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Motivation Robot State-aware Contrastive Loss (RS-CL) Experiments

✓ VLMs provide strong conditionings for next action prediction.

✓ However, they are trained on vision-language data, without 
explicit grounding in robot-control signals.

Observation & Challenges

Method

• Simulation Benchmark Results

• Real-world Results

✓ TL;DR: RS-CL grounds VLM features by pulling together embeddings 
with similar proprioceptive states.

1. Incorporating continuous robot states to contrastive learning

• Use proprioceptive state distances as soft contrastive supervision.

• Samples with similar proprioceptive states get pulled harder

• Jointly optimize RS-CL with the original action prediction objective.

2. Efficient contrastive pair generation

• Summarization token: Uses a learnable token to summarize long VLM 
embeddings into a compact representation.

• View cutoff: Randomly masks the feature slice corresponding to one 
observation view.

• Generates augmented pairs at the representation level.

• Analysis

✓ We visualize the VLM features of observation and instructions 
from identical task trajectories, across different environments

✓ Design requirements

① Improve action prediction without harming generalization.

② Efficiently adapt to standard VLA training pipelines, without 
additional training stages or substantial compute overhead.
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① VLM features are organized by visual appearance: Even when 
similar actions are required, features are far apart due to task-
agnostic visual factors (e.g., scene layout, large surrounding objects).

② Goal: Ground VLM features in the target robot’s control 
signals, forming smooth representation trajectories aligned with 
temporal task progress.
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