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Offline Reinforcement Learning

[1] Levine, Sergey, et al. "Offline reinforcement learning: Tutorial, review, and perspectives on open problems." arXiv preprint arXiv:2005.01643 (2020).

One challenge for real-world application of offline RL: 
     State observation perturbations

Diagram of Offline RL[1] :

Example1: GPS error

Estimated position

Example2: Sensor noise

Real position

Real signal

Noised signal



State observation perturbations

Classical solution:
Smooth policy 

        overconservative and sensitive to noise scales

Adversarially trained policy: 
        not applicable in offline training manner
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State observation perturbations

Classical solution:
Smooth policy 

        overconservative and sensitive to noise scales

Adversarially trained policy: 
        not applicable in offline training manner

Our solution (Diffusion Model-Based Predictor):
   Recover the actual states for decision-making. 

Main challenge: Error accumulation

Our contribution:
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Novel framework for robust RL

Non-Markovian loss function



State observation perturbations

Classical solution:
Smooth policy 

        overconservative and sensitive to noise scales

Adversarially trained policy: 
        not applicable in offline training manner

Advantages of DMBP:
• Combinable with any offline RL algorithms. 
• Applicable for different scales of noises.
• Applicable for incomplete state observations with unobserved dimensions.
• Does not lead to over-conservative policy.

Our solution (Diffusion Model-Based Predictor):
   Recover the actual states for decision-making. 

Main challenge: Error accumulation

Our contribution:
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DMBP for Predicting Real States
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Notation: 𝒔! — original state;  "𝒔! — noised state;  #𝒔! — recovered state. 

Superscript 𝑖 — diffusion timesteps; Subscript 𝑡 — RL timesteps.

Sampling of denoised state !𝒔𝒕:
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√

ᾱks̃t

Following [1], we model transitions pθ(s̃i−1
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as Gaussian process:

where                              is the neuron-network 
predicted noise. 
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Reverse diffusion chain:

hopper-medium-replay-v2 
(Gaussian Noise with std of 0.10)

[1] Ho, Jonathan, et, al. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851.



Non-Markovian Loss (Main Contribution)
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ŝ

t−1)
]

Problem with classical training of diffusion models: 
    The accuracy of the current denoising result #𝒔! is highly dependent on the accuracy of the diffusion condition        . τ
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Our Proposed Non-Markovian training objective:
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Severe error-accumulation

Closed form expression:

Training phase:

Testing phase:

Along RL Trajectory Condition on denoised trajectory
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L(θ) = Ei∼UK ,ϵt∼N (0,I),(st−N ,...,st+M−1)∈Dν
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(N : condition trajectory length      M : sample trajectory length)

Practical Loss function:

Trajectory 
condition for 
predictor 𝝐" 
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1− ᾱiϵθ(s̃ij ,aj−1, τ

s̆

j−1, i)
]

if j < t,

otherwise (j ∈ {t, . . . , t+M − 2}).

in 𝐿&:

in 𝐿':

Classical loss of diffusion models

Additional term of our non-Markovian loss

Non-Markovian Loss (Main Contribution)



Ablation Study

hopper-expert-v2 (prone to error accumulation)



State Infilling for Unobserved Dimensions

Real world circumstance: compromised sensors (𝒔́𝒕 = 𝒔𝒕⊙𝐦𝐚𝐬𝐤)
    Recover the missing part of state observation utilizing “resample” technique[1].

Diffusion models have been proved to be successful in Image inpainting tasks[1]:

[1] Lugmayr, Andreas, et al. "Repaint: Inpainting using denoising diffusion probabilistic models." Proceedings of the IEEE/CVF conference 
on computer vision and pattern recognition. 2022.



Experiment (Noised Observations)
ØGaussian random noises

ØUniform random noises (U-rand), Maximum action difference attack (MAD), and Minimum Q-value attack (MinQ)



Experiment (Incomplete Observations)

[1] Fujimoto, Scott, et al. "Off-policy deep reinforcement learning without exploration." International conference on machine learning. PMLR, 2019.
[2] Kumar, Aviral, et al. "Conservative q-learning for offline reinforcement learning." Advances in Neural Information Processing Systems 33 (2020): 1179-1191.
[3] Fujimoto, Scott, et al. "A minimalist approach to offline reinforcement learning." Advances in neural information processing systems 34 (2021): 20132-20145.
[4] Wang, Zhendong, et al. "Diffusion policies as an expressive policy class for offline reinforcement learning." arXiv preprint arXiv:2208.06193 (2022).
[5] Yang, Rui, et al. "Rorl: Robust offline reinforcement learning via conservative smoothing." Advances in neural information processing systems 35 (2022):
23851-23866.

Baseline Algorithm:



Thanks for your listening!
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