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Machine learning à Control ?

Machine learning
• Regression
• Support vector machines
• Gaussian Processes & kernel methods
• Neural networks
• …

Systems & control 
• System identification
• Controller approximation
• Data-driven and adaptive control
• Fault detection
• State estimation
• …
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Control à Machine learning ?

Systems & control 
• Analysis

• Stability, controllability, …
• Synthesis

• Feedback  & feedforward controls
• Computational concepts
• …

Machine learning

Ti
m

m
 F

au
lw

as
se

r |
 O

pt
im

al
 C

on
tr

ol
 a

nd
 D

ee
p 

Le
ar

ni
ng

? 
| 

W
or

ks
ho

p 
on

 S
tr

uc
tu

re
d 

Le
ar

ni
ng

 2
02

6 



5

Overview
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Optimal Control & Deep Learning? Dissipativity & ResNet Training?

Turnpikes in ResNet Training & 
Experiments

Extension to Other Architectures
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Here – Supervised learning with ResNets

He et al. (2015); …

x ∈ Rn

...

...

...

...

. . .

...

...

...

...

y ∈ Rm
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Optimal control for deep learning?
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Optimal control for deep learning?
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Optimal control for deep learning?
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Optimal control for deep learning?
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Training from the dynamic systems perspective

NN topology & numerical integration?
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Training from the dynamic systems perspective

LeCun (1988) A theoretical framework for back-propagation. In Proceedings of the 1988 connectionist models summer school
Bryson, A. and Denham, W. (1962). A steepest ascent method for solving optimum programming problems. Journal of Applied Mechanics, 29(2):247
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Training from the dynamic systems perspective
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Optimal control for deep learning?
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Let’s start with a toy problem …
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… and turn it into a teaser
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Overview – Dissipativity and Turnpike Properties in NN Training
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Optimal Control & Deep Learning? Dissipativity & ResNet Training?

Turnpikes in ResNet Training & 
Experiments

Extension to Other Architectures



18

A short detour – Lyapunov-like functions for open systems?

Willems (1971, 1972); Willems (2007). In control, almost from the beginning until the day after tomorrow. EJC
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A short detour – Dissipativity

Willems (1971, 1972)
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A short detour – Dissipativity
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Overview
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Optimal Control & Deep Learning? Dissipativity & ResNet Training?

Turnpikes in ResNet Training & 
Experiments

Extension to Other Architectures
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Dissipativity for ResNet training?
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Observation – Dissipativity is closely related to training objective
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Reachability neural ODE à Reachability of ResNets
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Hardt, M., & Ma, T. (2017). Identity Matters in Deep Learning. In International Conference on Learning Representations.
Ruiz-Balet, D., & Zuazua, E. (2023). Neural ode control for classification, approximation, and transport. SIAM Review, 65(3), 735-773.
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Dissipativity – A very useful system property!

Reachability results for ResNets: Ruiz-Balet and Zuazua (2023); Hardt & Ma (2016)
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Turnpike properties in optimal control?

Ramsey (1928); von Neumann (1938); Dorfman et al. (1954); Mckenzie (1976); … Wilde & Kokotovic (1972); Anderson & Kokotovic (1987);  
Carlson et al. (1991); Rawlings & Amrit (2009); Grüne (2013); F. et al (2014); Trelat & Zuazua (2014); Damm et al. (2014); …; 
F. & Grüne (2022)

Dorfman et al: “It is exactly like a turnpike paralleled by a network of minor roads. […] 
if the origin and destination are far enough apart, it will always pay to get on to the turnpike and 
cover distance at the best rate of travel, even if this means adding a little mileage at either end.”
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Turnpikes in optimal control?

Faulwasser, T., & Grüne, L. (2022). Turnpike properties in optimal control: An overview of discrete-time and continuous-time results. Handbook of numerical analysis
Damm, T., Grune, L., Stieler, M., & Worthmann, K. (2014). An exponential turnpike theorem for dissipative discrete time optimal control problems. SIAM Opt

Ti
m

m
 F

au
lw

as
se

r |
 O

pt
im

al
 C

on
tr

ol
 a

nd
 D

ee
p 

Le
ar

ni
ng

? 
| 

W
or

ks
ho

p 
on

 S
tr

uc
tu

re
d 

Le
ar

ni
ng

 2
02

6 

Optimal steady state pair

Example

Optimal steady state pair = turnpike = attractor of infinite-horizon optimal solutions
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The turnpike phenomenon occurs often in optimal control
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Overview – Dissipativity and Turnpike Properties in NN Training
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Optimal Control & Deep Learning? Dissipativity & ResNet Training?

Turnpikes in ResNet Training & 
Experiments

Extension to Other Architectures
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How to exploit turnpikes for deep learning?

Ruiz-Balet & Zuazua (2023); F., Hempel & Streif (2024) Ti
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Dissipative OCP design for deep learning?

F., Hempel & Streif (2024), IFAC JSC
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But … most ML problems are much more complex – Cross entropy?

Minimization of the cross entropy?

Class 2

Class 1
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How to get finite loss minimizers?

Püttschneider & F. (2025); Püttschneider et al. (2025); Early exits in BranchyNet: Teerapittayanon et al. (2015); Lee et al (2015)
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Evaluation on MNIST

Püttschneider & F. (2025); Püttschneider, Heilig, Fischer & F. (2025)

Prune after 10 layers?

Good depth: 10
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Results for more complex ResNets and CIFAR-10

Püttschneider, Heilig, Fischer & F. (2025)
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Overview – Dissipativity and Turnpike Properties in NN Training
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Optimal Control & Deep Learning? Dissipativity & ResNet Training?

Turnpikes in ResNet Training & 
Experiments

Extension to Other Architectures
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ReLU activation and ResNets

Petersen, P., & Voigtlaender, F. (2018). Optimal approximation of piecewise smooth functions using deep ReLU neural networks. Neural Networks, 108, 296–330.
Liu, C., Liang, E., & Chen, M. (2024). Characterizing ResNet's universal approximation capability. Proceedings of Machine Learning Research, 235, 31477–31515.
Püttschneider, J., Heilig, S., Adilova, L., Fischer, A., & Faulwasser, T. (2026). Turnpikes in deep learning: Beyond ResNets and neural ODEs? In 2026 European Control Conference (ECC)
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Observation – ReLU identity

ReLU residual connection neuron Three equivalent ReLU neurons
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Fully connected networkResNet

Equivalence of ResNets and fully connected networks

Püttschneider, J., Heilig, S., Adilova, L., Fischer, A., & Faulwasser, T. (2026). Turnpikes in deep learning: Beyond ResNets and neural ODEs? In 2026 European Control Conference (ECC)
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Optimal steady states of fully connected networks?

Ti
m

m
 F

au
lw

as
se

r |
 O

pt
im

al
 C

on
tr

ol
 a

nd
 D

ee
p 

Le
ar

ni
ng

? 
| 

W
or

ks
ho

p 
on

 S
tr

uc
tu

re
d 

Le
ar

ni
ng

 2
02

6 ResNet Fully connected network
Steady state properties

Optimal steady states
ResNet Fully connected network

Püttschneider, J., Heilig, S., Adilova, L., Fischer, A., & Faulwasser, T. (2026). Turnpikes in deep learning: Beyond ResNets and neural ODEs? In 2026 European Control Conference (ECC)
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Turnpikes with fully connected networks – Experiments
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Püttschneider, J., Heilig, S., Adilova, L., Fischer, A., & Faulwasser, T. (2026). Turnpikes in deep learning: Beyond ResNets and neural ODEs? In 2026 European Control Conference (ECC)
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Turnpike properties in optimal control

l Very useful tool for non-local analysis: 
properties of OCPs parametric in x0

l Dissipativity and turnpikes are closely 
related

l Results for ODEs, PDEs, stochastic 
systems, …

l Problem analysis and OCP synthesis

l …

Turnpikes & dissipativity in deep learning

l Known – shape loss landscape:
- BranchyNet: Teerapittayanon et al. 

(2015); …

l Dissipativity-based formulation of 
training uses loss as stage cost

l Dissipativity + early exits = avenue for 
analysis of deep networks

l We are just at the beginning …

Summary
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Turnpike properties in optimal control

l Very useful tool for non-local analysis: 
properties of OCPs parametric in x0

l Dissipativity and turnpikes are closely 
related

l Results for ODEs, PDEs, stochastic 
systems, …

l Problem analysis and OCP synthesis

l …

Turnpikes & dissipativity in deep learning

l Known – shape loss landscape:
- BranchyNet: Teerapittayanon et al. 

(2015); …

l Dissipativity-based formulation of 
training uses loss as stage cost

l Dissipativity + early exits = avenue for 
analysis of deep networks

l We are just at the beginning …

Summary

Thank you & and all co-authors…
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