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Motivation

Challenges in Using VLMs to Estimate Long-Horizon Embodied Task Progress

1. Complex Subtask Decomposition and Temporal Dependencies

2. Long Execution Duration — Full video input introduces substantial computational overhead
 

Simple task such as “Boil water” contains multiple subtasks:

1. Locate the kettle

2. Pick up the kettle

3. Fill the kettle with water

4. Place the kettle on the stove

5. Start heating

The whole process may last several minutes or longer.



Contribution

Key Proposals of R!VLM

Ø Receive streaming video and perform periodic reasoning.  

=> Improve response speed.

Ø Introduce chain-of-thought

Ø Improve reasoning performance on complex tasks. 

=> Enhance model performance.

Ø Serve as memory for recurrent reasoning.

=> Preserve historical information in recurrent reasoning setting.



CoT Structure in Recurrent Reasoning

CoT — textual memory in recurrent reasoning

1. Decomposition of long-horizon tasks

2. Sub-steps categorized as: completed, in progress, and not yet completed.

3. Progress estimation based on the proportion of completed sub-steps.



Ego4D (Real World)Alfred (Simulator)

Dataset

Turn on the desk lamp and pick up the alarm clock. Pour water into the blender.



Training

Base Model：Qwen2.5-VL-7B-Instruct

Stage 1: Supervised Fine-Tuning (SFT) with Generated Cold-Start Data

Ø We used Qwen2.5-VL-72B-Instruct to generate cold-start Chain-of-Thought (CoT) data.

Stage 2: Reinforcement Learning (RL) for Enhanced Reasoning

Ø We adopted the GRPO algorithm to further enhance the model’s reasoning capabilities.

Ø We carefully designed multi-dimensional outcome reward functions.

Training Setup

Ø Training was conducted on 8 ×A100 GPUs.

Ø Stage 1 training time: 50 hours

Ø Stage 2 training time: 75 hours



Main Results



1. Progress Estimation

Applications

Non-linear Progress in Long-Horizon Tasks

Rapid Progress from 
Key Action

Slow Progress Phase



Task: Put the red pen into the black mug and pick up the mug.
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2. Reward Modeling
• We define the progress increment induced by action as the reward signal

• Use this reward to guide the agent’s reinforcement learning process 

Applications

Reward 
provided 
by 𝑅!𝑉𝐿𝑀



3. Proactive Assistant

Applications



Github Huggingface
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