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Introduction

Background

• Diffusion (M)LLMs are emerging as promising alternatives to autoregressive LLMs

• By generating tokens in parallel with a pre-defined output length, diffusion-based models enable more efficient generation 

than sequential autoregressive decoding

Motivation

• Despite their efficiency, dMLLMs struggle with visual-grounded Chain-of-Thought reasoning

• They often determine the final answer before sufficient reasoning and rely weakly on visual prompts in early diffusion steps

• This motivates methods that delay premature answer generation and strengthen visual grounding during reasoning
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Introduction

Overview

Figure 1. Overview of our method and comparison with the baseline
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Analysis of Reasoning in dMLLMs

Observation 1: Early Answer Generation

• Measuring Answer Emergence: Track the diffusion step where the final answer token first appears under different 

length and step settings.

• Early Answer Generation: dMLLMs often generate the final answer too early, especially when generation length and 

diffusion steps are limited.

Figure 2. Result of the final answer generation step in the M3CoT validation set using LaViDa
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Analysis of Reasoning in dMLLMs

Observation 2: Week Visual Grounding

Figure 3. Comparison of PDM measurements on the M3CoT validation set between the autoregressive-based model

[1] Multi-modal hallucination control by visual information grounding, CVPR 2024
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Analysis of Reasoning in dMLLMs

Observation 2: Week Visual Grounding

• Measuring Visual Grounding with PDM: Compare token distributions conditioned on both text and image inputs versus text-

only inputs to quantify visual prompt dependency.

• Delayed Visual Utilization in dMLLMs: dMLLMs rely weakly on visual information at early diffusion steps, suggesting that 

answers can be generated before sufficient visual grounding.

Figure 3. Comparison of PDM measurements on the M3CoT validation set between the autoregressive-based model
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Method – Position & Step Penalty

Method 1: Position & Step Penalty (PSP)

• Cᵢⱼ : Original confidence of the j-th token at the i-th diffusion step

• C̃ᵢⱼ : Modified confidence after applying PSP

• γ : Penalty strength coefficient

• τᵢ : Current diffusion progress, i / K                                                    → (1 − τᵢ) becomes larger at earlier diffusion steps

• rel(j): Relative position of the j-th token in the response         → rel(j) becomes larger for later token positions
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Method – Visual Reasoning Guidance

Method 2: Visual Reasoning Guidance (VRG)

• logits_c : Conditional logits computed with the visual prompt v

• logits_u : Unconditional logits computed without the visual prompt

• s_vrg : Visual guidance scale

• logits_vrg : Final guided logits after applying VRG
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Experiment

Experimental Setup 

• Benchmarks: M3CoT, ScienceQA, MMBench, and V* Bench →Multimodal Reasoning Benchmarks

• Models and Baselines: LaViDa-llada-reason, MMaDA-8B-MixCoT → Reasoning Models

• Implementation Details: Evaluate multiple (generation length L / diffusion step T) settings for speed-quality 

tradeoff. Set γ = 0.5 for PSP and s_vrg = 0.5 for VRG. Use greedy decoding without temperature scaling
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Results

Main Results
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Results

Ablation Study
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Analysis

Analysis of PSP & VRG
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Analysis

Analysis of PSP & VRG
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Conclusion

Contribution

I. We provide an empirical analysis showing that dMLLMs often generate final answers too early and rely 

weakly on visual prompts in early diffusion steps.

II. We introduce PSP, which controls the diffusion reasoning process by delaying early answer generation 

through position- and timestep-aware confidence penalties.

III. We introduce VRG, which strengthens visual-grounded reasoning by amplifying the difference between 

visual-conditioned and text-only predictions during inference.
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Thank you for watching :D

If you have any questions, feel free to contact us at 

ktkpv94@hanyang.ac.kr

mailto:ktkpv94@hanyang.ac.kr
mailto:ktkpv94@hanyang.ac.kr
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