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Introduction

Advances on Deep Neural Networks (DNNs)

Over the last decade, neural networks have expanded across science and real-world applications, 

making confidence in their predictions increasingly important

DNNs lack inherent uncertainty quantification

Ensuring robustness in DNNs is a critical challenge 

o In industrial settings, models can face operation conditions not covered in training data

o DNNs can suffer from adversarial attacks

[Ian J. Goodfellow, et al. “Explaining and Harnessing Adversarial Examples”. In: 3rd International Conference on 
Learning Representations, ICLR 2015]
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Robustness & 
Lipschitz Continuous 
Neural Networks

2.
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Lipschitz Continuous Neural Networks

▪ Robustness: A model is said to be robust if it is stable against light perturbations on the data or on the 

parameters 

Compromise generalization and robustness

▪ Lipschitz continuous: Given two metrics space 𝒳 and 𝒴, a function 𝑓: 𝒳 → 𝒴 is Lipschitz continuous if there 

exists 𝐿 ∈ ℝ such that for all 𝑥1, 𝑥2in 𝒳 : 𝒅𝓨 𝒇 𝒙𝟏 , 𝒇 𝒙𝟐 ≤ 𝑳 𝒅𝓧 𝒙𝟏, 𝒙𝟐

The smallest such 𝐿 is the Lipschitz constant of 𝑓
Finding the Lipschitz constant of a DNN is a NP-hard problem

▪ Naive Upper Bound: Let 𝑓: Θ × 𝒳 → ℝ𝑟 where 𝒳 ⊂ ℝ𝑛 and Θ ⊂ ℝ𝑝 is the space of parameters. We denote its 

weights 𝑊1, 𝑊2, … 𝑊𝑑 and Φ: ℝ → ℝ its element-wise activation function that is 1-Lipschitz:

 𝑓1 𝜃, 𝑥 =  𝑊1𝑥 +  𝑏1 ;  𝑓𝑖 𝜃, 𝑥 =  𝑊𝑖  Φ 𝑓𝑖−1 𝜃, 𝑥 +  𝑏𝑖 ∀𝑖 = 1 … 𝑑 ;  𝑓 𝜃, 𝑥 = 𝑓𝑑(𝜃, 𝑥)

Then, the naive upper bound on the Lipschitz constant of 𝑓 is: 𝑳𝒅 = 𝑾𝒅 𝒐𝒑 𝑾𝒅−𝟏 𝒐𝒑 … 𝑾𝟏 𝒐𝒑

▪ Imposing the Lipschitz continuity: Constraints within the neural network

Regularization in the loss function  

Projection methods
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SCION: Stochastic 
Conditional Gradient 
with Operator Norm 

3.
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LMO: Linear Minimization Oracle

11

▪ 𝐥𝐦𝐨 𝛁𝐟(𝐱) ∈  𝐚𝐫𝐠 𝒎𝒊𝒏
𝐯∈𝑫

𝛁𝐟(𝐱), 𝒗

minimizes a linear approximation of the function 𝑓

▪ Gives the steepest descent direction while staying 

within the constraint set.

▪ It is always on the boundary of the ball.

▪ It is scale invariant.

Given a norm ∙ , the associated lmo gives the 

direction the least aligned with the input. 
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Conditional Gradient Algorithm

12

The conditional gradient algorithm (or Frank-

Wolfe algorithm) solves constrained optimization 

problems

min
𝑥 𝜖𝒟

𝑓(𝑥) 

With 𝒟 = 𝑥 | 𝑥  ≤  𝜌  a norm ball

൝
lmo ∇𝑓(𝑥) ∈  arg min

𝑣∈𝓓
∇𝑓(𝑥), 𝑣

𝑥𝑘+1 = 1 − 𝛾𝑘 𝑥𝑘 + 𝛾𝑘 lmo ∇𝑓(𝑥)

[Marguerite Frank and Philip Wolfe. “An algorithm for quadratic programming”. In: Naval Research Logistics Quarterly (1956)]
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(Unconstrained) Stochastic Conditional Gradient

13

▪ Momentum: reduces variance

▪ SCG solves min
𝑥 𝜖𝒟

𝑓(𝑥) with 𝒟 a norm ball

and uSCG solves min
𝑥 𝜖ℝ𝑑

𝑓(𝑥).

[T. Pethick et al. “Training deep learning models with norm-constrained LMOs”. In: Forty-Second International Conference on Machine Learning, 2025]
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The lmo is separable
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How to chose the norm ?

15

It depends !

The operator norms for the initial and output layers are different 

depending on the task and the assumptions on the input.

For image domain, the input is 

usually rescaled pixel-wise: 

RMS → RMS norm

For language text, the input is usually a 1-hot 

encoded vector, so 𝑧 1 = 𝑧 2 = 𝑧 ∞:
1 → RMS, 2 → RMS , or ∞ → RMS norm
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Hyperparameter 
Transfer

4.
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Hyperparameter tuning is essential

Direct impact on model quality

o Final task performance

o Generalization, robustness, stability

Optimization dynamics

o How the model learns: learning rate, warm-up, 
decay

o Gradient noise and convergence; batch size, 
gradient accumulation

o Smoothness and generalization; regularization 
parameters

Critical in industrial settings

o Ensures the best performances

o Reproducibility and reliability

o Scalability of AI / metamodel based method

… but expensive

Large models with billions of parameters

o Large Language Models (LLM)

o Computer vision

Huge and interdependent search space

o Model depth 

o Model width

o Learning rate

o Batch size

o …

Computational cost

o Time consuming training phases

o Costly GPU resources

o Energy cost

Hyperparameter tuning for Industrial-Scale 
Deep Learning

17
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Hyperparameter Transfer method in 3 steps

18

[G. Yang et al. “Tensor Programs V: Tuning Large Neural Networks via Zero-Shot Hyperparameter Transfer”, 2022]
[G. Yang et al. “Feature learning in infinite-width neural networks”. In: International Conference on Machine Learning, 2022]

1. Parametrization of the model : find the initialization of weights and learning rates dependency as a function of 

width and depth (solver dependent) of the neural network’s architecture 

2. Hyperparameter tuning on a smaller “proxy” model (small width and depth) than the large targeted one 

3. Transfer (copy) optimal hyperparameters to the large targeted model

How to transfer optimal hyperparameters rather than what the large model optimal hyperparameters are 

𝜇P
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Feature Learning Desiderata

We are in the feature learning regime if, for all layers ℓ:

o The hidden states are stable with respect to the width (stable forward pass): 

ℎ(ℓ)
RMS

= Θ 1

o The update of the feature is stable with respect to the width (not vanishing, not exploding): 

Δℎ(ℓ)
RMS

= Θ 1

Spectral condition for feature learning (Yang et al 2023)

Given a L-layers neural network, with weight matrices 𝑊ℓ, if, for every layer ℓ, we have

 𝑊(ℓ)
RMS→RMS

= Θ 1   and Δ𝑊(ℓ)
RMS→RMS

= Θ 1 ,  

then we have feature learning.

19

[G. Yang et al. “A Spectral condition for feature learning”, 2023]
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Width Transfer

20

Performance on NanoGPT with between 64M and 1B parameters. The optimal learning rate of SCION is invariant to width

[T. Pethick et al. “Training deep learning models with norm-constrained LMOs”. In: Forty-Second International Conference on Machine Learning, 2025]
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Depth Transfer Desiderata

o Stable Initialization. The hidden layers and the output remain stable at initialization when both the depth and 

width become large. 
1

𝑑ℓ

ℎ(ℓ)
2

= Θ 1 and 𝑓 2 = 𝒪 1

o Stable Feature Update. Each residual block should contribute with order 1/L to feature movements, while non-

residual layers should contribute with constant order. 

1

𝑑ℓ

Δ
𝜃ℱ

(ℓ)
,𝑍(ℓ)ℎ(ℓ)

2

= Θ
1

𝐿
,

1

𝑑0

Δ𝑊(0)𝑥
2

= Θ 1 ,
1

𝑑out

Δ𝑊(𝐿+1)ℎ(𝐿)
2

= Θ 1

21

SCION and uSCION satisfy the depth transfer desiderata with the scaled learning rates:

𝛼 ∈ ൗ1
2 , 1

[N. Dey et al. “Don’t be lazy: CompleteP enables compute-efficient deep transformers”, 2025]
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Hyperparameter Transfer in Depth - NanoGPT

22

Performance on NanoGPT with between 53M and 500M parameters. The optimal learning rate of SCION is invariant to depth

[K. Jordan et al. “modded nanogpt: Speedrunning the nanogpt baseline”, 2024]



ETICS, 27/09/26-02/10/26 © Framatome – All rights reserved

C0 - Free distribution / Framatome know-how: No 

Export Control Other Marking – AL: N / ECCN: N 

Hyperparameter Transfer in Depth– Computer 
Vision

23

▪ MLP-Mixer: An all MLP architecture for vision tasks. 
▪ [Ilya Tolstikhin et al. “MLP-Mixer: An all-MLP Architecture for Vision”. 2021]

▪ On CIFAR10

▪ DeiT. 
▪ [H. Touvron et al. “Training data-efficient image transformers & distillation through attention”. 2021]

▪ On ImageNet
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Perspectives
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Conclusion & Perspectives

Study SCION properties:

Hyperparameter transfer method: paper submitted to TMLR (Transactions on Machine Learning 

Research)

Layer-wise constraints

Projected version of SCION: clipping the singular values of the weight matrices to a certain range

Reduce the gap between the Naïve Upper Bound and the estimation of the Lipschitz constant with 

more sophisticated relaxations

Explore other constraints

25

Use and leverage the hyperparameter transfer method for Framatome use cases:

Models with billions of parameters

Language models (embedding models, RAG) 

Computer vision & Segmentation (Forged Steel & Zirconium ingots)

Box series (DNBR, LPD, PCI) [Segond, M., et al. DNBR Box: Enhancing the Thermal-Hydraulic Design of the Pressurized Water Reactor Protection and 
Surveillance Systems Using Machine Learning and Uncertainty Quantification. Nuclear Science and Engineering 2026]

Finalize and publish the paper on UQ methods for the Box series 



Thank 
You
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Uncertainty Quantification
Overview

[Jakob Gawlikowski et al. “A survey of uncertainty in deep neural networks”. In: Artificial Intelligence 
Review 56, 2021]

▪ Various Uncertainty Quantification (UQ) methods, depending on :

o the type of the model (deterministic or stochastic)

o the source of the uncertainty we want to capture (aleatoric or 

epistemic)

▪ Predictive Bayesian distribution for a prediction y given an input x, 

a dataset D, and model parameters  : 

▪ First results obtained in 2025 on DNBR Box Framatome’s use case leveraging N4 NPP operating dataset, to be published

▪ Critical for neural network metamodels in safety-related industrial 

applications 

o Framatome use case DNBR Box

o Ensure reliable predictions

o Controlled risk in operational decision-making

▪ No consensus: different theoretical guarantees, computation costs, constraints depending on the application cases, etc.
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Residual Networks
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Conditions for Depth wise transfer

31

[N. Dey et al. “Don’t be lazy: CompleteP enables compute-efficient deep transformers”, 2025]
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MLP-Mixer

2 types of MLPs :

▪ Channel-mixing MLP : 
➢ communication between different 

channels
➢ operate on each patch 

independently
▪ Token-mixing MLP : 

➢ communication between different 
spatial location

➢ operate on each channel 
independently

[Ilya Tolstikhin et al. “MLP-Mixer: An all-MLP Architecture for Vision”. 2021.]



ETICS, 27/09/26-02/10/26 © Framatome – All rights reserved

C0 - Free distribution / Framatome know-how: No 

Export Control Other Marking – AL: N / ECCN: N 

Experimental details

33



ETICS, 27/09/26-02/10/26 © Framatome – All rights reserved

C0 - Free distribution / Framatome know-how: No 

Export Control Other Marking – AL: N / ECCN: N 

Operator norms & lmos
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SGD & Adam with Weight decay

37

[Ilya Loshchilov, Frank Hutter, Decoupled Weight Decay 
Regularization, 2017]
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Spectral Normalization

[Takeru Miyato et al. Spectral Normalization for Generative Adversarial Networks, 2018.]
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Björck Algorithm

[Q Li et al. Preventing Gradient Attenuation in Lipschitz Constrained Convolutional Networks, 2019]
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Semi Definite Programming
Optimization objective : 

maximizing the worst case 

margin

where 𝑥0 is an adversarially

pertubed input

Quadratically Constrained

Quadratic Program (QCQP)

By reformulating the ReLU

Relaxation of the non-

convex (QCQP) to a convex

SDP, by introducing a new 

set of variables representing

all linear and quadratic

monomals x and z

[Aditi Raghunathan, Jacob Steinhardt, and 
Percy Liang. Semidefinite relaxations for 
certifying robustness to adversarial
examples, 2018]
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  𝒳


  𝒴


  f : 𝒳 → 𝒴


  L   ∈ ℝ  


   x 1   , x 2


  𝒳


   𝒅 𝓨  (  𝒇  (   𝒙 𝟏 ) , 𝒇  (   𝒙 𝟐 ) ) ≤ 𝑳    𝒅 𝓧  (   𝒙 𝟏 ,  𝒙 𝟐 )


  L


  f


  f : Θ × 𝒳 →  ℝ r  


  𝒳 ⊂  ℝ n


  Θ ⊂  ℝ p


   W 1 ,  W 2 , …  W d


  Φ : ℝ → ℝ


  1


   f 1  (  𝜃 , x ) =    W 1 x +    b 1         ;           f i  (  𝜃 , x ) =    W i   Φ  (   f  i − 1  (  𝜃 , x ) ) +    b  i     ∀ i = 1 … d         ;         f  (  𝜃 , x ) =  f d ( 𝜃 , x )


  f


     𝑳 𝒅 - =      ‖   𝑾 𝒅 ‖  𝒐 𝒑      ‖   𝑾  𝒅 − 𝟏 ‖  𝒐 𝒑 …      ‖   𝑾 𝟏 ‖  𝒐 𝒑


  𝐥 𝐦 𝐨  (  𝛁 𝐟 ( 𝐱 ) ) ∈   𝐚 𝐫 𝐠     𝒎 𝒊 𝒏  𝐯 ∈ 𝑫 ⁡   ⟨  𝛁 𝐟 ( 𝐱 ) ,   𝒗 ⟩


  f


   ‖ ∙ ‖


      min  x   𝜖 𝒟 ⁡  f ( x )  


  𝒟 =    {  x   |    ‖ x ‖   ≤   𝜌 }


   {      lmo  (  ∇ f ( x ) ) ∈   arg     min  v ∈ 𝓓 ⁡   ⟨  ∇ f ( x ) ,   v ⟩       x  k + 1 =  (  1 −  𝛾 k )  x k +  𝛾 k   lmo  (  ∇ f ( x ) )


      min  x   𝜖 𝒟 ⁡  f ( x )


  𝒟


      min  x   𝜖  ℝ d ⁡  f ( x )


  RMS → RMS  


     ‖ z ‖ 1 =    ‖ z ‖ 2 =    ‖ z ‖ ∞


  1 → RMS


  2 → RMS   ,


  ∞ → RMS  


  𝜇 P


  ℓ


     ‖   h  ( ℓ ) ‖  RMS = Θ  ( 1 )


     ‖  Δ  h  ( ℓ ) ‖  RMS = Θ  ( 1 )


   W ℓ


  ℓ


     ‖   W  ( ℓ ) ‖  RMS → RMS = Θ  ( 1 )


     ‖  Δ  W  ( ℓ ) ‖  RMS → RMS = Θ  ( 1 )


   1     d ℓ    ‖   h  ( ℓ ) ‖ 2 = Θ  ( 1 )       and          ‖ f ‖ 2 = 𝒪  ( 1 )


     1     d ℓ  ‖   Δ   𝜃 ℱ  ( ℓ ) ,    Z  ( ℓ )  h  ( ℓ ) ‖ 2 = Θ  (   1 L ) ,      1     d 0    ‖  Δ  W  ( 0 ) x ‖ 2 = Θ  ( 1 ) ,      1     d  out    ‖  Δ  W  ( L + 1 )  h  ( L ) ‖ 2 = Θ  ( 1 )


  𝛼   ∈  [   1 2 ,   1 ]


   x 0

