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Motivation: Sim-to-Real Gap

Multiple Agents trained in simulation are not robust to slight perturbations when 

deployed in the real world.

Standard RL thrives in simulation environments where training does not pose a threat 

or danger in the real world. For applications such as healthcare and autonomous 

driving, simulators are hard to design and data can be very costly to collect, forcing 

direct interaction with the environment.

To mitigate these problems, we consider the Distributionally Robust RL setup, which 

is designed to shrink the sim-to-real gap.

Crash!
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Distributionally Robust Markov Game (DRMG)

In the multi agent setting, we consider general-sum Markov 
games.

Address the sim-to-real gap by optimizing the worst-case 
performance over an f-divergence (KL/TV) uncertainty set.
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Problem Formulation of DRMGs

• State Space S, Action Space A, Episodes K, and Horizon H

• Reward: 

• Nominal Transition Kernel: 

• f-divergence uncertainty set: 

• Robust Value Function:     

• Robust Action-Value Function: 

• Our goal is to achieve one notion of equilibrium: Nash Equlibrium (NE), Coarse Correlated Equilibrium 

(CCE), or Coarse Equilibrium (CE)
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Challenges of DRMGs

Agents are trained in nominal kernel but must optimize over the worst-case kernel 

Exploration is harder under the worst-case transition kernel constraint and 
requires more samples to reach the desired equilibrium

In practice, achieving a Nash equilibrium is PPAD-hard, so we consider weaker 
notions such as coarse correlated equilibrium and coarse equilibrium

Online interaction is limited to data collected during exploration, making it 
fundamentally harder than having access to a simulator or a fully covered offline 
dataset
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Hardness of Online DRMGs

• Support Shift: worst-case transition is not covered by the support of nominal transition

• Under both TV (with support shift) and KL (without), scaling with the joint action space is a hard 

lower bound.

o For TV-DRMG: 

o For KL-DRMG: 
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Proposed Algorithm: f-MORNAVI

• Three Stage Algorithm:

1. Nominal Transition Estimation: estimate transition kernel P (model-based)

2. Optimistic Robust Planning: plan with optimism β to guide exploration

I. Equilibrium subroutine: 

3. Execution of Policy and Data Collection: execute policy in environment and collect data
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Theoretical Guarantees
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Numerical Experiments: Fully Cooperative DRMG
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Numerical Experiments: General-Sum DRMG
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Conclusion: Future Directions

• A simple model-based distributionally robust algorithm built on optimism

• First provable guarantees for online DRMGs

• Numerical validation over KL and TV uncertainty sets

• Future Directions:

o Extend to function approximation

o Eliminate joint action dependency

o Scalable MARL
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