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• Model-based Reinforcement Learning (MBRL) can reduce the reliance of policy optimization on real-

world data

- learning a dynamics model 𝑇(𝑠!, 𝑟|𝑠, 𝑎) from real-world data

- facilitating policy exploration within the learned dynamics model

Background of MBRL
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Figure 1. MBRL pipeline



• Bootstrapping prediction is unavoidable during roll-out in the single-step dynamics model,

- which attributes the next state to the prediction of the current state at each step

• Bootstrapping predictions lead to compounding errors[1] during model roll-out

- the deviation of generated states increases with the roll-out length

Background of MBRL

[1] Tian Xu et al. Error bounds of imitating policies and environments for reinforcement learning. IEEE TPAMI, 2021. 
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Figure 2. 𝑘-step roll-outs in the single-step dynamics model.
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• We propose the Any-step Dynamics Model (ADM) that allows for the use of variable-length plans as 

inputs for predicting future states without frequent bootstrapping.

• ADM can predict future states across multiple steps, reducing the number of bootstrapping during 

the model roll-out.

Our Method

Figure 3. Any-step dynamics model structured using an RNN.



• ADM naturally possesses the ability to generate diverse predictions. 

    While predicting 𝑠̂"#$, ADM has 𝑚 choices:

- using (𝑠̂"'(#$, 𝑎"'(#$, 𝑎"'(#%, … , 𝑎") as inputs;

- using (𝑠̂"'(#%, 𝑎"'(#%, … , 𝑎") as inputs;

- …

- using (𝑠̂", 𝑎") as inputs.

Our Method

Figure 4. Next-state prediction of ADM.

The variance among several
prediction choices can be used
as an uncertainty quantifier.



• Evaluation of Compounding Error

- the growth rate of ADM’s compounding error curve is smaller compared to other dynamics models

Experiments

Figure 5. Growth curves of the compounding error (in log scale).



• Offline Performance (policy optimization within a trained ADM)

    - D4RL results

- NeoRL results

Experiments



• Uncertainty Quantification

- Comparison between ADM and ensemble dynamics model

- ADM has better consistency between uncertainty and model error.

- ADM better distinguishes different types of policies.

Experiments

Figure 6. Comparison between ADM and ensemble model in uncertainty quantification.




