
Robust Reinforcement Learning in a Sample-Efficient Setting

1. Background: Robust Adversarial RL

Robust Adversarial Reinforcement Learning (RARL) considers an agent that operates 

in a set 𝒫 of Markov Decision Processes (MDPs). Notably, the agent is oblivious to which 

environment it is operating in. The goal of the agent in this Robust MDP is (by definition) 

to maximize its expected utility when the MDP is adversarially selected from the set. This 

adversarial selection happens at every timestep, to keep the problem tractable ((𝑠, 𝑎)-

rectangularity assumption).
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With the corresponding optimal policy:

𝜋𝒫
∗ = argmax

𝜋∈Π
𝐽𝑟𝑜𝑏𝑢𝑠𝑡(𝜋)

Many options to choose 𝒫 exist, in this work we opt for the Kullback-Leibler (KL) 

uncertainty set due its property to blow up outside of the support of the nominal transition 

function ത𝑃 ⋅ . Additionally, as the KL-divergence bounds the total variation distance, we 

lower-bound the nominal performance (see Section 3).

𝒫𝐾𝐿
𝑠,𝑎 = 𝑃(𝑠′, 𝑟|𝑠, 𝑎) ∈ Δ𝒮×ℛ | 𝐷𝐾𝐿(𝑃(𝑠′, 𝑟|𝑠, 𝑎) || ത𝑃(𝑠’, 𝑟|𝑠, 𝑎)) ≤ 𝜖s,a
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Evaluation code available.

Relevant training code snippets (JAX) in paper.

We implement the robust model in MBPO (Janner et al., 2019). The proposed 

modifications are:

• Learning the auxiliary model as described in Section 2.

• Using the auxiliary model as the environment for Soft Actor-Critic.

0. Abstract Summary

❖ Robust Adversarial RL often requires strong practical assumptions, such as a 

parameterizable simulator at training time.

❖ By moving the adversary to act on the learned model, we avoid these assumptions and 

gain the sample efficiency of model-based methods.

❖ Since we explicitly have access to predicted nominal and adversarial transitions, we 

can interpret the adversarial transitions.

❖ Our quantitative results demonstrate that we meet or outperform state-of-the-art 

robust RL methods in a variety of locomotion tasks, often with fewer 

assumptions and always with less samples.

7. Representative Results 

We evaluate the robustness of RMBPO by 

training it in the nominal environment and 

evaluating it under a sweep of two 

simultaneous perturbations. In all 

environments, RMBPO is competitive with 

state-of-the-art baselines using less data (see 

paper Fig. 3, Fig. 4 for more results).

Next, we generate an empirical cumulative 

density plot of these experiments which 

confirms that RMBPO successfully reduces the 

number of low-return episodes compared to the 

MBPO. Sometimes at the expected trade-off of 

a lower nominal performance.

2. Auxiliary Pessimistic Transition Model Learning

Starting from a model-based setting, where 𝒑𝜽 approximates the nominal transition function ഥ𝑷, an auxiliary 

model 𝒈𝝍 is trained to serve as an adversarial version of the nominal model.

MLE
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Part A: Normal 

model learning

Part B: Auxiliary pessimistic model 

learning

Part C: Agent learns from 

the pessimistic model

Where the auxiliary pessimistic model is trained by minimizing the likelihood of high-value transitions (based 

on Rigter et al., 2022):

𝐽𝑔 𝜓 = 𝔼(.)ൣ𝐷𝐾𝐿 (𝑔𝜓(⋅)| 𝑝𝜃(⋅) + ቃ𝜂 ⋅ 𝑙𝑛 𝑔𝜓 𝑠′, 𝑟 𝑠, 𝑎, 𝑝𝜃(⋅) (𝑟 + 𝛾 𝑉𝜓
𝜃,𝜙

(𝑠′))

Minimize the likelihood of high-value transitions

Remain reasonably close to the nominal model

               
 

   

   

   

   

   
       

               
 

   

   

   

   

   
       

               
 

   

   

   

        

 
 
 
 
  
 

                           
𝐺 𝜋 ≥ ෠𝐺𝑎𝑢𝑥 𝜋 −

2𝛾𝑟𝑚𝑎𝑥 𝜖𝑚 + 2𝜖𝜋 + 𝜖𝑚𝑎𝑢𝑥

1 − 𝛾 2
+
4𝑟𝑚𝑎𝑥𝜖𝜋
1 − 𝛾

3. Impact on performance bound

5. Toy experiment

To demonstrate how the loss function biases the transition distribution towards low-

value transitions, we fit a standard Gaussian distribution to 3 value functions: 

𝑣1 𝑥 = 𝑥, 𝑣2 𝑥 = −𝑥, 𝑣3 𝑥 = 𝑥2, using the loss function from Section 2. As 

expected, the pessimism is proportional with 𝜂.

6. Interpretability

When comparing the 4 largest state 

modifications between the nominal model 

and the pessimistic model in Hopper-v4, 

we see:

• Increased torso angular velocity

• Decreased actuator angular velocity

• Lower forward-moving velocity

All these aspects are expected, as this 

makes the robot more prone to falling, and 

slower, therefore minimizing the value.

               

   

   

   

   

   

    

               

    

               

   

               

            

    

    

    

    

 
 
 
 
  
 
  

  

                            

  
  
 
  

 
 
 

                           

           

   

   

   

   

   

   

 
  

 
 
  
  
 
  

 
  
 
  

 
 
 
  
 
  

  

         

     

    

                 

           

           

     

    

                          

           

              

     

    

                      

           

   

   

   

   

   

   

 
  

 
 
  
  
 
  

 
  
 
  

 
 
 
  
 
  

  

          

     

    

                 

           

   

   

   

   

   

   

 
  

 
 
  
  
 
  

 
  
 
  

 
 
 
  
 
  

  

           

     

    

            

 

 

  

  
  
  
 
 
 
 
  
 

    

            

    

            

              

            

               

   

   

   

   

 
 
 
 
  
 
  

  

            

MuJoCo Hopper-v4

DMC Walker Walk

Cumulative Density Plots
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predicted performance in the learned model. This bound depends on the model error 𝜖𝑚 and the off-policy 

error 𝜖𝜋 . Our work demonstrates that this bound can be extended to include the Total Variation (TV) 

distance 𝜖𝑚𝑎𝑢𝑥 = max
𝑡

𝔼𝑠∼𝜋,𝑡 𝐷𝑇𝑉(𝑔𝜓 ⋅ , 𝑝𝜃 ⋅ ) . Note that the KL-divergence bounds the TV distance.
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