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Multimodal RAG: Definition

Query
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Multimodal Inputs

[1] Chen et al. (2022). MuRAG: Multimodal Retrieval-Augmented Generator for Open Question Answering over Images and Text. EMNLP.
[2] Yasunaga et al. (2023). Retrieval-Augmented Multimodal Language Modeling. ICML.

Response



Multimodal RAG: Example

?
)
Q: Where is this
bird found?

Context

Atlantic canary | Colombia, Venezuela,

“...asmall
passerine bird Ecuador
native to the Canary
Islands, the Azores,
and Madeira ..."

~

[1] Mensink et al. (2023). Encyclopedic VQA: Visual Questions About Detailed Properties of Fine-Grained Categories. ICCV.



Multimodal RAG: Limitations

Prone to incorrect responses

e Misunderstanding the image-query relation
e Retrieving irrelevant documents
e Misinterpreting retrieved content

e Misusing internal knowledge

Grounded and well-reasoned # Trustworthy !!



Uncertainty Quantification (UQ)

Formal Definition

A task aimed at assessing the reliability of system outputs by measuring the degree of
uncertainty, the system's lack of confidence in its own prediction

[1] Kuhn et al. (2023). Semantic Uncertainty: Linguistic Invariances for Uncertainty Estimation in Natural Language Generation. ICLR.



Uncertainty Quantification (UQ)

Formal Definition
A task aimed at assessing the reliability of system outputs by measuring the degree of
uncertainty, the system's lack of confidence in its own prediction

Confidence vs. Uncertainty

e Some literature distinguishes uncertainty from confidence:

o U(x): dispersion over outputs given input x

o C(x, r): estimated correctness of r given x
e \We follow the literature that treats uncertainty as a lack of confidence
e Use the two terms interchangeably

[1] Kuhn et al. (2023). Semantic Uncertainty: Linguistic Invariances for Uncertainty Estimation in Natural Language Generation. ICLR.



Type of Uncertainty

e Epistemic: uncertainty stemming from the model's lack of knowledge (reducible)
e Aleatoric: uncertainty arising from the inherent ambiguity of the data (irreducible)
Total uncertainty: Encompasses epistemic and aleatoric uncertainty

Why Total?

In language models these two parts are very hard to separate

[1] Kuhn et al. (2023). Semantic Uncertainty: Linguistic Invariances for Uncertainty Estimation in Natural Language Generation. ICLR.



UQ for LLMs

Main Idea: The more diverse the outputs are, the more uncertain the model is

Multi Generations

o A Answer 1 Prob 1

’: 4 Answer 2 Prob 2
Query LLM f‘-‘.- > Answer 3 Prob 3

Answer B Prob B

1) Perturbing the input
2) Changing the decoding temperature
[1] Kuhn et al. (2023). Semantic Uncertainty: Linguistic Invariances for Uncertainty Estimation in NLG. ICLR.

[2] Lin et al. (2024). Generating with Confidence: Uncertainty Quantification for Black-box LLMs. TMLR.
[3] Wang et al. (2023). Self-Consistency Improves Chain-of-Thought Reasoning in Language Models. ICLR.



UQ for LLMs

Main Idea: The more diverse the outputs are, the more uncertain the model is

Score Function: Convert the generations to an uncertainty / confidence score

Multi Generations

Score Function

o 4 Answer 1 Prob 1
’: 4 Answer 2 Prob 2
Query LLM "> Answer 3 Prob 3

< Answer B Prob B

1) Perturbing the input
2) Changing the decoding temperature

[1] Kuhn et al. (2023). Semantic Uncertainty: Linguistic Invariances for Uncertainty Estimation in NLG. ICLR.

[2] Lin et al. (2024). Generating with Confidence: Uncertainty Quantification for Black-box LLMs. TMLR.
[3] Wang et al. (2023). Self-Consistency Improves Chain-of-Thought Reasoning in Language Models. ICLR.

White-box
Methods

Black-box
Methods

Trained
Models




UQ for LLMs

I Limitation
UQ methods are mainly defined for a single LLM and QA task,

considering LLM as the only one source of uncertainty

[1] Kuhn et al. (2023). Semantic Uncertainty: Linguistic Invariances for Uncertainty Estimation in NLG. ICLR.
[2] Lin et al. (2024). Generating with Confidence: Uncertainty Quantification for Black-box LLMs. TMLR.
[3] Wang et al. (2023). Self-Consistency Improves Chain-of-Thought Reasoning in Language Models. ICLR.

10



UQ Methods Do Not Transfer to RAG

Adding retrieved context degrades UQ performance
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[1] Soudani et al. (2025). Why Uncertainty Estimation Methods Fall Short in RAG: An Axiomatic Analysis. ACL.
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UQ Methods Do Not Transfer to RAG

Adding retrieved context degrades UQ performance

11l Reason

Retrieval adds a second source of uncertainty, which UQ methods do
not take it into account

[1] Soudani et al. (2025). Why Uncertainty Estimation Methods Fall Short in RAG: An Axiomatic Analysis. ACL.
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Research Gap: UQ for Multimodal RAG
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Retriever Agent
@ Retrieved evidence may be @1) Understanding each input: image
irrelevant, noisy, or conflicting or text may be ambiguous

2) Aggregating across inputs: vision
and text may disagree



The Core Challenge

Capturing uncertainty arising from multiple stages of

the pipeline, including retrieval, visual understanding,

and generation
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Methodology



LeMUQ

Learnable Multimodal Uncertainty Quantification method (LeMUQ)
Core idea:

e Fix the answer, perturb the inputs
Re-compute the probability of that same answer under each perturbation
e Trained RoBERTa-based score function maps the probability vector — confidence

score
Trained
Score Function
Org. Input 4+ Org. Answer Prob
MOdifie? Input 1 VLM % y Org. Answer - Prob 1 LeMUQ Cog':igf:ce
Modified Input B R Org. Answer Prob B
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LeMUQ

STEP 1: Generating the most-likely answer

a The Gran Canaria blue chaffinch
Question (Fringilla polatzeki) is a species of
Where is this bird passerine bird in the finch family
commonly found? Fringillidae. It is endemic to Gran

Canaria in Spain's Canary Islands.

[ aES ST S S 1

Most-likely Answer Canary Islands <eos>
Probabilities 0.9 0.96 0.99

Mapped Probabilities <prob-5> <prob-6> <prob-7>

,

What? Each token probability is discretized and
mapped to a one-hot vector representation

/ Why?

Makes probabilities transformer-friendly

17



LeMUQ

STEP 2: Modeling Probabilities

N . -
The Gran Canaria blue : : y -
Q chaffinch (Fring .... : Q h z Q

FEEEa R T s 77 e e 1 = 1

I I 1 I 1 1

1 1 |

: VLM | : VLM | . VLM |

1 I 1 I 1 |

[ PO P S A R J [ T S R J | VU P e e —p— J
Canary Islands <eos> : Canary Islands <eos> Canary Islands <eos>
0.8 0.9 0.95 0.5 0.8 0.95 ; 0.2 0.6 0.85
<prob-4> <prob-6> <prob-6> <prob-2> <prob-4> <prob-6> <prob-0> <prob-2> <prob-4>
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LeMUQ

STEP 3: Generating an uncertainty score

Question
Where is this bird
commonly found?

The Gran Canaria blue chaffinch
(Fringilla polatzeki) is a species of
passerine bird in the finch family
Fringillidae. It is endemic to Gran
Canaria in Spain's Canary Islands.

Canary

< prob-5 >
< prob-4 >
< prob-2 >
< prob-0 >

Islands

< prob-6 >
< prob-6 >
< prob-4 >
< prob-2 >

<eos>

< prob-7 >
< prob-6 >
< prob-6 >
< prob-4 >

LeMUQ Model

=

Uncertainty Score

0.77
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Evaluation



UQ Method Evaluation

____________

? What team was Horace Grant's twin

Brother traded to after the 1992-93 —» % — Portland Trail Blazers

Washington Bullets season?

ﬂ ﬂ

Uncertainty Evaluation

Quantification Metric

Uncertainty Score  <——  Correctness Score

Correlation
(e.g., AUROC)
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LeMUQ Performance

RQ1: How does our proposed method perform compared to baseline UQ methods

when evaluated within-distribution?

LLM LLaVA1.5-7B Qwen3-VL-4B
Retriever BM25 EVAC. BM25+MLM BM25 EVAC. BM25+MLM | Avg.
EVQA InfoSeek | EVQA InfoSeek | EVQA  InfoSeek | EVQA  InfoSeek | EVQA  InfoSeek | EVQA  InfoSeek
Accuracy |0.128 0.118  [0.138 0.102  [0.163  0.147 [0.133  0.142 [0.135  0.127 |0.169  0.140  |0.137
PE 0.750 0756  |0.803 0775 |0.719 0729  |0.721  0.770  |0.753  0.813  |0.692  0.749  |0.752
P(True) |0.639 0645 |0.677 0.645 |0.641 0614 [0.604 0734 [059% 0714 [0.584  0.740  [0.653
Ecc. 0732 0745 |0.752 0755 |0.699 0717 |0.664  0.667 0728 0705 |0.634  0.629  |0.702
Img. Per. [0.415 0414 |0.426 0409 0383 0397 |0.347 0294 [0348 0321 [0.389 0291  |0.369
LARSBgse |0.689 0762 (0709 0.752  [0.687 0752  [0.673 0765  |0.767  0.825  |0.607 0771  |0.730
LARSge; |0.847 0.829  |0.848 0.823 [0.846 0791  |0.840  0.858  |0.877  0.890  [0.816  0.845  |0.843
LeMUQ |0.8557 0.8337 |0.8617 0.8547% |0.8717% 0.8537% |0.9237F 0.8887+ |0.912T% 0.9137+ [0.9027% 0.898T+ |0.880
(+0.008) (+0.004) (+0.012) (+0.031) (+0.025) (+0.063) (+0.083) (+0.030) (+0.034) (+0.022) (+0.086) (+0.053) (+0.038)
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LeMUQ Performance

RQ1: How does our proposed method perform compared to baseline UQ methods
when evaluated within-distribution?

Central Finding!

LeMUQ performs better than baseline
methods within-distribution
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Out-of-Domain Generalizability: Retriever

RQ2: How well does LeMUQ generalize to out-of-distribution data?

797

BM25 EVAC

BM25

[0 LARSRet

EVQA - LLaVAl.5-7B
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B LeMUQ
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BM25+MLM

833 823 .827
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877 -884 879 .882
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Out-of-Domain Generalizability: Retriever

RQ2: How well does LeMUQ generalize to out-of-distribution data?

Central Finding!

LeMUQ is learning something transferable
rather than overfitting to one retriever
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Out-of-Domain Generalizability: Dataset

RQ2: How well does LeMUQ generalize to out-of-distribution data?

I LARSget
EVQA - InfoSeek - LLaVAl.5-7B

BM25 EVAC BM25+MLM
EVQA - InfoSeek - Qwen3-VL-4B
0.91
.845 .852
820 .839
0 081
o
5
207
0.61

BM25 EVAC BM25+MLM

.618

I LeMUQ

InfoSeek - EVQA - LLaVAl.5-7B

.720

.597

BM25 EVAC BM25+MLM
InfoSeek -» EVQA - Qwen3-VL-4B

.830

BM25+MLM
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Out-of-Domain Generalizability: VLM

RQ2: How well does LeMUQ generalize to out-of-distribution data?

0 LARSge: I LeMUQ
LLaVA -» Qwen3 - EVQA Qwen3 - LLaVA - EVQA

.842

.824

0.6- |
BM25 EVAC BM25+MLM BM25 EVAC BM25+MLM

LLaVA -» Qwen3 - InfoSeek Qwen3 - LLaVA - InfoSeek

838 .852

0.6- |
BM25 EVAC BM25+MLM BM25 EVAC BM25+MLM



Out-of-Domain Generalizability: Dataset & VLM

RQ2: How well does LeMUQ generalize to out-of-distribution data?

Central Finding!

LeMUQ generalizes well across datasets and has mixed results
when transferring across VLMs

28



Impact of Probability Components

RQ3: What is the impact of each probability component in LeMUQ on its overall

performance?

VLM LLaVA1.5-7B Qwen3-VL-4B

Retriever BM25 EVAC. BM25+MLM BM25 EVAC. BM25+MLM | Avg.

EVQA InfoSeek | EVQA InfoSeek | EVQA InfoSeek | EVQA InfoSeek | EVQA InfoSeek | EVQA  InfoSeek

Accuracy 0.128 0.118  [0.138 0.102 |0.163 0.147 [0.136  0.142 [0.132 0.128 |0.171  0.140  |0.137
LARS ggse 0.689 0762 [0.709 0752  |0.687 0.752  |0.673 0767 |0.769 0.815 |0.610  0.773  |0.730
LARSRe; 0.847 0.829 |0.848 0.823 0846 0791  [0.832 0861  [0.882 0.889 |0.816 0.843  |0.842
LeMUQ 0.855 0.832 [0.861 0.8547 |0.8717 0.8537 [0.9207 08897 |0.9177 0.9097 |0.9027 09017 |0.880
LeMUQ —f |0.841 0.826  [0.852 0.825% [0.859 0.8447 [0.9217 09037+ |0.9107 0.9067 |0.894T 0.909T |0.874
LeMUQ —p%! | 0.856 0.845  |0.851 0.829% |0.840% 0.829T+ |0.9247 08917 |0.9127 09067 [0.907T 08937 |0.873
LeMUQ —5%€ [0.852 0.818  [0.852 0.849T [0.856 0.8627 |0.9237 0.9067+ |0.9197 0.899  [0.895T 0.905T |0.878
LeMUQ —57 |0.859 0.849 [0.851 0.8487 [0.864 08517 |0.9067% 0.9027+ [0.916T 0.9117 |0.886T+ 0.905T |0.879
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Impact of Probability Components

RQ3: What is the impact of each probability component in LeMUQ on its overall
performance?

Central Finding!

The full four-component model has the highest average
AUROC and the most balanced performance across settings
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