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What is Knowledge graph Foundation Model

Background : Knowledge Graph & Link Prediction

«  Knowledge Graph= world knowledgeE (head, relation, tail) triplet2 2 H74

v Entity= node, relation type labeled edge0i| CHS
» Ex) (Messi, plays_for, Barcelona)

v Text corpus2 C} 1Z=ZX 0|, relation path= 2} logical reasoningO| 7ts
 Task : Link Prediction

v A0l KGE 2EAM O Z incompletedtH, 0| M2 A0l B8

v Query (r?)E= (2, t) 0 THSH missing factE =

v' Recommender system, entity linking, KGQA, drug d|scovery S0 &
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What is Knowledge graph Foundation Model

Background: Transductive KG Embedding

- MEA F2: Transductive Setting

v’ Z entity@} relation0| 173t learnable embedding= &2t scoring function2
2 plausibilityE A4t
= TransE, DistMult, ComplEx, RotatE =
= SHSEl embedding table AFA|7F 1 KG2| X[AE BHe 72
v Transductive 7}d: st& A|™0|| 2= entity-relationO| 2&k|0f RLO{OF &
» MZR entity?t SZSH S embeddingC| 810 2 XHH|7t E7ts
= MZZ KGOIC A=h=0] 8 — one graph, one model
= embedding tableO| graph-specific parameter®! 225 X2k Z=Xj
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What is Knowledge graph Foundation Model

Background: Two Inductive Settings

« Training graph2} Test graph2| vocabulary & & Z 0| [}Z inductive &2
v" Entity-Inductive (Partially Inductive)
Etrain  Etest + & Rirain = Riest
= ME2 entity= S&SHX| T relation vocabulary= 17
= EX) 22 ZOQ KGOl At QIE-4E0| F7tkl= &

O o

v" Fully-Inductive

Etrain © Etest  Rirain © Rtest
= entity?} relaton 25 HZ E= 2 — AMM A 2 S| CHE domainl| KG
= EX) Wikipedia KGE 35 £ biomedical KGO|M =&
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What is Knowledge graph Foundation Model

[ .
oHI
=

Query2| head entityS 7| &
representation2 2 H| At

N
Ok

F

S|z A2
= EX) A —authored
v 2L} relationE 0| M|
o

S5 El embedding2 2 HE

Konkuk university

OFO|LC|Of: entityE "ID"7F OfL|2f "FZ& Hel(structural role)

T ao—

A hored— B —genre— C 2h= Il HE S50 Michael JacksonO|
= S Lot HEE

Background: Entity-Inductive Reasoning

2 5
2 0} B E nodeE 10| CHBt relative

£ entityZ} OFL|2} relational pattern

= Beatles

Entity representations

Entity representations
relative to relative to Beatles
M F. 3
“7 transfer ’g’/’
L' > >
Thriller

Let It Be

disco rock
Michael ' Beatles *f‘
viichael - o, . Coyy. %
Jackson 60 Quincy b *Q  George
Jones

Martin

Graph & Language Intelligence Lab.



What is Knowledge graph Foundation Model

Background: Fully-Inductive Reasoning & KGFM

* Fully-InductiveE £7| {SHA-= relation HA| vocabulary2t F2SHA B S|OF 2
v relations AFO|Q| &= At L HZ 0|83l A, relation H3 4/d
v O] &N FH/EZ a&SHH /9|9 relational vocabularyE 7+ KGE 0|

=

- O|E HIE 2 Knowledge Graph Foundation Model(KGFM) TH2{CHRIO| S% (2024)

v"one graph, one model — one model, any graph
v |nput feature §iO| X |§(Structura| s|gna|)|3|_|'2§ e

: HSBC Finance
pre-train & zero-shot inference e .
v 29| KGZ pre-traingt L g e
CH D EI0] 5071 O|AF2| unseen KGOIA =2 S cii—

: Bloomberg ‘ Oxford Gtram

[ ] ®
CPU
®
@ [ ]
TokyoElectron Intel Gtest
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What is Knowledge graph Foundation Model

Background: Why LLM Integration?

« X AMDOOCZE QE|MORE AR ETFs
v TEE 4X[B2|0|7} CHE relations %OE
v' EX) fatherOf vs sonOf — 72X 2 CFO0[X

« Test-time relation vocabulary”Zt 3|28} setting®ll M & 7|HI2 H50| 2435 1

- HMA KGE entity-relation0f| AtHO| EIAE S HO| gt SEISHK|RE T2 7|2 KGFM

=
2 0| 28o| E&
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2. Entity-Inductive Reasoning

CONTENTS + [2022][ICLR][NBFNet]




Entity-Inductive Reasoning

[2022][NIPS][NBFNet]

Neural Bellman-Ford Networks: A General Graph
Neural Network Framework for Link Prediction

Zhaocheng Zhu'?, Zuobai Zhang'*, Louis-Pascal Xhonneux'?, Jian Tang!~+*
Mila - Québec Al Institute!, Université de Montréal?
HEC Montréal®, CIFAR AI Chair*
{zhaocheng.zhu, zuobai.zhang, louis-pascal.xhonneux}@mila.quebec
jian.tang@hec.ca
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Entity-Inductive Reasoning

[2022][NIPS][NBFNet] : Motivation

» Link prediction®| 7| & T 2{C} 2 2f2f B2L5 trade-off
v Embedding-based (TransE, DistMult, RotatE)
= local subgraphE YA|E2Z encodingStX| 22 transductive
v" GNN-based (VGAE, RGCN / SEAL, Grall)
= Auto-encoder A& H2EH2 =X transductive
= Subgraph A €2 inductive, linkOFCH subgraphE TH=0{0F 3l scalability &1

- A7 AE : Inductive generalization - Interpretability - High capacity - Scalability
o) o
s A0 25 = US
Method Inductiv Interpretable Learned Representation Time Complexity ] Wall Time
VGAE [32]/
RGCN [48] v O(d) 18 secs
NeuralLP [69] / 1€]d )
DRUM [46] v v @, (W + dz) 2.1 mins
SEAL [73]/
GralL %55]J v v O(|€|d?) ~1 month
NBFNet v v v O (% +a*)  40mins
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Entity-Inductive Reasoning

[2022][NIPS][NBFNet] : Method

« Key Idea
v' node paire|] ESE "F L E ALO| BE path EF10| Yutst=l SO 2 9|
v" Query relation g0l CH gt pair representation

h‘?(ru"“) — hQ(Pl) CI hQ(PEJ {D e CI hq(‘apili_l|)|Pi E‘Puu é @ hﬁj’(PJ
PEFH!.‘
| P

h,q(P = (E1,E2?...?€|p|}) = wq( )@wq( )';“:f . & 'qu(f|p| = ®wq(€i)
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Entity-Inductive Reasoning

[2022][NIPS][NBFNet] : Method

* Generalized Bellman-Ford Algorithm
v =X Path == Z0[0| 2t X|+=He 2 J7t - Y €H= &7t
v' Berman Fold : uO|M vE 7tz 2= B2, BEEA| v2| O|R & Stlix)E OFX|9Y

Ol A =

Pu v

Konkuk university

H 2 HXICH

U {(fu; — z 4 =2) + UFA| % edge (z, 7, v)}
(z,r,v)e€(v)

EEEEET

@h(tl ) @ wy(x,r,v)

(z,r,v)
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Entity-Inductive Reasoning

[2022][NIPS][NBFNet] : Method

h{%) « INDICATOR(u, v, q)
h{!) + AGGREGATE ({MESSAGE (h“ D w,(x,r U))‘(.’L‘, r,v) € 5(@;)} U {hg")})
v INDICATOR : Query Entity= 12 F1, LIHX|= 022 FLt

v 5, 2E|7f Of= MPNN 0| A FeatureE A XSt F2|2H1, LIHX[= 022 & A
= Entity@| FeatureE AFESHA| QB2 2M, Entity-Inductive o ZH01| CHoH Lt}

NBFMNet

L VL -

Link Prediction Boundary Condition Bellman-Ford Iteration Prediction & Interpretation
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Entity-Inductive Reasoning

[2022][NIPS][NBFNet] : Method

NEFMNet

- V% L L

Link Prediction Boundary Condition Bellman-Ford Iteration Prediction & Interpretation

« A moj==t2l
1. Link Prediction (h, r, ?) 4=
2. Query Entity (S 12 =7|3}, LIHX| Entity 022 X7|3}
3. Massage passing Neural Network 2134
4. Z+Z+9| Entity Embedding -> MLP -> Z[ZF Score

Konkuk university 16 Graph & Language Intelligence Lab.



3. Structural Signal-based KGFM

CONTENTS + [2024][ICLRI[ULTRA]

« [2025][ICML][MQOTIF]
« [2020][ICLR][FLOCK]




Structural Signal-based KGFM

[2024][ICLR][ULTRA]

TOWARDS FOUNDATION MODELS FOR KNOWLEDGE
GRAPH REASONING

Mikhail Galkin!; Xinyu Yuan??3, Hesham Mostafa!, Jian Tang>*, Zhaocheng Zhu*?
'Intel AI Lab, 2Mila 3University of Montréal “‘HEC Montréal & CIFAR Al Chair
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Structural Signal-based KGFM

[2024][ICLR][ULTRA] : MOTIVATION

» Foundation model
v" Foundation model2 "=l &H2| 02| (vocabulary)'7} 47|0] & & tC}
v’ J2{L} KG= graphOtC} entity-relation vocabularyZt CEE 1, A2 BX|X| Q4=LCt
v HEE9] inductive 7|H2 entity E¥2 relation2| &+2 F/4SI2 2, relation

vocabularyZt 117

> S A HF: 219|9| entity-relation vocabularyE 7I2X| 2 & invariance= $
o 7|.7
| °

>

Konkuk university 19 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2024][ICLR][ULTRA] : MOTIVATION

+ ULTRAS| & 7HX| =) Bt
v Relation datasetOtC} SF2LE, relation AO|2] M A8 2 Q ALSE L transferable
v Z7| relation Eg= 1 42 A0 =AISHH, O™ input feature= 2R §ICk

— . . . 2 —t P~ ﬁ—l— O
= JH: entity-relation embeddingS 9] Sf50HA| B4, OHH KGO = zero-shot X-&
2l 73] SEA
—_— or=—
‘tstt #9185
Entity representations Entity representations Relation representations Relation representations
relative to relative to Beatles relative to genre relative to win
P transfer ) transfer
Thriller Robert Tarjan
genre
2h _
disco Turing
& Award
Michael coy; Michael€oZ 2 Donald ™
b ah =
Jackson ; -~ Jackson Quincy enthored collab Knuth Robe
Jones Martin Jones Floyd
(a) Relative entity representations transfer (b) Relative relation representations transfer
to new entities (NBFNet, RED-GNN) to new relations (ULTRA)

Konkuk university 20 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2024][ICLR][ULTRA] : METHOD

« ULTRAZ| 2-STAGE FRAMEWORK
1. Original GraphOf|A{ Relation?t2| 42X 9 2 Relation Graph T4
2. STAGET1 : Relation GraphOflA NBFNet2 £ 17X Relation E31 4
3. STAGE2 : 44 &l Relation Embedding= AFH&5H0] R2f 2= 0| A NBFNet

Knowledge Graph & Query Learn Relative Relation Representations Learn Relative Entity Representations
Thriller N\ Thriller ™
\41(,%. o

0, o
t2h

Sony,
disco h? = INDICATOR, (u,v ‘“ disco
:'“ ) ;( v0) " h),, = INDICATOR,(u, v, q)
h, = GNNr(h . -_g?"; Rfmr.ci) gL - t |
_;\"L ® vl|u t vl hz.,-|u = GNN((hU i g’ Rq)
Michael * coy; .»,, . authored O R, « Hb‘l'u Michael ‘o ; .
Jackson =~ --- @ Quincy collab Jackson - Quincy _,/
Jones / Jones
. L . . Inductive link prediction using relation
Query: (Michael Jackson, genre, ?) Conditional relation representations for genre

representations conditioned on genre

Konkuk university 21 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2024][ICLR][ULTRA] : METHOD
 LIFTING Relation Graph

» 2h: 1 (w v) A (v w)— 12| tailO] 1, 2| head

= 10

* h2h: (v w) Ar,(vw)— headE S+
« h2t (v u) Ar,(wv)
= 2t (wv) A (W v)— tailE S+

L

/ Thriller \

Michael * <oz, ;

\Jackson S~ -

=> Relation{t2| A2 &8 = L ASLT| 2|2h

Konkuk university

>
o

-

genre
t2h
»
authored @
collab
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Structural Signal-based KGFM

[2024][ICLR][ULTRA] : METHOD

- Stagel : Relation Graph %{0{A] NBFNet= £/
v" NBFNet9| labeling trick2 relation Z9I2 L2 Z0{2T
v' Query Relation = 1, LI X| Relation = 0
v A= otE0Hs A2 t2h 22 edgel| Representation / MPNN Linear layer

Learn Relative Relation Representations

/o genre
t2h

A v|u = GNN (ht ! graRfund)

v|u
authored @ R — I—I’UW

\ collab /

~

h?, . = INDICATOR,(u, v, q)

'v|u

=> Feature 'S 2 & L SIX| Y= 72X Relation 2 2|5

Konkuk university 23 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2024][ICLR][ULTRA] : METHOD
« Stage? : Original Graph /0f|A] NBFNet%

v’ Relation 31 = STAGE10|AM 71X & :rL ._4
v' NBFNet2} =& 0|, Query EntityS 12 LIHX| Entity= 022 =L}

v Sh55hE A2 Entity Layer &

Learn Relative Entity Representations

/ Thriller \

Michael ¢

@ckson

/

Inductive link prediction using relation
representations conditioned on genre

|:|0I-

=> Feature 'S 2 & L SIX| Y= 72X Relation 2 2|5

Konkuk university 24 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2024][ICLR][ULTRA] : METHOD

« ULTRAZ| 2-STAGE FRAMEWORK
1. Original GraphOf|A{ Relation?t2| 42X 9 2 Relation Graph T4
2. STAGET1 : Relation GraphOflA NBFNet2 £ 17X Relation E31 4
3. STAGE2 : 44 &l Relation Embedding= AFH&5H0] R2f 2= 0| A NBFNet

Knowledge Graph & Query Learn Relative Relation Representations Learn Relative Entity Representations
Thriller \ Thriller \
genre
. Lo t2h e
' disco h)|, = INDICATOR,(u, v, q) / disco [
- . " e h,, = INDICATOR, (u, v, q)
gt h),=GNN,(h! .G, gz - - B
I\&; i vhu = w"d . :S: hi‘h: = GNN((hL u,l‘ g‘ RQ’)
Michael *, <o/, > v ) dulhored Lo = H“ Michael o, N .
Jackson (2) Quincy LU"db T : Quincy
Jones _/ Jones _/
. .. . _ Inductive link prediction using relation
Query: (Michael Jackson, genre, ?) Conditional relation representations for genre

representations conditioned on genre

2-STAGE X E & H, Relation / Entity2| FeatureE ™ AIESHX| &4
=>ot& A 0| &2 & Relation/Entity0f| CHS A Ltz 7t 7t

Konkuk university 25 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2024][ICLR][ULTRA] : EXPERIMENT

Inductive (¢) + (e,7) Transductive ¢ Total Avg Pretraining Inductive (¢) + (e, r)
Model (27 graphs) (13 graphs) (40 graphs) (3 graphs) (8 graphs)
MRR H@10 MRR H@10 MRR H@10 | MRR H@10 | Hits@10 (50 negs)
Supervised SOTA  0.342 0.482 0.348 0.494 0344 0.486 || 0439 0.585 0.731
ULTRA 0O-shot 0.435 0.603 0312 0458 0395 0.556 - 0.859
ULTRA fine-tuned  0.443 0.615 0.379 0.543 0422 0592 || 0407 0.568 0.896

ULTRAZ| Pretraining
v" FB15k-237 + WN18RR + CoDEx-Medium (Freebase / WordNet / Wikidata Al &)
v StEE|l= A: 47 fundamental interaction embedding + UPDATE linear layer 2
= Entity embeddingE, relation embedding= &H&5HK| 42
ULTRAZL]| Inference
v 5771 KG(1K-120K nodes)0| A BE

v Zero-shot ‘B MRR 0.395 vs graph'2 supervised SOTA 0344 — &t& Q10| B
15% &2

Konkuk university 26 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2025][ICML][MOTIF

How Expressive are Knowledge Graph Foundation Models?

Xingyue Huang' Pablo Barcelé>3* Michael M. Bronstein ' > Ismail flkan Ceylan' Mikhail Galkin °
Juan L Reutter >** Miguel Romero Orth >*

Konkuk university 27 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2025][ICML][MOTIF] : MOTIVATION

. ULTRAZ} KGEM2| FEZ0| E|QIX|TF "2ADpL} T210]| Qe 3h T &
NE H0| g8
v ULTRAZ} relation AFO|OA E= HE = AHA 012 H|oHE &
v ULTRAZ| 4| interaction(h2h, h2t, t2h, t2t)2 relation & 7 Hwﬂl 2-path IH &
v M| 7l O|A9] relationO| €| BF=O{ L= h|gher—order DAEL2 HA 7t

o 1 AL} PO E FEE|0OF ¥ relationS0| £2 B
v' Relation 20| S7HX|H entity encoder?t 0|2 nodeE +=&
prediction ApA{| 7} A1 1j

= SuE
+ el &

Al =0 link

Konkuk university 28 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2025][ICML][MOTIF] : METHOD

1o

Al O}O|LC|Of: "relation graph"Z "relational hypergraph"= 83}
ULTRAZ| 47| interaction= £ H|O|AE XL TSHH= general motif framework
o =2f2l2 ULTRAR & &ot 3CHA|, @Bt =&t &
7| &2| Relation Graph ++% -> Relation Hypergraph ++=
= Motif = relation k7HZ O|F 0%l 22 Ti &, O2j= otofl O mfHO| A= EXSHH, O
k7l relation= SHH'HO| |F= edgeE =Lt

<N X

Knowledge Graph G . 1. LIFT G with motif set F  2- RELATION ENCODER 3. ENTITY ENCODER
: over LIFT (&) over GG
. : r1
_ 0 . n O
v : e SYPIPRRE .. P, > _ v
U / | ‘\O : a { N 2 “ U / (_\©
T3 . PP e—>e—>e : 2 P rs @
. r A roo : -— . A
' r1 : Po:oe—>e-—>0e—0 \ :
v ©=—>o S i aBLLT / 9o .
Sl -" - u S o= -

=>"ULTRAE relation=S =20t BtC} MOTIF= All O| A2 SHH EHOf| 2 LC}
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Structural Signal-based KGFM

[2025][ICML][MOTIF

23 knowledge graph

: METHOD

O—EO—O—@

(D ULTRA — relation graph

alo

r1atr3 = &8 AE g

_ - -
— ~
~

t2h t2h

=> Relation Graph= 7+ d5l=

Konkuk university

Edgel| &F

(2 MOTIF — relational hypergraph

3-path hyperedge P(r1, r2, r3)

O=0=0)

t2h & 7§ + M| relation2 ot

h
—

:HIZI

7} Relation 12| Z 0| o1 =5 2-F Lt

—

Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2026][ICLR][FLOCK]

FLOCK: A KNOWLEDGE GRAPH FOUNDATION MODEL
VIA LEARNING ON RANDOM WALKS

| %

Xingyue Huang®* Krzysztof Olejniczak’ Kyungbin Min'
342

Jinwoo Kim
Michael Bronstein>* Seunghoon Hong' Ismail Ilkan Ceylan

'KAIST ?University of Oxford 3TU Wien *AITHYRA
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Structural Signal-based KGFM

[2026][ICLR][FLOCK] : MOTIVATION

 The Two-Stage Paradigm
v' ULTRA — BASED &2 2-
v &, relation=s WX 213
v O|= Qlot HH &4 &
= EntityQ| 72X FHEL} HlE4 59| HHEIE &4
= Relation 32| {2 = O[0{Z

Konkuk university 32

Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2026][ICLR][FLOCK] : MOTIVATION

« Expressivity Ceiling of Deterministic Equivariance
v 7|EKGME 7 =AU "TZH O Z isomorphic®t relation HIEA| S LT H
32 J}K{Of BIC}
v O] M|O| KG 7+ Zhtstol AHO|X|2 SAOf Eei=e| HEHO| &

v Al PR ZX|3E o|0| 7t CHE relations QI2|HC 2 & 7}
» SOLUTION : M|&fE "=t& +=&"2 = 2t2}StLt Probabilistic Equivariance

v message passing 210(, Random walkE ALE

v &, Random Walke| sHEH Mo Z Olg| 22 =7t oF 9| Forwardd|A CHE &

o10] 7tset
Yoda

HanSolo o DarthVader
/. .\
o o o
Jabb& /_uke\ /Leia
@ o

Emperor Chewbacca

Konkuk university 33 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2026][ICLR][FLOCK] : METHOD
* (@O Random Walk Algorithm

v" Diverse starting locations

= query (v ?)0 CHSH B 3n7H walk

= FH2| =M S n7l, 22| EdgediM = n7l, FEE =20 ZE nd
v" Uniform non-backtracking walk

» AW LEZ K[FOMA| &0r M S| W2 A A

[La'2 B, 3, v, 4]

V \T/ X \6EB82828 o NN

\ / \ / O—>0—>0=<—0 @ - \ /
[1, o, 2, a, 3, ", 4]
Random walks Recording protocol Sequence processor Consensus protocol

Konkuk university 34 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2026][ICLR][FLOCK] : METHOD

@ Recording Protocol
v WalkOl|l= KGOIC} 239t noderelation ID7F AL 2 ==%|0 ©O| =7}
v' 8{Z : Node-relation anonymization

T2 LS

T @ B8 a !
N = vy — V1 —> Vo > U > l1—-2—=3—1,

v node2t relationd| 2= namespaceE F1 & =AMUE 0|5 £
-> 72N F2 P 5 identity= Ar2HY

[L,a',2 B, 3, v 4]

O<—0O0—>0—>0

O
o T o
T2 T3
VAN V4
O O
T2 ™1
PPN
o o

Random walks

NN
- N

Sequence processor Consensus protocol

O—>0—>0<«—0

[1, o, 2, a, 3, ", 4]
Recording protocol

Konkuk university 35 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2026][ICLR][FLOCK] : METHOD

* (3 Sequence Processor — 2} walkE SE&C = QI3 Y
v' Bidirectional GRU (1 layer, hidden dim 64) X{EH
v 07| M entity2f relationO| StLIS| AR A QO S| 212 E &

O O l ,
T2 T3 ™ > s Sy s ’ s
/ \ \ O<—0—>0—>p0 - \ \
™ T2
o o o\ P

Random walks Recording protocol Sequence processor Consensus protocol

Konkuk university 36 Graph & Language Intelligence Lab.



Structural Signal-based KGFM

[2026][ICLR][FLOCK] : METHOD

« @ Consensus Protocol — walk=2| XM|otS 2O} stateES ZH A
v Zf walke Ap0] BF-E3F noderelation®]| CHSH Update ProtocolE LH&E =Lt
O|Z multi-head softmax-weighted averageZ ¢t
Z} WalkOfl i &SH= noderrelation Embedding= Z44!
@ ~ @ 285 U=5t0 2[5 gH|EE ==

<N X

[L,a',2 B, 3, v 4]

/ \T/’ \ O<—0O—>0—>0 < 0—>
\ / \ / O—>0—>0<—0  (® -

[1, o, 2, a, 3, ", 4]

N\
N

Consensus protocol

Random walks Recording protocol Sequence processor

Konkuk university 37 Graph & Language Intelligence Lab.



CO N T E N TS 4. LLM Integration Strategies

« [2025][EMNLP][SEMMA]
« [2020][ICLR][KRLM]




LLM Integration Strategies

[2024][ACL-F][PROLINK]

LLLLM as Prompter: Low-resource Inductive Reasoning on Arbitrary
Knowledge Graphs

Kai Wang', Yuwei Xu', Zhiyong Wu?, Sigiang Luo'*
"Nanyang Technological University *Shanghai Artificial Intelligence Laboratory
Tkai_wang @ntu.edu.sg, S220060@e.ntu.edu.sg, sigiang.luo @ntu.edu.sg
twuzhiyong @pjlab.org.cn
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LLM Integration Strategies

[2024][ACL-F][PROLINK]
» KGFM2 relation graphl| T+ 4120 MM =2 o|Est=0H|, 1 A= 7} 5|4}
oF &}2t0] P 0| S5tLt
v" Low-resource inductive reasoning — inference KGOI| A query relation2| support
tripleO] AHL| G{ALt Ot0| Bl= 8%
v EX)AE =02 ME =0, M2 F7HE relation S long-tail &%

Knowledge Graph Relation Graph

Training KG occupation OCCUp'It]O[“I

Entity 2 }—{ Entity 5 ) /_

i / 2h

E[ltily ; ...Q60ups 1tion 5 O \r E
SO R

« 22X ™9|: K-shot Inductive

acted by h2h !

. ’ -Entily 4 1 actedby
Reasonlng ] occupalion i ' '
. . A (@) Learnable Interaction th:.ddlngs

v Fully-inductive 273 2| M ‘ s

4 Entity 2 |—'JOb [E-nlity SJ hot
Entity 4JU—bV[Enl11y (JJ | X ;‘7;’ sung by

X
[nf(:(mc KG co- m:rhd @q‘ .on“mk :d

relation 7, Ol CH3H support triple ,
Of T+ k7HZH F=01 -

sung

Konkuk university 40 Graph & Language Intelligence Lab.



LLM Integration Strategies

[2024][ACL-F][PROLINK]

« GNN Reasoner — 7| & =42 ULTRA2I =&
v 7|0l low-resource CHS-S QIst F 7IX| &3} 7|#HE F7t

- e . . o r,
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@ LLM Prompter "Head Example": "Entity name 1", % 1. LLM > \'s_,‘
"Tail Example": "Entity name 2"} } Prompter ®
]‘ Relation Semantics Prompt Graph
o - . _ sl ssin ; :
1. LLMZ &6, relation St £

(@)

S
o O = (s Tg) | (e, 1, e)(e 1 e)le,r,e), >> Tl
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51 (e, 1, e),(e. 1, e),(e, 1, €),] Relazon Graph

Raw KG Triples v
- . XX — . [(e4 1, €), (e, 1, €), (e, T, €), /0\6
Ol—l- H'—-lr head/ tail ﬁgl ‘?‘E entlty type Query (g. r,e)(e, 1, e)(e 1, e), »
Calibrator
N4

YA

N W

. o

2. —I|:— relatlon9| head ZET typeO| E.'II o o OOO >>> [3 (Pre-trainedﬂ«< <0—\b(§
o

B h2h SIX| 2 2t P TS N O

: : ¥ by
(LFH X] interaction & %) Kgs b° | ¥ ;Callbrétcdl
el Prediction Results rompt ~tapa

Konkuk university 41 Graph & Language Intelligence Lab.



LLM Integration Strategies

[2024][ACL-F][PROLINK]
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LLM Integration Strategies

[2025][EMNLP][SEMMA]

SEMMA: A Semantic Aware Knowledge Graph Foundation Model

Arvindh Arun® !, Sumit Kumar® 2, Mojtaba Nayyeri ', Bo Xiong *
Ponnurangam Kumaraguru ?, Antonio Vergari *, Steffen Staab °

Institute for AI, University of Stuttgart, “III'T Hyderabad,

3Stanford University, *University of Edinburgh, °University of Southampton
arvindh.arun@ki.uni-stuttgart.de
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LLM Integration Strategies

[2025][EMNLP][SEMMA]

o TR RAZUOZE= FE X7 E7Fset A0l Ak
v Query relation2)] vocabulary7 [ test graph2f 2t 22| E harder setting
v O|0|7} HEICHOI &= relationS 7XPtO 2= M| A28 = QS

o HO| BE AMMH KGE Text-Attributed KG(TAKG) — identifierd]| Xt O 2}
Ol 201 /U=

Konkuk university 44 Graph & Language Intelligence Lab.



LLM Integration Strategies

[2025][EMNLP][SEMMA]
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LLM Integration Strategies

[2025][EMNLP][SEMMA]
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Research Direction

Observation & Assumption

« LLM Based KGFM2| = 2t&t

v L2 HO|EHAIN|A, LLM Based KGFM2| &2 7|= REIQl ULTRA ELCt &5
= EX) MetaFarm (MRR+.0.2) / YAGO (MRR-.0.07)

. I31|0|E1“' 2 /4 O|EAl LHOM TR 2 8l= Semantic &7} CIE
v HIO|HAl & . 2|0 A O|O] ==l AR (SEMMA / KRLM)

v Z2 HO|EAMl LHOIA = H2|EE TR 2= Semantic M E 7} CHE Z0|C}

v TEH PR S 8R0s 29[2 "MAE FEIF LO|=Tt &|X| RS

LS =

= EX) fatherOf vs sonOf : AKX Q2 F&, YO 2|07} Semantic embedding At

v Btz #2H JEIt 250 dRALL #ERN2E #20| 27ttt 8R0=

=
A E HwUt O T3 Z0|Ct
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Research Direction

MOTIVATION : Background

* Structure-only KGFM< Semantic Blindness& 77/ Ct
v TEREOZ FASHA|RF 0| O 2 LHE relation (&Y T+ 7 ¢ 2| 2|0O))
v Query Relation2| Support triple &= (Hard Inference)

« LLM-based KGFM2| 5%} -> Semantic BlindnessE E2F > H = & S H
A

o
v SEMMA, PROLINK, KRLM relation name, description == LLMZ2|
A= Axoto 2 12517 {22 relationS £ 2tSHLCT

« Of 0] Knowledge Graph Foundation Model X} N| =, ¥ 2] StructureTt H= Ao 2 M|
v KGFM2 Feature §E & oM O 2 AN 2 EM, Unseen KGO|| CHSH YH
v  O7[0] Semantic 32 & EZ&5t= A2 2|07} Sl HOAL LMo = ZEHKGO| CHS
Robustness’| & Of X| A| StC},

« 91X} Semantic M HE0| 0 A0 M Fully-Inductive KG Reasoningdl| = &0| £E|=X|, S &t
A7} LOJLIX| AAUS
v HO|EA SFETHOtL 2t F 2| HEYME 2 St= Semantic H E 20| CHE L}

HH
v StructureZ! E =0 & 7ls?t #el=, 29| 2 Semantic B E 7t Knowledge Distortion
0l O 7| |;|.
= — -
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Analysis : INDEX

2-1) Semantic Utility M2

2-2) 22 O|O|E{ All Ot M = F 2| & Semantic Utility7} & CI£7}2
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Research Direction

Semantic Utility : Background
1)

A Theory of Usable Information Under Computational Constraints", ICLR 2020
o XNQF: ZHEXIE 22|71 HX2 = et==2| Mot VE Kot
Usable information & =4 2| X10| ("EMSt= HE" -> & = U= HE")

2L A O]

=2 T A
°

Hy(Y | X) = infExy[ - log fIX|(V)] Iy(X —>Y) — Hy(Y |0) — Hy(Y | X)
2) Understanding Dataset Difficulty with V-Usable Information, ICML 2022

ZZ - infE MASID, AN Z StEoiM @2 2EZ 0
[

WA S HHL D Instance Bt 2 £ Lt
OO 4 'ZH0[ =& model-relativeSt#|, 12| 1 instance tHeI 2 Z0HSH A ZIE
PVI(z — y) = —log g[@](y) + log ¢'[z](y)
3) Measuring Usable Information Beyond a Baseline, EMNLP 2021
o "XO| §ET} QLLp"7t OtL| 2} "baseline BO|= 2111 XOf|
BE 0O|0| & =+ 2

= O U= HEIF QL

. 2 = U= HENO A, X7t F7tE XSSt usable information.

IyX —Y|B) = Hy(Y|B,o)
| —

BoF = wfj2] 2 M loss

- HV(Y | B! X)
—_———
Bzt XE = 2] =4 loss
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Research Direction

Semantic Utility : Definition
Iy(X =Y) = Hy(Y |0) — Hy(Y | X)

(X —=Y|B) = Hy(Y|B,@) — Hy(Y|BX)
N’ S——
BT = ] 24 loss B2 XE = u|2] 29 loss

PVI(z — y) = —log g[9](y) + log ¢'[z](y)

PVI(z — y | b); =; — log g[b, &](y); +;log g'[b, z|(v)

!

Semantic
Utility

U(g) = logps,r(t*|q) — logps(t* | q)
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Experiment1

Konkuk university

Semantic

U(g) = logpsir(t™ | q) — logps(t* | q)

Query'Z Semantic Utility 578 A ¢

-—

. SEMMAZE StructureTt2 2 pretrain
. SEMMAS Structure + Text=2

Pretrain

Inductive &ZH0j| A queryE £ U(q)S
=%
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Research Direction

Experiment1 21

Fig A - query-level utility of the text channel, per KG
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