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Overview

e Motivation: Why Retrieval-Augmented LMs

e Limitations: Failure Modes in RAG

e Example: Handling Retrieval Failures

e Our Direction: Modeling Retrieval Uncertainty
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Why retrieval-based LMs?
(Retrieval Al background)

Q: Where is Toronto

1361A Old Finch Avenue
— I |
Zoo located?

in Scarborough, Ontario

Q: Where is Toronto
Zoo located?

361A Old Finch Avenue
— Il— >
in Scarborough, Ontario

Toronto zoo Info

Location: 361A Old Finch Avenue,
Toronto, Ontario
Land Area: 287 hectares

Retriever

3 Figures from: ACL 2023 Tutorial: Retrieval-based Language Models and Applications. 2023, https:
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https://acl2023-retrieval-lm.github.io/?utm_source=chatgpt.com

Why retrieval-based LMs?
(Retrieval Al background)

Q: What is the population x

of Toronto Metropolitan g w A: 6,255,000

area in 20237

Trained on the |
2021 corpus */’

2021 2023

Trained on the

Q: What is the population 2021 corpus

of Toronto Metropolitan S w A: 6,372,000

area in 20237

Collected in 2023 2021 2023

Figures from: ACL 2023 Tutorial: Retrieval-based Language Models and Applications. 2023, https:
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https://acl2023-retrieval-lm.github.io/?utm_source=chatgpt.com
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Why retrieval-based LMs?

(Retrieval Al background)

Figures from: ACL 2023 Tutorial: Retrieval-based Language Models an

Q: Where is Toronto
Zoo located?

d Applications. 2023, https:

»

Retriever

in Scarborough, Ontario

361A Old Finch A ,

Toronto zoo Info

Location: 361A Old Finch Avenue,
Toronto, Ontario

Land Area: 287 hectares
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https://acl2023-retrieval-lm.github.io/?utm_source=chatgpt.com

Retrieval failures

e Missed evidence (coverage failure): Available but not Retrieved

e Off-topic retrieval: 2026 Nobel prize in Physics-> 2026 Nobel prize in
Chemistry

e Evidence Conflict: Berlin Wall fell in 1989 -> Berlin Wall fell in 1990
e Multi-modal conflict: Picture says dog but text says cat

e Ambiguity: Jaguar -> animal/ car

Retrieval Augmented Generation

Generator Response
(Language Model) °
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Generator Failures (Hallucinations)

e Generator override

Retrieved document:

“The Eiffel Tower was completed in 1889."

Model (if ignoring retrieval):

“The Eiffel Tower was completed in 1887."

Prompt

o Faithfulness hallucinations }

Documen t store

Retrieved document says:

“The Eiffel Tower is 330 meters tall.”

Model answer:

Retrieval Augmented Generation

Generator
(Language Model)
A

_,R

etrieved Documents

“The Eiffel Tower is 330 meters tall and was renovated in 2020 to increase its height.”

Response
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Generator Failures (Hallucinations)

e Over-generalization

e Doc 1: “Vitamin C can help prevent scurvy.”

e Doc 2: “Aspirin reduces fever and inflammation.”

Model answer:

“Vitamin C can prevent fever because it has anti-inflammatory properties like aspirin.”

e The model stitches together two unrelated facts

e There's no evidence that Vitamin C prevents fever

Retrieval Augmented Generation
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Uncertainty Problems

e Overconfidence

e Query: "Who is the ruler of the Martian colony?”
e Retrieved docs: None (topic is fictional / not in corpus)

e Model answer:

“The Martian colony is ruled by Governor Zarnak.”

e There's no evidence; the system invents an answer

e Lack of abstention: the model always answers,

even when it really should say "I don’t know”

KAIST



Cross-Source Knowledge Reconciliation for

Multimodal RAG(CoRe-MMRAG)

e Dealing with parametric vs retrieved knowledge
inconsistency

e Does not assume retrieved evidence is always correct
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Challenges in Knowledge-Based VQA
(CoRe-MMRAG)

Task Setting

e Knowledge-based Visual Question Answering (Image+Question Text)
e Requires entity-specific, long-tail knowledge

Key Issue: Knowledge Inconsistency

e Parametric — Retrieved Knowledge
e Visual — Textual Knowledge
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Parametric-Retrieved Knowledge Inconsistency

e Noisy or incomplete retrieved knowledge may contradict MLLM’s frozen

parametric knowledge
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What is the date
this aircraft

Y : August 29,
took the first _ @ {1970
flight? ;ﬁﬁmwmnA d ' p
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Visual-Texual Knowledge Inconsistency

Visually relates to the query while the text describes describes a different aspect

or interpretation.

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

‘_v =| | Text C is
relevant
b
V IPEDIA = .
What is ;
developer of = |
this plane? © T e

Image B is
relevant

e
’

Visual-Textual Knowledge Inconsistency
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Cross-Source Knowledge Reconciliation for Multimodal RAG

1. Parametric Generation

e Generate answer using internal knowledge only
e Serves as a reference for later comparison

Q= (Q,Q" y"t = M(Q).

[ Knowledge Retrieval J

_______________________________________________________________________________

When did this
aircraft make its

first flight?

Step 1: Step 2: Visual-Textual
Knowledge Integration
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Parametric Knowledge
Generation

Answer:

Step 4:
64 Parametric-Retrieved
Knowledge
Integration

Knowledge
Base

Answer:

,,,,,,,,,, August 29, 1970

August 29, 1970

{ Answer Generation




Cross-Source Knowledge Reconciliation for Multimodal RAG

2. Visual-Textual Knowledge Integration

o Input: Top-K retrieved candidates (image + text pairs) (Vi, T:)
e Problem: Visual and textual rankings may disagree

e Solution: Joint multimodal scoring to select best candidate
o Output: Most relevant entry for answer generation

I = argmaxr™ (Q.4Vi; Tz'}fzﬂa
ie{1,...,k}

[ Knowledge Retrieval J

_______________________________________________________________________________
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Step 4: IS e S

{ Parametric-Retrieved T i e
Knowledge
Integration

Knowledge
Base
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Cross-Source Knowledge Reconciliation for Multimodal RAG

3. External Knowledge Generation

e Generate answer grounded in retrieved evidence

ye)(t =M (Q, (VItv, Tltv))

[ Knowledge Retrieval }

_______________________________________________________________________________
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When did this il T g
9 TR B i : : Step 1: Step 12.dv:|.sIual Text‘ual
first £light? : 1 Parametric Knowledge Enowledge lLotsgration
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Cross-Source Knowledge Reconciliation for Multimodal RAG

4. Knowledge Reconciliation

e Compare credibility between internal and retrieved answers

y* =M (Qa yint’ yGXta (Vlt” 3 TI“’))

[ Knowledge Retrieval }

_______________________________________________________________________________
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Modeling Retrieval Uncertainty

CoRe-MMRAG

e Does not model how retrieval is
performed

e Assumes a fixed Top-K set of
retrieved candidates

e No mechanism to assess retrieval
reliability

18

Our Extention

e Measure disagreement across
multiple retrievers as a scalar
“uncertainty” score

e Show that the score
predicts/mitigates RAG failures
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Retrieval Augmented Generation

Prompt

Documen t store

Retrieval Augmented Generation

I Generator ;
(Language Model)
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Related work insight

Retrieval failure

Generator failure

Uncertainty

2023: Self-RAG: Learning to
Retrieve, Generate, and Critique
through Self-Reflection

2023: Active Retrieval Augmented
Generation (FLARE)

2023: Enhancing
Retrieval-Augmented Large
Language Models with Iterative
Retrieval-Generation

2021: WebGPT: Browser-assisted
question-answering with human
feedback

2023: Chain-of-Verification (CoVe)
Reduces Hallucination in Large
Language Models

2023: Trusting Your Evidence:
Hallucination NLP Beyond the
Standard Benchmark

2024: Unravelling and Mitigating
Retriever Inconsistencies in
Retrieval-Augmented Large
Language Models

2020: Selective Question
Answering under Domain Shift

2023: REPLUG:
Retrieval-Augmented Black-Box
Language Models

2024: LLM Internal States Reveal
Hallucination Risk Faced With a
Query

2024: Benchmarking Uncertainty
Quantification Methods for Large
Language Models with
LM-Polygraph
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Any Question ?
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Quiz

Link: https://forms.gle/o1uebh]4L8YQByrD7

KAIST



