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This presentation introduces DnR, a framework for more evidence-grounded multimodal reasoning agent.



Part 1: How LVLMs Work
From visual input to language answer

Image + Question

Q: What is the 
man holding?

1 Vision Encoder2 Projector / Alignment3 LLM Reasoning4 Answer5

…
Visual tokens

…
Aligned in language space

…
Visual tokens

Q: A hiking 
stick.

 Inputs to LLM 

Q: What is the 
man holding?

…
Aligned in language space

Large Language Model

Visual Understanding Language ReasoningCross-Modal Alignment

LVLMs convert images into visual tokens, align them with language, and generate answers through LLM reasoning.
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Part 1: LVLM Challenges

Language Bias

The shadow of language bias

                    These challenges stem from over-reliance on language priors rather than grounded visual understanding.
                    They lead to unreliable and unsafe model behavior in real-world applications!

Model over-rely on learned 
language priors and ignore image content.

Q: What animal is in the picture?

          Relies on prior knowledge (zebras are 
          black & white) instead of the image.

Model thinking

Model answer

A zebra.

Zebras are usually black 
and white. 
So this must be a zebra

x

Visual Ignorance

     Q: How many bicycle are there?
     Answer with a number

Even with images provided, models
generate answers based only on text context.

             Ignores the visual evidence and 
             guesses from common patterns.

Model thinking

Model answer

2

In typical street scenes, 
there are usually some 
bicycles.

x

Hallucination
Models confidently describe content that 

doesn’t exist in the image

Q: What is the man holding?

           Invents details that are not present, 
with    high confidence.

Model thinking

Model answer

A coffee cup.

People often hold items 
in outdoor photos. It 
looks like a cup.

x
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Part 1: Motivation
Can visual grounding guide expert selection?

Measure grounding to choose experts2

Q: What is 
the man 
holding?

A correct answer is not enough1

                    These challenges stem from over-reliance on language priors rather than grounded visual understanding.
                    They lead to unreliable and unsafe model behavior in real-world applications!

LVLM

A plausible answer does not guarantee 
grounded visual reasoning.

Q: A hiking 
stick.

Visual
Utilization

Important visual evidenceExpert pool
If we can quantify how much the model uses important

visual evidence, we can choose visual experts in a grounded way.

Core Idea: Measure how much an LVLM uses important visual evidence,
then use that signal to guide visual expert selection.
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Part 2: Quantify important visual region
Query Decomposition: What is important part of image given question? 

              Key idea: The important visual region should depend 
on the question, not only on the image.
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Part 2: Quantify important visual region
Relevance Map (            ): A question-conditioned map that localizes the 
                                            image regions most relevant to answering the question.
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Part 2: Quantify important visual region
Utilization Scoring via Top-    / Bottom-   Perturbation
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Part 2: Quantify important visual region
Rendering: How can we use the knowledge of Visual Experts?
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Part 3: Draft and Refine
Overview of the entire Framework.
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Part 4: Comprehensive evaluation
Draft/DnR results across 7 base LVML with Revision Rate, Degradation, Pearson metric.
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Part 4: Hallucination results
Draft/DnR results categorized by Hallucination, Misperception, Grounded, and Correct responses.
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Part 4: Query-Driven Expert Activation
Different question queries activate different visual experts, suggesting that 
expert selection should be grounded in the visual demands of the question.
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Part 5: Future Work
Towards More Faithful, General, and Efficient Visual Reasoning

                 DnR demonstrates that query-conditioned relevance and utilization 
                 can effectively guide selective refinement.
                 We suggest to extend this framework in several direction.

1
Better Relevance Modeling
Use richer query decomposition and multi-scale grounding (e.g., attributes, relations, 
temporal cues) to produce more precise and complete relevance maps.

2
Stronger Utilization Signals
Explore alternative perturbation strategies and semantic metrics to measure 
faithfulness more robustly and reduce noise.

3
Smarter Expert Selection
Move beyond single-step selection: learn a policy to route to the most helpful 
expert(s) or combine multiple experts in a principled way.

4
Multi-step Refinement
Iteratively refine with updated relevance and utilization until sufficient improvement 
or a confidence criterion is met.

Possible Extensions

Temporal / Video Understanding

Extend relevance grounding and utilization to 
video with motion-aware queries.

Finer-grained and Structured Experts

Incorporate more specialized experts (e.g., counting, 
spatial reasoning, chart) and structured outputs.

Learning to Predict Utilization

Train a lightweight predictor to estimate utilization 
without test-time perturbation for efficiency.

Broader Domains & Modalities

Apply DnR to document, chart, medical, and 3D date 
with domain-specific experts.

Long-term Goal Build a general, efficient, and interpretable refinement system that reliably 
grounds reasoning in the right visual evidence across tasks and domains.

Open Challenges
Faithfulness vs. Performance
Further study the trade-off and 
develop metrics that better reflect 
faithful reasoning.

Perturbation Design
Design perturbations that are more 
human-aligned and less disruptive 
to semantics and reasoning

Expert Integration
How to best fuse expert evidence 
with the LVLM in a consistent and 
controllable way.

Efficiency & Scalability
Reduce computation for relevance, 
utilization, and expert calls to 
scale to longer contexts.
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Thank You
We appreciate your attention to our research on the Draft-and-Refine framework for enhancing LVLM 

reliability and efficiency through quantifiable visual utilization.

For more information, please contact us at sungheoj@uci.edu or visit our project page.
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