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Task Definition : What is Forecasting?

Temporal Knowledge Graph

* Knowledge Graph
v A MAH[2| fact=2 (subject, relation, object)2| triple YPE= Hod
= Ex) (Messi, plays_for, Barcelona)
v' FactE2 A|ZH0]| et BiolS=0| KG= 0| EooHK | = &
» EXx) (Messi, plays_for, Barcelona) = 2020'321 £0| 11 2022 F2A HA
« Temporal Knowledge Graph
v J|& tripled]| timestampE ¢ (subject, relation,object, time)2| quadruple PEHZ H>
= Ex) (Messi, plays_for, Barcelona, 2020) / (Messi, plays_for, PSG, 2022)

L [ e

t-0 t-1 t-2 t-]
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Task Definition : What is Forecasting?

Interpolation vs. Extrapolation

* Interpolation
v 2S5 2L O AIECS| factE &2
n ARbEME HEO 2 40] T|O[EE split
= F2|0] Ciol L (@A + O[2f) o2 E1 OHs
. Extrapolation (Forecasting)
oHE AZHO|Z A|EL| factE 2
= ARF=MCHE factE=2 LIZESHH & 204 &5 train / validation / test2 L=
= F2(0j Chel TR (REH) 2 &1 Ots

O known fact €@ fact to predict

Interpolation

O .\: :\, O m ‘Y/\ O

e\
t-0 T
Extrapolation
|
o o o 6 6 o b
t-0 train cutoff T

Konkuk university 4 Graph & Language Intelligence Lab.



Task Definition : What is Forecasting?

Query Type

« Entity Prediction
v 02 Al te] factOi|A] entity SHLHE 72 £ LIHX|IE 222 &
= (? relation, object, t)
= (subject, relation, ?, t)
v ZHfactOiCtinverse quadruple% GH|O[EH0f| 2| =2} relation 1D = relation 1D + |relation|
= (subject, relation, 1) > ( , relation 71, subject, t)
= 22 object OfiE oF O HX|2F M2 SHH E
* Relation Prediction
v’ 0|2l A te| factOf|A relation SHHE ?2 11 LIHX[E ZHO =2 &
= (subject, ?, object, t)
v' H|0[E] LK relation =7} entity s~ = CF &4 0| BIH=0| SO CHE-E 2| =F0(M CHEX|

Ol-o
[kol=}

» |CEWS14 7|2 relationO| 23074
» MY =2= AA entity prediction= 7|02 &
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Task Definition : What is Forecasting?

Evaluation formulation

 Ranking
v DE2HE OIS e 2 OtL2F 2= QE|E[0 HZ 0id
= (5,1, ?,1)-> TIA| AE[E|Of CHDH Bl HIE] > W = O 2 HH -> HEHO
* Score function
v’ Embedding-based : et&E BHE 0|8

v Rule-based: rule confidence 2|

AOl
=T

v 0|20 S= 4L LLMO| 23 JH o= e &M
Query Score function Ranked entites
Embedding / 1 PSG 0.71
: mbedding
? — —
(Messi, plays_for, ?, 2020) confidence / LLM 2 Barcelona 0.65

3 Miami 0.38

HE Barcelonas HA| AIEIE| & 22| -> 0| =22 Tt
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Dataset

|ICEWS (Integrated Crisis Early Warning System)

« FAUM E=ETE T M| K], 2|ul A

o A|ZFERR|24A2F

-2 = snapshot StLt

2 0| EfA

v ICEWS14(2014F) / ICEWS05-15(2005E-2015E) / ICEWS18 (2018H)

\Jd Ot

Quadruple Example

[ (Xi Jinping, Make a visit, New Zealand, 2014-11-26) }

V :Entity set R :Relationset € :Factset

Dataset IV R |E¢rainl |€vatial |Etest|
ICEWS14 6,869 230 74,845 8,514 7,371
ICEWS05-15 | 10,094 251 368,868 | 46,302 46,159
ICEWS18 23,033 256 373,018 | 45,995 49,545
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Dataset

GDELT (Global Database of Events, Language, and Tone)
o WNMH S, QA Bl FAE TS =MUHHE =2H 0[HE
AZEES 152
« Entity= M20|fact= Moo= IS
v Entity &' =7} Police, Government 22 =& 2{E0|2} 0 F0| 22X 2 0=

Quadruple Example

[ (Police, Consult, Government, 20180115143000) }

V :Entity set R :Relationset € :Factset

Dataset |V| |R | |gtrain| |gvalid | |8test |
GDELT 7,691 240 1,734,399 | 238,765 305,241
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Dataset

WIKI / YAGO (WiKidata / YAGO)

+ | AFZ10| Ol Ut SHBRAREIE X|A

. AJZPEER|: 11

« EXevent?} 0L
v Snapshot 2t

|2t M| SXIEX| 72 2HA| state FEN
HoPt Z

Quadruple Example

[ (Albert Einstein, worksAt, Princeton University, [1933,1955]) }

V . Entity set R :Relation set & :Factset

Dataset |V| |R | |gtrain| |gvalid | |gtest |
WIKI 12,554 24 539,286 67,538 63,110
YAGO 10,623 10 161,540 19,523 20,026
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Metric

MRR / Hits@Kk

v Xt

e
S Hetof|
= 192} 29| X[0|7} 922t 109 Ato| =Lt &M 2

* Hits@k (k=1, 3, 10)
v YOI Ik Qo S02tHIE
v/ ZIENO|X|2HKk BAH| Bl XIol=
= k=10 [ 112ILt 6,0002ILt =

A~E D E queryd| CHoH T
IIZI_|7

)y
.
toF

o
v Al

O

N

40

—
I
—_—

o4
O =
o

Query Score function Ranked entites
bedd / 1 PSG 0.71 MRR 2-?-| ->0.5
. mopeading Hit 1 X
? —_— —_— ITS
(Messi, plays_for, 7, 2020) confidence / LLM 2 Barcelona 0.65 _ @
Hits@3 O
3  Miami 0.38 Hits@10 O
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2. Approach
« Embedding-based

CO NTE NTS * Rule-based




Approach

Plain Embedding-based Model

Method

v" History Encoding
= X2 mJl snapshot2 E3H entity, relation E312 St 4l A

v" Scoring
= SHEE HHS HIEIO R query| CHEH A entity == HjAt
* Pros

v 12HE A1 EAS Sl entity? 2 A& THE S ZAROIH L1248 O|&g B
v EEF2|0f CHsh 24t A entity HrE H = US
Cons
v BRI ZHE L S (mterpretability)
v' Unseen entity= E3 X7} Q12
[E =8
v [2021][SIGIR][RE-GCN]
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Plain Embedding-based Model

[2021][SIGIR][RE-GCN]

» Keyldea
v TKGZ KG snapshot?| sequence= H 11 HoI= A[ZH0| 2} £zt

o SHAIZ1X - Eyolution Unit
v" Snapshot LHE : relation-aware GCNOZ A | EAl facts52| L&A O|&/d AL
v" Snapshot 2t : time gate + GRUZ A|2t0f| (12 Fod Bio} MRt

RE-GCN
W Evolution Unit Evolution Unit
dd O"'O — > [GrU | G RH]J [CGru ] L_R;} Score Functions
R R:
O ) ) i % it Blols. &, 1, Ry L
— Entity Prediction
Ado—0 ToEe P-Co O ’

p(rfs, 0, H,, R)—s "

Gov (Iran) . .
vi Relation Prediction

i e
U\)“ Uy

-
Gov (USA) Ejhfi o Q)
: o ii elation-aware lon-aware G
1 Hl

$\‘\- A m“ﬂ
5 LGate ]
O\. @ . ‘LSI
Static Graph
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Approach

Plain Rule-based Model

* Method

v" Rule mining

v Confidence =7

v" Rule application

»  Query0| rule= O -> bodyE PtESH= 2 H entity0]| rule confidence £A| -> ranking

* Pros

v D ERIX[rule2 EF Its

v RuleO| Al entity0f|= Mg 75 (inductive)
« Cons

v" RuleO| O Ot &= F2|= BES X[ = &

v Relation0| 22Tt 2T ruleS 3 X| £t

v SHHCZE IFYE ruleO| HXZ HO| El= rule@X| A2 2 &
- HIE=F

v [2022][AAAI][TLogic]

St
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Plain Rule-based Model

[2022][AAAI][TLogic]

» Keyldea
v History0i|A temporal logical rule€ ZHLH 1 ruleS querydi] H-23H 0|
v' EmbeddingZt Z2| 2 2t52F 2AH(rule + 24| B=)E A HIS
 Cyclic temporal rule
v Body (=) ->Head (Z2)
= Ex)(E1, discuss by telephone, E2, T1) -> (E1, consult, E2, T2)
v" Time constraints : body2| timestamp=0| head 2Lt 2EA{0F &t
o oAl ZAX : Rule learning -> Rule application
v Rule Learning
=  Temporal random walkZE history0f|A A[2FE H=2] B2 sampling
= T walkE HE2E FAITH-> rule 2 HiEt
= 2 ruled| confidence £
v Rule Application
= Query relation2| rule== confidence 2 == &
= BodyE TtEShH= 4| Z2E A0t 2 entity &
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Why LLM?

Limitation

«  Symbolic grounding2| £}

v’ EntityE 2|0| gl= 2|22 OfR| 10|22 J2{E L SAHZ0He|0|E £ 22
* (Closed-world

v J|E RS2 020 = A0 HEe| HE

v’ 12HE S| &fA|0|Lt HAt= EXSHK] 52
» Cold-start / Long-tail

v" Sparse?tentity, relationd|A] 22

v’ OFX|2F sparse?t BV} forecasting?| 7 X7 OHL 2
e Inductive 0{Zd=

v" Unseen entity= embedding & X417 =
* Recurrence bias

v de AT BR20| AL  factV | EE LI2LH= A0 2

* No semantic validation
v XF B2 ruleO| 20| £l gARIX| 12 2 2t
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Why LLM?

LLM (Large Language Model)

o [HR EHIAEZ pre-trainedEl A0 2!
* InTKG?
v’ Relation 2F 4= ZOH THES LIXHE XA 2 S = UF
= Ex) "YHO > "GABIC = XA R =AMYUS LLMO| Z 11 U=
v' Entity, relation= 7|27} OfL|2f RIAEO| O|0| 2 ©{0] H2t5| 22 IHEO| OfL G2t &
AFSHAISHO 2 QlHIS| D Hs

= History?| §/= unseen entity= CHS 7=
v RuleO| X[10{ =2 §75|11 M0 LLMI} Z&0| XA =
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Why LLM?

Integration Strategies

e [[M-based
v Do HHZ0| OfL |2t 2 |& Ojo|Z2QIe| E X|H0| E/E[=A YE

* Integration Strategies
v" In-Context Learning
v" Rule-mediated
v" Fine-tuning
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CO NTE NTS 4. LLM Integration Strategies

* In-Context Learning
* Rule-mediated
* Fine-tuning




LLM Integration Strategies

In-Context Learning

LLMOf2I0|E{E HEZ|X| Y1 historyE TETEZ H0{ 0f|E
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In-Context Learning

Temporal Knowledge Graph Forecasting
Without Knowledge Using In-Context Learning

Dong-Ho Lee; Kian Ahrabian®, Woojeong Jin, Fred Morstatter, Jay Pujara
Department of Computer Science and Information Sciences Institute

University of Southern California

{dongho.lee,ahrabian,woojeong. jin}@usc.edu, {fredmors, jpujara}@isi.edu

Konkuk university 22 Graph & Language Intelligence Lab.



In-Context Learning

[2023][EMNLP][ICL]

» Keyldea
v" TKG Forecasting= fine-tuning §10| In-Context Learningf e = H
v’ HistoryZ text promptZ TF=0{ LLMQ| CtE EZ =& 2 E= ranking
e 0|2 LLM-based REI=2| 2 £ baseline

Which team will win the Super Bowl in 2023?

'

2000: [Superbowl, Champion, 1
2001: [Superbowl, Champion, Baltimore]

2002: [Superbowl, Champion, 1
2003: [Superbowl, Champion, ]
2019: [Superbowl, Champion, ]
2020: [Superbowl, Champion, Kansas City]
2021: [Superbowl, Champion, ]
2022: [Superbowl, Champion, 1

2023: [Superbowl, Champion,
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In-Context Learning

[2023][EMNLP][ICL]

* History Modeling

v Query 2t historyZ history snapshotiiA] &=

v' Entity vs. Pair

. Ent|ty query IsubJect—EoF rEE

v" Unidirectional vs. Bidirectional
= Unidirectional : query0j|X2} &= ?|X|(subject &+ object)d| R

= Bidirectional :

FIX] o2 §10] fact &t

fact@t

Entity / Uni

Entity / Bi

Pair / Uni

Pair / Bi

Konkuk university
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In-Context Learning

[2023][EMNLP][ICL]

* Prompt Construction
v 3E5thistoryE 02| H2|El template@ £ 2t factE LIEStD query= B2 HIR 2
v Index &4
= Entity, relationg At QIHIA Z HH
= Semantic =& JHIHOH I{EHTIO 2 JHSOX| HIAE
v Lexical &4l
= Entity, relation2 AN HIAEZ B

Category Prompt

2000: [Superbowl, Champion,|0. St Louis]

Lexical  2001: [Superbowl, Champion, 1. |Baltimore]
L(-)

2023: [Superbowl, Champion,

2000: [0, 0, 0. 0]
Index  2001: [0, 0, 1. 1]
Z()

2023: [0, 0,
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In-Context Learning

[2023][EMNLP][ICL]

* Response Generation
v' LLMO|/d’det entity O|£0]| 02| EZC = ZINK 2T =tE AH|4H0] oj2=
v" Indirect Logit
= MO ZEXTEE I CF2 numerical label E22| 2HE2 A4t
= O|E2|=2tZ0| o] O O|Z0| B El =Xt 2lE8 B
Prediction Setting
v Single-step
» Test 7|2F2| 1A ground truthZ history= Xl&
= O|E 33X timestamp2| AX| B2 CH2 historyo]| =7t
v Multi-step

= Test 7|2 ground truth?} Ofil XpAlQ| 0f|= ZHtE L3 historydi| 37+
= IR 2 £
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In-Context Learning

AnRe: Analogical Replay for Temporal Knowledge Graph Forecasting

Guo Tang!, Zheng Chu'!, Wenxiang Zheng', Junjia Xiang', Yizhuo Li',
Weihao Zhang', Ming Liu'**, Bing Qin'*
IHarbin Institute of Technology, Harbin, China
?Peng Cheng Laboratory, Shenzhen, China
{gtang,zchu,wxzheng,mliu,qinb}@ir.hit.edu.cn
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In-Context Learning

[2025][ACL][AnRe]

« 7|Z&ICLLE| Limitation
v’ Zero-shot =202t o|=
v FactE AfoA0{= S0 A X| G0FA 2[0] O[3} et
» Keyldea
v' Training-freeZ In-Context Learning= Ful 2}
v' Query2| history? | R FAFSEAFHL| 2 TR Lt o=

| ow <
etrieve

Inference 0y
e o2 ] iction:
1M I z » Prediction:
93—‘ Oq

Analogical Replay

Candidate
History
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In-Context Learning

[2025][ACL][AnRe]

+ Semantic-driven Historical Clustering
v" Entity Semantic Clustering
» X entityS BERTZ embedding
= K-means clustering & query entity s, 7 ¢t 22{AE X E FAFIE|E| T = JEH
v Candidate History Filter
S AH L 2 SAfentity0f| CHSH query relations 2= history H; &=
= History?} 3007H 0@l H; 2te; 2HEHY| 1 RAIE =02 HE (¢; : 71 FARHevent)
= s, Of| CHSHA = 2t history H, 2t candidate answer &g 0,71d

/ Semantic-driven Historical Clustering 0
(THG I _ g

Retrieve

)

Candidate

Target
History
Filter 4= (SeTq 7 tnsr) |
S S Vo
0 !
ERE T
__ BeRBreced @7

Konkuk university 29 Graph & Language Intelligence Lab.



In-Context Learning

[2025][ACL][AnRe]

» Dual History Extraction
v" Short-term history retriever
" Querylt SAFAF e, 2| 2t history H; E timestamp =2 = H&
n 7|J<EDI-_7,C_|E. le |-j|x-||0| HSE |:||-'=0-| IIX—IX—IO| O|—||- |. %E&F
v" Long-term history retriever

= Probability Distribution Calculation : LLMO{|AH| 2+ 2FH AFHO| query 201 HOt {F-20HK| Tt
THAIAARE Rad 2HE M

= Dynamic Threshold Filtering : A|Zt X[O| 7|8t 85X A2 22 Q2 historyTt =2
v SILtC| history chainC 2 S¢&t

. 2 . 4
Prompt:
[ Hq /HL ] [ Q/MaSked(e[) J There is a question and some historical events. Please select 6\
the historical event that is most helpful ... .
- N | : Dual History
tn taor o bty bgty -ty by / Extraction
| Y J \ r J hl: (5[: 71,01, Ej) l
Short-Term Long-Term R N hy: (51,72, 02, t)) Probability *  Dynamic
History History = Distribution Threshold
Retriever Retriever I t}_ e Calculation Filtering
! i
[HIS/]H[S ]H[ XIHI ) ]H[L /]HIL L h’I: (Sl': Loy t}) [
N e B b T b T L ) y
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In-Context Learning

[2025][ACL][AnRe]

 Analogical Replay
v SAteventt 1 historyE LLMO||H| 22451 history BH2I0|M OEH| event2| HO| ==
E|=X] reasoning 1217 44
= 9 0f|A]| 9 : history + SAtevent + LLM 249
v Query@lt 2t SARE 42| a7l eventl| {3 GI[A| + query2| history + 2H entityE &
TE=Z J0{LLMO| £|F 0=
v ZHE numerical token2 £ O{ESH S22 2 ranking

ﬂnalogical i o

Inference 0y
* O L] - -
LM | 2 » Prediction:
o3l ] Oq

N
Analogical Replay
________
" D+ o Careomta)
o May S
@ E + q = (Sqr rqu?: I:]r-H—]_) +
>
Combination *._ Hg 0q
& 5 J
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LLM Integration Strategies

Rule-mediated

LLMS 2 |ogical rule2 4d / dX[et F 1 rule2 ==56H= 4]
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Rule-mediated

Large Language Models-guided Dynamic Adaptation
for Temporal Knowledge Graph Reasoning

Jiapu Wang', Kai Sun'; Linhao Luo?, Wei Wei®, Yongli Hu'?, Alan Wee-Chung Liew?,
Shirui Pan*] Baocai Yin'
1Beijing University of Technology, China, —2Monash University, Australia
3University of Hong Kong, China,  “Griffith University, Australia
{jpwang, sunkai}@emails.bjut.edu.cn, linhao.luo@monash.edu, weiweil206cs@gmail.com
{huyongli, ybc}@bjut.edu.cn, {a.liew, s.pan}@griffith.edu.au
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Rule-mediated

[2024][NIPS][LLM-DA]

 Limitation
v" Plain rule-based model2 MZ2 X|Al0{| B3| update A |2 |= Zd XA |
v LLM-based model2 LLM XIA|7} blackbox®{A{ O temporal pattern0| =20{| 7 [o{34
— xl H = EI=|
» Keyldea
v LLMO Z A2l temporal logical rule=2 /dsll == 1742 interpretabilitys | THe
v MASHyleS £|A H|O|E{2 iterativedEH| 244l
v Zfrule head?t 20X O 2 IPIFR topk relationTF =2t contextZ LLMY| 20 rule /474

___________________________________________________________________________________

Temporal Logical Rules Sampling — Dynamic Adaptation —  Candidate Generation
—————————————————————————————————————————————————————————————————————————————————————————————————————
____________________
i 1Generated i
o Sampled Rules . Large Language Models ™ Rule . Russia
: 1 R Y e,
I (S Rulc: Gcncratmn o
il At Top k Re]e t 4 : O support, #;
:: 5 ] 3‘6-. | R lations ] Gcncrath Ru]cs :Germany Ukraine ::
M = 'I:::::::::::::::::_“:
| I Candidates
o Current Data T 1IN 206
8 4 A i) Deos
g X . i) ) 202
= Scon: N [
E 1 Score . I @ C cncralcd Rulcs : /
S S I O —
2 Raﬂk (5] LLMs . '
T - Query: Germany support whom tl
\ 2014-12-057 :
: 1 i Seleuted Rules } Sam led Rules r4- An Ukra .
Historical Data 5—f [ p newer: :
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Rule-mediated

[2024][NIPS][LLM-DA]

« Temporal Logical Rules Sampling

v Constrained Markovian random walk
= S OPK| A2
— Temporal order : LIEE|= body FX[7F head 2L HA| L0 AFHO| =2 K|
— Temporal interval : 10| £ 0{| exponential decayE X243l |2 edged| =2 7t5X|
= ZiEZ AA Y SEYS

= O

v" Rule Generation
= Contextual Relation Selector?} Sentence-BERTZ rule-head?t 2= relationS YH|YSH
cosine similarity= top-k relation &4

= H o L= (@) =
= FEE S2ttopk relationS LLMO|| 'H0{ Yt Al S, E M
Temporal Logical Rules Sampling > Dynamic Adupiation
i - S ““S-:;n-r;;l;-:inﬁ:.—l;s- _.-.._-_..E—|=. . Large Language Models
E ------------ I ------------ 1 T . )k-R-] . \l » _.._._..i_gﬂl._-_(.] eration
] by, oS wd." w_?ss;nfni ¢ tE.C..E..E@E‘.E.!?E_: S
1
i o
b8
H B
L
m Walks ! ET
g
[ :Rules Applica
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Rule-mediated

[2024][NIPS][LLM-DA]

 Dynamic Adaption
v’ @it &S F Current Data 2|0i|A] confidence?  threshold 2Lt 2 ! S 0wy 2 E
v ZA|0f| Current DataOi|A| & constratined randomwalk2 #A12 &0t O|E 7 |20 2 A

T LLMO| R T Sy 10 S AN 11 TR 5,2
R ETE

— Large Language Models e

4 Rules Gcncralinn
ant r- ===
Gcncratcd Rulcs

,J w

: ____Current Data L '—

- _Fianl_c - _' . LLMs
Sg(low)_s_elcftcd Rules. J “S;l;':-w.p.l:ed.l-{-u;s e

ication (G55):Dynamic Adaptation = >):Rule-based F
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Rule-mediated

[2024][NIPS][LLM-DA]

 (Candidate Reasoning

v" Rule-based scoring

= High confidence rules= 2 AZE A0t 2H entityE ==t 11 confidence + time decay=
scoring

v" Graph-based scoring
= Query2fentityS2| YH|T LI 22 scoring

Rule score Graph score

v XESH™HrE Scorer = a - Score(p’e(r)) +(1-a): Score(gmph’e(r))

_______________________

LI 1]
1 Generated

i : Rule i

L
I Ge.m“‘ w&};g‘ ::
| oo support, t; n
i 1 o 11l

| Germany Ukraine : |
1

Candidates 1!
I

D 0.6

vy ¢ __---:___i

| Query: Germany support whom at T

2014-12-05? |
[ o Answer; Ukraine.

d Reasoning | _ }:Graph-based Reasoning
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Rule-mediated

Critic Rule Induction: Improving Temporal Knowledge Graph Forecasting
with Generator-Critic Language Models

Yingsong Ning, Fu Zhang", Jingwei Cheng, Jiashun Peng, Xiaoke Wang
School of Computer Science and Engineering, Northeastern University, Shenyang 110819, China
{2401887, 2472039, 2401911}@stu.neu.edu.cn
{zhangfu, chengjingwei}@neu.edu.cn
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Rule-mediated

[2026][ACL-F][CRI]

« Limitation
v Rule confidenceZ Tt 7 |& SHtZBFHOL
= sparse relation= ruIeOI PHSO0 K| K| QAAHLE FFS 0 & HHSH= query?F 24
= J|EXZUR 2FZE E|HU= confidence= 212 gi0| RI5] Xt 20| LIE = S AFHOIM =
= LI=
» Keyldea
v Temporal rule2 B3 Q! hypothesis2 #2611 Generation-Discrimination= &2

Critic-Guided Rule Induction (CRI) Framework

Phase I: Contextual Rule Sampling Phase II: Gen-Disc Decoupling Core Phase I11: Inference &
Prediction Aggregation

Markovian System 1:Context-Aware Rule Generator

Random Walks ( ) (Semant w .g‘““‘ Rale >( @ Queryq = (e, 2.t) @}

Semanu: Relation Prunlng Hyp
| Context Ciof i
Rule Matching & Grounding
© ©

nantic

@ R:.Im ions S R 1¢ vance Selected

R P Score Relations
Temporal Target Head a(n.r) ‘ Relations 5 e % Historical
e , Sentence-BERT 'KG
Sampled St lZna)dcr ) |\ Relations. 1G|\('
Contextual ‘ : : Past timestamp Sy
Futwre | pyths p r Y N
timestamp| LLM-based Generator
— —~ o

¥
J | [

Constraint
Filter: X(tncs:)

Anchor L 2
P System 2: Fact-Grounded Rule Evaluator Candidate Scoring &
Aggregation
€; at L.,
ical & Rule Score(e|q) = ) Spma(r t,
72\ | Temporal Calibration via la Z 3 R\;(e: Wn\(\pe bl{ 4
o e N (StempScad | | Beta CDF =0 0.t

alid |
<@ empora | R =

Ti i e att, Patterns | = - 7 % % |
l;';‘:;‘:l::;' £ =i G ¥ Semantic 5 /// _.( T_’
Probability L S  (Siem) 1 ¥

; T Sfna 2T ©

@ Logical Stinat = FoeealSreaw) Refined
&. ‘ (Sum) Rule Set €5, :
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Rule-mediated

[2026][ACL-F][CRI]

 Contextual Rule Sampling
v" Temporal Constraint Filter
= [t20|5E evente| A[HO| 24Xl A|HECt O|F R RS2t
v" Time-Aware Transition Probability
= FilterE 2H55k= OIS0 Lol AR = D)2 factSS M2oH==
v OIS HIYLE path £ PE B35

Phase I: Contextual Rule Sampling
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Rule-mediated

[2026][ACL-F][CRI]

* Gen-Disc Decoupling Core

v' Context-Aware Rule Generator

= Rule= Bt= target relationdt 2|0|H o 2

= AOIM B2 path TR PLf Crop S LLMOY| &
v" Fact-grounded Rule evaluator
Discriminator?} rule | 7HX| Xl © 2 I}

= 24 QL= relation set Cypp T

—
=I510] rule 49

|
Phase II: Gen-Disc Decoupling Core
System 1:Context-Aware Rule Generator
§ Raw Rule
Semantlc Relation Pruning Semantic Hypotheses
Semantic | | €ontext Ceop Hiyute
Relatlons \A Relevance Selected
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Target Head 8(r,,1;) Relations N N
Relation 77, Sentence-BERT % %
L Encoder Relations @ ®
LLM-based Generator
> — Eo 5o
Hyype ~ PLLM(- |P, Cyyp)
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\
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Rule-mediated

[2026][ACL-F][CRI]

* Gen-Disc Decoupling Core
v" Temporal Constraint Score Siemy, (1)
= Strict temporal constraintE 2FESH= path| HIES ALt
v’ Historical Confidence Score Sgons(T)
= J|E rule confidence A4t #I4AI1} S (conditional probability)
v Semantic Consistency Score Sge, (1)
» high-quality ®IZ5/2} low-quality BIZ5!l2 0|23l contrastive similarity 2O 2 Mo 20
v LLM-based Logical Coherence Score Sy, (1)
= UHF0| FE = U= =2 S EXIE 7| fl6l LLMR2Z I}
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512 | 2081 Sring (1) E2| => refined rule set H;. .
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Rule-mediated

[2026][ACL-F][CRI]

* Inference & Prediction Aggregation

v" Rule matching

= Query2| relationdi| IHEE|=

rule= ;. OIA retrievedt

v" Candidate Scoring and Aggregation
» 99otpath=0| 7I2|7|= candidate entityZ 02 rule} ({2 path2| 7| E &5l scoring

Konkuk university

Phase I1I: Inference &
Prediction Aggregation
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Past timestamp G<‘q
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v
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LLM Integration Strategies

Fine-tuning
TKGEO|E{2 LLMS 37} SH5A |7 Q10| HSA|Z = A
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Fine-tuning

GenTKG: Generative Forecasting on Temporal Knowledge Graph
with Large Language Models

Ruotong Liao'?, Xu Jia’, Yangzhe Li°, Yunpu Ma'?%, Volker Tresp'*
11.MU Munich  “Munich Center for Machine Learning (MCML)
3Technical University of Munich *Siemens AG
ruotong.liao@outlook.com, cognhitive.yunpu@gmail.com
volker.tresp@lmu.de
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Fine-tuning

[2024][NAACL-F][GenTKG]

e Limitation
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v LLMOA| G|O|E{L| IHEZ

: Temporal Logical || Rule Mining
)

Rule Bank

&

Make

Consult (TO)

« Make_Phonecall (T1)
«— Negotiate (T1)
. Senle dlspule (T2)

0

o Make a_visit (T1)

le_head (TO)

« Rule_body_1(T1)
«— Rule_body 2 (T2)

Konkuk university

Temporal Logical Rule-based Retrieval (TLR)

(SR2 T .'_.-"Fact_Oq
\ |Faet02
Rule_head, T0 || Fact_01
(S,Rb, ..,..)
Rule_body_1, T1 || Fact_11
"| Fact_12 |
Fact 1m |
1

Rule_body_2, T2 | | Fact_21
| Fact_22

., [
. Fact_2n | ,

Rule_body_k, Tk | | Fact k1 _
| Fact_k2

“.| Fact_kI

Few-shot Instruction Tuning (FIT)

" |Instruct: ...

- | Fact

- | Fact_o1

- |TsRO)

...............

4:(S,Rb3,04)
S,Rb2,03)

Ty
_(ﬂ
b
o
-
(o]
]
=

Graph & Language Intelligence Lab.



Fine-tuning

[2024][NAACL-F][GenTKG]

» Temporal Logic Rule-based Retrieval

v" Rule mining

» TLogicZ 0[|&3l temporal logical rule miningsH rule bank 14

v" Retrieval

= Query relation2 rule head 2 256110 2=l history factE 7F4S
= Rule2 H&3| rule bodySS confidence LIZIXt=O 2 top-k MEHSILT bodyo]| sHESH= 1tH

eventE =7t
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Fine-tuning

[2024][NAACL-F][GenTKG]

» Few-shot parameter-efficient Instruction Tuning
v"Instruction prompt
» Task instruction + TLR facts + task output 2= J1/d

= Entity name

v PEFT
» LoRAZ II20|E 28X 5

Konkuk university
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Fine-tuning

RECIPE-TKG: From Sparse History to Structured Reasoning for
LLM-based Temporal Knowledge Graph Completion

Omer Faruk Akgiil'* Feiyu Zhu'* Yuxin Yang' Rajgopal Kannan® Viktor Prasanna’
1University of Southern California
2DEVCOM Army Research Office

{akgul, feiyuzhu, yyang393, prasannal}@usc.edu, rajgopal.kannan.civ@army.mil
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Fine-tuning

[2026][EACL][RECIPE-TKG]

 Limitation
v 7|Z retrieval2 1-hop historyd]| 2|
v’ BZF fine-tuningO| Yt} LAl memorizationS Zetet

= AHA

v" Uncalibrated 44/40] implausible entity= 1<
» Keyldea
v Q| M| 21X] limitation2 M| 2E0| £
= Multihop sampling / contrastive fine-tuning / semantic filtering

Contrastive Contrastive Learning
Groups

Trai datapoint it
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O % :::::anm

Test-time Filtering

History Sampling
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Fine-tuning

[2026][EACL][RECIPE-TKG]

« History Sampling : Rule-based multi-hop retrieval (RBMH)
v Temporal Logical Rule-based Sampling
=  GenTKG2| TLRZ 1-hop fact mining
v" Context-guided Multi-hop Expansion

1-hop factZ M1 LLM2| context? | &2 AL multi-hop ZEE2| weight2 AHlAt
= weightdj| H|2[ot ZE = £F history

History Sampling
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Fine-tuning

[2026][EACL][RECIPE-TKG]
« Composite Weight

W= Wy, - Wr - (W + We + Wep),

v" Neighbor weight (hard filter)

Wn = €XpP (_71 ' (hops + hopo o 1))

hop, hop,, : Query subject28E = H fact2| subject / object”tX|2| shortest hop distance?t
42 X|AMOR YAt 2

= £ S OHIEHE oo (2 £71) -> neighbor weight = 0 22 S HO0f|A] 2P X{|H
v" Frequency weight

B 1

72 - log(npo) + 1

" T - timestampE A2t (s,p, 0) triple®| S &=
= [ 3|5t tripleO| 4 =2 weight

wy
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Fine-tuning

[2026][EACL][RECIPE-TKG]
« Composite Weight
W= Wy, - Wr - (W + We + Wep),

v Time weight

T —t
Wt = exXp\ —73-

= §:time granularity (timestamp 7 |&)
= QueryOf| A2 OMII2 2 20| H 20ISAIE S
v Freguency weight

=%

o — log(1 4+ 74 - nso)
c 1+ log(l + Y4 - ’nso)
= ng, : T O|F0]| subject - object *40| &7 LIEH- S12=
= A Xt LIEHLH= entity &2 TH
= Bounded function O|2tAX £ entity? | Tt=5HH| X|HISHK| Qb2
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Fine-tuning

[2026][EACL][RECIPE-TKG]
« Composite Weight
W= Wy, - Wr - (W + We + Wep),
v' Contextual priority weight

1, ifse &rroro € ETr,
Wep = .
0, otherwise,

= E7LR - temporal logical rule-based sampling0ilA A&l 2= 1-hop neighbor &g
= Multi-hop expansionO| 1-hop neighbor?t GIZE|H J+5X| 204
= 0] weight= composite weightOf|A] SO 2 (1AE|0] 00|HE2te I FX| US
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Fine-tuning

[2026][EACL][RECIPE-TKG]

 Contrastive Learning

v" Relational-Guided Contrastive Pair Construction
» Relation2 LLMZ A0 positive, negative, neutral£ 25
= RBMHZ}&2 historydilA] 2t unique entity2| 1-hop neighborE 22 type B
— Positive relation@ = 914 -> positive sample
— Negative relation@ = 9124 -> negative sample
- = [} Al HL / neutral relation -> £A|

Contrastive Learning

Contrastive Loss
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Fine-tuning

[2026][EACL][RECIPE-TKG]

* (Contrastive Learning
v" Training Objective

L=u«- Econtrastive + (1 _ 04) ’ EC@(Oﬂ OP)

= L :0|=El token 0,2} ground truth o AfO| cross-entropy
= o :balancing hyperparameter
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L contrastive = E max (

l|a; —100375||2

~ [la = negi|* +m)

— @; : anchor entity2| embedding

— pos; : embedding space0i|A anchorl} 7 & H positive

— neg; : embedding spaced|A anchor®t 7t 21712 negative
Positive@} 7 71X |11 negativell HOX| == 6= ofg |
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Fine-tuning

[2026][EACL][RECIPE-TKG]

* Similarity-Based Test-Time Filtering
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Research Direction

Observation (in progress)

* Rule confidence= CHEE frequency |2t

v ZH entityE MEHSH= IFY0A 2FEA factE 7 [2HO 2 AL BEHE static confidenceE LK
EARE

= 0= AIFHOIME L2 Erot rule@IX| THESHK| i

—

v BRI SEX|2FELEOHIHEO IXF["?}E'
» Entity/relationO| rare?t BL7t 236|2 forecasting0| O& 11 2|0| Q= XA
 Sparse/ cold start entity —.._—X1|

v Rule2 body groundingdi| query subject entity2| history? | 22
= 0] subject entity2| history?} sparseSt® groundingO| 2415l 0|=0] 0243

T =0
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Research Direction

Direction (in progress)

* Rule confidence?| frequency bias -> 2|0|X Ef=hd EQP
v Frequency?t =& 4= U= rule LY relation2| EFEE S et 4~ Q1= scoring 2 EAH
* Sparse entity -> A} entity= grounding 2
v AnRe&= semantic A E entity= clustering
» TS| query subject entityE 2|0|M O 2 GAIR entity2] rule= ME310 predictiondt= 21
20HE = US

» RuleZ 2ot AL BP0 EHQ

Rule + embedding + LLMZ2 Z&dl e|0|- o 2 EfLstn
sparse0f| = Z3t rule2 &26}= Bk
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