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Learning from Data: Flexibility and Limitations

Flexibility & Success

Overfitting

Hallucinations in LLMs

Lack of robustness

Flexibility ≠ Reliability 
Data-driven control calls for reliability guarantees

beyond training data

Computer vision

Natural language processing

Self-driving vehicles

Limitations & Challenges
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§ Performance on unseen realizations

§ Robust to uncertainty
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§ System trajectories remain bounded
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Closed-loop stability

§ System trajectories remain bounded

§ Converge to desired working points

Towards Reliability: Stability and Generalization
Flexibility ≠ Reliability 

Generalization

§ Performance on unseen realizations

§ Robust to uncertainty

Train Test

Goal of the talk: develop a reliable learning framework
by ensuring stability and generalization

12
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Closed-loop stability

How to Learn Reliable Controllers?

Generalization

Methodology: PAC-Bayesian learning

§ Bound true control performance from 
finite data

§ Incorporate prior knowledge

Train Test

Learn flexible controllers, from finite data

Methodology: Parameterization of 
stability-preserving neural controllers

§ Enables learning flexible controllers

§ Guarantees closed-loop stability

13
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Stochastic Nonlinear Optimal Control (SNOC)

System

§ Nonlinear, discrete time, stable/pre-stabilized, stochastic

Process noise
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Stochastic Nonlinear Optimal Control (SNOC)

Controller design 

§ Optimize complex costs while preserving stability

§ Perform well on average w.r.t noise realizations

System

§ Nonlinear, discrete time, stable/pre-stabilized, stochastic

SNOC:
<latexit sha1_base64="TJkrzAgWvSq1oMKB4vS54OjnN3I="></latexit>

K (·) → argmin E
w0:T

[
L(K , w0:T )

]

<latexit sha1_base64="jOdHvyq97jX1dqeX1bpmkzrPQF4="></latexit>

s.t. closed-loop stability

15
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Stochastic Nonlinear Optimal Control (SNOC)

Controller design 

§ Optimize complex costs while preserving stability

§ Perform well on average w.r.t noise realizations

System

§ Nonlinear, discrete time, stable/pre-stabilized, stochastic

<latexit sha1_base64="l8BSDCmoIOI9NCGUBHNff8bob/8="></latexit>

( →∑

t=0

|wt |p
) 1

p < →
<latexit sha1_base64="rHysK/vmSWwe3Wei5lOyH0QBZY4="></latexit>

( →∑

t=0

|xt |p
) 1

p < → SNOC:
<latexit sha1_base64="TJkrzAgWvSq1oMKB4vS54OjnN3I="></latexit>

K (·) → argmin E
w0:T

[
L(K , w0:T )

]

<latexit sha1_base64="jOdHvyq97jX1dqeX1bpmkzrPQF4="></latexit>

s.t. closed-loop stability
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Stochastic Nonlinear Optimal Control (SNOC)

Controller design 

§ Optimize complex costs while preserving stability

§ Perform well on average w.r.t noise realizations

System

§ Nonlinear, discrete time, stable/pre-stabilized, stochastic

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

Goal

§ Leverage neural controllers

§ Provide performance and stability guarantees

SNOC:

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

<latexit sha1_base64="TJkrzAgWvSq1oMKB4vS54OjnN3I="></latexit>

K (·) → argmin E
w0:T

[
L(K , w0:T )

]

17
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Empirical SNOC

True cost
X Generally intractable

SNOC:

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

ü Perform well on average
<latexit sha1_base64="Dd/eZIZxbhsb0njnyIBRvGHIH4c="></latexit>

K ω(·) → argmin
ω

E
w0:T

[
L(ω, w0:T )

]

18
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Empirical SNOC

True cost

SNOC:

Empirical cost

ü TractableEmpirical SNOC:

Dataset of
sampled
process 

noise

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

<latexit sha1_base64="UMzpT+vwTlcwd5D0nLbqH+LAtSU="></latexit>

K ω(·) → argmin
ω

1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
] X Might overfit

<latexit sha1_base64="Dd/eZIZxbhsb0njnyIBRvGHIH4c="></latexit>

K ω(·) → argmin
ω

E
w0:T

[
L(ω, w0:T )

] X Generally intractable
ü Perform well on average

19
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Empirical SNOC

True cost

SNOC:

Empirical cost

ü TractableEmpirical SNOC:

Dataset of
sampled
process 

noise

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

X Might overfit

How to ensure generalization to unseen noise?

X Generally intractable
ü Perform well on average

<latexit sha1_base64="Dd/eZIZxbhsb0njnyIBRvGHIH4c="></latexit>

K ω(·) → argmin
ω

E
w0:T

[
L(ω, w0:T )

]

<latexit sha1_base64="UMzpT+vwTlcwd5D0nLbqH+LAtSU="></latexit>

K ω(·) → argmin
ω

1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
]

?

20
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Empirical SNOC

How to ensure generalization to unseen noise?

Similar to overfitting in supervised learning

?

PAC-Bayesian inference[1]

[1] P. Alquier, “User-friendly introduction to PAC-Bayes bounds,” Foundations and Trends® in Machine Learning, 2024. 21
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Empirical SNOC

True cost

SNOC:

Empirical cost

ü TractableEmpirical SNOC:

Dataset of
sampled
process 

noise

Propose a SNOC framework allowing upper-bounding
the true cost given the empirical cost

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

<latexit sha1_base64="YytqENmZ/tKMW9S7A3wenSHtj9A="></latexit>

s.t. closed-loop stability

X Might overfit

How to ensure generalization to unseen noise?

X Generally intractable
ü Perform well on average

<latexit sha1_base64="Dd/eZIZxbhsb0njnyIBRvGHIH4c="></latexit>

K ω(·) → argmin
ω

E
w0:T

[
L(ω, w0:T )

]

<latexit sha1_base64="UMzpT+vwTlcwd5D0nLbqH+LAtSU="></latexit>

K ω(·) → argmin
ω

1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
]

? PAC-Bayesian inference

22
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PAC-Bayes bounds [1]Tool

Goal

Empirical cost

True cost

(feature, target) pairsProcess noise sequencesData

Supervised learningOptimal control

Comparable Problem in ML

<latexit sha1_base64="05ic4SlL4CmXzhzoloVBGnaRFbU="></latexit>

1
|S|

|S|∑

s=1

l
(
h(xs), ys)

Upper-bound the true cost given the empirical cost

<latexit sha1_base64="H1ic14BipSa/PmHE4NmsOr3b6MQ="></latexit>

E
(x ,y )

l
(
h(x), y

)

<latexit sha1_base64="RdwYhSXNz/PHzQSYBs+prda44C0="></latexit>

1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
]

<latexit sha1_base64="RU/cFgAsoLJ67pPmqr/dP1GaCHw="></latexit>

E
w0:T

[
L(ω, w0:T )

]

[1] P. Alquier, “User-friendly introduction to PAC-Bayes bounds,” Foundations and Trends® in Machine Learning, 2024. 23
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Probabilistic Inference over Controllers

Inference

Cost function

Which controllers are 
good?

24
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Prior distribution 
over controllers

Probabilistic Inference over Controllers

Inference

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

Data = ∅:
• No info ≡ uniform
• Existing info ⇒ informed prior

Which controllers are 
good?

25
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Prior distribution 
over controllers

Probabilistic Inference over Controllers

Inference

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

Data = ∅:
• No info ≡ uniform
• Existing info ⇒ informed prior

Dataset of
sampled

process noise

Which controllers are 
good?

26
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Prior distribution 
over controllers

Posterior distribution 
over controllers

Probabilistic Inference over Controllers

Inference

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

Data = ∅:
• No info ≡ uniform
• Existing info ⇒ informed prior

Dataset of
sampled

process noise

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

ü Data:
• Update belief about good 

controllers

Which controllers are 
good?

27
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PAC-Bayes for Control - Theorem

Other terms

True cost

Empirical cost

Distance(prior, posterior)

<latexit sha1_base64="TJvBy2NhsCKmrZim+4mTuQ51DGg="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

28
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PAC-Bayes for Control - Theorem

<latexit sha1_base64="dmvGP9m5PiAB7KLc9ADjc05p/hw="></latexit>

= 0 when Q = P

<latexit sha1_base64="OO3In1iV216tbT0JO0UIQoJ8taA="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

29
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PAC-Bayes for Control - Theorem

<latexit sha1_base64="NY2Riy/bon+G6k6CXVcUOTFNR7U="></latexit>

→ 0 when

{
|S| → ↑
ω → ↑ slower than |S|

<latexit sha1_base64="nQ4GNij84xssAGjRaI1y7T/Acog="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

30
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PAC-Bayes for Control - Theorem

Upper-bound the true cost given the empirical cost for a single controller 
drawn from the posterior

True cost

Empirical cost

<latexit sha1_base64="VVx5CCJS6eCEMvGBf1zC5qwmt1U="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

31
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<latexit sha1_base64="TJvBy2NhsCKmrZim+4mTuQ51DGg="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

PAC-Bayes for Control - Theorem

§ Distribution-independent bound 

§ Holds for arbitrary cost, prior, posterior, confidence level, and parameter <latexit sha1_base64="9qL42SI2auFQnLEUm6ZQHjFQbX0="></latexit>

ω

32
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Optimal Posterior

Idea: compute the posterior minimizing the expected upper bound
<latexit sha1_base64="0YE3S05FZj3mIPBse5EEFcI9xZc="></latexit>

Q→ := arg min
Q

E
ω↑Q

[ 1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
]

+
1
ε

ln
dQ
dP (ω)

]

<latexit sha1_base64="J+6rX+lun7V8okR5VifVjLtk9tg="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

§ Holds for arbitrary cost, prior, posterior, confidence level, and parameter

33
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Closed-form solution: Gibbs distribution

<latexit sha1_base64="UOtWbds/3eBQwp8kvL6jnAWu7Mk="></latexit>

Q→(ω) → P(ω) e↑ω 1
|S|

∑|S|
s=1

[
L(ε,ws

0:T )
]

Optimal Posterior

Prior Empirical cost

Controller parameters

Idea: compute the posterior minimizing the expected upper bound
<latexit sha1_base64="0YE3S05FZj3mIPBse5EEFcI9xZc="></latexit>

Q→ := arg min
Q

E
ω↑Q

[ 1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
]

+
1
ε

ln
dQ
dP (ω)

]

34
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<latexit sha1_base64="UOtWbds/3eBQwp8kvL6jnAWu7Mk="></latexit>

Q→(ω) → P(ω) e↑ω 1
|S|

∑|S|
s=1

[
L(ε,ws

0:T )
]

Optimal Posterior

Improve 
fit to data

Increase 
similarity to prior

<latexit sha1_base64="rGcD/+HDhuF+A9EmfcoJF/NBGYc="></latexit>

Q→ →

<latexit sha1_base64="68TgRCWS75O8dybViU+oq+vKVFU="></latexit>

ω → ↑
<latexit sha1_base64="qdN6GNc0dRGWe99gggODNZR3HWo="></latexit>

ω = 0

prior
<latexit sha1_base64="rGcD/+HDhuF+A9EmfcoJF/NBGYc="></latexit>

Q→ →
Empirical cost
minimizer

Closed-form solution: Gibbs distribution
Parameter

<latexit sha1_base64="rUis7a5wze8d40UMLojDoNq+yrI="></latexit>

paper: ω as an explicit function of ε, |S|

Idea: compute the posterior minimizing the expected upper bound

Prior Empirical cost

Controller parameters

<latexit sha1_base64="0YE3S05FZj3mIPBse5EEFcI9xZc="></latexit>

Q→ := arg min
Q

E
ω↑Q

[ 1
|S|

|S|∑

s=1

[
L(ω, ws

0:T )
]

+
1
ε

ln
dQ
dP (ω)

]

<latexit sha1_base64="9qL42SI2auFQnLEUm6ZQHjFQbX0="></latexit>

ω

35
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Bound for the Optimal Posterior

Closed-form solution: Gibbs distribution
<latexit sha1_base64="UOtWbds/3eBQwp8kvL6jnAWu7Mk="></latexit>

Q→(ω) → P(ω) e↑ω 1
|S|

∑|S|
s=1

[
L(ε,ws

0:T )
]

<latexit sha1_base64="J+6rX+lun7V8okR5VifVjLtk9tg="></latexit>

Theorem: Consider a dataset S, a prior P , and a bounded cost L → [0, C]. For every
posterior Q, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ 1

|S|

|S|∑

s=1

[
L(ϑ, ws

0:T )
]

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↔ 1 ↗ ε over sampling S and ϑ ↑ Q.

Re
ca
ll

36
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Bound for the Optimal Posterior

Closed-form solution: Gibbs distribution
<latexit sha1_base64="UOtWbds/3eBQwp8kvL6jnAWu7Mk="></latexit>

Q→(ω) → P(ω) e↑ω 1
|S|

∑|S|
s=1

[
L(ε,ws

0:T )
]

<latexit sha1_base64="8akTacBqoZ6tqDo2unb0Kvc8jC8="></latexit>

Corollary: Consider a dataset S, a prior P , and a bounded cost L → [0, C], and optimal
posterior Q→, ω > 0, confidence level ε → (0, 1), and ϑ ↑ Q→, the inequality

E
w0:T

[
L(ϑ, w0:T )

]
↓ ↔1

ω
ln
(
E

ω↑P
e

→ω
|S|

∑|S|
s=1 L(ω,ws

0:T )
)

+
1
ω

ln
dQ
dP (ϑ) +

1
ω

ln
1
ε

+
ωC2

8|S|

holds with probability ↗ 1 ↔ ε over sampling S and ϑ ↑ Q→.

ü Tighter than the generic bound ü Computationally efficient variant in the paper

37
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Prior distribution 
over controllers

Posterior distribution 
over controllers

Summary: PAC-Bayesian Inference of Controllers

Probabilistic inference

Inference

Dataset of
sampled

process noise

PAC-Bayes vs. empirical cost minimization:

ü Incorporate prior knowledge

ü Mitigate overfitting
ü Allows deriving generalization bounds

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω
<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω
Generalization bound on the 
cost of a sampled controller

Re
ca
ll

Gibbs

Controller Cost

38
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Approximating the Optimal Posterior
Closed-form solution: Gibbs distribution

Sample from 
Gibbs

Optimal control Supervised learning

. . .

. . .

Approximate inference
E.g., SVGD [3], Normalizing Flows [4], …

[3] Q. Liu and D. Wang, “Stein variational gradient descent: A general purpose Bayesian inference algorithm,” NeurIPS, 2016.
[4] D. Rezende and S. Mohamed, “Variational inference with normalizing flows,” ICML, 2015.

Sampling from the Gibbs distribution is intractable

39
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Approximating the Optimal Posterior
Closed-form solution: Gibbs distribution intractable to sample

Approximate inference
E.g., SVGD [3], Normalizing Flows [4], …

SVGD

Normalizing Flows

[3] Q. Liu and D. Wang, “Stein variational gradient descent: A general purpose Bayesian inference algorithm,” NeurIPS, 2016.
[4] D. Rezende and S. Mohamed, “Variational inference with normalizing flows,” ICML, 2015.
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Closed-Loop Stability

PAC-SNOC

Dataset

Controller
Sample

Prior distribution over
stabilizing controllers

Posterior distribution over
stabilizing controllers

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω <latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

<latexit sha1_base64="jOdHvyq97jX1dqeX1bpmkzrPQF4="></latexit>

s.t. closed-loop stability
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Prior distribution over
stabilizing controllers

Posterior distribution over
stabilizing controllers
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Closed-Loop Stability

Stabilizing controllerPAC-SNOC

Dataset

Prior distribution over
stabilizing controllers

Posterior distribution over
stabilizing controllers

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω <latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

<latexit sha1_base64="jOdHvyq97jX1dqeX1bpmkzrPQF4="></latexit>

s.t. closed-loop stability
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How to define distributions only over stabilizing controllers?

Closed-Loop Stability

Stabilizing controllerPAC-SNOC

Dataset

Prior distribution over

stabilizing controllers

Posterior distribution over

stabilizing controllers

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω
<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

<latexit sha1_base64="jOdHvyq97jX1dqeX1bpmkzrPQF4="></latexit>

s.t. closed-loop stability

linear 
system

linear 
controller

Performance Boosting 
Framework[2]

[1] D. Youla, H. Jabr, and J. Bongiorno, “Modern Wiener-Hopf design of optimal controllers–part ii: the multivariable case,” IEEE Transactions on Automatic Control, 1976.
[2] L. Furieri, C. L. Galimberti, and G. Ferrari-Trecate, “Learning to Boost the Performance of Stable Nonlinear Systems,” IEEE Open Journal of Control Systems, 2024.

Youla-Kučera 
parameterization[1]
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Parametrization of All Stabilizing Controllers

Internal model 
control

44

Performance Boosting 
Framework[2]

[2] L. Furieri, C. L. Galimberti, and G. Ferrari-Trecate, “Learning to Boost the Performance of Stable Nonlinear Systems,” IEEE Open Journal of Control Systems, 2024.
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Parametrization of All Stabilizing Controllers

Free      operator

Theorem: Assume that the open-loop system is     -stable,

(⇐) If there is a causal controller       such that the closed-loop system is
-stable, then                 such that

(⇒) If              , then the closed-loop system is     -stable

45

Performance Boosting 
Framework[2]

[2] L. Furieri, C. L. Galimberti, and G. Ferrari-Trecate, “Learning to Boost the Performance of Stable Nonlinear Systems,” IEEE Open Journal of Control Systems, 2024.
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Parametrization of Stable Operators

All stable behaviour can be learned by parametrizing the      -stable operator

Models of stable 
operators ∀𝜃?
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Parametrization of Stable Operators

All stable behaviour can be learned by parametrizing the      -stable operator

Models of stable 
operators ∀𝜃?
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Parameterize            as a NN

with parameters
CL-stability

<latexit sha1_base64="FkAW0g0gijDWPCvXXBm+VMaWhi8="></latexit>M(·)
<latexit sha1_base64="/oqFkw4/U3PPcSPXmOjOJhlmxS4="></latexit>

ω

Summary: Parametrizing Stabilizing Controllers

[2] L. Furieri, C. L. Galimberti, and G. Ferrari-Trecate, “Learning to Boost the Performance of Stable Nonlinear Systems,” IEEE Open Journal of Control Systems, 2024.

IMC architecture parametrizing all and only 
stabilizing controllers in terms of a freely chosen 

operator
Performance Boosting 

Framework[2]

Learning the controller
<latexit sha1_base64="2w/eoSuweRu161dF5w4FVJEKU10="></latexit>→

Learning <latexit sha1_base64="FkAW0g0gijDWPCvXXBm+VMaWhi8="></latexit>M(·)
<latexit sha1_base64="PVfQJRVCzAyIkCctd/tk+cTO3ls="></latexit>

→ω ↑ Rd
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How to define distributions only over stabilizing controllers?

Closed-Loop Stability

Stabilizing controllerPAC-SNOC

Dataset

Prior distribution over

stabilizing controllers

Posterior distribution over

stabilizing controllers

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω
<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

<latexit sha1_base64="jOdHvyq97jX1dqeX1bpmkzrPQF4="></latexit>

s.t. closed-loop stability

linear 
system

linear 
controller

Performance Boosting 
Framework[2]

[1] D. Youla, H. Jabr, and J. Bongiorno, “Modern Wiener-Hopf design of optimal controllers–part ii: the multivariable case,” IEEE Transactions on Automatic Control, 1976.
[2] L. Furieri, C. L. Galimberti, and G. Ferrari-Trecate, “Learning to Boost the Performance of Stable Nonlinear Systems,” IEEE Open Journal of Control Systems, 2024.

Youla-Kučera 
parameterization[1]

<latexit sha1_base64="/oqFkw4/U3PPcSPXmOjOJhlmxS4="></latexit>

ω

<latexit sha1_base64="QpvWI60G6iRUNwo4wv5h0HrTWZc="></latexit>

ω → Rd
Define distribution over

CL-stability 
<latexit sha1_base64="PVfQJRVCzAyIkCctd/tk+cTO3ls="></latexit>

→ω ↑ Rd
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Scalar LTI System – Setup

Linear 
system

<latexit sha1_base64="UzydnYYeDlNCwVj5ERxPTlg9hQQ="></latexit>

ut = →(kxt + ω)

Linear controller

<latexit sha1_base64="cLtLBhuN5wnRtw+SylYEI1Ud7iY="></latexit>

wt → N (0.3, 0.09)

<latexit sha1_base64="4xaJfClKZ9kznLP8+uSB78Cel5Y="></latexit>xt

X unknownDataset of
sampled

process noise

§ Linear system, linear controller

§ Stability constraint           range on the gain

§ Compare against:

§ Empirical controller

§ Minimize empirical cost

§ Benchmark controller (ideal)

§ Exploits knowledge of noise mean and  a very large dataset
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Scalar LTI System – Prior Distribution

§ Prior over the gain

Gaussian(LQR, variance)

§ Prior over the bias

§ Case 1: minimal information                   Uniform

§ Case 2: knowledge of noise mean          Gaussian   

Optimal solution for 
noise-free system

Account for 
uncertainty
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Scalar LTI System – Results

§ Both posteriors are concentrated near 
benchmark.       Good performance for 
low and high uncertainty

§ Empirical overfits Outperform 
empirical

§ Accommodate prior knowledge
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Scalar LTI System – Validating the Upper Bound

Each point is the true 
cost of a controller 
sampled from the 
optimal posterior

1. All bounds are valid

2. Bounds are tighter
for larger datasets 

3. Bounds are tighter
for more 
informative priors
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Planar Robots

§ 2 robots: point-mass dynamics, nonlinear drag

§ Noise on initial conditions

§ Goal: CL stability on targets, avoid collisions & obstacles

§ Highly nonlinear cost

§ Pre-stabilized system: robots go to targets, but might collide

§ Performance-Boosting neural controller with ~900 parameters
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Planar Robots

§ Can learn complex neural 
controllers

§ Better generalization to OOS 
noise realizations
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Conclusions and Future Work

ControllerPAC-SNOC

Dataset

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω <latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

§ Conclusions:

§ PAC-Bayesian framework for SNOC problems
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Conclusions and Future Work

ControllerPAC-SNOC

Dataset

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω <latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω§ Conclusions:

§ PAC-Bayesian framework for SNOC problems

§ Control design by minimizing the expected upper bound to avoid overfitting
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Conclusions and Future Work

ControllerPAC-SNOC

Dataset

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>
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ω

§ Ensure closed-loop stability

§ Control design by minimizing the expected upper bound to avoid overfitting

§ Conclusions:

§ PAC-Bayesian framework for SNOC problems

59



IF
AC

 2
02

6
M

. Boroujeni
Conclusions and Future Work

§ Conclusions:

§ PAC-Bayesian framework for SNOC problems

§ Control design by minimizing the expected upper bound to avoid overfitting

ControllerPAC-SNOC

Dataset

Sample

Cost function

<latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω <latexit sha1_base64="sHbvNhruD9AyGqDRQON1//2dhFc="></latexit>

ω

§ Ensure closed-loop stability

§ Future work:

§ PAC-Bayesian generative policies

§ Transfer learning for designing informed priors
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Thank you!

Mahrokh Boroujeni


