K%

NANJING UNIVERSITY

o ‘ JoenKG.LCN
‘ebsoft ﬁ;r{ KA }q “#E [ﬂlfk#ﬁ%ﬁ”éﬂ ,
TG s A —_—

FINZERE

FRAS BAEMIRETE
202543529H




R ES
O AR EEH
m G SOREREES:
m B AR, BIRS, FRELNEER
0 Kol <E, 1B, E>=rd%T

m <FERERAZE, T, FERE>




R ESRIA TR IE
O AE&HIE

n AR A RS
O ZhREhS R

n ETEBESCHIRERIFEIL

o </Neg, WERT, MHEAE> <EHERAFE, I
T, EE>—<INE, BEE EE>

L




| AR E AR A I
O FIREhSISECE R
m BESCHRFRTMY
m AR RMRSREE

m WAEKAEN

FIRENSARIEN, FsC
UK, RERMBFTE LRSI
N, |HEEEARER




HIRENSRIFFAIE
O FRANEEHRIE
= JBFERIR
n AR

m {RIPENR

IR

8

IR

8

IR

8

ZIERIREE 2 (B0
BHEEIRSXER, B8
Itk BE#MYSESESHNR

=2 1l
<= i)

vg -
DBpedia JLICLE:
A Lexical Database for English

r~ Freebase WIKIDATA

&Open KG.CN W %
cA S FFRRTIR B

n n CN-DBpedia

G

eeeeeeeeeeeeeee

IMDb @ =w b

@RUGBANK Pub(Clhem

Q !;5!!)‘(% ByteDance

Alibaba Group & ANTGROUP hil ZFRkEN

o0
Tencent i amazon Baid®dE

FOTF DI mm [ A L5EH

RO EBS




GRS A=

O IE5EERR—HEFERATRERS
O FoERARSER. FiR&

oLy N e —— BAHE
O Jo,AER AFT53E SamT
O Tz EE il
SN,

T ALIME FiEASAENSEE?

ST 2B REAREZ R

8

IR

g BRI
MNMINPER
@

F=N




bk SHE R

O L S XENFRIESHEE
0 IENGERSETFRIEFS
0 A8 IRREFIRERILIRE
O P HXRIFRIEREREFS

O FBERAETSLIAR R me—
I SHETF I
XRRHETOETETEY @ ti
@

‘$uﬁﬁ]

TRVARAERLE, MR = [ rowa
A=




SR ESIEIRRIFEKIEZE

O B—5#lE
O B—a%5

O SRR

O B AR

r~ Freebase




w2z Ao N
FHREE rTiZGHIE R RY
O FAEEANAIRER

R BIRER: ETEFIMRRAE, (EBHFSIMIXRNRITIFS

n AEER: ETFeaREERFY, ETHEXEN|ASSRhRES
0 ZiREGENIIREESIZI

n FERAITRER . FIABMIRE R EERHEIERES]

m SRRz FUllGEERE, ZWRHERERENS




| AEE SRR A RS

BFXFBXHALZIGER  EFSrIaiZEE B EEia eIz e

=T BT LiREY BETREE
2T FE ETFEEIN BETWEFMAREEEE
ETFHEREE ETHEEBY 2T EGRRE

2022 2024




B FXFIEX A alZCiEHE

score
1. Sample the enclosing sub-graph around 2. Label the nodes w.r.t the target nodes to identify 3. Pass messages across the (sub-)graph to predict a score indicating
the link to be predicted (target link). their structural role. Uniquely labels target nodes to how strongly the structure around the target link supports its logical

mark them for the model. plausibility.

Figure 2. Visual illustration of GralL for inductive relation prediction.

Komal K. Teru, Etienne G. Denis, William L. Hamilton: Inductive Relation Prediction by Subgraph Reasoning. ICML 2020: 9448-9457
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score

relation
- head tail
Relation Graph Relation-level Entity-level [ ] [ ]
Training Graph of Training Graph Aggregation Aggregation Loss Optimization
’v Learned weights ’v Learned weights ’v
()

=) -

Relation Graph Relation-level Entity-level
Inference Graph of Inference Graph Aggregation Aggregation Link Prediction

Figure 2: Overview of INGRAM. Given a knowledge graph, a relation graph is created to define the neighboring relations of
each relation. Based on the relation graph and the original knowledge graph, relation and entity embedding vectors are
computed by aggregating their neighbors’ embeddings. During training, INGRAM learns how to aggregate the neighbors’
embeddings by maximizing the scores of training triplets. At inference time, INGRAM creates embeddings of new relations
and entities by aggregating their neighbors’ embeddings and conducts link prediction in the way it learned during training.

Jaejun Lee, Chanyoung Chung, Joyce Jiyoung Whang: InGram: Inductive Knowledge Graph Embedding via Relation Graphs. ICML 2023: 18796-18809
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Fig. 2: The overall framework of our Relational Message Passing Network.

Yuxia Geng, Jiaoyan Chen, Jeff Z. Pan, Mingyang Chen, Song Jiang, Wen Zhang, Huajun Chen: Relational Message Passing for Fully Inductive Knowledge Graph Completion. ICDE 2023: 1221-1233
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Zequn Sun, Yuanning Cui, Wei Hu. Lifelong Representation Learning on Multi-sourced Knowledge Graphs via Linked Entity Replay. Journal of Software (in Chinese)
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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:



| EHF AT S (e

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

TransE [5] 0.288 0.475 - 0.224 0.510 - 0.370 0.612 0.242
ConvE [14] 0.325 0.501 0.237 0.430 0.520 0.400 0.440 0.620 0.350
RotatE [48] 0.338 0.533 0.241 0.476 0.571 0.428 0.495 0.670 0.402

LP TuckER [2] 0.358 0.544 0.266 0.470 0.526 0.443 0.505 0.661 0.422
MuKGE (RNN) 0.285 0.433 0.210 0.406 0.447 0.382 0.447 0.617 0.354
MuKGE (RSN)  0.295 0.468 0.211 0.428 0.490 0.398 0.504 0.654 0.422
MuKGE (TF) 0.307 0.481 0.220 0.444 0.494 0.417 0.523 0.678 0.439
TransE 0.346 (20.1%)  0.562 (18.3%) 0.237 (-) 0.234 (4.4%) 0.528 (3.5%) 0.059 (-) 0.504 (36.2%) 0.699 (14.2%)  0.294 (21.5%)
ConvE 0.377 (16.0%)  0.575 (14.8%) 0.279 (17.7%)  0.455 (5.8%) 0.516 (-0.7%) 0.424 (6.0%) 0.467 (6.1%)  0.660 (6.5%)  0.387 (10.6%)
RotatE 0.375 (10.9%) 0.579 (7.9%)  0.271(12.4%) 0.476 (0.0%) 0.556 (-2.6%) 0.430 (4.7%) 0502 (1.4%)  0.719 (7.3%)  0.425 (5.7%)

JointLP  TuckER 0.386 (7.8%)  0.579 (6.4%)  0.286 (7.5%)  0.463 (-1.5%) 0.518 (-1.5%) 0.432(-2.5%) 0.542(7.3%)  0.699 (5.7%)  0.459 (8.8%)
MuKGE (RNN) 0.383 (34.4%) 0.581 (34.2%) 0.285 (35.7%) 0.398 (-2.0%) 0.475 (6.3%) 0.356 (-6.8%) 0.565 (26.4%) 0.739 (19.8%) 0.468 (32.2%)
MuKGE (RSN)  0.415 (40.7%) 0.612 (30.8%) 0.315(49.3%) 0.427 (-0.2%) 0.499 (1.8%) 0.384 (-3.5%) 0.626 (24.2%)  0.791(20.9%)  0.531 (25.8%)
MuKGE (TF)  0.400 (30.3%) 0.592 (23.1%)  0.303 (37.7%)  0.426 (-4.1%) 0.496 (0.4%) 0.385 (-7.7%)  0.664 (27.0%) 0.806 (18.9%) 0.581 (32.3%)
MuKGE (RNN) 0.388 (36.1%)  0.586 (35.3%) 0.289 (37.6%) 0.418 (3.0%) 0.474 (6.0%) 0.385 (0.8%)  0.584 (30.6%) 0.748 (21.2%)  0.490 (38.4%)

PR4ALP MuKGE (RSN) 0.435(47.5%) 0.644 (37.6%) 0.327 (55.0%) 0.430 (0.5%) 0.500 (2.0%) 0.388 (-2.5%) 0.656 (30.2%)  0.802 (22.6%) 0.565 (33.9%)
MuKGE (TF)  0.440 (43.3%) 0.648 (34.7%) 0.336 (52.7%) 0.459 (3.4%) 0.522(5.7%) 0.426 (2.2%)  0.687 (31.4%) 0.818 (20.6%) 0.608 (38.5%)

SLARRI A0
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BRSNS RE KTt

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
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Models
MRR H@Ql H@5 H@10 MRR HQl HQ@5 HQ@I0
TransE+ 1070 .0480 1641 2131 1153 .0633 .1645 2148
ComplEx+ 0316 0193 .0388 .0510 .0597 .0275 .0895 .1195

3N\ . A

T 1= N roabEi RotatE+ 0287 0191 .0370 .0444 0276 .0188 .0357 .0443
E. ) IZ1E _E,‘J)L | %Dl/q:la ConvE+ 1304 0809 .1773 2213  .1503 1041 .1976 2385
CompGCN+ 1078 0667 1423 1832 .1332 0831 .1821 .2241
s . HittER + 1464 0884 2018 2636 .1516 .0904 2056 2720
Wikidata, YAGO3, DBpedlaﬂ] CogKR+ 1170 0813 .1776 2168 .1296 .0808 .1937 2513
ey . ULTRA+ 1246 0833 .1685 .1951 .1352 .0889 .1815 .2238

seo .
= '—‘-'1] CrossLink-EP 1040 0645 .1348 .1680 .1092 .0518 .1686 2184
Freebase*@@i 27 2FEs=, Bl Dual-AMN+TransE 0898 0452 .1276 .1725 .0975 .0488 .1444 1859
S N — . CLP 1815 .0914 2878 .3981 .1816 .1121 .2545 .3192
4“31 /f\ll:lJ A schemataﬂ]sme w/o dual-view 1780 .0878 2847 3941 .1804 .1110 .2534 3172
w/o attention 1809 0896 2875 3956 .1702 .1044 2405 .2955
w/o augment 1320 0756 .1852 2323 1611 .0960 2274 2873

Yuanning Cui, Zequn Sun, Wei Hu. Transfer-and-Fusion: Integrated Link Prediction across Knowledge Graphs. Accepted by IEEE Transactions on Knowledge and Data Engineering.
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Table 1: KG reasoning results in various settings.

Inductive Fully-inductive ~ Transductive Average

A r=—gand S 14 KGs 13 KGs 16 KGs’ 43 KGs
%H{E.’Ez SOTA *E;—:I ]| /_\EEE Models ( S) ( S) ( S) ( S)

MRR H@I0 MRR H@I0 MRR H@I0 MRR H@I0

B NEUEEE _FEE: Supervised SOTA 0466  0.607 0.210 0347 0365 0511 0351 0493

' ULTRA pre-train ~ 0.513  0.664 0352 0536 0329 0479 0396 0557

LN\ RS R e s O ULTRA finetune ~ 0.528 0.684 0350 0542 0384 0.548 0421 0.590
MRRIEHRELAISEE S .

KG-ICL pre-train 0554 0707 0439 0.635 0346 0493 0442 0.606

KG-ICL finetune 0582  0.727 0449 0.647 0397 0.554 0473  0.638

=]

g
il
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Table 11: Detailed results on 43 datasets.

A Y~ |
Supervised SOTA | ULTRA pre-train  KG-ICL pre-train | ULTRA finetune  KG-ICL finetune D 4 3A E : ~ VA
MRR H@I0 | MRR H@I0 MRR H@10 | MRR H@10 MRR H@I0 I I91< - - “‘ =]

Datasets
|
[ FBVI 0457 0.589 | 0498 0656 0520 0678 | 0509 0.670 0531 0700 |
ro vz us1g U/l Uo1Z LURTIN Y] 0305 uoray oI5 Uty u.SBS 0.7
FB V3 0476 0637 | 0491 0654 0535 0695 | 0504 0663 0537 0704
FB V4 0466 0645 | 0486 0677 0513 0699 | 0496 0684 0525  0.706 sl :l:
ILPC-large 0070 0146 |0290 0424 0288 0412 | 0.308 0431 0295 0411 B K ( i ICL 57 * ’EE SOT Aé
~small 0130 0251 0300 0443 0288 0446 0303 0453 0316 0473 - y; Jﬁ 7| a: n
[NELLV 0.637  0.866 | 0785 0913 0693 0915 | 0757 0878 0.841 0995 | -

NELL V2 0410 0601 | 0526 0707 0.633 0835 | 0375 0.761 0631 0835
NELL V3 0436 0594 | 0515 0702 0613 0792 | 0563 0755 0.631  0.799
NELL V4 0363 0556 | 0479 0712 059 0791 | 0469 0733 0.594  0.802 Y
WN VI 0741 0826 | 0648 0768 0733 0838 | 0685 0793 0762  0.827 I-l-l > EE y E =
WN V2 0704 0798 | 0.663 0765 069 0783 | 0679 0779 0721 0787 . ~N {j: J\-L \ “._l.l ’I M1/ /_\E
WN V3 0452 03568 | 0376 0476 0425 0548 | 0411 0546 0503  0.626 <
WN V4 0661 0743 | 0611 0705 0652 0722 | 0614 0720  0.683 0749
FB-25 0223 0371 | 0388 0640 039 0656 | 0383 0635 0434 0.694 08 - . )
FB-50 0189 0325 | 0338 03543 0341 0559 | 0334 0538 0384  0.598 (a) inductive
FB-75 0117 0218 | 0403 0604 0438 0633 | 0400 0598 0458  0.664 %04
FB-100 0133 0271 | 0449 0642 0487 0694 | 0444 0643 0499 0703 :
NL-0 0309 0506 | 0342 0523 0557 0777 | 0329 0551 0555 0765 . " | ” J_l JJ | JJ |
NL-25 0261 0464 | 0395 0569 0550 0736 | 0407 0596 0540 0730 e o N N N
NL-50 0281 0453 | 0407 0570 0534 0704 | 0418 0595 0528 0708 R LRI ‘5’2 & 4\ 4” 4"’ X &
NL-75 0334 0501 | 0368 0547 0452 0673 | 0374 0570 0446  0.681 LR <3’ c; c;% qﬁé 4@ ¢
NL-100 0269 0431 | 0471 0651 0556 0762 | 0458 0.684 0557  0.766 é" é" V«’ V@
WK-25 0.107 0169 | 0316 0532 0423 0621 | 0321 0535 0425  0.628 0.6 1 (b) fullv-inductlve
WK-50 0247 0362 | 0166 0324 0273 0430 | 0.140 0280 0277  0.432 204 |
WK-75 0068 0135 | 0365 0537 0437 0602 | 0380 0530 0466  0.626 &
WK-100 0186 0309 | 0164 028 0262 0409 | 0.168 028 0270 0415 =02 - || | | I | | | I || I |

i 0311 (447 0182 (282 0203 (306 0,343 0,496 0313 0480 0 I i I I .

0473 0663 | 0472 0667 0465 0654 | 0.490  0.686 0.1117,9 0662 | S o S D o S &
0.351 0490 U.5/2 0515 0.330 04/4 0372 U525 0.402 0.565 Q Q’ A 4 4 » é‘b

CoDEx-large 0345 0473 | 0338 0469 0261 0376 | 0343 0478 0388  0.508 0. 6“ @ < ] ¢ ¥ "Q é) "&) %\’ & “& & &F
ConceptNet100K | 0320 0553 | 0082 0162 0249 0416 | 0310 0529 0371  0.584 (c) transductive
DBpedial 00K 0306 0418 | 0398 0576 039 0541 | 0436 0603 0455  0.604 0.4
FB15k-237 0415 0599 | 0368 0564 0359 0541 | 0368 0564 0376 0538 &
FBISk-237-10 | 0.219 0337 | 0248 0398 0274 0433 | 0254 0411 0260 0416 202 | I JJ JJ | JJ
FBISk-237-20 | 0.247 0391 | 0272 0436 0285 0454 | 0274 0445 0284 0456 ‘
FBISk-237-50 | 0293 0458 | 0324 0526 0329 0520 | 0325 0528 0324 0499
Hetionet 0257 0403 | 0257 0379 0260 0371 | 0399 0.538 0269  0.402 ‘d ,& o’>° \"3‘ \uﬁ* @3" q',‘3\ AN ,\ ,\»Q oo q*’ &é“ >° &5
NELL-995 0543 0651 | 0406 0343 0532 0653 | 0509 0660 0534  0.672 & g 37 8 o & ¥ '\”2 QXQ q@ W
NELL23K 0253 0419 |0239 0408 0317 0532 | 0268 0450 0329  0.552 é’ <F & z,Q Q,Q Q \é*' ¢$’ @' \Q’ V’
WD-singer 0393 0500 | 0382 0498 0470 0582 | 0417 0526 0493 0.599 C ooo
WNISRR 0.551 0.666 0.480 0.614 ()'4?" 0.527 0.480 0.614 0.536 0.637 Supervised SOTA = ULTRA pre-train @ ULTRA finetune = KG-ICL pre-train ® KG-ICL finetune
YAGO3-10 0563 0708 | 0451 0615 0352 0503 | 0557 0710 0545 0.688
Average [ 0351 0493 | 0396 0557 0442 0606 | 0421 0590 0473 0.638 Figure 2: MRR results on various KGs.
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