


Background

近年来多模态大模型（MLLMs）迅速

发展，但在复杂任务中仍面临两大瓶
颈：
1.视觉幻觉（Visual Hallucination）
模型生成与视觉信息不符的表述；
2.推理脆弱性（Brittle Reasoning）
CoT 推理一旦出错，无法自我修正。



Background

问题根源：

•现有通用 MLLM 推理模式是 线性 COT, 一旦中途推理错误，缺乏回溯机制

•推理链缺乏视觉验证

•人类推理不仅是可回溯的，也是基于视觉感知的

think think think answer

Linear COT



Related Method R1-style Reinforcement Framework(VLM-R1, 2024)



Method

 两阶段框架：
1️⃣ Traceable Evidence Grounding 2️⃣ Search-based CoT with Backtracking



Method

1️⃣ Traceable Evidence Grounding

<visual_perception>c</visual_perception>
<think>t</think>
<answer>a</answer>

For a vision-language task Q = {i, q}, the model generates a complete trajectory 
through an autoregressive strategy

our framework decomposes the reasoning trajectory into a structured sequence with the 
following key stages:

<visual_perception>
The image captures a 

first-person perspective 
of a cyclist [x1,y1,x2,y2] 
riding through a forest 

trail [x1,y1,x2,y2] during 
autumn...

</visual_perception>



Reward Design

R_fmt = 1 if output_format_correct else 0
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2️⃣ Search-based CoT with Backtracking

In the VAR framework, the reasoning space consists of a node set V, 

where each node corresponds to a semantic 

unit representing a logically coherent reasoning proposition.

During autoregressive generation, the model uses (<node>, 

<backtrack>,<done>) to control movement on the reasoning graph:

•<node>: Extend a new reasoning branch

•<backtrack>: Backtrack to an ancestor node

•<done>: Terminate the reasoning trajectory

autoregressive sequence generation ≈ constructing a dynamic 

reasoning tree in the semantic space.
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Experiment Result



Experiment Result



Ablation

Contribution：Backtrack ≫ Rsem ≫ Rgeo



Idea



Thanks


