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Introduction

Background

• Diffusion MLLMs generate text through iterative masked-token denoising rather than left-to-right autoregressive decoding. 

• By predicting multiple token positions in parallel, they provide an efficient and flexible generation paradigm with potential for 

iterative refinement and self-correction.

Motivation

• Despite their efficiency, dMLLMs struggle with multimodal reasoning, where AR-style reasoning methods do not naturally transfer 

to parallel diffusion decoding.

• Moreover, confidence-based unmasking can prematurely commit temporally unstable or weakly grounded tokens, motivating 

a diffusion-native strategy based on temporal stability and visual grounding.
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Introduction

Overview

Figure 1. Overview of our method and comparison with the baseline
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Method – ST-Veto

Method Overview
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Method – ST-Veto

Step 1:  Top-k Token Proposal

• At each diffusion step, the model first proposes the top-k tokens with the highest current confidence.
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Method – ST-Veto

Step 2:  Taylor Residual (Temporal Instability Signal)

• ST-Veto predicts the expected confidence at the current step using a second-order Taylor approximation. 

A large negative residual indicates that the token is temporally unstable.
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Method – ST-Veto

Step 3:  Image Attention (Grounding Signal)

• This measures how much attention token i assigns to image tokens.

• A low image-attention score indicates weak visual grounding.
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Method – ST-Veto

Step 4:  Veto-and-Swap Policy

• ST-Veto vetoes tokens that are either temporally unstable or weakly grounded, then swaps them with safe 

near-boundary candidates.

• ST-Veto uses median and MAD to define adaptive thresholds for each signal. This provides robust token 

selection by reducing sensitivity to outliers and avoiding hand-crafted fixed thresholds.



HYU Artificial Intelligence Laboratory

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. Use greedy decoding without temperature scaling
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Results

Main Results
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Results

Ablation Study
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Results

Ablation Study
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Analysis

Analysis of ST-Veto
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Analysis

Analysis of ST-Veto
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Analysis

Analysis of ST-Veto
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Analysis

Analysis of ST-Veto
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Conclusion

Contribution

I. We introduce ST-Veto, a training-free decoding strategy that uses temporal confidence dynamics to 

identify and veto unstable token commitments during diffusion generation.

II. We further incorporate visual grounding through image-attention signals, allowing dMLLMs to prioritize 

tokens that are both temporally stable and visually supported.
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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
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