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Conceptual Background

 “Stacked neural layers is all we need”
v BT Al OITL0| R ik
v OiC=o| RE2 O 24|, O 2| Bl A0 23
v =X
= explainability - 2f O|& THEES =012
= trustworthiness - 21t L0t AZE|[E o~ Q=02
» data efficiency - X2 H|O|E0| Mz & S&I5H=71?
= curse of dimensionality - 22 37| =FXo| oA

+ Neuro-symbolic Al emerges as an alternative direction
v by combining NEUROSYMBOLIC Al
n data-driven |earning (Neur—aD MERGING LOGIC AND LEARNING
= explainable, logic-based representations (Symbolic) £Q
v’ leadsto
= higher generalization capabilities
* more structured and controllable reasoning

I LEARNING

O|O|X| &H: https://medium.com/@jainultrivedi55555/neurosymbolic-ai-merging-logic-and-learing-for-smarter-machines-1eea0c5b 0806
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Conceptual Background

Why Neuro-Symbolic?

 Symbolic Al
v D2, =2| FRIS ARSI X[AIS HA|HOZ B

O] 0| Cheh W=t shA O st Y Jts

O H|0|E{of|M = RH=

QOIBIX| 26}, CHEFO| T|O|E{S & M2 [S1K| 2

AN NI

|.

(o]3

« Connectionist Al (Neural Network)
v’ CHZO| C|0|E{ 2 5| I 0} 2HH| 2 Sha 6= | EFY
v" NLP, CV S0i|M et &5
v EEHE U2 HOH e, =28 F20] et
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Conceptual Background

Why Neuro-Symbolic?
* Neuro-Symboalic Al

VS OIR YA S Het_ AHYO| S5 + Mg
v =i

= FEC=BE gt S0,

= SFEEOF 0| Ll =RiRe R FEY U=

= ALAJAER =

Natural Language Inference Horn Clauses / First Order Logic

The kid

table tennis
cC

does not love

All rectangles have four sides — FourSided(x) < Rectangle(x)

/

All rectangleshave four sides = Vx FourSided(x) < Rectangle(x)

The kid does not like

sports

Semantic Parsing Probabilistic Logic

Subjects All rectangles have four-sides I'm almost sure that all rectangles have four sides

U

0.9: FourSided(x) — Rectangle(x)

Predicates All four-sided things are shapes

Objects  All rectangles are shapes

0| O] X| =X : Neuro-Symbolic Artificial Intelligence: ATask-Directed Survey in the Black-Box Models Era (IJCAI’25)
Konkuk university 5

|-ik|
SN

Deterministic Finite Automaton

run
start @
idle

Context Free Grammars

Well formed parentheses: N (6) (" )”}
R1: S—(S)

Terminal symbols: {"(",")",A}
R2: S—A

Non terminal symbols: {S}
(A is the empty string)
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Conceptual Background

Reasoning & Explainability

 Two different approaches:

v" Rule-guided reasoning
» rules constrain the inference process
= outputs are forced to meet specific criteria
v" Post-inference forensic
» |nterpretable reasoning pathways are reconstructed after prediction
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Task Background

Sentence-level Relation Extraction

* |dentify entity and relations within a single sentence

Founder I:l:ﬂ

CEO 0.89

Place of Birth n:ll

Fig. 4.6 An example of sentence-level relation extraction

* Limitations
v real world application F(2fe} _ 2% LIS HETHALE
v 23 20| BX LIEL= Bl == S0t

O| 0| X| &KX : https://www.researchgate.net/publication/342684048_Sentence_Representation

Konkuk university 7
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Task Background

Document-level Relation Extraction (DocRE)

* |dentify all relations between each entity pair
* aCross an entire document

John Stanistreet was an Australian politician. He was
—

born in Bendigo to legal manager John Jepson
Stanistreet and Maud Mcliroy. (...4 sentences...) In 1955
John Stanistreet was elected to the Victorian Legislative
Assembly as the Liberal and Country Party member for

— A

Bendigo. Stanistreet died in Bendigo in 1971.

Subject: John Stanistreet Object: Bendigo

Relation: place of birth; place of death

O|O|X| £X: Document-Level Relation Extraction with Adaptive Thresholding and Localized Context Pooling (AAAI’21)
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Task Background

Why is DocRE challenging?

* Long-context & Cross-sentence Modeling
v i EEE E0ME 2 S REEGH0F et

=2 rro=2 — -1 1=

v 20 SEoh= 30, X0 AE[EPHMZ CHE 280 2 = US
-l I

A

v 2|0l CHet TP F O 20l 4|0 LIEfL = ES2T &t
* Entity Representation
v LI GIE|E|P} 2A] FEt0|| 2K O] HH HE=2 =Xtk
v’ SfLte| AIE[E[D} CIFet HId(mentions)O|Lt B (aliases) 2 2 HAE == US
v ZM F0MEIEIE X0 SEHCZ HsHOF

=T 1

 Multi-entity & Multi-label structure
oiLte| ZMOlk= Cl=r2| ANE(E|Rf AIE|E| 40| ZXHet
v SEeHE|E| H0[ 042 JHC| 2HH|(Iabel) S SAI0| 712 = UZ
* Implicit & Latent Reasoning
v EPHEE 0| BAIHCE ELIX| 5= RV RS

v BX} Axo-”*—l t|-7<|'5|x| Of Of— XI-xHI-I OF I—I X—lE% %—.g_'c'jHOFE'SI-

™o T o L—

Konkuk university 9 Graph & Language Intelligence Lab.



Task Background

Plain DocRE models

* Focus on strengthening entity-pair representations
v' capture interdependencies between entity pairs
v" by learning powerful representations through neural models

[1]Elias Brown ... was a U.S. Representative from Maryland. [2]Born near| Baltimore, Maryland, ...
[7]He died near Baltimore, Maryland, and is interred in a private cemetery near Eldersburg, Maryland.

u.s AN S,0
O O Context e
N I /Path Info O Pooling P N
5 GCNs (Y| MLP
§ O O i country
lf] Maryland f :
W, 7 \ BERT
Layer
@<—0O |
Baltimore Eldersburg \;7}
Mention-level Graph Entity-level Graph Classifier BERT P9 ; y s
@ @ @ @ Mention Node f: :4 Document Node — Intra-Entity Edge — Inter-Entity Edge -- Document Edge Layer L -_— 1 gt “‘\‘ _/“ :‘\\ ~ /‘/: ‘ (»,/"
[1] [2]

[1] [2020][EMNLP][GAIN] _ graph-based

Double Graph Based Reasoning for Document-level Relation Extraction
[2] [2021][AAAI][ATLOP] _ transformer-based

Document-Level Relation Extraction with Adaptive Thresholding and Localized Context Pooling

Konkuk university 10 Graph & Language Intelligence Lab.



Task Background

Plain DocRE models

« Limitations)

v U200 G358 ES| PYA| MO Z St I (apparent facts) 225 0|[= ZIFXO|LY,
v EIAEQ| ZE LIEFLEX] Qe ZXHE 25| (potential/implicit facts)E E==6H=O| 3

Document Title: Parvathy Jayaram

[1] Ashwathy Kurup, better known by her stage
name Parvathy, is an Indian film actress and
classical dancer ... [2] Parvathy married film
actor Jayaram who was her co-star in many films
on 7th September 1992 at Town Hall, Ernakulam.
[3] She has two children, Kalidas Jayaram and
Malavika Jayaram. [4] ...

Prediction by ATLOP: . Jayaram
?} ’/, ',ﬂJ :'\-. ‘\66
Q@“S\a”’ . U:" 3 \‘\: \\9%
S - N - R NN}
D P "N o o 6\9 S0 @f‘
O &8 0, N
‘f”,’i\’bc’ g E //op u\"\-\\

Kalidas .-~ "hasMother -C‘ hasMother “vag 00 o
Jayaram hasChild hasChild Jayaram
Parvathy

— : correct predictions

-=-== :missing predictions

O|O|X| £X: End-to-end Leaming of Logical Rules for Enhancing Document-level Relation Extraction (ACL’24)

Konkuk university
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Task Background

DocRE with Logical Rules

* Motivation

v Logical rulesZ 0|23} 7|=

=0f =

[E3H EC| I 2RE =
ZM DocRE ‘d52 dHAE +=Us

Document Title: Parvathy Jayaram

[1] Ashwathy Kurup, better known by her stage
name Parvathy, is an Indian film actress and
classical dancer ... [2] Parvathy married film
actor Jayaram who was her co-star in many films
on 7th September 1992 at Town Hall, Ernakulam.
[3] She has two children, Kalidas Jayaram and
Malavika Jayaram. [4] ...

rulo
ot

TE

==l A (missing facts)

0
|

Logical rules:
hasChild(x, y) < hasSpouse(x, z) A hasChild(z, y),
hasChild(x,y) « hasSpouse(x, z) A hasMother™(z,y),
hasFather(x, y) « hasMother(x, z) A hasSpouse(z, y)

Reasoning with logical rules:

Kalidas
Jayaram

Malavika
Jayaram

hasChild

hasChild
Parvathy

— :correct predictions
=-=== :missing predictions

O|O|X| £X: End-to-end Leaming of Logical Rules for Enhancing Document-level Relation Extraction (ACL’24)

Konkuk university
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Task Background

DocRE with Logical Rules
* Why Logical Rules?

v 2| 2| =2 AE A EU0| UFH O 2 oladlofsHs 2EE el
V' 2| 2FLHRHA ARREEEA|(intrinsic correlations)S WA | MO 2 it 4~ /0] 1S ELt
SHAM DS Al = US

=> 8 XA 20| tet =2 2 H|A|, blackbox 22 CHE| =2 1FE 2| FE-d 2

- HHE=F
v [2024][ACLI[JMRL] neuralmodule
End-to-end Learning of Logical Rules for Enhancing Document-level Relation Extraction

v [2025][ICLRI[RUAG] _[LM
Learned-Rule-Augmented Generation for Large Language Models

Konkuk university 13 Graph & Language Intelligence Lab.



Task Background

DocRE with LLMs
* PromptRE (arXiv23)

v o:|a-| _Dg_gro| JIEJIEE E H

_:_

v' O|Z data programming2Z &
=> LLMO IOTE=2ITE]|

L —a—O

I
I
| Summarize info related:
to Pacific Fair

Pacific Fair | is a major shopping
centre in Broadbeach Waters on the

Gold Coast, Queensland ',

Australia. It was QueenslandZ's
largest regional shopping centre
until 2006 ...

: 1
I
I
I l 4’[ Pacific Fair is.... ] _ & - ;
I p N _
roo \ Relation

\ UnifiedQA F—— ) 4’[ Prediction

' A

H—> ChatGPT ——

Relation Distribution and Types

i K=k ==l — il
¢6Hf pseudo-label= A4 gt

201 7|2tk T 21 Al S RIS AFEE

I i e e g
I Promptop 1
I What is the relationship :
I between Pacific I
I Fair and Queensland? :

L_____T______

Context

Prompt pg:

|
| |
: |s there a relationship :
I between Pacific I
|
|

I' Fair and Queensland?

L_____r______

1

| | "‘u.r ensland is.. -

I i -
N Prom |

I Summarize info relatedl . - . pt‘gﬁ |

1 to Queensland i Is Pacific Fair an instance I

GJueensiand
L 1 1 of Queensland? |
[ ———— |

I PR
| Is Pacific Fair a form of Queensland? :

e o o o o o e e e e e e e e

—b{ Logit
Q‘LJ MNA Masking

A

Data

[1] PromptRE: Weakly-Supervised Document-Level Relation Extraction via Prompting-Based Data Programming (arXiv’23)

Konkuk university
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Task Background

DocRE with LLMs

« AutoRE (ACL24)
v" RHF(Relation-Head-Facts) Ii2{C{l |2t
-> DocREZ £HA|A subtask = &3
v"Instruction Tuning (QLoRA)
=> | LM& DocRE == Ojo|Z2felo=Z

fine-tuning N
Submission Instruct Tuning Template
relation_template Given a passage: {sentences}, list any underlying relations.
entity_template Given a relation {relation}, and its description: {description} and a

passage: {sentences}, list entities that can be identified as suitable
subjects for the relation.

fact_template Given relation {relation} and relation description: {description}.
Provided a passage: {sentences}, list all triple facts that take
{relation} as the relation and {subject} as the subject.

instruction tuning template for RHF

Given a passage: {sentences }, and relation list: {relation_list}

Your output format is as I%I-IEW-JTlg- -------------------------
relationl

relation2

one example like:

country of citizenship

father

The relations must be in the relation list.

If no relation in the sentence, you should only output:
no relation

Your output format is as following:
entityl
entity2

The entities should all be from the passage.

Now the passage is: {sentences}.

Derive all the triplet facts from the passage that takes {subject} as a subject.
Your output format is as following:
[{subject}.{relation } object]

[{subject}.{relation } object]

The object should be an entity from the passage.

[1] AutoRE: Document-Level Relation Extraction with Large Language Models (ACL’24)
Konkuk university 15

prompt template for RE
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Task Background

DocRE with LLMs

* When Does In-Context Learning Fall Short and Why? A Study on Specification-

Heavy Tasks (arXiv23)

v' LLM9||CLO| specification-heavy tasks(DocRE ZE&H0j|A 53+ 0

s JINEO| HEIAE O8] 52 2=

_I_l__l

= OIZIO| EfAA A |0} O SLUX]| (2

» |Long-context O[Sl &8 E=

—= T1 O0—

v' DOCRE®R} 22 specmcatlon heavy taskOfM=

M2 L7 32

2 St= EfATOIA LLM2| E50| &
in-context learning PO = M0

L

=

215 37| N|ete 2 I8l underspecified &)

o| M=

Type | Task | FT  Aligned ICL Type | Task SoTA FLAN-UL2 Alpaca Vicuna ChatGPT Davinci GPT4
CoNLL 2003 92.5 52.3 CoNLL 2003 94.6 (Wang et al., 2021a) 43.0 40.7 31.1 61.8 41.2 76.0

NER | ACE 2005 89.3 36.3 NER | ACE 2005 89.5 (Zhang et al., 2022) 4.7 15.9 24.6 34.0 32.8 42.3
FewNERD 674 387 FewNERD 68.9 (Ding et al., 2021) 18 181 170 44.1 3.2 522
TACRED 797 12.7 TACRED 76.8 (Wang et al., 2022a) 2.9 0.0 0.0 73 158 252
SemEval 7.9 16.1 pg | SemEval 91.9 (Cohen et al., 2020) 140 92 62 240 161 395

RE ap FewRel 2.0 73.9 (Lietal., 2023b) 10.0 0.0 0.0 46.0 40.0 68.0
DocRED 67.5 (Ma et al., 2023) 1.9 0.0 0.0 124 229 27.9

fine-tuning and zero-shot ICL after alignment

Konkuk university

ICL performance
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Task Background

DocRE with LLMs

 Drell (NAACL'25)
v LLMZ refinerZ ARSI,
v BiX SLMPIE 202 B LY AE|E] Wof Chsh 015 2 434541, easy/hard AD|AS
225FE hard H|0| AH| CHEH LLMO| refinementE 4~

e ! / \
~ p
i Instruction: Read the document and :> LLaMA3lwwwhn =1)
[1]: Edward Rowan Finnegan (June 5, 1905 ! answer the question. Write the choices in
Fchruar.y 2 ‘1971} was a UL.S. Representative 3 answer. y Match A~D(%) of LLM Fok
from Illinois from 1961 to 1964. 1 @ ) i
E ! Document: Edward Rowan Finne-gan - (A ﬁi;(i::‘;] ﬁ ?J‘i];([;\llil]
[3]: Later. Finnegan served as the Assistant /*—"ﬁ% (June 5. 1905 - February 2, 1971) was a +0.38(P27) - 0.02(NA)
Corporation Counsel for Chicago. ﬂ U.S. ...He continued to serve until his
kk 2 death in 1971. ) Self-supervised Probability Fusion
(10] Task 1 N
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Qucsﬁon:. Which of the ﬁ?llow'tng is right? ﬁ. obability Fusion allM -\
A. <question template of P17> 0.605
Q‘ __? ., Assistant Corporation Counse I}/L/ B. <question template of P131> 0.430 0.471 mSLM

NC

-
ﬁ- Small Language Models W Q’“‘“ /J NA P17 P13l P27 ___J
= top- -k relations of SLM F ",m\ [ True or False: <question P17= ;
v NA

- i e ]
| I threshold | Flard | _

i

i

i

I

i

i

!

1

' C. <question template of P27~ = 0.389
) D. <question template of NA>

| J
i = —7
I

i

i

i

i

I

I

i

0136

,ﬁ}w»u{v.ﬂ w“""lh"'-\ ey fdr*’wr,ﬁ" HJ ) @ [ True or False: <question P131> ;

Fg,, of task 1 F o

of task 2

shm

Task Distribution | -
[ I"‘ :

.

[SLM NA 3 LLM 27 X ]ﬂﬁ P17, P131 (2

[1] Rethinking the Role of LLMs for Document-level Relation Extraction: a Refiner with Task Distribution and Probability Fusion (NAACL’25)
Konkuk university 17 Graph & Language Intelligence Lab.



2. Related Works

CONTENTS + JMRL (ACL'24)

- RUAG (ICLR'25)




[2024][ACL][JMRL]

End-to-end Learning of Logical Rules for Enhancing Document-level
Relation Extraction

Kunxun Qi! Jianfeng Du?3* Hai Wan'*

! School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou, China
2 Guangzhou Key Laboratory of Multilingual Intelligent Processing,
Guangdong University of Foreign Studies, Guangzhou, China
3 Bigmath Technology, Shenzhen, China
gikx@mail2.sysu.edu.cn, jfdu@gdufs.edu.cn, wanhai@mail.sysu.edu.cn
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[2024][ACL][JMRL]

Key Idea

_End-to-end Learning of Logical Rules for Enhancing Document-level Relation Extraction
« Joint Modeling Relation extraction and Logical rules
v' jointly learning
= aneuralmodel for DocRE
= and a neural model for approximating logical rules
v"inan end-to-end fashion

* Motivation
v 7|Z&9]logical rule based DocRE 2&[1, 2] 2 pipeline = £, error propagation St
2t

« Contribution
v" first end-to-end approach for imposing logical rules upon DocRE models

[1] Learning Logic Rules for Document-level Relation Extraction (EMNLP’21)
[2] Boosting Document-Level Relation Extraction by Mining and Injecting Logical Rules (EMNLP’22)

Konkuk university 20 Graph & Language Intelligence Lab.



[2024][ACL][JMRL]

Overall Architecture

Document Title: Parvathy Jayaram

[1] Ashwathy Kurup, better known by her stage
name Parvathy, is an Indian film actress and
classical dancer ... [2] Parvathy married film
actor Jayaram who was her co-star in many films
on 7th September 1992 at Town Hall, Ernakulam.
[3] She has two children, Kalidas Jayaram and
Malavika Jayaram. [4] ...

Input

A 4

[ DocRE Model

[ ] Input documents
[ ] Extracted logical rules

C] Neural networks
: C] Training losses

) Output
————

Logical rules
hasChild(x,y) « hasSpouse(x, z) A hasChild(z, y)
hasChild(x, y) « hasSpouse(x, z) A hasMother~(z, y)

hasFather(x,y) « hasMother(x, z) A hasSpouse(z, v)

-~

| Rule
extraction

Intput [

Y

Rule Reasoning Module

\. vy

Residual connection

m
x
j=A
)
S
)
=
o
>
7]

(Jayaram, Parvathy)

(Malavika J., Parvathy)

Classification loss

Loss £

Classification loss

) 4
-

Total loss 1LY + £2

Konkuk university

21
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[2024][ACL][JMRL]

Rule reasoning module

H: 22X de| & TE (x,ry)0l CHSH, 20| L2 chain rule NPHZ 1 AFAIO| =2
E| A

N,L .
2l 5 QU= M LIEHHE truth degree s,y S 258

Intermediate estimated truth degree

¢ 2n+1 1
Z w'gr’ 7)[f+($!yad)]i; [=1
i1

Spayd = < 2n+1
Z U),E'r,k’l) Z sgii;é)[er(z,y,d)]i, [>1
i=1

- (zar’i:y)e
\ ngR* Xn‘,'d

(1)
2t #&12] body atom2 trainable weight w. , = H o4
v" weight on predicate selection for [head atomO| r@! KR ruleQ|, I body atom]
v" confined to [0,1] by a softmax layer
V' Wy 2 10T, iR relation r_i? f selected as the predicate of the &Y body atom

Konkuk university 22 Graph & Language Intelligence Lab.



[2024][ACL][JMRL]

Rule reasoning module

(k

)+ ro| KM H%104| CHSH confidence score _ trainable weight
EL*' &A _ £[E truth degree of NHS| A

N

(kL
rmyd Z rzy}d (2)

k=

* Residual connection for final truth degree

oD = [F(z,y,d)]r + 500y (3)

Konkuk university 23 Graph & Language Intelligence Lab.



[2024][ACL][JMRL]

Rule Extraction

- of5El softrule T2 H|HE AFEO| 815 o= U= symbolic rule= 2k 81 HE
. OEXMoz O SsHZ20|OEREo| 22 8| o2} T 22 XXM D= EPI 1t
CHSH T 210|0H20| 22 XZS|H = 0| X7} QIOFAl
- D= 2I0|2 ESPY| IR0, 2= target relation0]] CHsH T Z0|2FE2| body
chainE U2 Aldgt
v B2 Zo|Tez ZEot A EE Q% relationS0| 22
v Q9G] %42 relation hooHX| 3|0 0| RIF RIS 3XI0| PEES0{ A

=== Target Relation: P17 ===

Rank 1 'P17(x, y)=-P131(x, z_8) a P131(z_@, y)}' Weight: 1.0000

Rank 2 'P17(x, y)<-INVP150(x, z_@) a P131(z_@, y)' Weight: ©.9999

Rank 3 'P17(x, y)<-INVP150(x, z_@) a P131(z_@, y)', 'P17(x, y)<-INVP15@(x, z_0

Rank 9] ['P17(x, y)<-Identity(x, x) a P27(x, y)', 'P17(x, y)<-P27(x, z_@) A P27(:

Rank 18] ['P17(x, y)<-Identity(x, x) A P131(x, y}' Weight: @.8803

[Rank 1][ 7% Z0|2 [Rank 1][ % Z0|3
'P17(x, y)<-P131(x, z_0) A P131(z_0, y)’, 'P17(x, y)<-P131(x, z_0) A INVP1376(z_0, z_1) AP131(z_1,)’,
'P17(x, y)<-P131(x, z_0) A P1376(z_0, y)’, 'P17(x, y)<-P131(x,z_0) A P36(z_0,z_1) AP131(z_1, y)’,
'P17(x, y)<-P131(x, z_0) A INVP36(z_0, y)’, 'P17(x, y)<-P131(x, z_0) A INVP27(z_0,z_1) A P131(z_1,y)’,
'P17(x, y)<-P131(x, z_0) A P27(z_0, y),, 'P17(x, y)<-P131(x, z_0) A INVP495(z_0, z_1) AP131(z_1, y)’,
'P17(x, y)<-P131(x, z_0) AP37(z_0, y) 'P17(x, y)<-P131(x, z_0) A P527(z_0,z_1) AP131(z_1,y)’

] (Weight: 1.0000) ] (Weight: 1.0000)

Konkuk university 24 Graph & Language Intelligence Lab.



[2025][ICLR][RUAG]

RuAG: LEARNED-RULE-AUGMENTED GENERATION
FOR LARGE LANGUAGE MODELS

Yudi Zhang', Pei Xiao® , Lu Wang’, Chaoyun Zhang®, Meng Fang®’, Yali Du®, Yevgeniy
Puzyrev’, Randolph Yao®, Si Qin’, Qingwei Lin’, Mykola Pechenizkiy', Dongmei Zhang”,
Saravan Rajmohan’, and Qi Zhang”

'Eindhoven University of Technology
*Peking University
“Microsoft
University of Liverpool

“King's College London

Konkuk university
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[2025][ICLR][RUAG]

Motivation

(o]

+ LLM| EHIQI XA/l i |55t 222 QIbt o)k X|A| 501 I|HS(SFT, ICL,
RAG, KG) 25 2HAIE 71+
« LLMO|Ofstznt 2 53 oS 2[ot 22 Knowledge transformation2 2
logic rulesZ X|Qtat
v D& YOl HIsH SEiet 2 E A0 AXslE EEeE Hoig 4 i X[10{=
A HAZ|H LM ZEIEO|| 4% 7 =
A2
v & logicrule2 XA E HO1 9F5010 || Mo| shadtalut 2 HHE|H SFIGHXA S 2t
Ddotz.” -||:|--'-tl_ AE_|-O| [
« Contribution
v SFT, ICL, RAG, KG-based B2S CHM|E -~ U= I H|OF 2 X412 8l Ots ot =2
A0 2 OIS AFRSH
v MCTSHES 5ot B 283}
v CIISHERA I (DocRE, log anomaly detection, decision-making)CiiA 2| A HES

Konkuk university 26 Graph & Language Intelligence Lab.



[2025][ICLR][RUAG]

Framework

* LLM formulates the MCTS search by defining the target and body predicates
 Apply MCTS to generate structured first-order logic rules
* Learned-rule augmented generation

%,

s LLM-based Logic Rule Search Formulation

A

Konkuk university 27

) Learned-Rule .
Augumented Generation )

i  Target predicate ] [
@: ) Body predicate ! Input:
Task-related: Obtain ¥ . . | K .
II# LLM suggests more: Remove impossible ones: ! You are &, your task is to collaborate
o] ) Predicate 1: Visit(&, )4  with ¥ to find ¥ in the game.
- stand(2 ), stand(€ ) i vy i
i Stand( % .J Stand( % , ) F'radln:ata 2: Visit( “@ % | Here are some logic rules you may find
I Stand( = ,-}, Reward =-10.0 Predicate 3: IsBoy(™) ' helpful:
4] i .
T || Arule L: A set of Body Predicates — Target Predicate Ji -Rulet:If i visited il and her
g i horizon distance to ‘¥ is -6, then &
7] | ’
o | ) o) Logic Rule Search with MCTS \(ERSUEIEUEET] |
= Given target predicate: Stand(*%, - Rule 2: If @ visited Ml and his
o State: a rule L = some body predicates: [‘u’isit{@, ), Dis}{_{@. ¥)=-6....] | wvertical distance to Pis-2, then &
et Action: add a new predicate into L: [Visit, DisX, ...]« DisY( &, ¥)=-2 ! canstand on H
Q- Reward: F1-score of applying the rule L in the pre-collected data P‘ - Rule 3: If ...
|- Searched Logic Rule Set | || [Current Observation]
isit( ) 1-Vi3iti@. & DisX (i, “‘:}*5 &... »Stand(**, . Please response with ....
2. Visit( %, B) & DisY(Ed, ¥)=-2 & ... »Stand(%", |
' Response: turn left, as ...
DisX(& ¥)=-6 3. i '
\OXE ) \ 7
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Rule search process

* Monte Carlo Tree Search

v Node: 5H-t2| rule _childZ L{2{ & == body predicate= SHH| =I5HHA FAI0| 2
GES
» RootNode:[](#H=Z! 92)
= Child: [born_in]
= Child: [born_in, located_in]

v Leaf node_is_terminal() 221: #& 20|71 2 0|40| £|H =&
» [simulation] Leafd| =&6tH #AIZ ™It -> reward(predcision) 2zt

v' MCTS?}rollout2 S26| 2t=ot 5, 7 E40| 2 rule pathZ A1EH

=

SEIEthon — Expansion —— Simulation —= Backpropagatlon

frrara

Tree Defauff
Policy Paolicy

v
- A y
Konkuk university 28
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Rule search process

« MCTSE E4l 5tLt2| target relationOf| CHoll S 2ot HAISS &2
v Reward(precision) : precision = correct_predictions / total_predictions
= total_predictions: #&/0] 2} O &= EEIE =+
= correct_predictions: FAI0|| 2} O| FE E2|E & AX| YHO E2E +

 Ex)target relation: citizen_of-x

s e e s e sk e e e sl e e e e e el s e s e o

Target Predicate Sorted Rules and Rewards

Rule: head_of_state-x -> citizen_of-x; Reward: 0.9898477157360406

Rule: head_of_gov-x —> citizen_of-x; Reward: 0.9797979797979798

Rule: minister_of based_in@-x -> citizen_of-x; Reward: 0.576271186448678
Rule: head_of based_in@-x —> citizen_of-x; Reward: ©.5495495495495496
Rule: member_of in@-x -> citizen_of-x; Reward: 0.08571428571428572
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| earned Rule g motes. append

"Rule":rule,

X‘l X-I _H_Xl ‘ "Confidence":reward
—/ )

: agency_of-x -> based_in@-x; Reward: 1.0

: head_of -> member_of; Reward: 1.0

: minister_of -> agent_of; Reward: 0.99280857553956835

: head_of_state-x —> citizen_of-x; Reward: 0.9898477157360406

: head_of_state —> agent_of; Reward: 0.9875776397515528

: agency_of -> based_in®; Reward: ©.9820143884892086

: head_of_gov-x —> citizen_of-x; Reward: @.9797979797979798

: head_of_state —> citizen_of; Reward: ©.968944099378882

: minister_of —= citizen_of; Reward: 0.9064748201438849

: head_of_gov-x , gpe® — head_of_gov; Reward: 0.7209302325581395

: head_of_state , based_in®-x -> head_of_state-x; Reward: @.7142857142857143
: head_of_gov , based_in®-x —= head_of_gov-x; Reward: 0.68

: in@-x , gpe@ —> in@; Reward: @.6467181467181468

: head_of , agency_of —> citizen_of; Reward: ©.6363636363636364

: agent_of , based_in@-x -> citizen_of-x; Reward: 0.59124$8759124088 "Rule": [["head_of state—x"], "citizen_of-x"1,
: agency_of , based_in@-x —> agency_of-x; Reward: 0.5603448275862069 "Confidence": @.9898477157360406

: agency_of-x , gpe@ -> agency_of; Reward: ©0.5450988392156862

: in@ , based_in@-x -> in@-x; Reward: 0.48009367681498827 {

: member_of , agency_of —> citizen_of; Reward: 0.4514285714285714 "Rule”: [["head_of_state"], "agent_of"l,

: agency_of , in@-x -> agency_of-x; Reward: 0.23876923076923078 "confidence": ©.9875776397515528

: agent_of , based_in®B-x -> head_of_state-x; Reward: 0.145985401459854

: based_in@ , in@-x -> agency of-x; Reward: @.125

: agent_of , based_in@-x -> head_of_gov-x; Reward: ©.12408759124087591 "Rule": [["agency_of"], "based_in@"],

: head_of_gov-x , gpe® -> head_of_state; Reward: ©.18077519379844961 "Confidence": ©.9820143884892086

: citizen_of-x , gpe® -> head_of_state; Reward: ©.89985243482538121 )

: head_of_state , based_in®-x -> head_of_gov-x; Reward: 0.07142857142857142

: citizen_of-x , gpe® —= minister_of; Reward: ©.06837186424003935 "Rule": [["head_of_gov-x"], "citizen_of-x"],
: citizen_of-x , gpe® —> head_of_gov; Reward: 0.04722085587801279 "Confidence": ©.9797979797979798

: head_of , agency_of -> head_of_state; Reward: ©.045454545454545456

: head_of_gov , in@-x —> head_of_gov-x; Reward: ©.029411764705882353

: head_of_gov , in® -> head_of_state; Reward: @.02564102564102564 "Rule": [["head_of_state"], "citizen_of"],

: head_of_gov-x , gpe® —> minister_of; Reward: 0.023255813953488372 "Confidence": ©.968944099378882

: head_of , agency_of -> head_of_gov; Reward: 0.022727272727272728 }

: head_of , based_in®-x —> head_of_gov-x; Reward: 0.021021021021021023

: agency_of-x , gpe@ -> in®; Reward: 0.01764705882352941 "Rule": [["minister_of"], "citizen_of"],

: member_of , based_in@-x -> head_of_state-x; Reward: 0.01563721657544957 "Confidence": ©.9064748201438849

: member_of , based_in@-x -> head_of_gov-x; Reward: 0.0125@09773260359656 }

: member_of , agency_of —> head_of_state; Reward: 0.011428571428571429

: member_of , agency_of —= head_of_gov; Reward: ©.005714285714285714 "Rule": [["head_of_gov-x", "gpe@"], "head_of_gov"
: citizen_of-x , gpe® —= head_of_state-x; Reward: 0.000983767830791933 "Confidence": ©.7209302325581395

"Rule": [["agency_of-x"1, "based_in®-x"1,
"Confidence": 1.0

"Rule": [["head_of"], "member_of"],
"Confidence": 1.0

"Rule": [["minister_of"], "agent_of"],
"Confidence": ©.9928057553956835
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rules to text _rule description.txt 444

« selected rules € HIAE AHO = Mo}t

texts = []

for rule in data:
body_predicates = rule["Rule"][@]
target_predicate = rule["Rule"] [1]
confidence = rule["Confidence"]

"Rule": [["agency_of-x"], "based_in®-x"],

"Confidence": 1.8

entity_count = len(body_predicates) + 1 If A has relation agency_of-x with B,
entities = [chr(65 + i) for i in range(entity_count)] . .

then A and B have relation based_in0-x,
conditions = [] with confidence 1.0000

for i, predicate in enumerate(body_predicates):
subject = entities[il
object_ = entities[i + 1]

conditions.append(f"{subject} has relation {predicate} with {object_}")

condition_str = " and ".join(conditions)

"Rule": [["head_of_gov-x", "gpe@"]l, "head_of_gov"],

“"Confidence": ©.7289302325581395

conclusion = f'"{entities (@]} and {entities([-11} have relation {target_predicate}"

description = (
f"If {condition_str}, then {conclusion},

f"with confidence {confidence:.4f}" If A has relation head_of_gov—x with B
) and B has relation gpe0 with C,
print(description) then A and C have relation head_of_gov,
texts.append({description) with confidence 0.7209
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Relation Extraction _ LLM prompt

You are a relation extraction assistant, and your task is to extract specific reli
The format for a relationship triple should be (entityl, relation, entity2), for «
I will supply you with a document, 2@ relationships with their descriptions, ant
Your mission is to sift through the document and extract all potential relationsh:

[

To
If
If
If
If
If
If
If
If
If
If
If
If
If
If
If
If

SR T a s ki
You need to extract the relationships mentioned below. Here are the descriptions i

—'based_in@': Relations between organizations and the countries they are baset
—'in@': Relations between geographic locations and the countries they are loci
—'citizen_of': Relations between people and the country they are citizens of.
—'based_in@-x': Relations between organizations and the nominal variations of
—'citizen_of-x': Relations between people and the nominal variations of the c¢
—'member_of': Relations between individuals and the organizations they are mer
—'gpe@': This relation type denotes the connection between nominal forms of a
—'in@-x': Relations between geographic locations and the nominal variations o
—'agent_of': Relations between individuals and the countries they represent ii
—'head_of': Indicates a person's leadership role in an organization or event.
—'agency_of': Relations between governmental agencies or departments and the ¢
—'player_of': Indicates a sports player's affiliation with a specific team. F¢
—'agency_of-x': Relations between governmental agencies or departments and the
—'head_of_state': Relations between individuals and the countries where they :
—'head_of_state-x': Relations between individuals and the nominal variations ¢
—'appears_in': Indicates a player's participation or presence in a specific U
—'vs': Indicates a competitive matchup between two sports teams. For example,
—'head_of_gov': Indicates the role of a person as the head of a country's gowt

improve Recall

A

PP >rrrrrPprrrromro>r

>

has

relation
relation
relation
relation
relation
relation
relation
relation
relation
relation
relation
relation
relation
relation
relation
relation

—'head_of_gov-x': Indicates the nominal variation of a country associated witl

Indicates the official role of a person as a mini

and precision in relationship extraction, we apply a set of TDE
head_of with B, then A and B have relation member_of, with conf:
agency_of-x with B, then A and B have relation based_in@-x, witl
minister_of with B, then A and B have relation agent_of, with c
head_of_state-x with B, then A and B have relation citizen_of-x,
head_of_state with B, then A and B have relation agent_of, with
agency_of with B, then A and B have relation based_in@, with coi
head_of_gov-x with B, then A and B have relation citizen_of-x,
head_of_state with B, then A and B have relation citizen_of, wil
minister_of with B, then A and B have relation citizen_of, with
head_of_state-x with B and B has relation gpe® with C, then A ai
head_of_gov-x with B and B has relation gpe@ with C, then A and
head_of_gov with B and B has relation based_in@-x with C, then J
head_of_gov with B and B has relation based_in@-x with C, then J
head_of with B and B has relation agency_of with C, then A and (
agency_of-x with B and B has relation gpe@ with C, then A and C
based_inB-x with B and B has relation gpe® with C, then A and C

Remember, the goal is to use these rules to fill in missing information and enhan

1. I have given you the following relationship triples. Based on these and the pr¢
2. Explain your derivation process and the logical rules you applied.

Konkuk university
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For example I will input a document and a relation list:

-—Example Input-—-

## Given document:"In a historic meeting in the Jordanian coastal town of Agaba or
## Entities:Ariel Sharon

———Example output—-

## result:

{

('Ariel Sharon', 'head_of_gov', 'Israel'),//Explanation: Ariel Sharon is identi-
('Mahmoud Abbas', 'head_of_gov-x', 'Palestinians'),//Explanation: Mahmoud Abbas
('George W. Bush', 'agent_of', 'United States'),//Explanation: The document cret

//Relation triples added after applying logical rules
('Mahmoud Abbas', 'citizen_of-x', 'Palestinians'},//Explanation: This can be re:

## Entities: Robert Fico; Amir Hekmati; Slovakia; Iran; Iranian; Iranians; Vladis’

## Document: Slovaks accused of spying in Iran released

Six Slevak paragliders detained in Iran since May on suspicion of spying have beet
They were originally arrested for taking photographs of restricted areas.

Slovak citizens detained by the Iranian authorities on suspicion of taking photogi
bounds have returned home, said Slovakian Prime Minister Robert Fico. Eight people
in May after taking photographs of restricted areas. A Slovakian news website sait
conference held by Prime Minister Fico in the capital, Bratislava on Sunday. Fico
government was working to secure the release of the remaining two paragliders who
"Negotiations were fair and their result is the release of six out of eight detair
on the government's website. He added that Slovakia had not made any “financial ct
of 2,300 metres. We were taking pictures from higher (altitudes)," said Frigo. He
Foreign nationals accused of spying In recent years, Iran has levelled accusation:
nationals and Iranians. Two U.S. citizens - Josh Fattal and Shane Bauer - were ser
spying after being arrested while hiking along the Irag-Iran border in 2009. They

Now, based on the relationships, Document, and specified Entities I provided, ext:

———output-——

## result:
//Please return the relationship triples in the following JSON format,and afte
{
('entityl', 'relationl', 'entity2')//Reason: After each relation triple you ci

('entityl', 'relation2', 'entity3')//Reason:
}

To summarize, your task is to extract relation triples from the given document anc
follow logical rules to get a more comprehensive relation triple, focusing only ot
mentioned. Please ensure that you do not extract any duplicate triples, and you st
only extract triples that involve the entities and relationships provided by me.

Output the triples in the strict format (entityl, relation, entity2), such as (un:
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3. Research in Progress




Goal

* DocRE with LLMs s inherently challenging
+ Recent studies attempt to integrate logical rulesinto DocRE

* Existing LLM-based approach (RUAG) relies on prompt-based rule injection
v RUAG incorporates rules by explicitly providing rules in prompts

* Limitations
v" Rules are externally injected rather than internalized
v" Rule usage can be inconsistent and brittle, and requires repeated prompting

* My Goal
v" Enable LLMs to internalize logical rules without fine-tuning
v" Allow LLMs to utilize rules implicitly during DocRE inference

Konkuk university 34 Graph & Language Intelligence Lab.



Motivation

o LLMO| 1&I= ‘O|sH'sHoFat7}t?

* Post-filtering
v ERE|EHHO AISTHOZ X|H

e
v Er| F UA0| SHYE

Constraint decoding
v g aPEoM 2EIC| B Z2HS XSt A
v AAS RIERE FE E A0 HiXSIH 2F A
v" Precision F, syntax correctness HEO| Gt
v' 2L}, semantic correctnesstt 2|0| XM MEIMS S 26| HASHK| 2ot
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Motivation

off LLMO| r%]= "O|3HSHOF”t?

* Prompting
v A Mysio] RYo| FAlg XP|EE Qg

v DO LIAH A Ogh =52 M[eHHO|H, RE XN =2 5

v SRR SAL 2| X ROl 20

1 O " 17 —

* Fine-tuning
v 1|8 YRSt Ol
v 2] Bol0f| ROI5HX| 42

(rofm=]

Konkuk university 36
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Motivation

off LLMO| |2 “Ofof{'sH{ofFnt?

+ TS LML) ZFEO2 OfsiAIP |2,
v SIET A TR XM () E
+ Ei: OF OO, DHO| AAS FAS SHABIES &
v Bk 92 ofHDIOJl HE A SIE XIS 0l

oHd o o== L OO
v' semantic, logical level2| correctnessE LIE 4= US

Konkuk university 37
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Approach Overview

* Explicit logical rules are given
v" pre-defined logical rules (e.g. Horn clauses, first-order logic, tree-like ..)
* Inject rules into LLM via an adapter-style mechanism
v" Plug and play integration e
v" No fullF-model fine-tuning siever [~ _ | |
v" Enables rule internalization within the model - S ’

* Flexible rule management |ﬁ 7. L

Jeremy

gender’t father

v" Rules can be added, removed, or modified ""“""""""“"L'in;;;i;_;'{;,;;;;;;;;;u;;u'r'cj
v' Nore-training required , 3
Q: Who is the brother of Justin Biebe I
KG: (Just , father, Jeremy Bieber), ...., i
(Jeremy Bieber, son, ]

A: Justin Bieber does not have a brather.x

9 Prompt-based Method /

---------------------------------------

---------------------------------------

¥, L
H Direct access :l KG-

structured KG Adapter

[

]

1

]

] Ja KL

i Q:Who is the vl
i brother of Ju: — (;

]

1

i

______________________________________

O| O] X| £X: KG-Adapter: Enabling Knowledge Graph Integration in Large Language Models through Parameter-Efficient Fine-Tuning (ACL’24)
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PINN: Physics-Informed Neural Network

Journal of Computational Physics 378 (2019) 686-707

. . . . "L Journal of
Contents lists available at ScienceDirect Computational

Journal of Computational Physics

www.elsevier.com/locate/jcp

Physics-informed neural networks: A deep learning N
framework for solving forward and inverse problems involving | &&=
nonlinear partial differential equations

M. Raissi?, P. Perdikaris P*, G.E. Karniadakis ?

 Division of Applied Mathematics, Brown University, Providence, RI, 02912, USA
b Department of Mechanical Engineering and Applied Mechanics, University of Pennsylvania, Philadelphia, PA, 19104, USA

# of citations 19,686
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PINN _ Background

Limitations of Deep Learning

- small data regime _ A2 H|O|E £+
v =t|-59 52 Z0PM=H0lH =8 tI|RO| 0% ==
-> partial information S10j|A] A2 &0 SH= IS
v’ O[2{ot 2HA0{XM 7 |E Hitd'd 222
» robustness =
= UL SEHO| B E > QHIE 20| 55
= =3(convergence)di| CHSH 2 & Q12
= = O0|E{7} 242 purely data-driven learning 22 S0 61!
AFE XA (prior knowledge)2| 0|2 A

v 2oy S A|AHE0= 0|0] 22|, A A4, =R XA S| Lrhiet ARE X[A0] &
Afet

v 2Lt 9Etl O [A[eks 2ROl = Ol AR X[A0] He| ZEE[X| g3, &= data-driven

— — SO - T

leaming 22 SiAlC| 22| D |2 SIR5IK| E5HH, S2|X O 2 L0 Q= 0f|= HE

) P = EJ_
A 0|
T AAO
v prior knowledge as regularization
: prior information:2 618 7152 89| 32k 22| 7 Fstt 30| 2 Hohshs Fret QA2 X8
St 4 912 > 02 3% DPE0| 1ATIS|H @=0] FsH= 0[] KEalo| SZg|o],

ATIR C|0|Ef 2HH0j|A Tt 4240t QRIS P | O FshE
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PINN: Physics-Informed Neural Network

. 22|E 20 (MO HHANS lossoll /15101 S50l L2 HEYT

<
AN
\RFLT K]
t::;'ZI{ XRIADR
L EARBE KA R
S AR 57
Qe g '.-\9:“’.0»:
AN AT S 700

N Y. D \
RN
/I AN

SN
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PINN: Physics-Informed Neural Network
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PINN: Physics-Informed Neural Network

Implementation

PINN(nn.Module}: train_pinn(model, optimizer, x_train, u_train, x_physics, epochs=5000):
__init_ (self, input_dim=2, hidden_dim=50, output_dim=1, num_layers=3): criterion = nn.MSELoss()
super(PINN, self).__init_ ()

for epoch in range(epochs):

1 =
ayers = [] optimizer.zero_grad()

layers.append{nn.Linear(input_dim, hidden_dim))
layers.append{nn.Tanh()}

for _ in range(num_layers - 1): u_pred = model(x_train)
layers.append(nn.Linear(hidden_dim, hidden_dim)) data_loss = criterion(u_pred, u_train)
layers.append(nn.Tanh())

layers.append{nn.Linear(hidden_dim, output_dim)) physics_loss = model.compute_pde_Lloss(x_physics)

self.network = nn.Sequential(xlayers)
forward(self, x): loss = data_loss + physics_loss
return self.network(x) loss.backward()
optimizer.step()
compute_pde_loss{self, x):

"""PDE residual loss function (e.g. Burgers equation)"""
X.requires_grad =

x_train = torch.linspace{-1, 1, 100).view(-1, 1)
u = self.forward(x)

u_train = torch.sin(torch.pi * x_train)

u_x = autograd.grad(u, x, grad_outputs=torch.ones_like(u), create_graph= ) [0] x_physics = torch.linspace(-1, 1, 2080).view(-1, 1)

u_xx = autograd.grad{u_x, x, grad_outputs=torch.ones_like(u_x), create_graph= ) [e]
pinn_model = PINN(input_dim=1, hidden_dim=5@, output_dim=1, num_layers=3)
optimizer = torch.optim.Adam(pinn_model.parameters(), 1r=0.001)

residual = u_x + u % u_x - (8.01 / torch.pi) % u_xx
physics_loss = torch.mean(residualsx2)

. train_pinn(pinn_model, optimizer, x_train, u_train, x_physics)
return physics_loss

IEEN: https://ffighting.net/deep-leaming-paper-review/deep-simulation/pinn/
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PINN: Physics-Informed Neural Network

Features

* very simple, but powerful and intuitive
v 21E I ET 120 2| ©AS loss function BEZ 37}
« allows you to work with relatively small datasets
v 2X| S8 HI0|E2t BX| B0t &
v O0|E)7} gle RIX[OIME =2 e A 2 6R B2t 21 (virtual points)
« physics is informed, not enforced (only suggesting)
v =t| gilS ZHok= 20| O, PSSR R o= U4
v' dataloss, physicsloss 2t2| trade-off _ k51 FI0]| Al ahat H7H
v' physics loss?t H2t5| 00| El= A= He| %S
= AT 2T EHEO| ZAK 2RSS
= SE0| et
— small but non-zero physics loss? | 5&6| {1 2&|l= = UX[2H
— exact physics enforcement? Qo HLE QS
-> Architectural design, actual constraint optimization 50| 2 &

Konkuk university 45 Graph & Language Intelligence Lab.



AGI: Artificial General Intelligence

- QIPknt QARSEAZ0| Ofef|- BHy - A2 5SS WSS & 9/ 01T X5

« Narrow Al (3ixHQ| 212 X|5)
v EX 2H (task-specific)S 5=3H517 | 2{sH

/ =
v OPYEIAY GY0ME IRt o = T O de52 B
v AR 72| E H|O|E{2f M2 tO]E | LHOY|MZHSE]

e.g. O|0|X| 14| B 4-4oi Chizl et=ot Al 22 HAO|ES AL 152 = S

- AGI (RIS 2 XIS)
v CRFer Z0k0M IZH 7Aoo, Oldh, 2 sH = X HE Xs= X[
v QI2 10 o5, 2HI BHE, Ol I% S LI =0f0llM 278 =2 sH= EoiE =+
UL, Ol2{et 2171 LA K55 HFEOX Xtok= 20| =1
v MZ2 2120 Chish B2 xifets §10] 2HE S T0[ot] R0 =X ol 2

[1] https://aws.amazon.com/ko/what-is/artificial-general-intelligence/
[2] https://www.samsungsds.com/kr/insights/artificial_general_intelligence_20240417.html
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VLA: Vision-Language-Action Models

Ripe apples
in orchard
o - b | l
Y ey, e : .
E I.a';g::?se- | ! Action-Models |
“Understand Control
Text Behavior

Difficult to jointly N
perceive, understanad, ) Integrate vision,
________ AAC A e language
understanding, and
Vision motor actions,
enabling robots to

perceive, reason,

and act coherently

i

Vision-Language-Action Models

0| O] X| =X : Vision-Language-Action Models: Concepts, Progress, Applications and Challenges (arXiv’25)
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VLA: Vision-Language-Action Models

0| O] X| =X : Vision-Language-Action Models: Concepts, Progress, Applications and Challenges (arXiv’25)

Konkuk university
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Vision

Language, . Action

& -
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VLA: Vision-Language-Action Models

o SEHHEA
(o Ne] (@]
v 2021-2022 2E=t
v" Google Deepmind 2| RT-2 (Robotic Transformer 2)7 | 715 gt

_#of citations 2,392
o BHAI JHLS
i -

v" Vision, Language, Action = THd S O [EHIXZ 28t
v Ql&|(perception)a2(reasoning)-X0f(control) & StLt2| 2| Y93 QM SESts

=
- XM EY

v 7|& VLM(vision-language model)= &S0 action token= 2t
v A|ZHo0]-si=E2 2E g 270 M
v Ez2H

oco=
Bl EX{2 HE-S A 05t EHAIIH |8 end-to-end X

v Tt TE[2E Ze ZEO| OfL[2l HWEf Ol 7[R =22 S0l 2X| WsS 4 dotl= &

X|7t 7Hs 3t embodied AIZ2 %*’S %

[1] [2025][arXiv][-] Vision-Language-Action Models: Concepts, Progress, Applications and Challenges _ # of citations 63
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VLA: Vision-Language-Action Models
VLA for AGI

« VLA= embodied AIQ| el G| Z20f0|Xt AGIE 2ot =R {1 I
« AGIC| =2|7} C|X|E Al-> =2 A[AH|2] embodied Al £ 0=
v SRl 22O R HIEEN0|H 0|5 271017 | 20| K& AL 0123
v A3 XEY 7 OOD(out-of -distribution)2| 9=
» XRER QIZte| izt
= O QU= IR}, R T B
» SN, W Hot &
« VLA QI S0Pt tHEH| 2SR /IO, OF&] &R7| EEA|O|X[2EX[otA Q1 ~FOf X|
St Quiet 5212 BOFET /8

3
1o

[1]1[2025][arXiv][-] ASurvey on Vision-Language-Action Models: An Action Tokenization Perspective _ # of citations 37
Konkuk university
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Thank you for your attention!
Any gquestions?

Hye-Yoon Baek (hannah 100@konkuk.ac kr / hyeyoonbaek@gmail.com )

Konkuk University, Seoul, Republic of Korea

2026.01.08
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