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Joint Relational Patterns and Analogy Transfer Knowledge Graph Completion Method

SONG Baoyan, LIU Hangsheng,SHAN Xiaohuan, LI Su and CHEN Ze

Faculty of Information, Liaoning University,Shenyang 110036, China

Abstract In recent years,knowledge graph embedding(KGE) has emerged as a mainstream approach and achieved significant re-
sults in the task of knowledge graph completion. However,existing KGE methods only consider the information of triplets at the
data level,neglecting the semantic relational patterns that exist between different triplets at the logical level, leading to certain
performance deficiencies in current methods. To address this issue,a knowledge graph completion method(RpAT) that integrates
relational patterns and analogy transfer is proposed. Firstly.at the logical level.different relational patterns are refined according
to the semantic hierarchy of entity relationships. Secondly,at the data level,a method for generating pattern analogy objects is
proposed, which utilizes the properties of relational patterns to generate similar analogy objects for target triplets and transfers
missing information based on these analogy objects. Finally,a comprehensive scoring function that integrates the reasoning capa-
bilities of the original knowledge graph embedding model and the analogy transfer capabilities is proposed to enhance the per-
formance of graph completion. Experimental results show that,compared to other baseline models,the RpAT method pimproves
the MRR values by 15.5% and 1. 8% on the FB15k-237 and WN18RR datasets, respectively, demonstrating its effectiveness in
the task of knowledge graph completion.

Keywords Knowledge graph.Knowledge graph completion,Relational patterns, Analogy objects, Analogy transfer
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Table 2 Statistics of WN18RR and FB15k-237 datasets

Dataset # ent Z rel # triples(train/valid/test)
WNI8RR 40943 11 86835/3034/3134
FB15k-237 14541 237 272115/17535/20466

TEVEA H6 AR 5 T L A SCR A 3 A A A B PEAG SR R L
I Sk - 44 48 K HE 44 (Mean Reciprocal Rank, MRR) il HE 24 A~
KTk BIEEA (Hit@kE) , MRR F(Hit@ &) {5 # KIE B J5 %
4.2 tEbFE

1) 3T B8 0 7 2 3 5 3 43 v BT DAl e S A 22 T AH
P B, 2 M B kA TransE, ANALOGY™,
RotatE™ , HAKEM! , Rot-Pro"'® , PairRE!! |

2) 3T P A 5 I 2% 1) O 1 ) FE A 8 I 2% B T RIS
AT % ) M B, OB M O ik A R-GONTY,
CompGCN!), SE-GNN |

3) T 1 TR AL 14 Ty k0 3R R R R b AR R 5 R n
B G MmrImANERLRN., RAW T LA
CAKE!® ,SPALY) , PUDAMY™ ,REP-*), Ankgel?” ,
4.3 BHEKE

TESEU L FH PCA=0. 8 Fl HC=0.5 MY 4 & % i 1
AMIES™* 4 418 32 55 B0 0] 0 50 8 4 0 = Jo 41 8] 43 o 4 %
FMEF . HEZL RpAT B S HE 81 & T - % AR AR 5 | 36 45
RAMZEHEXWBSEGELES (1,2, 43,44, +5,+10,
£50, 100} NI, MAGHAMWBSREELES (11X
107, £1X10 ', £1X10 %, £1X10 %, 40.01,40.02,
+0.05,40.1,40.2,40.5, =1, =2, =5} %, [, H
FHM A% R DR E B R R B S8, #R 4R
Xt %% H N, N, ,N,, fI N, € {1,3,5,10,20} ,4 Fi=
FEARILE @gym » tine » @t A @eomp € (0. 01,0, 05,0, 1,0.2,0. 3},
PR REAE o« fly BN 110,
4.4 HEEEFRN LI

T IEA SR I T I RpAT AR RATK S
A WS HE T AT T R, SCIR A RNk 3 . & 3o
F) B T B R 7R T RpAT FEPE AN S8 48 Ly s R 8, K
TEFT A AT br L3S T W F R T, X — 25 R,
b 45 A AR R 4 BRI, Rp AT fE 1% T A5 50 b 4 412 5
AR G 2R H] B 38 SCOGTDR T DT 42 85 T 0 TR I % #ik A 55 1
AR FIBE 32 T A MERE . 55 PUDA Il REP 3X 7 b 4% 5 28 41
PR R ABERIAH [, RpAT 76 FB15k-237 Fl WN18RR %%
£ L RZHOTAG IR PR3 SR B L. #4n, 78 FB15k-237 4§
#i4E b, RpAT 9 MRR 48 #% 43 5l It PUDA 1 REP & il
6. 2% F1 10. 7% ; 7 WNISRR #u#54E I, H: MRR #4573 il 42
FET 4. 8% 3. 4%, X —HREEETHIH I T RpAT 5T 84
FI ) 53 56 F A6 231 2R T 26 L Oy 12 R AT 3R BT 3 b 42 19 5K
W, SXIE B T 5% A 00 ) G R =X S L O vk E R B S A
R, AN, R T IE RpAT 57792 69 A8 & 3% A
MR M5, 8 4 T 4 A4~ 3 T B B 00 0 1 TR 3 e A A AR
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TransE, RotatE, HAKE, PairRE 1 Jy $& fill #8581 3 8k 17 L #52,
A4 T EHE WK, RpAT 76 A 98 5 [ AR 35 1 T ix ik
FEREAE R B FE FB15k-237 454 . RpAT 1Y MRR 1§
FRIEE T 10% ., XEB RpAT 5732 i R 835 i A
RFEAMEEF., EAEENE, BT HAKE Y RpAT &
FB15k-237 #4064 9ol 1 5 m W35 A9 32 T, X vl BE A 1
T HAKE 3 i3 5204 19 T B 43 2 5 S BOR [R] )2 R 1 2 R 45 4

MR 3 7RI R MiEH ., RATIEWE S, 5 WNISRR
BAREM L, RpAT 78 FB15k-237 34 F4R 7+ h B %,
FATHEM T BOX — 25 5 (9 LA & FB15k-237 /Hjﬁﬁ$%’a@3ﬁ
FAFE S, DA by 3 4 F 00 A 1 FH RS 2028 L i ST B 4R T

ZHPl ., RELEmE R aRY, RpATTﬂf%Em%ﬂ%
Pl i A ok T T B AT S DG T EL 7 S A R R T

HhRAL A,

# 3 RpAT M9z 45t
Table 3 Experimental results of RpAT

method FB15k-237 WNI18RR ;
MRR Hit@1 Hit@3  Hit@10 MRR Hit@1 Hit@3  Hit@10
TransEL7] 0.317 0.223 0.352 0.504 0.224 0.022 0. 390 0.520
ANALOGY!19) 0.256 0.165 0.290 0.436 0.405 0.363 0.429 0.474
RotatEL8) 0.336 0. 244 0. 370 0.524 0.473 0.428 0.491 0.564
HAKEL] 0.349 0. 252 0.385 0.545 0.496 0.452 0.513 0.580
Rot-Prol10] 0. 344 0.246 0.383 0. 540 0.457 0.397 0.482 0.577
PairREL ) 0.348 0. 254 0.384 0.539 0.455 0.413 0.469 0.539

R-GCNL13] 0.249 0.151 0.264 0.417 — — - -
CompGCNL1t] 0.355 0. 264 0. 384 0.535 0.479 0.443 0.494 0.546
SE-GNN(!2] 0.365 0.271 0. 399 0. 549 0. 484 0. 446 0. 509 0.572

CAKE!!5] 0.321 0.226 0. 355 0.515 — — — —

SPALIS] 0.338 0.261 0.366 0.525 - — — —
PUDAL16) 0. 369 0.268 0.408 0.578 0.481 0. 436 0.498 0.582
REPL!7] 0.354 0.262 0.388 0.540 0.488 0.439 0.505 0.588
Ankgel20] 0. 385 0. 288 0.428 0.572 0. 500 0.454 0.515 0.587
Ours 0.392 0.291 0.452 0.572 0.505 0.454 0.516 0.595

2 4 RpAT 5 H AR e 25 M
Table 4 Compatibility of RpAT with other models
method FB15k-237 ‘ WNI18RR

MRR Hit@1 Hii@3  Hit@10 MRR Hit@1 Hit@3  Hit@10
TransE 0.317 0.223 0.352 0.504 0.224 0.022 0. 390 0.520
RpAT-TransE 0.355 0.255 0.379 0.536 0.238 0.033 0.401 0.529
RotatE 0.336 0.244 0.370 0.524 0.473 0.428 0.491 0.564
RpAT- RotatE 0.371 0.279 0.412 0.552 0.482 0.431 0. 500 0.579
HAKE 0. 349 0.252 0. 385 0.545 0.496 0.452 0.513 0.580
RpAT- HAKE 0.392 0.291 0.452 0.572 0.505 0. 454 0.516 0.595
PairRE 0.348 0.254 0. 384 0.539 0.455 0.413 0.469 0.539
RpAT- PairRE 0.381 0.282 0.421 0.565 0. 467 0.415 0. 485 0.561

4.5 HBRIEIG

o 7 UERE VP Al RpAT 18U b 2% A B 5 19 A [a] #b 42 i 2
fie J1 . Fefi14E FB15k-237 Ml WNI1SRR X B 5edi 4k L kAT T
—ZRIVIHBAIT . 5 FH T AR . T BSR4y o 3 A4
ARR DB B T HY 32 58 B Y OE R A (w/o relation-
patterns) AR TR X 4252) BB T AR BRI T4
(w/o analogy object) , {X i B T % %5 KL 7E LAY 56 R B L5
DFBR T A B (w/o all) . (UM A1 3L Rl A5 Y (1) 57 0 2 R
ST AR T L R W, SE B RpAT 7 i 76 WA B dE 4 1
P PEAL R b 2 T B T LAY PR . B0 . /E FB15k-237
BR 4R L MRR $84R 43 3 F+ T 5. 3%0,6. 220,12, 3%, i 7E
WNI8RR #(#E % L. MRR 4845 4+ 51 F T 0. 4%.1. 6%,
1.8% . [#EHL, Hits@ 10 845 78 FB15k-237 ¥4 4 143 51
BFT 1.9%.3.1%,4. 7% . 76 WNISRR 54 £ I 5 31482 7+
T 0.2%,2.2%,2.6% , XEEGEHAE ST HUUE W T2 40 0 )

OB K RS S LT RS U5 TR AR 2 BE NS K 2 4R T i Al A 5

RYPERE I BT RpAT &b 2 18] 59 AH 5 A1 AL .
#5 AR
Table 5 Ablation experiment
FB15k-237 WNI8RR
Models -
MRR Hit@10 MRR Hit@10
RpAT 0.392 0.572 0.505 0.595
w/o relation-pattern 0.372 0.561 0.503 0.594
w/o analogy object 0. 369 0.554 0.497 0.582
w/o all 0.349 0. 545 0.496 0. 580

4.6 XFHEIE

it B S 86 P FRATTRE AR SCHR Y 5 iR RpAT 5 BFF 24 i
T e 75 ¥ Ankge 1 SPA 7E FB15k-237 ¥ 4 I iyl 45
i R) R 44T 45 BUI B 1 A8 MRR 2847 T g, B 3 441
TaX 3 A7 IR FEAS RN S AR 19 MRR B . A& AT R B
W BEE YGRS ] A 5, RpAT A{XAE MRR {5 E 23
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2 X S AT S R R AR 43 X — B R RE A% 7E R 1
PR #b 4 4T 55 00 & 0 w782 R, m PR B0 b 38 Y B L, 7
MRR H I FE R L RpAT R RIHE T A RE, EE& A
I RIS P9 . Rp AT I8 2R 45 5 e & 19 MRR . 3X 7845
TERR T AR MR B T Mo A A ik, ln, 2 3 A
J7 15 14 U1 24 ) 18] [R5 34 3] 30h, RpAT 528 T 0. 392 (9 MRR
{E . M Ankge F1 SPA 1) MRR {43 51{X 4 0. 381 #1 0. 338,
X% ™ T RpAT J7 ik 76 R 5 Z 88 = Y 5 1k J7 1 BT
B R FE Y. it RpAT 75 %k . AE 0 S0 B & 4k 19 26 1L iT
B, DT 25 48 T I Rk % 1 348 5 T ) v e 1
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Fig. 3 Contrastive method training
GWIE ARSI T —FhRLA G R BTURI S L AT RS 1Y A

P AN 407 1 (RpAT) o %05 2 78 A LR35 32 55 J2 AR 4 <2
TR 2R SUJZ WA AN 53 S = Jo 4 B o6 R R C &
A AR A B 4 28 LU O R AT T RS L A TSR i i A S A D G
B ITEAR ] 56 & i LA M P R TR, A 408 B iy 25
SR BT R AT RO D T B (R R AT A2
T A FE AR A, T LA 30 S A Y 05 SR . SRR A5 R R,
RpAT J5 AT 3A M5 ik & TH THh2AE 55 RIPERE . RpAT
4 O R AR T 0 O A e 2R RO AU LU R RO L T LA B
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