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Reward Flatness?
Flat reward in policy parameter space

‣ Ensuring stability of expected cumulative reward under parameter perturbation
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Reward Flatness?
Flat reward in policy parameter space

‣ Ensuring stability of expected cumulative reward under parameter perturbation

‣ In comparison with flat minima in supervised learning

Sharp minima Flat minima 

Better generalization and robustness to perturbations
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Reward Flatness?
Flat reward in policy parameter space

‣ Ensuring stability of expected cumulative reward under parameter perturbation

‣ In comparison with flat minima in supervised learning

Sharp minima Flat minima 

Would a flat reward landscape enhance robustness in RL 

against environmental variations?
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Pursuing Reward Flatness in RL
Exploring Flat reward in RL by adapting SAM to PPO

‣ Preliminary experiment : 2D navigation task
SAM : Sharpness Aware Minimization

Easy task if it ‘only’ goes up

What if the action is mistaken?
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Pursuing Reward Flatness in RL
Exploring Flat reward in RL by adapting SAM to PPO

‣ Preliminary experiment : 2D navigation task

⇒ Flat reward RL maintains safer margin, demonstrating action robustness

SAM : Sharpness Aware Minimization

Traditional RL(PPO) Flat reward RL(SAM+PPO)

9 / 30



Robust Reinforcement Learning
Real-World challenges in Reinforcement Learning

Real-World scenariosSimulated Environment

To overcome the gap between simulation and real-world systems 
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1. Problem definition : Background
Robust Reinforcement Learning

‣ Goal 

• Maintaining performance despite uncertainties in the environment

- Uncertainties : Action, Transition probability, Reward function

Uncertainty set

𝑝0

෤𝑝
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‣ Approach
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1. Problem definition : Background
Robust Reinforcement Learning

‣ Limitations

• Impractical Assumptions 

- Requires prior knowledge of uncertainty sets, unrealistic in real-world scenarios

• Limited Scalability 

- Struggles in continuous and high-dimensional environments due to the 

complexity of uncertainty sets and optimization

• High Computational Cost 

- Modeling uncertainties requires solving complex max-min problems, leading to 

significant computational overhead
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1. Problem definition : Our approach
Applying SAM to Reinforcement Learning

‣ Goal 

• Enhancing RL robustness using reward flatness in policy parameter space

15 / 30



1. Problem definition : Our approach
Applying SAM to Reinforcement Learning

‣ Goal 

• Enhancing RL robustness using reward flatness in policy parameter space

‣ Approach

• Adapt SAM’s min-max objective to Reinforcement Learning

- Pursues : Flat reward landscape in policy parameter space

- Transforms : Loss minimization to reward maximization

16 / 30



1. Problem definition : Our approach
Applying SAM to Reinforcement Learning

‣ Goal 

• Enhancing RL robustness using reward flatness in policy parameter space

‣ Approach

• Adapt SAM’s min-max objective to Reinforcement Learning

- Pursues : Flat reward landscape in policy parameter space

- Transforms : Loss minimization to reward maximization

‣ Objective function

SAM applied RL Action Robust Reinforcement LearningSAM
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1. Problem definition : Our approach
Applying SAM to Reinforcement Learning

‣ Contributions

• Theoretical : Linked flat reward landscapes to action robustness

• Empirical : Validated robustness on various Reinforcement Learning tasks
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2. Problem formulation : Our approach
Linking Flat Reward to Action Robustness

‣ Definitions

• E-flat reward maxima

• Δ-action robust policy
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2. Problem formulation : Our approach
Linking Flat Reward to Action Robustness

‣ Proposition

• Flat reward links to action robustness
E-flat reward maxima

Δ-action robust policy
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2. Problem formulation : Our approach
Linking Flat Reward to Action Robustness

‣ Proposition

• Flat reward links to action robustness

• Proof

E-flat reward maxima

Δ-action robust policy

Taylor expansion around 𝜃∗
Parameter perturbation

Action perturbation
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2. Problem formulation : Our approach
Linking Flat Reward to Action Robustness

‣ Remarks

• Δ-action robust policy satisfies the objective of action robust MDP

SAM applied RL Action Robust Reinforcement LearningSAM

23 / 30



3. Experimental results
Experimental Setup

‣ Mujoco tasks

‣ Baseline comparison

• Traditional RL : Proximal Policy Optimization (PPO) 

• Robust RL

- Robust Natural Actor-Critic (RNAC) (Zhou et al., 2024) 

- Robust Adversarial Reinforcement Learning (RARL) (Pinto et al., 2017).

Half Cheetah Hopper Walker2d
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3. Experimental results
Action Robustness Evaluation

‣ Action perturbation : added zero mean Gaussian noise

⇒ flat reward achieved by SAM+PPO makes the policy less sensitive to action perturbations
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3. Experimental results
Transition Probability Robustness Evaluation

‣ Variation in Torso Mass and Friction Coefficient

‣ Mass and Friction Joint Variations
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3. Experimental results
Reward Robustness Evaluation

‣ Reward perturbation : added Gaussian noise when training
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3. Experimental results
Reward Surface Visualization
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4. Conclusion

‣ Key findings

• Theoretically link Flat reward landscapes with RL robustness

• Empirically show SAM+PPO outperforms baselines (PPO, RNAC, RARL)

‣ Impact

• Enables reliable RL for real-world applications

• Broadens the scope of robust RL with a simple yet effective approach
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Thank you!
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