF, e T
1.78%- 1.14%. 0.016. #HILT RALG, PISA [
Ko kR (Hit@1) 78 H -9 e i vy
AR T 0.45%. MIBFREAUCRE, E3-050T
s 27 N R IJURHE, ROAEESEE
WS SHEBE R wiE SIS 25,

41 “Louis XIV (roi de France)” 5 3 3 H]
“Louis XIV of France”, X4 TUAMESEAR
SEVEIN T XS IMERE, {H PISA TRV - T4
FAREAS T B R bR, RIETTIALEE
FEFRR. AT -EWHET, KRG
i B B Sk KR, M2 R,
H 3C-95 30 5 H -9 307 SR 2 R AR TR
BERBR, BEZXMHmHEFRASEFEA, W

. HRMEHC-E LS5 P -m LTS, Eig
SENMIAIRI AR, SRS R EAR Y, B LT
AFRZBR, 1M PISA fRIRLERE T 5 X 5534
B, IR BRI IE S S5 M Rl E AL 7R AL R
Ty B RE D5 T R 2 P . RALG 783 C-3 3,
- SCHAR R T, (HIX AL TRk
SRR K R AR ST, T PISA
AXAE FiAb R B 7 B — BRER AR TS T e, 303
TR RAS

TR 4 IR TEROSC-ESC (VD EHRE T,
PISA 7E Hits@1. Hits@5 . MRR f&45_FtL RPR-
RHGT A H4E 5 T 1.78%. 1.14%. 0.016;
EESCE e (V) BiEET, aalitE T
2.01%. 1.58%. 0.009; 7FEJE 3L (VD)
HET, HRERE T 1.46%. 0.20%. 0.014; 7E
JELEIC (V2) HidlE&Ed, PISA £ Hits@l.
Hits@5. MRR F5#5 bt RPR-RHGT 574 75 51 4%
BT 1.27%. 0.95%. 0.009. PISA 7EPY/>T-HEsK
T A, AR SR E R BN
R AMAL, Bt E R, PISA 7Rk 5t
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s PISA w/o fs NEENLIIE 50% )5 4 T — IR A 5% A
TSR 6 NRZAIETENT PISATEDBP BT, FRATHR B 1 EE RS SUPs 5 7 ik
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Tab S Impact of cosine similarity—based filtering on PISA performance (DBP-15K)

et YESC-HESC H3e-3e3e HHSC-HESC
Hit@!1 Hit@5 MRR Hit@1 Hit@5 MRR Hit@1 Hit@5 MRR
PISA w/o fs ss 82.74 90.43 0.889 86.13 92.29 0.887 65.21 78.19 0.713
PISA w/o fs 84.43 91.59 0.892 86.48 92.40 0.891 66.92 80.82 0.727
PISA 87.77 95.28 0.911 87.68 93.95 0.904 67.32 81.52 0.739

R 6 RTLAUE LSS PISA 7 WK31-15K _EFIE0
Tab 6 Impact of cosine similarity—based filtering on PISA performance (WK31-15K)

et AL (VD) FCAEIL (V2) FC-3C (V1) FC-H3C (V2)
Hit@l Hit@5 MRR Hit@l Hit@5 MRR Hit@l Hit@5 MRR Hit@l Hit@5 MRR
PISA w/o fs ss 8836  93.08 0907 9148 9526 0924  86.61  93.68  0.898 9212 9580  0.943
PISA w/o fs 90.32 9549 0926 8937 9438 0920 8834 9327 0908 9022  94.69  0.915
PISA 90.83 9586 0932 9370 9778 0947 8835 9423 0914 9389 9777  0.954

MAAKRE, PISA fEFTEIES M EHMT  0.006; Je0-fE30 (V2) 1, Hit@l 234 T
PISA w/o fs ss & PISAw/o fs, FHLHEERT]. 2.22%- 4.33%, Hit@5 7 A & 7+ T 2.52%.
W=k 5 7w, DBP-15SKfEVE-930, Hit@l 4 3.40%, MRR #2717 0.023. 0.027; % 3C-3%3C
AT T 5.03%. 3.34%, Hit@5 2 MR T+ T (VD) #, Hit@l 73T T 1.74%- 0.01%,
4.85%- 3.69%, MRRZHIHEFF T 0.022. 0.019; Hit@5 $#F+ 7 0.55%-. 0.96%, MRR 75T+ T
7 H S-SR %, Hit@l =TT 1.55%. 0.016. 0.006; L5 (V2) 1, Hit@l 75l
1.20%, Hit@5 733 7 1.66% 1.55%, MRR  #&FF 1 1.77%- 3.67%, Hit@5 73il3EH T 1.97%-
SYERTET 0.017. 0.013; TWIAEH SC-HEESH,  3.08%, MRR 277 0.011. 0.039, iXubsh gk
Hit@1 73 AT T 2.11%. 0.40%, Hit@5 737l$e W, SIAEET RIZAE K Bg A2 T ML w] LU
F+T 3.33%. 0.70%, MRR 25T T 0.026. RORT SIARXT T fE,  HY R AA 00 J5 BR AT KA
0.012, ¥iH] PISA FEARNE F 5t FREIRFFA R &R, FIN AR S R 5T R &1
bk, Wik 6 iR, 78 WK31-15K X545, SRS R E 1 B Y 7
PISA [FIFEHAS T R Buidk . S48 (VD) i, Bl 4 F1E S 23l @R T PISA FEAFI pi AW
Hit@1 7> BHHRTE T 2.47%. 0.51%, Hit@5 2054 po FHIXIFFIERE (Hit@1).

T+T 2.78%- 0.37%, MRR Zr5IRTFT 0.025.
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Fig.4 PISA alignment performance under different p«
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Figure 6 Performance comparison of different path
semantic evaluation methods
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