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• Standard Neural Networks are 
extremely accurate but:

• They are brittle [",$]: low/specific 
noise can substantially alter their 
predictions.

• They are often over-
confident [&], according high 
certainty even when they’re wrong.

The Accuracy-Robustness-Calibration Trilemma
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• Lipschitz Networks are robust but:

• It is needed to tune ["] the 
constant $ to navigate the 
Accuracy-Robustness trade-off.

• The chosen value is usually fixed.
• Their calibration properties 

remains under-explored.

Lipschitz-constrained Neural Networks (LNNs)
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• Standard Network can be 
calibrated using Temperature 
Scaling ["]:

• Find $ such that ⁄& $ is 
calibrated.

•$ is computed using a 
calibration set.

• Post-hoc operation, the 
accuracy and the robustness of 
the model is unchanged.

Calibration of Neural Networks
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• LiST consistently outperforms 
static baselines.

• LiST returns calibrated networks 
regardless of training duration.

• At convergence, LiST allows for 
the reintegration of the 
calibration set into training.

• LiST remove the need of tuning !.

Results



• Our algorithm enables to train Lipschitz 
networks that are:

Accurate Robust Calibrated

• Submission is coming…
• Come talk w/ us at the Poster Session !

Conclusion


