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Motivation

 Insufficient Value Function Integration: Prior methods simply relabel returns or add penalties, failing to fully

harness value functions for optimization and regularization in DTs.

 Offline-to-Online Gap: ODT extends DTs to online RL but cannot achieve expert performance with limited or low-

quality data and only improves notably after online fine-tuning.

 Need for a Unified Framework: There is a strong demand for a unified RL method that bridges offline and online

RL, robustly handles suboptimal data, and better integrates value functions with Transformer architectures.



Method
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Offline Training Phase

• Value function training

• Loss function



Online Tuning Phase

 Trajectory-Level Replay Buffer: During the online tuning phase, VDT

adopts a trajectory-level replay buffer, storing complete trajectories

rather than single transitions. The buffer is first filled with the

highest-return trajectories from offline data, and is updated in a first-

in-first-out manner whenever the policy generates a new trajectory. A

two-step sampling strategy ensures uniform sampling of sub-

trajectories, improving the diversity and quality of training data

during online updates.

 Return-to-go Alignment: VDT implements a return-to-go (RTG)

alignment mechanism. Instead of conditioning on a fixed, predefined

RTG as in offline training, the RTG token is dynamically updated at

each timestep with the actual rewards collected by the agent during

online interaction.



Sampling Process



Experiment



Experiment
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Conclusion

⚫ We incorporate the value function into the CSM architecture and enhance behavior cloning with advantage-

weighted learning and regularization constraints. We further provide a theoretical guarantee of its superior

performance.

⚫ We leverage the inherent strengths of the value function to fine-tune the policy with a limited number of

interactions in the online phase. By introducing the trajectory-level replay buffer and return-to-go alignment,

we bridge the gap between offline training and online tuning, offering insights into the design of

generalizable architectures.

⚫ We demonstrate the effectiveness of VDT across a broad spectrum of benchmarks, exhibiting superior

performance in both pure offline and offline-to-online settings.
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