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Existing methods often relax constraints on

policy and data or extract informative patterns

through data-driven techniques. However,

there has been limited exploration into

structurally guiding the optimization

process toward flatter regions of the solution

space that offer better generalization.

Background：Offline Reinforcement Learning



Contribution

1. We propose a structured network design framework for offline RL that integrates

residual blocks, Gaussian activation function, layer normalization, and ensemble

techniques to enhance generalization.

2. We validate the effectiveness of the proposed framework across multiple offline 

RL tasks, highlighting that our remarkably simple architecture leads to substantial 

performance gains.

3. We conduct a detailed analysis to elucidate how the FANS framework facilitates 

smoother optimization, reduces variance, and mitigates overfitting, thereby 

achieving significant improvements in OOD generalization performance.



FANS framework: Flatness-Aware Network Structure

 Residual Block

 Gaussian activation  Layer normalization

 Ensemble



Experiments on the D4RL Benchmark

 Main Results

 The results indicate that integrating the

FANS framework into the structurally

simple Actor-Critic algorithm TD3 yields

the best average performance (Avg.)

across all evaluated tasks.



 FANS consistently achieves 

the most accurate Q-value 

estimation.

 FANS maintains consistently lower Q-value estimates on 

OOD data, effectively mitigating overestimation issues.

Validation of FANS in Mitigating Overestimation



 The significantly lower NTK values in FANS 

demonstrate a fundamental suppression of 

pathological generalization patterns.

 Among the many advanced methods associated with 

improving generalization, FANS remains highly 

competitive, achieving the best average performance.

Validation of FANS in Generalization Control

 v.s. SOTA generalization-centric methods



 Every module contributes to the overall performance, 

though to varying degrees.

Ablation Study

 Applying residual connections exclusively 

in the critic network facilitating stable 

value estimation without constraining the 

action space, thereby achieving better 

overall performance.



Conclusion

 A novel network architecture framework designed to tackle the unique generalization 

challenges of offline RL

By integrating residual blocks, Gaussian activation functions, layer normalization, and model

ensembling, FANS systematically steers optimization toward flatter minima, thereby enhancing

stability and reducing overfitting.

 Comprehensive analyses

Our comprehensive analyses reveal the individual and combined effects of these components in

promoting smoother optimization landscapes and lowering variance.

 Contributions to the community

Our work highlight the critical role of architectural design as a complementary and effective

approach to advancing offline RL performance, opening promising avenues for future research.
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