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Introduction

Foundation Models

Foundation models, trained virtually on the entire web and further tuned to align with
human values, have shown impressive capabilities across diverse tasks and domains.
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Introduction

Prior Knowledge-Augmented Language Models

As knowledge internalized in models is inaccurate and insufficient, | proposed model
augmentation and knowledge representation (for retrieval) methods in my master's.
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Introduction

Motivation for

When starting PhD, frontier models (GPT-3 Davinci and ChatGPT) become released
as services, with parameters closed and training very expensive even when available.

‘ Unavailable

$0.0004 /1 torene $0.0005 /i torens $0.0020 /i torens $0.0200 /i« tokens

GPT-1 GPT 2
(117M) (1.5B)

@ ‘ Too costly to train:

- Training: 48 x H100 (80GB)
- Inference: 8 x H100 (80GB)




Introduction

Contextualizing Foundation Models with Knowledge

My thesis consists of three parts: retrieval, contextualization, and application.

Advancing Foundation Models with Contextualization
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Introduction

Contextualizing Foundation Models with Knowledge

My thesis consists of three parts: retrieval, contextualization, and application.
Data Store
Advancing Foundation Models with Contextualization

Part 2. Representing and Retrieving Knowledge for Contextualization

Part 3. Expanding Contextualization to Real-World Applications




Part 1: Advancing Foundation Models with Contextualization

Contextualizing Models without Parameter Updates

| first investigate whether larger and more capable foundation models, without training,
can leverage (structured) knowledge when incorporated into their context.

Jinheon: Could you recommend
any books written by Jane Austen?

/?el‘/‘[eyo/ Jane Born_in

AUSU »  Steventon

Here are some facts that might be relevant to
answering the question:

Jane Austen wrote Lady Susan
Jane Austen wrote Pride & Prejudice Write Write Is a

Question: Could you recommend any ...
Answer:

Pride &

,{3} Sure! Her works include Lady Prejudice
! |

Susan and Pride & Prejudice.

Baek et al., Knowledge-Augmented Language Model Prompting for Zero-Shot Knowledge Graph Question Answering, NLRSE @ ACL 2023 (Best Paper Award, > 300 Citations)



Part 1: Advancing Foundation Models with Contextualization

Contextualizing Models without Parameter Updates

The experimental results show that the proposed Knowledge-Augmented language
model PromptING (KAPING) method outperforms baselines on knowledge graph QA.

Datasets Methods T50s88 T5@3B) T50B) OPT @278y OPT®678) OPTa3w TO0@3B TO@my GPT-3@%78) GPT-3(1758) AlexaTM (20B) Average
No Knowledge 6.95 13.40 9.48 19.85 29.77 28.38 21.43 40.77 44.63 63.59 46.79 29.55
Random Knowledge 21.55 19.15 17.57 28.07 31.73 33.31 32.62 51.20 51.01 65.87 57.37 37.22
WebQSP Popular Knowledge 15.30 16.88 18.39 28.32 28.13 24.21 27.05 47.22 45.58 62.26 54.91 33.48
w/ Freebase  Geperated Knowledge 6.19 7.84 6.76 7.46 11.50 8.22 19.41 38.81 45.89 62.14 35.13 22.67
KAPING (Ours) 34.70 2541 2491 41.09 43.93 40.20 52.28 62.85 60.37 73.89 67.67 47.94
No Knowledge 10.30 18.42 15.21 23.94 33.77 32.40 24.56 44.20 48.50 67.60 42.41 32.85
Random Knowledge 17.94 22.78 24.28 37.24 35.61 38.27 28.85 47.68 52.05 60.64 55.63 38.27
WebQS_P Popular Knowledge 15.35 20.80 20.74 30.83 30.01 27.83 24.83 48.02 4741 63.37 53.92 34.83
w/ Wikidata  Geperated Knowledge 11.94 13.30 12.28 11.26 17.53 14.19 22.92 41.34 48.77 65.89 31.16 26.42
KAPING (Ours) 23.67 40.38 35.47 49.52 53.34 51.57 49.86 58.73 60.44 69.58 65.04 50.69
No Knowledge 11.23 14.25 17.06 19.76 27.19 26.83 14.75 23.74 34.65 56.33 41.97 26.16
. Random Knowledge 17.59 18.19 18.83 28.11 26.58 28.36 16.10 26.15 32.98 51.56 46.02 28.22
M‘“t‘fk? Popular Knowledge 17.56 18.09 18.73 26.97 27.08 23.10 16.74 27.15 32.48 53.16 46.41 27.95
w/ Wikidata  Geperated Knowledge 13.61 14.61 14.29 11.87 14.96 16.24 14.46 23.13 33.12 55.65 34.58 22.41
KAPING (Ours) 19.72 22.00 22.85 32.94 32.37 33.37 20.68 29.50 35.61 56.86 49.08 32.27

Baek et al., Knowledge-Augmented Language Model Prompting for Zero-Shot Knowledge Graph Question Answering, NLRSE @ ACL 2023 (Best Paper Award, > 300 Citations)



New Paradigm for Model Contextualization

KG-auemented KAPING (Baek et al., 2023),StructGPT (Jiang et al., 2023), IAG (Zhang
Retri lg 311 et al., 2023b), SAFARI (Wang et al., 2023b), KICGPT (Wei et al., 2023),
etrieva (§ 3.L1 Rigel Facts (Sen et al., 2023), Retrieve-Rewrite-Answer (Wu et al., 2023)

KG-augmented

Knowledge-aware
LLM Inference (§ 3.1)

Agrawal et al., Can Knowledge Graphs Reduce Hallucinations in LLMs: A Survey, NAACL 2024

Part 1: Advancing Foundation Models with Contextualization

Subsequent Works in Model Contextualization

GNN-RAG
G-Retriever

Give us the Facts
GraphRAG

(Mavromatis et al., 2024)
(He et al., 2024)

(Yang et al., 2024)

(Han et al., 2025)
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Part 1: Advancing Foundation Models with Contextualization

Subsequent Works in Model Contextualization

New Paradigm for Model Contextualization

LLM

KAPING (Baek et al., 2023),StructGPT (Jiang et al., 2023), IAG (Zhang
KG-augmented —+ Knowledge-aware H KG-augmented H et al., 2023b), SAFARI (Wang et al., 2023b), KICGPT (Wei et al., 2023),

Rigel Facts (Sen et al., 2023), Retrieve-Rewrite-Answer (Wu et al., 2023)

Inference (§ 3.1) Retrieval (§ 3.1.1)

GNN-RAG Mavromatis et al., 2024)

Agrawal et al., Can Knowledge Graphs Reduce Hallucinations in LLMs: A Survey, NAACL 2024 GraphRAG

Adaptivity: Adaptive-RAG [1]

Straightforward Query: Answer
Paris is the capital of what?

When is the birthday Retreval
of Michael F. Phelps?

==
Simple Query: “ ©00 Documents )

Answer

— k times
Classifier So) (>

) Documents
Retrieval
(Intermediate)

Answers

What currency is in

Complex Query:
Billy Giles’ birthplace?

Multimodality: VideoRAG [2]

Retrieve
[Query: After crossing the wide end, what’s next in tying a tie? J
I N N BN B B BN BN BN BN BN BN BN BE B B = . Iy
0:30~1:00 Bring the wide end across the —
narrow end, making sure it lays flat and
untwisted.
1:00~1:30 Then, loop the wide end behind|
the narrow end and bring it back to ... 3
@ Answer: Wrap the wide end behind the narrow end, bringing it back
to the front on the opposite side. Generate

Give us the Facts Yang et al., 2024)

(
G-Retriever (He et al., 2024)
(
(Han et al., 2025)

Universality: UniversalRAG [3] 2

g°°p No Retrieval
Simple Query: PR d :o )
What is the capital of France? . pare®
Short Text RAG Query: E D 2
Where was the CEO of Meta born? C-cE(repxlth CUmens (°°)
Long Text RAG Query: Q
Who is older: Beyonce or Adele? : md
Image RAG Query: A 0
How does the Burj Khalifa look? ] (oo b
Short Video RAG Query: |
How did Messi score last game? | : °°° b
(Long Video RAG Query: | _ _
(How can I replace a bike wheel? Multi Multi

Modality Granularity
11

[1] Jeong, Baek et al., NAACL 2024 (Oral Presentation, #7 Most Influential Paper); [2] Jeong*, Kim*, Baek* et al., ACL Findings 2025; [3] Yeo*, Kim*, Jeong, Baek et al., arXiv 2025



Part 1: Advancing Foundation Models with Contextualization

What Breaks in Model Contextualization?

The contextualization approaches (that augment models with the knowledge
retrieved from the data store) still fall short of guaranteeing fully accurate answers.

Jinheon: Could you recommend
' any books written by Jane Austen?

o]

Here are some facts that might be relevant to NV
answering the question:

Fact #1

Fact #2

Question: Could you recommend any ...
Answer:

@ Sure! N
=

Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023

STk

12



Part 1: Advancing Foundation Models with Contextualization

What Breaks in Model Contextualization?

The contextualization approaches (that augment models with the knowledge
retrieved from the data store) still fall short of guaranteeing fully accurate answers.

Jinheon: Could you recommend
' any books written by Jane Austen? []
Q ‘ Retrieval fails

Here are some facts that might be relevant to NV
answering the question:

Jane Austen was a Novelist

Jane Austen was born in Steventon

Question: Could you recommend any ...
Answer: o,
o8

,{3} Sure! Jane Austen, born in
. §

Steventon, was a novelist.

o

13
Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023



Part 1: Advancing Foundation Models with Contextualization

What Breaks in Model Contextualization?

The contextualization approaches (that augment models with the knowledge
retrieved from the data store) still fall short of guaranteeing fully accurate answers.

Jinheon: Could you recommend
any books written by Jane Austen?

o]

Here are some facts that might be relevant to NV
answering the question:

Jane Austen wrote Lady Susan

Jane Austen wrote Pride & Prejudice

Question: Could you recommend any ...
Answer:

;: ' .
B Sure! Her works include Great U4
-}

Expectations and Middlemarch.

STk

14
Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023



Part 1: Advancing Foundation Models with Contextualization

Verification of Retrieval and Grounding Errors

| propose a Knowledge-Augmented Language Model Verification (KALMV) method,
which detects retrieval and grounding errors.

1 Jinheon: Could you recommend
any books written by Jane Austen?

Q[ aueston |
\ uestion \ Retrieval Error
Here are some facts that might be relevant to N ’
answering the question: | 0 : \ . )
Jane Austen wrote Jane Eyre | > Retrieved | — Q Grounding Error |

Jane Austen wrote Wuthering Heights Knowledge |

.
Correct Answer
)

i Verifier
Question: Could you recommend any ... Generated errie —
Answer: Answer | (KALMV) Verification

;: ' .
E) Sure! Her works include Great U4
-}

Expectations and Middlemarch.

STk

15
Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023



Part 1: Advancing Foundation Models with Contextualization

Verification of Retrieval and Grounding Errors

| propose a Knowledge-Augmented Language Model Verification (KALMV) method,
which detects retrieval and grounding errors but also further rectifies them, iteratively.

1\ Jinheon: Could you recommend

- (—1Action: Redo Retrieval

any books written by Jane Austen? M W Iyl o
y y é_‘ 3 i
o N m— '
L Question \ Retrieval Error |-
Here are some facts that might be relevant to NV ’
answering the question: | 0 : \ ] 1
Jane Austen wrote Jane Eyre :> Kﬁf&"z’:de _— Grounding Error |-
Jane Austen wrote Wuthering Heights - g . i
C ¥ Correct Answer !
Question: Could you recommend any ... Generated Verifier — ~
Answer: [§ | Answer | (KALMV) Verification |
. > i
=) Sure! Her works include Great N A R T E e .
=5, Expectations and Middlemarch. ction: Redo Lseneration
16

Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023



Part 1: Advancing Foundation Models with Contextualization

Verification & Refinement Greatly Reduce Errors

We validate KALMV on question answering tasks with both the structured and
unstructured knowledge sources, demonstrating its effectiveness over baselines.

Base (250M) Large (780M) XL (3B)
Datasets Methods Fl1 EM Acc F1 EM Acc Fl1 EM Acc
Naive Language Models 7.53 324 457 11.09 6.29 7.81 16.89 11.16 12.94
Knowledge-Augmented LMs 18.06 1230 1526 1861 13.74 1640 1903 1413 16.90
Natural Questions Adaptive Retrieval w/ Confidence 16,70 11.02 14.07 18.16 13.07 15.60 20.89 15.76 18.28
w/ Wikipedia LLM-Augmenter w/ Knowledge F1 ~ 19.58 13.56 16.81 2853 2122 2532 31.00 23.06 27.59
LLM-Augmenter w/ Confidence 1991 14.14 17.19 20.19 1497 18.29 2288 17.17 20.49
KALMY (Ours) 5298 4236 5043 56.80 46.13 5357 6743 58.06 63.17
Naive Language Models 1425 968 1036 1680 11.78 1241 2197 15.06 16.22
Knowledge-Augmented LMs 31.20 22,77 25.13 3346 2529 2737 3547 27.08 29.14
HotpotQA Adaptive Retrieval w/ Confidence 2682 19.10 21.11 2680 19.65 21.23 2941 21.55 2354
w/ Wikipedia LLM-Augmenter w/ Knowledge F1 ~ 32.89 23.24 26.12 3940 28.55 31.60 4697 3454 37.72
LLM-Augmenter w/ Confidence 3475 25.67 2820 3578 27.29 2938 4057 31.35 33.71
KALMY (Ours) 64.06 5231 5584 63.74 5239 5598 67.21 5499 58.07
Naive Language Models 3253 21.35 2578 4033 3008 3274 46.20 3643 40.11
Knowledge-Augmented LMs 53.57 43.25 5368 4237 2613 6228 4945 36.02 59.28
Adaptive Retrieval w/ Entity 49.13 3779 4632 4781 3568 4932 5199 4154 51.16
WEbQS.P Adaptive Retrieval w/ Confidence 46.76 3649 43.66 4832 3656 5198 53.17 43.32 53.89
w/ Wikidata LLM-Augmenter w/ Knowledge F1 ~ 56.42 4595 56.26 4441 2779 6456 5195 38.12 6196
LLM-Augmenter w/ Confidence 56.62 47.33 5636 4435 2879 6447 50.63 36.62 60.67
KALMY (Ours) 7431 6392 77.78 54.79 4546 8271 67.10 50.81 83.21

17
Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023



Part 1: Advancing Foundation Models with Contextualization

Verification Is Easier than Generation

The first bar in each subplot shows the distribution of error types, while the remaining
bars report the verifier accuracy, and we observe that accuracy reaches around 80%.

] Retrieval Verification 71 Groundness Verification I Correctness Verification

WebQSP Mintaka Natural Questions HotpotQA

100 -
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]
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o
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]

Verification Accuracy

(=]
l

Ratio Ret. Gro. Cor. Ratio Ret. Gro. Cor. Ratio Ret. Gro. Cor. Ratio Ret. Gro. Cor

18
Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023



Part 1: Advancing Foundation Models with Contextualization

Verification of (Contextualized) Models in the Wild

A similar idea of verifying the generated response from models is deployed in Gemini.
Also, | make the verification and refinement process operate in a streaming manner.

Can postdocs be principal investigators in South Korea?

Jinheon: Could you recommend
any books written by Jane Austen?

4 No, postdocs typically cannot be principal investigators (Pls) in South Korea. ' The role of a
Pl is generally reserved for individuals with more senior and permanent academic or research
positions.

Here are some facts that might be relevant to

answering the question:

Jane Austen wrote Lady Susan

Jane Austen wrote Pride & Prejudice

The Principal Investigator Role

A principal investigator is the lead researcher for a research project or grant. v They are
responsible for the overall design, execution, and management of the study, including securing

funding, overseeing the budget, and supervising a team of researchers, which often includes

postdocs. The Pl is also the primary point of contact for funding agencies and is ultimately

Question: Could you recommend any ...
Answer:

- Her works include Middlemarech;

Ladu Susan, ...
Streaming
QVerification [1]

19

accountable for the project's success. -~ This role signifies a high level of independence and

seniority in the academic or research hierarchy. ~

Google Search found similar content.

The term PC is a commonly understood role within higher educational
institutions and public research organisations in particular, and indeed in...

R® www.researchgate.net

Ko, Baek et al., Real-time Verification and Refinement of Language Model Text Generation, EMNLP 2025



Part 2: Representing and Retrieving Knowledge for Contextualization

What Powers Contextualization: Relevant Knowledge

Effective contextualization requires relevant knowledge.

[ & Recent approaches to reduce
transformer inference latency? Data Store

Answer the user question by leveraging the
retrieved knowledge from recent papers:
1. FlashAttention (...)

2. Speclinfer(...)

3. PagedAttention (...) Retrieval for
Contextualization
Question: Recent approaches to reduce ...

Recent methods to reduce latency
include FlashAttention for ...

20



Part 2: Representing and Retrieving Knowledge for Contextualization

What Powers Contextualization: Relevant Knowledge

Effective contextualization requires relevant knowledge.
However, retrieval is the most challenging part in model contextualization.

\ Recent approaches to reduce

~ transformer inference latency? Data Store

Answer the user question by leveraging the
retrieved knowledge from recent papers:
1. FlashAttention (...)

2. Speclinfer(...)

3. PagedAttention (...)

Retrieval for

Contextualization
Question: Recent approaches to reduce ...

Recent methods to reduce latency
include FlashAttention for ...

13% 15%
25%
11% 8%
0
25 10%
S 76% 76%
65%
33%
WebQSP  Mintaka  Natural HotpotQA
Questions

® Retrieval Error @ Grounding Error B Correct Answer

21



Part 2: Representing and Retrieving Knowledge for Contextualization

Retrieving Richer Knowledge Beyond Textual Corpora

To advance retrieval, | have gone beyond textual corpora and proposed approaches
for retrieving richer knowledge sources (such as multimodal documents and videos).

How many characters appear on
the poster of Inside Out movie 17? \

Multimodal Large Language Models —» «

4 4 4 Multimodal Interleaved

A A A Document Representation [1]
—> Text Image Table <

Inside Out (2015 ﬁlrr$ XA 74 languages -~

Inside Outis a 2015 American animated coming-of-age film produced by Pixar Animation Studios
for Walt Disney Pictures. It was directed by Pete Docter from a screenplay he co-wrote with Meg
LeFauve and Josh Cooley. The film stars the voices of Amy Poehler, Phyllis Smith, Richard Kind, Bill
Hader, Lewis Black, Mindy Kaling, Kaitlyn Dias, Diane Lane, and Kyle MacLachlan. /nside Out
follows the inner workings of the mind of Riley, a young girl who adapts to her family's relocation
as five personified emotions administer her thoughts and actions.

Docter conceived /nside Outin October 2009 after observing changes in his daughter's personality
as she grew older. The project was subsequently green-lit, and Docter and co-director Ronnie del
Carmen developed the story, while consulting psychologists and neuroscientists in an effort to
accurately portray the mind. Development took five-and-a-half years on a budget of approximately
$175 million. Significant changes to the film's story and characters delayed the film's production
schedule.

Inside Out debuted at the 68th Cannes Film Festival on May 18, 2015, and was released in the A f“
United States on June 19. It received critical acclaim for its craftsmanship, screenplay, subject

matter, plot, and vocal performances—particularly those of Poehler, Smith, Kind, Hader, Kaling,
and Black. The National Board of Review and the American Film Institute named Inside Out one of

e g voee oD
JUNE 19

Theatrical release poster

the top-ten films of 2015. It grossed $858.8 million worldwide, finishing its theatrical run as the Directed by Pete Docter

seventh-highest-grossing film of 2015. The film was nominated for two awards at the 88th Screenplayby  Pete Docter

Academy Awards, winning Best Animated Feature, and received numerous other accolades. Meg LeFauve

Philosophical journal Film and Philosophy recognized Inside Out as one of the best animated films Josh Cooley Vi d e 0 R et r i eva l [2]

ever made. A sequel, /nside Out 2, was released in 2024. Story by Pete Docter 2 2

[1] Lee*, Ko*, Baek* et al., VecDB @ ICML 2025; [2] Jeong*, Kim*, Baek* et al., ACL Findings 2025
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Part 2: Representing and Retrieving Knowledge for Contextualization

Different Interfaces for Different Knowledge Sources

Beyond unstructured corpora (such as text), another knowledge source, knowledge

Multimodal Large Language Models

§ 4 4

How many characters appear on
the poster of Inside Out movie 1?

—»

4 4
Text Image Table <

Inside Out (2015 ﬁ1n$

A 74 languages v

Inside Outis a 2015 American animated coming-of-age film produced by Pixar Animation Studios
for Walt Disney Pictures. It was directed by Pete Docter from a screenplay he co-wrote with Meg
LeFauve and Josh Cooley. The film stars the voices of Amy Poehler, Phyllis Smith, Richard Kind, Bill
Hader, Lewis Black, Mindy Kaling, Kaitlyn Dias, Diane Lane, and Kyle MacLachlan. /nside Out
follows the inner workings of the mind of Riley, a young girl who adapts to her family's relocation
as five personified emotions administer her thoughts and actions.

Docter conceived /nside Outin October 2009 after observing changes in his daughter's personality
as she grew older. The project was subsequently green-lit, and Docter and co-director Ronnie del
Carmen developed the story, while consulting psychologists and neuroscientists in an effort to
accurately portray the mind. Development took five-and-a-half years on a budget of approximately
$175 million. Significant changes to the film's story and characters delayed the film's production
schedule.

Inside Out debuted at the 68th Cannes Film Festival on May 18, 2015, and was released in the
United States on June 19. It received critical acclaim for its craftsmanship, screenplay, subject
matter, plot, and vocal performances—particularly those of Poehler, Smith, Kind, Hader, Kaling,
and Black. The National Board of Review and the American Film Institute named /nside Out one of
the top-ten films of 2015. It grossed $858.8 million worldwide, finishing its theatrical run as the
seventh-highest-grossing film of 2015. The film was nominated for two awards at the 88th
Academy Awards, winning Best Animated Feature, and received numerous other accolades.
Philosophical journal Film and Philosophy recognized Inside Out as one of the best animated films
ever made. A sequel, /nside Out 2, was released in 2024.

e
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Theatrical release poster

Directed by Pete Docter

Screenplay by Pete Docter
Meg LeFauve
Josh Cooley

Story by Pete Docter

Multimodal Interleaved
A Document Representation [1]

Video Retrieval [2]

Structured Knowledge Graph

Michael
Phelps

Sport
v

Swimming

graphs organized through schemas of nodes and edges, requires a different retriever.

\Birthplac . ]Locatediinr
Baltimore |«
) )

[1] Lee*, Ko*, Baek* et al., VecDB @ ICML 2025; [2] Jeong*, Kim*, Baek* et al., ACL Findings 2025; [3] Baek et al., ACL 2023

Maryland

ccupatiorr
Model
\

Nicole
Johnson

23



Part 2: Representing and Retrieving Knowledge for Contextualization

Different Interfaces for Different Knowledge Sources

To make structured knowledge graphs retrievable as unstructured sources, | propose
linearizing facts from structured knowledge graphs and encoding them into vectors.

Structured Knowledge Graph

1
How many characters appear on ! \ p \
. q Y i Birthplac ]Located in
1 . —
the poster of Inside Out movie 1? \ Contrasti ! Michael Baltimore ¢ Maryland
1 ontrastive I Phelps J
1 . 1 J L J
/ Learning ! sport
. 1 \ 4
Multimodal Large Language Models — « | . \ .
1 ccupation Nicole
A A 4 . ! Swimming Model
Multimodal Interleaved S| ) | Johnson
. 1
A A 4  Document Representation [1] !
—> Text Image Table < ! ) _
| In which city was Facts in KGs
Insi 201 ﬁ1n$ 2 741 v ! F b
nside Out (2015 S : Michael F. Phelps born?
Inside Outis a 2015 American animated coming-of-age film produced by Pixar Animation Studios 1
for Walt Disney Pictures. It was directed by Pete Docter from a screenplay he co-wrote with Meg 1
;Z?;VE:WHEJBT:SKC:;,IX\;LZT‘:?K?;:S the.vmces of Amy Poehler, Phyllis Sml(h,R\cl?ard Kind, Bill 1 MiChael Sport N . .
s s s yn Dias, Diane Lane, and Kyle MacLachlan. Inside Out 1 I SW'm m|ng
follows the inner workings of the mind of Riley, a young girl who adapts to her family's relocation 1 Phelps
as five personified emotions administer her thoughts and actions. 1 N——— ~—
Docter conceived /nside Outin October 2009 after observing changes in his daughter's personality : D —— D E———
as she grew older. The project was subsequently green-lit, and Docter and co-director Ronnie del 1 Michae| Bi rthplace
Carmen developed the story, while consulting psychologists and neuroscientists in an effort to 1 > Ba|t| more
accurately portray the mind. Development took five-and-a-half years on a budget of approximately 1 Phelps
$175 million. Significant changes to the film's story and characters delayed the film's production 1 — —
schedule. 1
Inside Out debuted at the 68th Cannes Film Festival on May 18, 2015, and was released in the : N f | Occupa tion
United States on June 19. It received critical acclaim for its craftsmanship, screenplay, subject 1 icole D> Model
matter, plot, and vocal performances—particularly those of Poehler, Smith, Kind, Hader, Kaling, 1 Johnson
and Black. The National Board of Review and the American Film Institute named Inside Out one of Theatrical release poster 1 . e ————————
the top-ten films of 2015. It grossed $858.8 million worldwide, finishing its theatrical run as the Directed by Pete Docter 1 A re p rese n tat| O n S pace
seventh-highest-grossing film of 2015. The film was nominated for two awards at the 88th S lay b Pete Docts 1 D H R H l
Academy Awards, winning Best Animated Feature, and received numerous other accolades. creenpiayRy r.deL:FCa:\r/e 1 by the |anguage model I reCt etrl eva
Philosophical journal Film and Philosophy recognized Inside Out as one of the best animated films Josh Cooley Vi d e 0 Ret ri eva l [2] 1 . - .
ever made. A sequel, /nside Out 2, was released in 2024. Story by Pete Docter ' W/o E n t I ty LI n kl n g [3] 24

[1] Lee*, Ko*, Baek* et al., VecDB @ ICML 2025; [2] Jeong*, Kim*, Baek* et al., ACL Findings 2025; [3] Baek et al., ACL 2023



Part 2: Representing and Retrieving Knowledge for Contextualization

Different Interfaces for Different Knowledge Sources

While my approaches handle unstructured corpora and structured graphs, real-world
knowledge comes in many more forms, each with its own distinct retrieval strategies.

Unstructured Corpus

KAIST A 32 languages v
Recent approaches to reduce R T
transformer inference latency? Data Store ,/M.Z;’iiigiiii’“fiW’"’KZ’“"’i’f‘"i-f"ﬁ“i‘:’;"-“T;iif;ii’flii’éiﬁfi"’5‘“’“3”“T“’""’ﬁi;
27 sttty e ot rment o 191 o' y N
rrrrrrrr —orlTlr;te c:nc:anbeng\neeer(;zglnstlt\rtlon.d hKAI Th as eenariato“he 5 KAIST 12
Answer the user question by leveraging the Knowledge Graph
retrieved knowledge from recent papers: ) \ AN 97
1. FlashAttention (...) P N
2. Speclnfer (...) T ;I
3. PagedAttention (...) Retrlevalfor \ Paing, @/ T
Contextualization \ ’
Question: Recent approaches to reduce ...
PP \ Database
\ Customer OrderDetail
Recent methods to reduce latency N e I R,
. . LastName  varchar (100) N QT::;;I,D ::::KFK
include FlashAttention for ... \\ = e 1 \\\\\\ W
Ord
* ] e
EETa—— TR " y ::332::’ aaaaaaaaaa ((lOO))
T e Lo o5



Part 2: Representing and Retrieving Knowledge for Contextualization

Unifying Access to Heterogeneous Knowledge Sources

| propose an any-to-any retrieval framework that unifies access to diverse knowledge
sources, generating source-specific queries but also interleaving relevant metadata.

Seq uence Layout for Universal Retriever Unstructured Corpus
KAIST A 32 languages v
i i i Article  Talk Read Edit View history Tools v
<task> || <data> output query tokens What |nternat_|onal_(_:o_llat_)orat_lons and me » Read .
partnershlps |n aI’tIfICIa| |nte”|gence From Wikipedia, the free encyclopedia Coordinates: (g 36.372°N 127.363°E
? ? f has KAlST established with overseas —P  Not to be confused with Korea Institute for Advanced Study or Korea Institute of Science and Technology.
UniVerSitieS, researCh institutes, and KAI‘ST(orlginallytheKore?aAdvance‘d InstituteofSciencean(fTechnology) isa KAIST
g ) Industry partners’) :rl;nal resetar;r A;m;/e:\ttz lchated in Daedeok I:-nof;hls’ Disjeont,.SOth: K;)reab.l. o,
. . / was established by the Korean government in as the nation's first public, & W
‘&’ Q i research-oriented science and engineering institution./3 KAIST has been 9\ F'Zz.
E? \/ FO u n d atl o n M O d e lS (O Ut p Ut) internationally accredited in busﬁess edugcat\on,\“. and hosts the Secretariat of the § KAI ST oa
4
1) SELECT DISTINCT ?collab Knowledge Graph
? ? ? 3 e
<metadata> ?collabLabel ?partner ?partnerLabel 2P iy Y Museum
?country ?start ?end e N ) =
| WHERE({ _ —» “% Louvre P
BIND(<http://example.org/entity/KAIS DA VINCI = .
5~ T> AS ?kaist) # = M
:’3 & Foundation Models (Input) e
4
A 4 A Database
SELECT c.id, c.title o orderpeal
<query> input query tokens </query> R Customerld it P _ onenn  inteKrc
query DU Yuety query c.start_date, c.end_date, O s S productd intpcrk
. Email varchar(100) N QTR N
f ? f FROM collaborations AS ¢ Email varchar(255) N Yy
I —> Order
i i i i JOIN collaboration_participants AS derid  in ‘
Which international collaborations L ¢ oo
) . cp1 ON cp1.collab_id = c.id o o »
| 2 has KAI ST esta bl |Shed In AI ? Categoty, | _ ProductName :ﬂrcharl((:%oz)) N
it CategorylD int PK . Price ecimal(10,2) N

CategorylD int NFK 2 6
Baek et al., Universal Retrieval: Unifying Data Access Across Heterogeneous Knowledge Bases, In Preparation



Part 2: Representing and Retrieving Knowledge for Contextualization

Unifying Access to Heterogeneous Knowledge Sources

We validate Universal Retriever, showing that it achieves high special-token
prediction accuracy and significantly outperforms single-modality retrievers.

Sequence Layout for Universal Retriever

Special Token Results

. . : Prediction Type Accurac
<task> || <data> output query tokens What lnternat_lonal_(_:qllat_)orat_|ons and }"p' y
partnerships in artificial intelligence Task Token Prediction 99.00
f f f has KAIST established with overseas —
E— universities, research institutes, and Data Token Prediction 91.27
2o ) industry partners?
& ‘&‘ Foundation Models (Output . .
?t (Output) Confusion Matrix
? SELECT DISTINCT ?collab Text2SQL 17 800
<metadata> ?collabLabel ?partner ?partnerLabel
metadata ?country ?start ?end 600
WHERE { IR- 400
BIND(<http://example.org/entity/KAIS
m—— T> AS ?kaist) Text2SPARQL- 10 1 -200
‘f/ & Foundation Models (Input) ; . -0
// Text2SQL IR Text2SPARQL
t t t N Overall Results
: c.id, c.title,
~query> nputqueryiiokens S/quety> c.start_date, c.end_date, Methods Accuracy
t t t FROM collaborations AS ¢ Single-Modality Retriever 33.33
Which international collaborations JOIN collaboration_participants AS Universal Retriever (Ours) 56.93
e ) . cp1 ON cp1.collab_id = c.id - -
| has KAIST established in Al? Universal Retriever (Ours) 63.33
w/ Oracle Special Tokens : 27

Baek et al., Universal Retrieval: Unifying Data Access Across Heterogeneous Knowledge Bases, In Preparation




Part 3: Expanding Contextualization to Real-World Applications

Exploring Frontiers of Contextualization in Practice

| have also been committed to making foundation model contextualization methods
useful and impactful to real-world applications, such as personalization and science.

Personalization [1]

'\ &)

Search Browsing

Knowledge Extraction

‘ ‘ Entity Availability
e Latent Space Q

& Chain of Thought Q
‘ ° ‘ Sheaf Theory °

Personalization

Train Models to Do
E] CoT in Continuous
5 Latent Spaces
28

[1] Baek et al., WWW 2024; [2] Baek et al., NAACL 2024 (Oral Presentation); [3] Baek et al., ACL Findings 2025




Part 3: Expanding Contextualization to Real-World Applications

Exploring Frontiers of Contextualization in Practice

| have also been committed to making foundation model contextualization methods
useful and impactful to real-world applications, such as personalization and science.

Personalization [1] Al for Science [2]

Search Browsing

Knowledge Extraction Academic Concept
Papers .
‘ ‘ Entity Availability Graph (Entity) Store
pl Latent Space O | |
& Chain of Thought Q Step 1. New Research Idea Generation
®
‘ ‘ Sheaf Theory ° | |
Personalization Step 2. Experimental Validation with Coding

:;L Train Models to Do 2 . .
:)._. CoT in Continuous E Here is the new research idea

S Latent Spaces @ with its experimental results ...

[1] Baek et al., WWW 2024; [2] Baek et al., NAACL 2024 (Oral Presentation); [3] Baek et al., ACL Findings 2025
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Part 3: Expanding Contextualization to Real-World Applications

Exploring Frontiers of Contextualization in Practice

| have also been committed to making foundation model contextualization methods
useful and impactful to real-world applications, such as personalization and science.

Personalization [1]

Search Browsing

Knowledge Extraction

‘ ‘ Entity Availability
e Latent Space O

& Chain of Thought Q
‘ ° ‘ Sheaf Theory °

Al for Science [2]

Academic
Graph (Entity) Store

Proiers Concept

Step 1. New Research Idea Generation

Personalization

Train Models to Do
E] CoT in Continuous

5 Latent Spaces

Step 2. Experimental Validation with Coding

'l
E Here is the new research idea

with its experimental results ...

[1] Baek et al., WWW 2024; [2] Baek et al., NAACL 2024 (Oral Presentation); [3] Baek et al., ACL Findings 2025

Text to SQL [3]
OOO? E _\ {3} ’_
o Cd S~
[?00 @ =
Queries Schema Knowledge

1) The Equity table contains
columns MarketValue and Cost, ...

2) The WACC formula is calculated as
(EquityValue / TotalValue) * EquityCost +
(DebtValue / TotalValue) * DebtCost * ...

SELECT
(e.Value / (e.Value + d.Value)) ...
FROM Equity e

30



Part 3: Expanding Contextualization to Real-World Applications

Accelerating Science through Model Contextualization

Scientific research plays a crucial role in driving innovation and improving human life,
which involves hypothesizing new ideas and validating them with experimental trials.

Science (in STEM)

Hypothesizing
new research ideas

Validating ideas
through experiments

31



Part 3: Expanding Contextualization to Real-World Applications

Accelerating Science through Model Contextualization

This process requires reading overwhelming amounts of knowledge over literature to
formulate new ideas but also performing experimental validation of those new ideas.

Science (in STEM)

\
Hypothesizing /!

new research ideas (>7.396,630)

Overwhelming

Literature
% O
Oo
Validating ideas (Xm;) Validation
| Bottleneck

through experiments J
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Part 3: Expanding Contextualization to Real-World Applications

Accelerating Science through Model Contextualization

Models can process data at scales far beyond human capabilities and contain wider
ranges of knowledge than any individual expert, potentially useful for idea generation.

Science (in STEM Computer Vision Language Models
( ) ~ Pa/(xz:gl‘ OpenAl GPT
\ T ______ x‘ x‘l — Xo
Hypothesizing , E-H BB
new research ideas >7396 630) q( —

( ¢> \;*\@

\ .

Validating ideas
: (X1, 000)
through experiments J

Mathematlcs Economy

33



Part 3: Expanding Contextualization to Real-World Applications

Accelerating Science through Model Contextualization

Yet, in the absence of proper contextualization, foundation models often produce
Ideas that are overly general, ambiguous, or misaligned with the intended goals.

Science (in STEM) Computer Vision Language Models

OpenAl GPT *. ([ ]
(= Tz © Gemin
Hypothesizing . ;/ —

new research ideas >7396 630)
@Generate research ideas

Trustworthy Al: Methods for
interpretability, fairness, and bias

@ mitigation in large models.

> Efficient Training: Research on energy-
efficient ML (e.g., sparse training,
quantization, neuromorphic computing).

{}

Vague & Misaligned

Validating ideas
: (X 1,000)
through experiments J

Mathematics Economy
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Part 3: Expanding Contextualization to Real-World Applications

Contextual Knowledge Sources for Idea Generation

To support research idea generation, we contextualize foundation models with a core
paper, their references and citations, and entities retrieved based on shared concepts.

Detailed Contextual Knowledge Sources
Academic Graph

Paper: Language Models are Few-Shot Learners
(...) Here we show that scaling up language models greatly
improves task-agnostic, few-shot performance, sometimes .
even reaching (...). Specifically, we train GPT-3, (...)

Entity-Centric Knowledge Store

{ } Entity A Entity B Occurrence
GPT-3 Physics 78 <::|
Entity Entity
I ZRetrieval +— GPT-3 CoT 17,326 Extraction

Baek et al., ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large Language Models, NAACL 2025 (Oral, > 217 Citations, #6 Most Influential Paper)
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Part 3: Expanding Contextualization to Real-World Applications

Process of Research Idea Generation and Refinement

With contextual knowledge, we break the research process into problem identification,
method development, and experiment design, and generate them accordingly.

Paper:
oPTs Problem @_» Method @ Experiment
|dentification Development Design

Academic Graph: . ‘___'p __________ 9 . @
RLHF, Physics \\\ Reviews Sf_lfgedback@ ------------

W ezt --"7TT 2 | ﬁ
Knowledge Store: Reviewina Aaents Hoan-Induced Human
CoT 979 Criteria sfegements

We further model how humans refine ideas through peer discussions by introducing
Reviewing Agents, which are instantiated with criteria derived from human judgments.

36

Baek et al., ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large Language Models, NAACL 2025 (Oral, > 217 Citations, #6 Most Influential Paper)



Part 3: Expanding Contextualization to Real-World Applications

When Contextualized, Models Spark Stronger Ideas

We validate research ideas with both human and model-based evaluations, showing
that contextualizing models with salient elements helps generate stronger ideas.

Human Evaluation Results

Problem Method Experiment

Average Average Average

Glarity = Reproducibility I Clarity

Significaghce

Feasibility Relevance Innovativeness Validity Feasibility VAlidity
Originality Rigorousness Robustness
—— Naive ResearchAgent = —— ResearchAgent w/o Entity Retrieval = —— ResearchAgent (Ours)

Significahce :
Feasibility Re

Model-based Evaluation Results

Problem Method Experiment

Average Average Average

Slarity  Generalizgbility Slarity = Reproducibility Glarity

evance Innovativeness Validity Feasibility VAlidity

Robustness

Originality Rigorousness
—— Naive ResearchAgent = —— ResearchAgent w/o Entity Retrieval = —— ResearchAgent (Ours)
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Baek et al., ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large Language Models, NAACL 2025 (Oral, > 217 Citations, #6 Most Influential Paper)



Part 3: Expanding Contextualization to Real-World Applications

When Contextualized, Models Spark Stronger Ideas

We validate research ideas with both human and model-based evaluations, showing
that contextualizing models with salient elements helps generate stronger ideas.

Human Evaluation Results Model-based Evaluation Results
Problem Method Experiment Problem Method Experiment
Average Average Average Average Average Average

Significahce Glarity = Generalizgbility Glarity = Reproducibility I Clarity Significahce Slarity  Generalizgbility Slarity = Reproducibility Glarity
Feasibility Relevance Innovativeness Validity Feasibiljty Validity Feasibility Relevance Innovativeness Validity Feasibility Validity
Originality Rigorousness Robustness Originality Rigorousness Robustness
—— Naive ResearchAgent = —— ResearchAgent w/o Entity Retrieval = —— ResearchAgent (Ours) —— Naive ResearchAgent = —— ResearchAgent w/o Entity Retrieval = —— ResearchAgent (Ours)
The Al Scientist: Towards Fully Automated Open-Ended Scientific Discovery (Lu etal., 2024, from SAKANA Al)
Can LLMs Generate Novel Research Ideas? (Sietal., 2024, from Stanford Univ.)
Agent Laboratory: Using LLM Agents as Research Assistants (Schmidgall et al., 2025, from AMD)

38

Baek et al., ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large Language Models, NAACL 2025 (Oral, > 217 Citations, #6 Most Influential Paper)



Part 3: Expanding Contextualization to Real-World Applications

Impact: Media Coverage and Open-Source Release

ResearchAgent has rapidly gained broad recognition: cited widely, featured in Nature,
highlighted among top systems, adopted in products, and highlighted by the media.

Cited no less than 217 (while published this year)

ResearchAgent: Iterative Research Idea Generation over 217 2025
Scientific Literature with Large Language Models
J Baek, SK Jauhar, S Cucerzan, SJ Hwang

NAACL 2025

10 Al Systems for Research

10 Al Systems for Scientific Research

Today, we offer you to explore these 10 Al systems for scientific research:

4. ResearchAgent implements LLMs to automate idea generation, methods, and experiment design, and ReviewingAgents'
feedback to refine ideas:

D ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large
Language Models (2404.07738)

Talk at MSR

Media (MARKTECHPOST)

ResearchAgent: Transforming the
Landscape of Scientific Research
Through Al-Powered Idea Generation
and Iterative Refinement

By Sana Hassan - April 14, 2024

Quoted in Nature (2025) for Expert Commentary

paper, he adds. lonescu told Nature he would
give the Al-generated paper arating of 2or 3.
Park judges the overlap with his paper tobe
much stronger than Hoover’s and lonescu’s
ratings. He says he would giveitascore of 50on
Gupta’sscale, and adds thatit “reflectsastrong
methodological resemblance that I consider
noteworthy.” Even so, this does not necessarily
align with what he sees as the legal or ethical
definition of plagiarism, he told Nature.

600 | Nature | Vol 644 | 21 August 2025

“There’snoone
waytoproveidea
plagiarism.”

already saidinits paper that, ingeneral, The Al
Scientist makes citation mistakes; that it should
citemorerelated papers; and thatresearchers

their study. Turnitin identified none of the
source papers their human experts had spot-
ted, whereas OpenScholar found only one,
they say.

But human reviewers disagree about this
sortofthing, too, says Jinheon Baek, agraduate
studentin Alat KAIST. At conferences, he says,
he’s seen reviewers argue about what counts
asoriginal inresearch papers. “Novelty is very
subjective,” he says.

Implemented in Open-Source Library and Product

ManaGen : Al

Understand and build

Use and Manage

Fairness

Transparency

Managen.ai  Blog

closed-loop science-loop syst

Managing
Governing

Ml ops

understanding in such a way 1 agents

Qbservability

Regulations and guidelines

s Build
Experiments e

and Record

Legally
Tech stack

\

Marking and detecting

Red Teamina in Al

RESEARCH AGENTS

Research without delay
Generative Al hasoneoftherWith Liner,s researCh

—{ < =emen Accelerate every stage of your research with Al
Agents that work as your trusted partners

@ ResearchAgent: lterative Res Start your search

Baek et al., ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large Language Models, NAACL 2025 (Oral, > 217 Citations, #6 Most Influential Paper)



Part 3: Expanding Contextualization to Real-World Applications

Extensions of ResearchAgent

While ResearchAgent can empower the ideation process,
science also requires implementing and executing ideas to validate them.

Science (in STEM)

new research ideas

\
Hypothesizing ; <

Validating ideas
through experiments

ResearchAgent
Paper:
_ E (00 ) .
GPT-3 Problem @A_’ Method _, Experiment
Identification Development  Design [}
Academic Graph: - (ia ° © eczp _________ g.
RLHF, Physics . Reviews & Feedback! o
“w qezzimem T ﬁ
Knowledge Store: Reviewina Agent H Induced Human
CoT SISl A e Cu.ma.n'n = Judgements
riteria

40



Part 3: Expanding Contextualization to Real-World Applications

Extensions of ResearchAgent

To enable implementation and execution, we propose PaperCoder, which
automatically converts ideas (or papers) into code with multiple steps and agents.

[ 1. Planning ]
Science (in STEM)
3 & eE ep& epaw
{ Z e Z £3 o
. e S . . A o q
HypOtheSIZIng > «%| 1.1 Overall Plan [r_?g 1.2 Arch. Design '%@FT] 1.3 Logic Design @ 1.4 Configuration
) = 4 ©
new research ideas p— = .
e 1. dataset_loader.py: training: ; .
6. IMPLEMENTATION ROADMAP & - DatasetLoader class:... model: "Transformer
ACTION STEPS EXPERIMENT SETUP s i 2. model.py: model_size: "base"
+init : di +init(model.. T f Model training_steps: 100000
Step 3. Model Components +load_translatio. +train -> None rarjs ormeriviof e batch_token_count: 25000
Implementation 3. trainer.py: Trainer class:....
 Create the Main Dataset Loader Trainer 4. evaluation.py: Evaluation ..... optimizer:
positional encoding 5. main.py: Main entry point: .. type: "Adam"
module using sine and cosine — 6. utils.py: Utility functions: ....

functions

Paper2Code

[ 2. Analyzing ]

BB E% (-

°
.
. v

main.py m

model.py —

% O
Oo

o

Validating ideas 2}
through experiments

CONSIDERATIONS ) . )
configuration file

a. Multi-Head Attention - N
b. Feed-Forward Network (conf|g4ya.m|.) Using '.’VYAML‘
— ..., optimizer settings

(FPN) Ad ith
c. Positional Encoding (Adam with B1, B2,
epsilon),

r
1r=0,

betas=(betal, beta2),
nal_encoding eps=epsilon

41
Seo, Baek et al., Paper2Code: Automating Code Generation from Scientific Papers in Machine Learning, DL4C @ NeurlPS 2025



Part 3: Expanding Contextualization to Real-World Applications

Extensions of ResearchAgent

Reviewing Agents are designed to iteratively improve research ideas, and as their
performance hinges on contextual information, we introduce a new retrieval approach.

Science (in STEM) . Abstract: -
To tackle these, we introduce etrieva[-»
N Human Preference-Induced /| VideoRAG, a framework ... | Iy
Hypothesizing : ) ) K
new research ideas Reviewing Agents by LLMs J
/ Motivation-Focused Query:

¢ What are the limitations of Retrieval

é,/ text-bpased RAG?

&0

)\,
iem] Y\ | Method-Focused Query:

{} \\ b Vyhat met.hods exist for ~——L Retrieval
video retrieval?

5 Human-Induced Criteria \
% J \‘
Human ' Experiment-Focused Query:

\
Judgements Y What benchmarks are used to -~=—<Retrieval
J test video-based RAG models?

Reviewing Agents

20

% O

ﬂo °
Validating ideas A

through experiments

20
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Park, Baek et al., Chain of Retrieval: Multi-Aspect Iterative Search Expansion and Post-Order Search Aggregation for Full Paper Retrieval, arXiv 2025



Part 3: Expanding Contextualization to Real-World Applications

Al-Empowered R&D (for Al)

We believe that ResearchAgent, Reviewing Agents, and PaperCoder can accelerate
and empower the entire R&D life cycle for Al, transforming how we do (Al) research.

Problem —

4 Al Research Procedure )
‘[ |deation H Implementation H Execution }{ Writing ]
7y v

’
N , y

PaperCoder
{ ResearchAgent ] { (Paper2Code) J

Review

1

Reviewing
Agents
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Summary and Future Work

Summary

In my PhD study, | aim to go beyond (scaling) parameters (and in scope),
with emphasis on contextualization, knowledge retrieval, and their applications.

Data Store

Advancing Foundation Models with Contextualization
Part 2. Representing and Retrieving Knowledge for Contextualization

Part 3. Expanding Contextualization to Real-World Applications
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Summary and Future Work

Why Contextualization Still Matters Beyond Training

Even though smaller open-weight models become more accessible, contextualization
remains valuable; for example, it cannot scale to per-user training for personalization.

. O - Training: 48 x H100 (80GB)
GPT-1 GPT-2 - Inference: 8 x H100 (80GB)
(117M) (1.5B)

Alternatives?

Gemma3 Llama3 Phi4d
(4B) (14B)
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Summary and Future Work

Is Current Contextualization Enough?

Next-generation contextualization should not only handle knowledge conflicts but also
Incorporate memory to leverage past interactions, possibly via post-optimization.

Resolving Knowledge Conflicts Contextualization for Agentic Al (e.g., Copilots)

—/| Disagreement @)

Model

Memory

B8<




Verification Is Easier than Generation — Is it?

Summary and Future Work

Recall that verification is generally easier than generation in the context of retrieval

and grounding errors; but does this advantage persist in other settings?

Verification in Prior Model Contextualization [1]

Question

Retrieved
Knowledge

Generated
Answer

N\
‘\
~\

7

Verifier E

|
Retrieval Error
J

Grounding Error

Correct Answer

(KALMV)

Verification

[ Retrieval Verification [ Groundness Verification [ Correctness Verification

Mintaka

100 WebQSP
B
g I
=~ 80
=
Q
Q
< 60
g
©
=
201 B3%
3
>

(=]

Ratio Ret. Gro. Cor.

11%

76%

Ratio Ret. Gro. Cor.

8% | [

76%

Natural Questions HotpotQA

Ratio Ret. Gro.

[1] Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023

Cor. Ratio Ret. Gro. Cor.
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Summary and Future Work

Verification Is Easier than Generation — Is it?

Reward models struggle in areas where interpretations vary across jurisdictions,
framings, and perspectives, which could be pronounced in assessing research ideas.

Verification in Prior Model Contextualization [1] Verification Results in Various Domains [2]
Overall M7 T Thaw T Psychology Chemistry !____Eiaoay___l
. 23:79.4 81.6 izz: 61.1 :82_81-9 81.7 g1.3 38:79'8 89.3 izg:gs.z 006 31 :
] | 75.4 1567 41804 78.7| 70 1| | 67.6 58 I
Question . ) 76 73.0[°7 |y 548 B 334 70 63.0|'gq | 83.0]
|54 =11 == T 4,78 - | A o =1
,\ Retrleval Error ) < 96 Physics History Economics !_____M_atﬁ___l Business
%ss- 90.3 45 [744 g 725 88 88.1 i96- 945 :90_84‘6 88.6
- < i ! ] ) g8oq769 724 : ga |83.5 83.2 190 sl Je1
Retrieved / Ve Ground|ng Error 72l &5 I 69.3| g9 {| | 685 l % 501 I 80.2 :8_4'_79_,9_80_.1_I__81_'5_!78' = I 74.1
) L e e ; : ;
KnOWIedge J i:o_s&:hllosc;g.:y :80_ 7I;§a;t8h2 o0 80lEI;Englne7e4r.|1ng 85_Computeralsl.cslence Y Oth7e7r.5 —
) 6817 66.2 l7g {776 ' ] 56.0 80 {15 76 .
. Verifi Correct Answer /66 64576 { 754 V1 B B 4ol s | 747 B 30|, |1 742
el’l Iel’ J |64 Il = [N
Generated - ' T 7do dP g0 gP d0 dP go gP d0 dP go gP d0 dP go gP d0 dP gO gP
Answer KALMV Verification . ce . . . .
/ ( ) Verification in (Al for) Science (Si et al., 2025)

[0 Retrieval Verification [ Groundness Verification B8 Correctness Verification [ |dea Generation ] >( Idea Execution }
100 - WebQSP Mintaka Natural Questions HotpotQA J L

P>
] —_ ' mm ] ] Before Execution After Execution
= 804 11% 8% | e 7 NLP
a — — Tobi Human
2 60 4 opics Ideas Effectiveness: 4.83 Effectiveness: 4.78
=) Bias (N=19)
-E 40 1 76% 76% Coding Execution by Expert
2 5% 7 ecution by Experts
Q Safety
EE 20 4 33% Multilingual J
) ; Alldeas
:g’ Factuality —}I Effectiveness: 6.00 } Effectiveness: 413

o LS B B —— — —— Math (N=24)

Ratio Ret. Gro. Cor. Ratio Ret. Gro. Cor. Ratio Ret. Gro. Cor. Ratio Ret. Gro. Cor. Uncertainty 48

[1] Baek et al., Knowledge-Augmented Language Model Verification, EMNLP 2023; [2] Lee, ..., Baek et al., Rethinking Reward Models for Multi-Domain Test-Time Scaling, arXiv 2025



Summary and Future Work

What Should We Do for Science (Powered by Al)?

Al outputs can still be surprisingly meaningful (as shown in Kosmos and by Prof. Ryu),
but their verification with Al might not be trustworthy: humans must remain in the loop.

Kosmos: An Al Scientist [1]

a Input

Research objective:
Identify validated Type 2
diabetes protective mechanisms

Dataset:
Annotated multi-omics data

cemose s
cer

Discovery 1
. Discovery 2
= Discovery 3

Data Analysis Agent

Kosmos World Model
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Kosmos Cycle Number

[1] Mitchener et al.,
[3] Jang & Ryu, Point Convergence of Nesterov's Accelerated Gradient Method: An Al-Assisted Proof, arXiv 2025

Kosmos Cycle Number

The Virtual Lab [2]

(A) Phase 1: Team Selection
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(B) Phase 2: Project Specification
Team Meeting Summary

ESM, AlphaFold-Multimer,
and Rosetta to design
improved nanobodies.
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(C) Phase 3: Implementation

ESM Individual Meeting
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Python script to compute
ESM log-likelihood ratios for
single point mutations.
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Python script to extract
AlphaFold-Multimer
interface pLDDT.
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Rosetta Individual Meeting

Summary

Python and XML scripts to
compute binding energies
with Rosetta.
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Kosmos: An Al Scientist for Autonomous Discovery, arXiv 2025; [2] Swanson et al., The Virtual Lab of Al agents designs new SARS-CoV-2 nanobodies, Nature 2025;

Al-Assisted Math Proof [3]

@ Ernest Ryu A -
WY @ErnestRyu
I used ChatGPT to solve an open problem in convex optimization.

"Part I

(1/N)

714 AM - Oct 22, 2025 - 1.2M Views

Ernest Ryu A e
@ErnestRyu

Preprint on using ChatGPT to resolve a 42-year-old open problem (point
convergence of Nesterov’s accelerated gradient method) is out.

Mathematical results are complete, though still need to expand the
discussion of historical context & prior work.

(1/2)

arXiv

12:39 AM - Oct 29, 2025 - 82.8K Views

arxiv.org

Point Convergence of Nesterov's Accelerated Gradient Me...
The Nesterov accelerated gradient method, introduced in
1983, has been a cornerstone of optimization theory and ...
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Summary and Future Work

Publication List
Papers by Category

01 Knowledge-Augmented Language Model Prompting for Zero-Shot Knowledge Graph Question Answering .
02 Knowledge-Augmented Language Model Verification &
1 03  VideoRAG: Retrieval-Augmented Generation over Video Corpus &
9 04  Adaptive-RAG: Learning to Adapt Retrieval-Augmented Large Language Models through Question Complexity (1)
05 Efficient Real-time Refinement of Language Model Text Generation
06  UniversalRAG: Retrieval-Augmented Generation over Corpora of Diverse Modalities and Granularities
07 Knowledge Graph-Augmented Language Models for Knowledge-Grounded Dialogue Generation X
08  KALA: Knowledge-Augmented Language Model Adaptation ( € ) X
09 Knowledge-Augmented Reasoning Distillation for Small Language Models in Knowledge-Intensive Tasks X
10 Unified Multi-Modal Interleaved Document Representation for Retrieval .
11 Direct Fact Retrieval from Knowledge Graphs without Entity Linking .
12 Universal Retrieval: Unifying Data Access Across Heterogeneous Knowledge Bases &
6 6 13  Database-Augmented Query Representation for Information Retrieval ( € ) X
14 Augmenting Document Representations for Dense Retrieval with Interpolation and Perturbation ( ) X
15 Unsupervised Document Expansion for Information Retrieval with Stochastic Text Generation X
O Contextualization O Retrieval 16 Knowledge-Augmented Large Language Models for Personalized Contextual Query Suggestion .
0 Applications 0 Reasoning 17  ResearchAgent: Iterative Research Idea Generation over Scientific Literature with Large Language Models ( € | ) .
O QA & Conversation O Long-Context Modeling 18 Knowledge Base Construction for Knowledge-Augmented Text-to-SQL &
0 Graph Leaming 0 Meta—Learning 19  Paper2Code: Automating Code Generation from Scientific Papers in Machine Learning
20  Chain of Retrieval: Multi-Aspect Iterative Search Expansion and Post-Order Search Aggregation for Full Paper Retrieval
OCode 0O Benchmark
21 Retrieval-Augmented Data Augmentation for Low-Resource Domain Tasks X

: Ranked #7 Most Influential Paper at NAACL 2024 (as of Sep 2025); < : Ranked #6 Most Influential Paper at NAACL 2025 (as of Sep 2025); = : Oral Presentation.



Summary and Future Work

Publication List
papers by Category

22 Sketch-of-Thought: Efficient LLM Reasoning with Adaptive Cognitive-Inspired Sketching
23  Towards Better Understanding of Program-of-Thought Reasoning in Cross-Lingual and Multilingual Environments
1 24 An Empirical Study of Multilingual Reasoning Distillation for Question Answering
9 25  CVQA: Culturally-diverse Multilingual Visual Question Answering Benchmark ( € )
26 CaMMT: Benchmarking Culturally Aware Multimodal Machine Translation
27 Exploring The Spatial Reasoning Ability of Neural Models in Human 1Q Test
28  Test-Time Self-Adaptive Small Language Models for Question Answering
29 Phrase Retrieval for Open-Domain Conversational Question Answering with Conversational Dependency Modeling
30 Realistic Conversational Question Answering with Answer Selection based on Calibrated Confidence and Uncertainty
31 Reuvisiting In-Context Learning with Long Context Language Models
32 Efficient Long Context Language Model Retrieval with Compression
&3 Personalized Subgraph Federated Learning

6 6 34  Graph Self-supervised Learning with Accurate Discrepancy Learning

35  Edge Representation Learning with Hypergraphs
36  Accurate Learning of Graph Representations with Graph Multiset Pooling

O Contextualization ORetrieval 37 Learning to Extrapolate Knowledge: Transductive Few-shot Out-of-Graph Link Prediction

0 Applications 0 Reasoning 38  Object Detection in Aerial Images with Uncertainty-Aware Graph Network

. . 39  System Prompt Optimization with Meta-Learnin
O0QA & Conversation O Long-Context Modeling y PP &

. . 40  Task-Adaptive Neural Network Retrieval with Meta-Contrastive Learning ( 4. )
O Graph Learning O Meta-Learning

41 Rethinking Code Refinement: Learning to Judge Code Efficiency
O Code O Benchmark

XXX XXXXXXXXX XX XXX X XX

42  The BiGGen Bench: A Principled Benchmark for Fine-grained Evaluation of Language Models with Language Models ( & )

[

= : Received the Best Paper Award at NAACL 2025; = : Oral Presentation; 7 : Spotlight Presentation.



Summary and Future Work

Achievements in My Ph.D. Journe

Papers (> 40) Citations (> 2400) *Ranked 36th Among All Koreans

O Contextualization

O Applications

OQA & Conversation
O Graph Learning
OCode

ORetrieval

OReasoning

O Long-Context Modeling
O Meta-Learning

O Benchmark

Jinheon Baek
Ph.D. student, KAIST
Verified email at kaist.ac kr - Homepage

Machine Learning  Natural Language Processing RAG

ARTICLES CITED BY  CO-AUTHORS

All Since 2020
Citations 2415 2413
h-index 20 20
110-index 24 24

1400

1050

700

I 350

- | ,

251 2022 2023 2024 2025
ARTICLES CITEDBY  CO-AUTHORS
SORT - CITED BY

Adaptive-RAG: Learning to Adapt Retrieval-Augmented 340
Large Language Models through Question Complexity

S Jeong, J Baek, S Cho, SJ Hwang, JC Park

NAACL 2024, 2024

Knowledge-Augmented Language Model Prompting for 329
Zero-Shot Knowledge Graph Question Answering

J Baek, AF Aji, A Saffari

{NLRSE, MATCHING} Workshop @ ACL 2023, 2023

Accurate Learning of Graph Representations with 293
Graph Multiset Pooling

J Baek*, M Kang*, SJ Hwang

ICLR 2021, 2021

ResearchAgent: Iterative Research Idea Generation 247
over Scientific Literature with Large Language Models
J Baek, SK Jauhar, S Cucerzan, SJ Hwang

[Yeiin Choi (1.000, 90%) ]
[Sung Ju Hwang (0.817, 100%) ]
[ Jinwoo Shin (0.625, 100%) ]

Honglak Lee (0.471, 89%)

Kyunghyun Cho (0.394, 99%)

Eunho Yang (0.365, 100%)

Gunhee Kim (0.327, 100%)

Sewoong Oh (0.327, 99%)

[ Minjoon Seo (0.288, 86%) ]

Se-Young Yun (0.279, 99%)

Kimin Lee (0.269, 82%)

Sungreh Yoon (0.269, 100%)

Juho Lee (0.269, 71%)

Jaegul Choo (0.260, 100%)

Sungsoo Ahn (0.260, 99%)

Seung-won Hwang (0.240, 100%)

Eunsol Choi (0.240, 96%)

Youngjae Yu (0.212, 99%)

Moontae Lee (0.212, 99%)

Kee-Eung Kim (0.212, 100%)

Sungjin Ahn (0.212, 87%)

Sewon Min (0.192, 97%)

Chulhee Yun (0.192, 98%)

Hwanjun Song (0.183, 94%)

Jaehong Yoon (0.183, 99%)

Kangwook Lee (0.183, 99%)

Noseong Park (0.173, 91%)

Jong Chul Ye (0.173, 99%)

Dongyeop Kang (0.163, 99%)

Jaewoo Kang (0.163, 100%)

Sangdoo Yun (0.154, 99%)

Jung-Woo Ha (0.154, 99%)

Youngchul Sung (0.154, 99%)

SangKeun Lee (0.144, 100%)

Jinkyoo Park (0.221, 99%) [Jinheon Baek (0.144, 97%) ]

NAACL 2025, 2025

52
*: According to the number of publications at NeurlPS, ICML, ICLR, ACL, EMNLP, and NAACL from 2020 to 2025.
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