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Knowledge Graph Completion Model Using Semantically Enhanced Prompts and Structural
Information

CAI Qihang, XU Bin and DONG Xiaodi

School of Computer Science and Engineering, Northeastern University,Shenyang 110169, China

Abstract Knowledge graph completion aims to infer new facts based on existing facts,enhance the comprehensiveness and relia-
bility of the knowledge graph.and thus improve its practical value. In order to solve the problems that existing methods based on
pre-trained language models have large differences in the prediction effects of head and tail entities,large fluctuations in the train-
ing process due to the stochastic initialization of consecutive prompts,and under-utilization of structural information of the know-
ledge graph,this paper proposes the knowledge graph completion model using semantically enhanced prompts and structural in-
formation(SEPS-KGC). The model follows a multi-task learning framework that unites the knowledge graph completion task
with the entity prediction task. Firstly,an example-guided relationship templates generation method is designed to generate two
more targeted relationship prompt templates using a large language model for the different tasks of predicting head entities and
predicting tail entities,and incorporating semantic auxiliary information to enable the model to better understand the semantic as-
sociations between entities. Secondly,a prompt learning method based on effective initialization is designed,using pre-trained em-
beddings of relational labels for initialization. Finally,a structural information extraction module is designed to extract knowledge
graph structural information using convolution and pooling operations to improve the stability and relationship understanding of
the model. The effectiveness of SEPS-KGC is demonstrated on two public datasets.

Keywords Knowledge graph,Knowledge graph completion,Pre-trained language model,Large language model, Prompt learning.,
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SEPS-KGC BRI 7E KGC AT: 45 b 09 & &M Fnml A7 Pk L 538 4
Al SE I R T N RIS A 2R B0 UE T SEPS-KGC #8271 i) 42
4 A B

2 MXTIIE

PAT KGC AL 55 1y Jr s iy 3L [ 02, # r — DA 3y Al
HlRM A = or Al A, R TIRAE TR AN
BT PLM W7 UL R B SS G /5 k. B4k LLM
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it h SRR M r Z AU BESE T B SR it £, Yany
RN LR A A v Y T 6 R kA B 4 O X M B . Sun
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FB O R RIS R TR i b A A EE SR, MOk B 2 A B SR N LT I
B R R P 2 25 O R 5 = oo 41 22 A B oG BORD H B B A,
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AR AR A 42, By S B & #4846 (Graph Neural Net-
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2. while len(T)<C30 and T:
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/xR DI RFR ¢ B GHE x /
for D€ T, do

relevance<=Rel(Dj, 1)

max_similarity<0

/* HE DSE®RES T o DRAHEE * /
10. for D;ET do

© o NN o Ul

11. sim<=Sim(D; , D)

12. if sim™>max_similarity then

13. max_similarity<-sim

14. end if

15. end for

16. / % HH MMR 40488 * /

17. mrr_score<—fX relevance— (1—) X sim
18. if mrr_score™ max_mmr_score then
19. max_mmr_score< mmr_score

20. best_candidate<—D;

21. end if

22. end for

23. if best_candidate then

24, T. add(best_candidate)
25. T,. remove(best_candidate)
26. end if

27. end while
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AR “[ MASK] is the writer of film [ X].”, HH[YM[X]

3 59 2 8 S MR Sk S A Y o LA

R IETRGIG] S 89 5C R B A 7 B4 9 3o

Table 1 Prompt for example-guided relationship templates generation method

#® T

LLM ¥ ji

Your task is to understand and summarize. Here are some triples for you:

The Sound of Music /film/{ilm/written_by Ernest Lehman
My Fair Lady /film/film/written_by Alan Jay Lerner
Family Plot /film/film/written_by Ernest Lehman

Into the Wild /film/film/written_by Sean Penn

The Conversation /film/film/written_by Francis Ford Coppola

In above examples. What do you think “A /film/film/written _by B”

The relationship “A /film/film/written_by B” indicates that B
is the writer of the film A.

Using A and B as subjects, this can be summarized as:

“Ais a film written by B.”

“B is the writer of film A.”

mean? Please summarize and describe the meaning using A and B as sub-

jects,respectively.

AR S b 3 A7 B e BN A B AR Y T R D AE
2225 YW N P AR G R 0 S B A IRLE A R AR AR L TT A
5 2) B AT LR SCRDW B RS 5 3) 4 F g S B A
3.3.2 EXHBEE

BT RHR A A 1 =T AL E B i R B E B AR
BER R KGCAEFS mPERE . 152 T A M HR 5 #h 4 J7
A, BT PLM 1Y J5 B AR 45 5 16 A 0078 A58 B 45 4 114 155 10
TR SR U BIE R . R RS R AL TR ALY
BT AN I AR L L R A P s AR SR B R
S, PLM W] LLHE 47 by 3 52 K 22 [a) (9 38 SCOC I, DT 32 = 4
PSR A R . A SO T S i 28 RUE R AN SRl 8
PRI SCRTBR B .

SRS EFSEINVE N 7Simo R (N iEE RSy IR U RS
B Sk SR R RE AR R 7 IR 4 5 H G I Y B2 9 M4 T T g
SRR N R IB YA,

I SR B AT LAGE S R S A 1 1 S R ok e s AR TR of
SR A ¢ Z ) B, ) 20 enjoyment” B DL 37 & Ol “delight”
“pleasure” %53 SCAa] L 3E— A5 5 B AR A8CHS O AE R A9 T . 4K
I8 48 T IF A SR AL SR Y 3 SCIA AR SCBET TR B A AR R L A
FLLM 453 524 i 5 SCIA) . B R B, AR SO0 9 42 7 R
“Give synonyms for [ Entity] based on the definition of [ Enti-
ty]:[ Entity Definition],and answer in the format {[ Entity:
[your answer]}. ”, Hrt, [ Entity ] /8 &34, [ Entity Def-
inition JR /R FAAE Lo £ 250 T — A HARM B 5.

F2 U SCEME R IR A

Table 2 Examples of synonym information prompts

&7 LLM ¥ [

Give synonyms for enjoyment based R .
T X {enjoyment:[ pleasure, delight,
on the definition of enjoyment: the X . .
. amusement, satisfaction, grati-
pleasure felt when having a good L A |
. . . fication, joy. fun. happiness.
time.and answer in the format {enjoy- i
contentment, recreatlon] }
ment: [ your answer ]}

LLM 245 £ A4~ 38 SO, (302 i F LLM 47 78 £) 56 3
G IR BT A AR R 3 SCIR) BB AR S A R0 3 SCIRE B A
. 7 BRI SCIA) e B g o i o ot P A S M G
BERT #5% R4 3 B2 AN 3 SCim] 14 ) i %R, iH R e Z [ W
A% AHABLBE R B M OT A A SCIR PR R T SO g
N RN R o = e S SN o i = B O T i
ARABLEE 3+ 53 2 an =X () Fr s

cosine;\‘imi[arily(e,e,v):mse;GS 4)

Forr, SO LLM Az T SCIRVAR A s e A TRUIR SE AR e JRUIR
FER B A

FUR E3 J5 i AR B T S A AR BRI S 4% L T
RHBNAR B o A SCRE SCT BERR Hs il B 15 8 5% # o A B Y )
T BRI 3 A,

F3 LA B A BAEAR
Table 3 Semantic auxiliary information templates
iEH B fE R AR H AR
“[Entity] is a [ty/)el 1, a [ty/)ez Jy v a

Leype,1.”
“The synonyms of [ Entity]: [ synonyms, ],

AR A

LA 5 B .
[.\’ymmym.\’zj PR [.x‘ynonymx/)].

% 30, [Entity] S AEWR % Loy pe; 1R AR M 5E @ Fh 2
R, [synonyms, )RR MY EE ¢ A3 SCIRL, m S 52 4 8 70 1) 54
i, p NI SR E R
3.3.3 AT HAWLHRTEI T E

Liu 8000 4 8] 88 BE R B AR O B i R AR e e . %
T URGE 1Y 5 A AL, O AR R b Y B B T iR 2 B BOKE ik
KR T B, B ER R 2 AT 3200, Rt T 45 5 1 B L (02 0
2 HE R AT R B O A, B AR T B R A 30 0 R R
i B B AR R . T % 22 HE R T LA ) B 51N AT 2 3T ) kA )
i, I8 o 1) A% AR R AT 0 Ak AR TR S AT R R G 2 A )
i, DU s AR E AT 5 R R AR R . LA Y — Ty
BARTE — @ AR SR T 3K — [n) B, (F ) 0 fh ) B ML A A
] B S 2O o A v I AR R i 3 .

K, A SCHR T PLET J7 i 0 3% S 3R i A B8 i i
R R I M B B R R A PLM th, 7E I 2R
SRR, AR R IR AAE R T 24 S S50, SRR HAb S 50—
R 3 2o R T R HEAT TR . AT o R R S e ) &, AR 7R 45
FEAE ST R R R ER /ME . 5 PKGC ff (9 P-tuning N
[F] i 2 . PLET A J2 7E 42 78 19 4 43 0 7 B4 A — A i 2L R
TR S TSR 7E [ 2 7 & 24l A 2 A SRR ik A BRI
4R R i AT RETE N [R) A7 & 1A S W] i i S, T 22 A4 7 2 4
TR A TE R E A B LR 0T AR B N = s A A A
M RIR . % IBF) R R4 B AT BB 43 0 06 R AT SR F]
RESEVE T L 2% SCAlEJH OC & bR 45 19 BN 254k AR 90 6 4 45 A
LV, EAFR 2 S A 1), BB R an =X (5) iR

PROMPT= ¢4y, e, IV [V][V], [ template] (5)
Horp s Legey J RN Sk SRR IR 5 Lo JF R 3k SR8 UH B 15
B EA V] ERYES PLM B9 A #c A B A A [ 4 5 1
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2 4 1) i 5 [ template] R WU R SRR A R R sn N
WAMESEREE RIEAFR B EN RS RKE
M&, % F FB15k-237-N #t 4l £, » & & N 6, X F

WNI8RR ##l4E .n WEE N 4,
3.3.4 fmiR @A AL S
2 % T BT KGC AT 45 19 41 - .

Lige

[, 524K Michael Crichtonz
3k FL4K Jurassic Park

I— - _) _fai_.h;agsi_c Faﬁ(g’]? A |
| & F-AMichael Crichton # £ 13

*F = JL 4 (Jurassic Park, /film/film/written_by, Michael Crichton)
TR SLARAT: (Jurassic Park, /film/film/written_by, ?)
T Sk AR BE: (2, /ilm/film/written_by, Michael Crichton)

—

____________ |l N T T T P S .|

IR I [MASK] is the writer of film Jurassic Park.
__________ | ®[MASK] is a film written by Michael Crichton. |
MR EAR A RBEM: [MASK]is tlTe writer of film [X].
M K AR K R [MASK] is a film written by [Y].
(35 F R 01 5] 5 K B ARAR &£ A7 7% £ )

Bl 2 i g b A A e i A5 A

Fig. 2 Structure of knowledge graph completion module

BARSBL 455E — D = T8 o) o b R Sk Sk,
rRARKFR e FoR BRI B SR I, AT ST R Y T
IR S A A 7R A b i [ X ) 4 8 3k 524K AL JF 36 A PLM
o LMASK AR IC AL 19 f 5 — J2 BROBCIR &S 1 ) it 5 2540 15
B BN A S W R SR e, B, T Sk Sk i AT
SCHT AR T S S A 4 R AR TR i LY 3 4 oy R S Ak I
%A PLM 5 [ MASK JHR 0 Ak 1) f5c J5 — )2 B BCHR 25 114 1) 12t
5 5 R A5 B 1) Il A R B Sk SE R L 2 Rt (e)
(DR -

Higsk = PLM (i) wask 6)

f(2) = softmax[ (AH¥sx + (1= HHOW"] D)
A, e T8 FHR S 4 2B H B i A PLMC + ) yask RN
PLM A9 H o [ MASK IR0 Ab B9 5 J5 — J2 BRIk 28 79 1
Hifis € RY . H R BROEUZ K/, 3 F BERT #5620 Sk 5 /2 768
H, € RY 36 7% 55 0 15 545 TROBRE e 45 50 AY 00 4L 181 335 285 #0155 8L 1)
BB AEEWERT AL, f(o) € RFERPIA
SR AR AT L K SR BCE . S T IR fif I AE
SUHE AR G PR BT TR R 1 R 4 45 K

Lkgc:—%ﬁ‘ly,lnf@) ®

Hor, y S SR,
3.4 AT

SERH R R A A T SUE B X e E B R LU
Bl AR B - b 3ER A R DX 40 S TR) 0% S A BB s S AR AR T LA
ALHG SR 8 P OC R D s T RCAE 4R AL TE 2 00 4T R Bl B
I, A D5 B KG-BERT AR e M i) 10 48 81 4 52 44 b Bk 3ok
WA RS, BN, 25 RE Sk 5L R OC & O (take a breather,
derivationally related for) , IE# [ FE S/ A breathing time, Ifif
KG-BERT #1 % 5 breathing time i [ #H {&l # snorkel brea-

therAl breath J & i 4 54K R B R (1) MRR # Hits@K
FEFR A, B, Z 3 Choi 2502 (9 1 &, A SC Al Bl 524K 151
T e, 4 SR TN A S KGC i 8 B AT 55 B s 55 4 Q141 1
A EB 53 R .

W SRR R SR B F R SO B 5 [MASK ] PF % ik
RAER PLM %A WX (9) iR -

2o =L CLS]LMASK ][ SEPJey.., [SEP] (9
Hob . ewy BARTM e MLIIAGE, dFLABMNS
KGC B ALY 2 265 72, Rk It 4y 2K 3%, iy Kk B o
(10 A QD R

Hiisk = PLM (o) yiask (10)

g () =softmax(Hiasc W) (1D)
Horft e, R IR AL B 9 5 A PLMC » yask %78 PLM
B A CMASK ] 4R 30 A0 19 35 J5 — J2 B iR A48 (9 i &
Hiise € R™ H 9 2 K/ % F BERT 555 i 2 7685
() ERNF RN A SR A9 B i HE 3 0 A K O Se ik it
WE RO IR GRS b B IE 0 4 22 T U
RN R PN S R R N TR E i N

K
£up:*L2y,1ng(1‘,) 12)
Ki*l

Horfr, y W E IS,
3.5 4HIE BIREVAERR

FT PLM B EFH T PLM B9 hfE , (E fd I 5 5 F 2
BT 3T ICAR Y 2 3T M LLTE RS P R B A S A
B ARSI T AN G5 {F 3R BB S, 7 B R S R i
A TR — Sk SN OC R 0 HoAth R S AR AE B, 7R 00 Sk S AR B Al
A IR — B S A R 6 Z 1 F A Sk SR A5 B DA B2 IR R IR 3%
RIZEH 5 B . BERES & 3 B . T I LA TR R S AA O 4
BEAT VBT L S50 Sk SR 5 22 2,
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W R T Bl TR Gk RO 0
Y42 A TE S T A5 B A W) Gk s, 56 RO ) = n A )
W To AR A3 PR

Ta={(hyr st € Gun UGuia | (hsrst) € G U Guaia - t 7

t (13)
Ho, Grin B Grara 73 50 4 IR R 0 )1 R A ISR 4R L E Oy 52
S R N RRPES 0 BT R Lk,

e ¥ To i = T2 (9 2 52 1A DA S T 452 e 45 381 1 £
BT RAE SR IO E B A G B 3 Y desp, Rom 5 i AR
AR . R RRE R RS R — TR 2T 5, T H CNN

Xof I 2 e FEAT AR P, B2 I A [ 4 R AL R B9 SCBERRAE . 3t
FCERAE T — 2544 A SC R 1Y 2 2 45 AiF BRI ) — A4S B — A9 R AR
o o
PETEZIEAD

BRI

o] 4k o 32 1 R A T A M R SR D A R Y
AEEBFEE ., &E K LIRS 2K S50 8% 2R K g
b S e T TR PR b 4 A e 2 i IR S AR B T LA R R 4
P {5 B AT AL R

AR PR B S5 4 R BN B S AN R R A
TR . GNIN 3 ik 3 B 328 AL 3R 5 39 4B i i 5 8 H il
N H AR AL AR A2 M OC R . A SCH T CNN i i %
TR AL [l — 3k / R SR R R R TR Z AR/ S Fe A iy 7 38
ZEH I H 5 B R iE 5 BEAELRIBURY o0y S UE Bt
TREG BALEET PO ESHET A Z LR, B
B TSR A Z M B C R . A NN FE TR BT
GNN,

)
)

Triple: (Into the Wild, /film/film/written_by, Sean Penn) ———»

B3 G U S 1

Fig. 3 Structure of structural information extraction module

4 If
4.1 HiE&E

AICTE KGC AL %5 % 0 W5 4> 203 48 FB15k-237-N FlI
WNI18RR L IFAlh THLAI M fE . Akrami %577 £ W] FB15k-237
PR A A Y M TSR R . A T AR AT 55
TR S 5P KGC AF %5, Ly 260 @ @ T FB15k-
237-N $4E4E . WNISRR % #i4E & WordNet iy — 4145, &
B R Am) S A7) 2 N B3R 22 ] A 45 Rl DG R L A SR L R S
R R AR, 2 41 000 MSEIRRT 11 AR RAMR. B
A BRI GE T R Sk 4 BT

® 4 OBWBENSIEL

Table 4  Statistics of datasets

Datasets [E| IR| Train Valid Test
FB15k-237-N 13104 93 87282 14082 16452
WNI8RR 40943 11 86835 3034 3134

4.2 iEMIELR

BT PSR AY A PERE AR SO AT T 2 4 B0k 4 (Mean
Reciprocal Rank, MRR) 1 45 5 76 #E 4 #9 17 K 07 #y R
Hits@K fE R iF i fatr , Hh K€ {1,3,10},

MRR Xt &4 KGC T 55 Jir % i B 5 24 28 78 100 25 S

FRHE 42 B4 (5 550 ICT X 00 T I AR Y (3 4 A T ROR .
Hita Qo s .
1981
Hh,QFRR=TTAEMES, QI FRR = THEMESH K
INsrank Tt i NERMIEREZHHES . MRR=[0,17,
LR R T 02 ik

Hits@ K 2678 T v 1 4 24 52 A HE 24 45 SR 45+ 5/ 3
i K i b, Hoat s an =t (15) foR .
1
IQ
Hrh,Q Rm =l E&EMES, QI RAm = TTHEMESHK
AN s rank; T 5 i ASEE I TE A R B HES s Count ( » )RR
THECRR R, Hits@ K 4 {15 1R, 455 280 A0 T90 000 280 SR ikl
4.3 H&ER

J9 T WAL SEPS-KGC 78 KGC AT 45 H By 1 g L 65 e 5 LU
TR AT TR I 8 ik gy AR T i B R Ak 4
KL ETi AWM FET PLM MR % A5 PLM M %54
R R RO BT LLM A BE AL
4.3.1 A THAwHER

1) TransE™ 3% 5 15 5% 3k SE R HEAT 06 R B2 8 1T 88, 8K
JG SRR IATIE

MRR= 14

Hits@K = Count (rank; <K) ,1<i<| Q] (15)
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2) DistMult™?" 4 70 30 i WL P bR BT 30 S M4 R 56 &R
B0 A Ia] 2 D) A AR B PR L A R R AR 4

3) ConvE™ 3% 77 Wbt AR 1 1% v i SR LG R A
Yo B IR CNNORHIE B Z MM E 4L FR, A
T 3R A 4 4 T

4 TuckER™ % )7 K #1 T Tucker 20 . — 4~ = I
gLk B o iy — A LSO IR — RV R TR,

5)RotatE™ 3% 7 ¥ 6 = J0 4 38 8 B & Fim 7 25 (A, If
H 56 Rt A E SN BERE O 1, A = 0 41 R WS B VR AR M TS
A i AT A B Bl E B 1) 3o AR

6) CompGCN™* . 1% J5 ¥k | FH 1&] 6 BU 4% 25 & 55 7k Fn 56
FARA A HIR B o S0 B 4258 B G R T
A7 I 235 A A B B 4 2 ) R o

) Att-HousE™ i 8 1T T — AN i 2 ML i 3
) A B 48 A — A HousE 1 A (9 00 5000 25 , 7T LA T 4 1 Hh
PIMATE 2 KR .

8) GANPULPY (% J7 ¥ W A 42 LA AL 19 38 U 5 L 7E A
Scr gt GANPUL 378 Hu S858 8 2 3k & —
o 35 = 2 0 20 B T 28 R L 288 T A 48 2 30 14 i R R b 4 B
2, I Az O BT ) 48 A BT AR B AR A L O 08 T IE 2R AR 4
2 3] 5 AR B PR AR 28 ) L
4.3.2 AT PLM #g#EAR

DKG-BERT™ . 45 — 4~ fifi F§ PLM $447 KGC 1T 55 (1 #5¢
BB S SR L 6 R OR R SE AR B IR R AT R B 42

2)MTL-KGCP™ 1% 1k 45 G #5452 B0 L 5 22 9000 A0 A 5
HEHEF 3 ME S5 il T 2T 5522

3 MEM-KGCM % 7 vk 45 4 Bl 2 T L 52 1A 0300 An
WM 3 MMES AT Z ST,

DOPKGC s F AT 6 & $ 78 1 0 I it F 42 7 18 £

ARk 1458 PLM 78 KGC AT 45 v B

5)KG-S2877 i Jy 1 3 2 17 41 30 5 41 S8 4 A 1 3
TP =T A, DT S PR RS AR A

6) CSProm-KG™" - 4 B 45 HY T 7 45 ¥4 {5 8 SC AR i i
Z VA PR AT 1 A5 A AR AR R Ll i IR A6 PLM D)3 5 KGC T
% e
4.3.3 #AN5 PLM ARZ A e £ A

1SS-KGC™* - 45 ALK S0 1L B 33 1 18 4 A5 B Al )
5 BT 9882 R CNN 42 BURRE .

2)ISA-KGCH  iZ B0 GNN 5 2 F Transformer #)
MLRUAH 25 4, OF (ff T 38 C #5181 4% A 25 ] 5 SR 25 )%k 5%, 4R
Jr B X T A A 7 R K . N Transformer M1 J5 — 2 #2 I
Tt , P AT TR
4.3.4 AT LLM#g#ER

1) ChatGP T ey ahor 2 s Chat GP T e anor 2% 1245 B B 432 81 JH
ChatGPT 44T KGC 1£ % .

DKICGPTHY i W& T — MM LLM M3+ =
TR B KGC Kr R AF I HESE
4.4 XWiEE

AR f# A A PLM A BERT-base, LLM & GPT-3. 5-tur-
bo, %f 30 4~ epoch AY Z AT 45 % B JE 4T 0H . % & mini-batch
H 32, AdamW 4k 2% A AL 3] K 0. 000 05, PLM 2%
337 0.000001, FEAH I LLM A 5% 2 A0 1Y 3 72 b, i
E temperature 4 0,top-p A 1, max-token A 300, BHY
BARE 5SS E B WIMALRE A BER 0.8, X BA L
I SIS G R A FR B
4.5 ZRWHER

FSHIH T AL DL MR A SEPS-KGC #5711y
PERE .

5 AR AN AR

Table 5 Knowledge graph completion results
FB15k-237-N WNI8RR
Model £ . - - - T X
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
TransEL20] 2013 25.5 15.2 30.1 45.9 24.3 4.3 44.1 53.2
DistMult-21] 2015 20.9 14.3 23.4 33.0 44,4 41.2 47.0 50. 4
ConvEl?3] 2018 27.3 19.2 30.5 42.9 46.0 39.0 43.0 48.0
TuckERE33] 2019 31.2 22.8 34.6 48.6 47.0 44.3 48.2 52.6
KGE Models -
RotatE22] 2019 27.9 17.7 32.0 48.1 47.6 42.8 49.2 57.1
CompGCNL31] 2019 31.6 23.1 34.9 48.0 47.9 44.3 49.4 54.6
Att-HousE35] 2024 — — — — 41.8 41.3 49. 4 55.8
GANPULL36] 2024 — — — — 49.2 43.5 49.8 59. 4
KG-BERT 0] 2019 20.3 13.9 20. 1 40.3 21.6 4.1 30. 2 52.4
MTL-KGCE37] 2020 24.8 15.5 25.6 43.6 33.1 20.3 38.3 59.7
MEM-KGCL12] 2021 - - — - 57.2 48.9 62.0 72.3
PLM-based Models -

PKGCH1 2022 33.2 26.1 34.6 48.7 — — — —
KG-$2838 2022 35.4 28.5 38.8 49.3 57.0 52.5 59.7 65.4
CSProm-KGL!4] 2023 36.0 28.1 39.5 51.1 55.2 50.0 57.2 65.7

SS-KGCL28] 2023 30. 1 22.7 32.7 46.3 — — — —

KGE-PLM Integration Model .

ISA-KGCE39) 2024 — — — — 47.8 41.2 51.6 59.5

ChatGP T ero-shot 297 2023 — — — — — 19.0 —

LLM-based Models ChatGP Tone-shot 2% 2023 — — — — — 21.2 — —
KICGPTE31] 2023 — — — — 54.9 47.4 58.5 64.1
ours SEPS-KGC 2024 37.3 28.6 40.8 53.7 58.9 51.9 61.8 72.4

TE LR RN I g 2 F R R 46 28 .

A LAE ) DL 458 . SEPS-KGC #8752 A %8 45 16

FH AT U H IR E FB15k-237-N $dE % L &4k +
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Hofh T A5 A, BLUAOR UG, 5 2 A 9 5 A H, SEPS-
KGC #HE 47 LB T PLM 7EAN 3 KGC 1T 45 J7 W 1,
HIEF PLM i 75 M 1, SEPS-KGC [ ff B BF 3% = Je 4 %%
43 AN T T O R S AR Y A A 5 T AL X e W
TIEF R 0151 5 00 0 R A AE ) 2 1 U4 B {5 SO PLEL
T EEM A M. A MEM-KGC, KG-S2S 4 3 F
PLM ) 8 A 25 B 1R RS 38 AR A, 76 [R] 2% 280 455 A op AR
THHFRH,HEAE His@10 1 MRR 545 B0 G T
SEPS-KGC #7 , X R B T 45 4 15 B AR BB g Wl 450k, 5
FRESE & T 4515 B CSProm-KG # 1, SEPS-KGC i JfI
CNIN sty A 45 1 , (8 45 455 B0 o8 LR e M, HL AR @ AR T 47,
R4 SEPS-KGC ##17E WNISRR #4419 Hits@1 F1 Hits@

3 8hR bR HE A Hits@10 1 MRR 45 45 7 i 4 T B
LA, PR RIEN] T SEPS-KGC A R Aar 474,
4.6 HBLIRIS

o T EL R M ST AR S ik St R M il R A AT B T LA
ASC H T PR e e A e ARSI A T 00 A B 201 1 ) A A Sy 6
REARL S0 S D A B AR = T 4 o0 T Y TR AP
T S A R L MASK ] 4 At 8, dn 00 8 52 4%
AR Sk SRR 36 RO L MASK 4 R A 7 20 PF 32 . S5 1A T000 A
He iyt A 5 A SO B A B MASK ] 4 B 55 52 04 4 54 1 DF
e, THASCE ISR g Ak 6 i, B AT IR . 5 —
TR AE L — A7 B FE Al L VR B B4R e ol fef D 3 14 O 1k 3K AR
B ST ER 45 5

6 AR A g R
Table 6 Knowledge graph completion results
i » EBlsk—237—N ‘ A VWA\IISR.R 7 -
MRR  Hits@l  Hits@3 Hits@l0 MRR Hits@1  Hits@3 Hits@10
oA 36.3 27.8 39.6 52.9 56.7 48.7 60.9 71.2
AT RO T R KRB AR T % 36.7 28.3 140. 2 53.3 57.5 49.9 61.1 71.8
18 X B 5 B 36.9 28.3 40.7 53.8 57.7 50. 3 61.2 71.7
+PLEI 37.1 28.6 140.7 53.6 58.9 51.8 62.1 72.2
b 45 My 15 B3R BOME B 37.3 28.6 40.8 53.7 58.9 51.9 61.8 72.4

VML B A R
4.6.1 R FwBI3] a9 % RALAR A R T &4 F R

Lyu 234 T FB15k-237-N $d 4 10 ¢ 2 #8754
Wei SV AE T WNISRR K 45 19 56 5 4 75 B4R . {0 L %f
TRADKR AH D RREREEN . T 8B AR R A
FIHE TR 05| T 1 56 ZR AR A= 10 125 24 0 1 e A 3 1Y

K B AR TR AR AR R B R AR A R T A SCANRE S i A R Y
SRR b 4 A B i AR ] — A 56 AR R R AR L 1T LR
BUSR T R AT EEE R . UK R RIS R A TR P B b 4 A5 B
il A WA P S A 5 ) S R AR A B AR Y R
KR AR RN AT LIS B3R 7 h 8 = A7 04

KT FET RN GG O AR AR AL T 1 AT S

Table 7 Ablation experiment of example-guided relationship templates generation method
FB15k-237-N WNI8RR
X E head avg head avg
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
g A 22.3 15.0 24.1 37.1 36.3 27.8 39.6 52.9 47.7 39.9 51.0 62.3 56.7 48.7 60.9 71.2
P-one 22.2 14.7 24.3 36. 8 36.6 28.2 40. 2 52.9 48.6 41.3 50. 8 62.7 57.4 49.7 61.0 71.9
P-two 23.0 15.2 24.6 38.0 36.7 28.3 40.2 53.3 48.6 41.5 51.1 62.4 57.5 49.9 61.1 71.8

1 : P-one FR ] — A K R PR L P-two F7m 5 T 75 51 S 09 58 SR AR AE U 2

A LUR I, IR R — A R R BRI R T
AN BB T 1 56 FR AR A B AR A AR SR R 4
R A SRR R — e 4R T, Hoh i I TR 65
51 OC R AAR A T ik 4R T B O 3, 0 LR A T Sk 5
PRET 3 BRI ASE T A T — A ¢ R RS BIAR 19 Tk e K £
B P8 b A BT R T, X R %y 1k RE 4% 5K Hbh B HE R B AR
A BEAR L A 2 3k ST R OE SO BB L R R 56 R AR B i B
A ESRIHCR . R, OC R AR 8 B 1Y A R TE T RE A I
WK R E LM H X RIS REEAMC, WXL RE T
W 2 L, IS 25 52 1) G R AR /R AR (0 6 . AR L (B AR T
B, BAR K EB 4 48 b5 A $& FH . (H#F WNISRR £ 4E 1y
Hits@10 5 pRM& A T B, 3X 7] e 2 B T WNI18RR £ 4 4 3%
IR A 2 3 S L3R ORI BRLR] 22 18] 14 4 B 56 2R, X 56 AR AR R B 1Y
1 25 1 o SR A g i e BT T ] Y A A T R 7
YRR

4.6.2 ELHBZ B H R

TE KGC AT 55 b, i SCHl B (5 8RR 98 42 AL 58 = 55 1y i X
158 SRR AT B IR A S BT LB . R T SR R
SCHE B A BB RO AR SCHE A BUOHE 4 43 0 L g T R AR
TERIN(ER 6 45 3 ) FIRE AN (3 6 45 2 47) 18 U4l B 15 Bt
RIMERER I, W LUK B, FE AR 25048 45 b, o S B 5 B T
AFBAE BT T MRR, Hits @ 3 (8 45 {4, X 5 9F 7 % im
i SURE B 5 B0 AUt .

HeAh A SCHE WNISRR Y& 58 b 43 B 1 3 SCAm] (9 % fin
B X AR R R AR R, AN BT 4 BT R OR R BT AT I IR 3 R g
S5 B IR AR Sf T TSR L S SRR BRI i 22 2 W AR AR 00 i
IR AR e B 2 A H5 oA AR ULE SCIR) A O BOAS T A A
fit. XAEEK LLM F7ELIEM S HE2K LLM A4 Ui
ALV N B SCAR L, T RE 2 O T R SCR I AR L BT LA S0 L
B R R 5 Y R SR e A VC R, W R IR R A
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AT S o HE— A 4R B AP RE

73
n s ——_
69 —e— MRR Performance
—=— Hits@1 Performance
67 —=— Hits@3 Performance
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Table 8 Ablation experiment of prompt learning with effective initialization

A FB15k-237-N WNI8RR
MRR  Hits@l  Hits@3 Hits@l0o MRR Hits@1  Hits@3 Hits@10
K N AR R 36.9 28.3 40.7 53.8 57.7 50.3 61.2 71.7
K AL AT 46 b 3 4 4R R 36.9 28.4 40.3 53.6 57.8 50.5 61.4 71.7
PLEI 37.1 28.6 40.7 53.6 58.9 51.8 62.1 72.2
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