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Introduction

Intuition: reasoning over dense spatial features is bottlenecked by discrete tokens.
Task: Visual Question Answering (VQA) – 

Given an image+text question, provide an answer.

Predominant approaches: 

● Late fusion: Aggregate features from multiple modality-specific experts (ViT + LM)
● Early fusion: Train a VLM with an extended vocabulary (modality-specific discrete tokens)

Limitation: Rich perceptual cues are poorly represented.
● Visual information is inherently continuous.
● Aggregation/discretization: dense features like geometry, object boundaries, layout may be lost.

This paper: 
Can we better reason over visual 
edges/layout/depth using continuous tokens?
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Introduction

Intuition: reasoning over dense spatial features is bottlenecked by discrete tokens.
Task: Visual Question Answering (VQA) – Given an image+text question, provide an answer.

Predominant approaches: 

● Late fusion: Aggregate features from multiple modality-specific experts (ViT + LM -> )
● Early fusion: Train a VLM with an extended vocabulary (modality-specific discrete tokens)

Limitation: Rich perceptual cues are poorly represented.
● Visual information is inherently continuous.
● Discretizing/aggregation: geometry, object boundaries, layout may be lost.

This paper: 
Can we better reason over visual 
edges/layout/depth using continuous tokens?

Continuous tokens for 
visual cues help 
ground semantic 
reasoning.

Figure 1
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Overview

Chain of Visual Thought (CoVT)

● Defines groups of continuous visual tokens.

○ Contained within <think> steps.

● Each group corresponds to a perceptual cue.

○ Segmentation, depth, edge detection, image representation.

● The VLM is trained to compress rich representations into these tokens.

○ Trained on reconstruction loss, target = result from an expert.

○ Visual features are aligned with its token representation

Result: reasoning in tokens without explicit maps or tool calls.
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Tool-augmented reasoning

Background work

Visual Programming: Compositional visual reasoning without training
ToolVQA: A Dataset for Multi-step Reasoning VQA with External Tools

Scalable Generative Cognitive Model Scalable Generative Cognitive Model
“BAGEL”
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Text Space Reasoning

Background work

Perception Tokens Enhance Visual Reasoning in Multimodal Language Models (AURORA)
Visual Thoughts: A Unified Perspective of Understanding Multimodal Chain-of-Thought (MCoT)
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Latent Space Reasoning

Background work

Training Large Language Models to Reason in a Continuous Latent Space (COCONUT)
Compressed Chain of Thought: Efficient Reasoning through Dense Representations (CCoT)
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Intuition: 

● Text-only CoT accumulates errors.

● Supervision is dominated by text responses.

CoVT:

● A framework that equips VLMs with the ability to 

reason through continuous visual tokens.

● Tailored alignment strategies and a training pipeline to enable VLMs to 

learn, interpret, and reason effectively within this continuous visual space.

Chain of Visual Thought (CoVT)
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Pipeline

● Equips VLMs with chains of visual thought.

● VLM next token prediction:

● This work extends this formulation by introducing CoVT tokens : 

○ each y_i  represents either a visual or text token.

● The VLM is trained to function as a dense visual encoder

○ Reconstruction supervision against task-specific decoders.

Chain of Visual Thought (CoVT)
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Overview 

●

Chain of Visual Thought (CoVT)

Figure 3
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Chain of Visual Thought (CoVT)

CoVT Tokens

Perceptual ability of VLMs can be summarized as:

1. Instance recognition

○ segmentation tokens provide positional & shape information.

2. 2D and 3D spatial relationships.

○ Depth tokens provide pixel-level depth information.

3. Structure detection.

○ Edge tokens provide geometry-level details.

4. Deep mining of semantic information.

○ DINO tokens provide patch representations.
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Chain of Visual Thought (CoVT)

CoVT Tokens

Each token type is 
● assigned a constant token count (within <think>)
● supervised by a domain expert

1. Segmentation (8 tokens)
○ Supervised by SAM – Segment Anything Model.

2. Depth (4 tokens)
○ Supervised by DepthAnything v2.

3. Edge (4 tokens)
○ Aligned with PIDINet.

4. DINO (4 tokens)
○ Supervised by DINOv2.
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Chain of Visual Thought (CoVT)

CoVT Training

● Loss:

○ Joint loss function:

○ During inference, visual thinking tokens are not decoded.

● Data:

4-stage training, progressive leverage of visual tokens:

1. Comprehension: Insert visual tokens after <image> to teach basic semantics.

2. Generation: modify Q/A to guide the VLMs to precisely generate visual tokens.

3. Reasoning: Introduces CoVT format, visual tokens are used in reasoning for final answer.

4. Efficient reasoning: Randomly drop some sets of visual tokens (up to k); teach effective feature use.
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Chain of Visual Thought (CoVT)

CoVT Training

Figure 4.
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Results: Quantitative

Table 2.

(CoVT on Qwen-2.5-VL-7B)
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Results: Quantitative

Table 3.

(CoVT on LLaVA-v1.5-13B, for parity with Aurora)
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Results: Qualitative

Figure 5.
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Ablations

Figure 6.

Fig. 6: Text-only CoT vs. CoVT.
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Ablations

Figure 7.

Fig. 7: Non vision-centric tasks.
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Ablations

Figure 12.

Fig. 12: performance vs. # of segmentation tokens 
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Examples

Figs. 13 & 14.


