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Outline

1. PhD: Opinion Dynamics coupled with an Environment

2. Postdoc: Performance Estimation Problem for Control
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How to model this socio-environmental system?
A mathematical sociological modeling problem:

Agents Environment

Perception

Impact

Behavioral
Dynamics

Environmental
Dynamics

Two Modeling Approaches
1. Strategic: Optimizers of their own utility.

2. Non-strategic: Evolving with social influence.

Dynamics Agents have an impact on a dynamic environment, their behavior is influenced by their
perception of the environment.
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Agents Environment

Perception

Impact

Game
Theory

Environmental
Dynamics

Two Modeling Approaches
1. Strategic: Optimizers of their own utility.

2. Non-strategic: Evolving with social influence.

Publications with Strategic Agents (Game theory):
• “A Quadratic Static Game Model for Assessing the Impact of Climate Change”, Mroué, Couthures, et al.

(2024)
• “On the Impact of Cross-Country Imitation on Climate Change”, Mroué, Couthures, et al. (2025)
• “International Climate Policy as a Potential Game”, Couthures et al. (sub2026)
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Impact

Opinion
Dynamics

Environmental
Dynamics

Two Modeling Approaches
1. Strategic: Optimizers of their own utility.

2. Non-strategic: Evolving with social influence.

Publications with non-strategic agents (Opinion Dynamics with environment):
• “Analysis of a CODA Model Coupled with an External Dynamics”, Couthures et al. (2024a)
• “Analysis of an OD Model Coupled with an External Environmental Dynamics”, Couthures et al. (2024b)
• “Bifurcation Analysis of an OD Model Coupled with an Environmental Dynamics”, Couthures et al.

(2025)
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How to model this socio-environmental system?
A mathematical sociological modeling problem:

Social Network

Environment

Perception

Impact

Opinion
Dynamics

Environmental
Dynamics

Two Modeling Approaches
1. Strategic: Optimizers of their own utility.

2. Non-strategic: Evolving with social influence.

For this talk, we will focus on understanding the behavior of a group of agents
interacting with an environment in the context of opinion dynamics on graphs.
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Our Model

• Opinion Dynamics: for agent i , the opinion dynamics is given by:

ẋi = − xi + βr(E)⏞ ⏟⏟ ⏞
Env. Feedback

+(1 − β)
1
di

∑︂
j∈V

ai js(xj)⏞ ⏟⏟ ⏞
Network Social Influence

• β ∈ [0, 1]: Attention parameter. • xi ∈ [−1, 1]: Agent i opinion.
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Two main improvements over the literature
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• (Tilman et al. 2020)
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Our Model

• Opinion Dynamics: for agent i , the opinion dynamics is given by:

ẋi = − xi + βr(E)⏞ ⏟⏟ ⏞
Env. Feedback

+(1 − β)
1
di

∑︂
j∈V

ai js(xj)⏞ ⏟⏟ ⏞
Network Social Influence

• β ∈ [0, 1]: Attention parameter. • xi ∈ [−1, 1]: Agent i opinion.

• Environmental dynamics: Physical process driving the evolution of the environment.

τeĖ = −γE + u(x)

• τe : time scale.
• u(x): Agents’ collective impact.

• γ: Restoring force of the environment.

7 / 16



Modeling the evolution of opinions
The behaviors our model can capture are:

t

x

(a) Constant consensus

t

x
(b) Constant polarized

t

x

(c) Oscillating consensus

t

x

(d) Oscillating polarized

Captured behaviors: Constant consensus
Example: Scientific consensus on the existence of global warming.
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x

(a) Constant consensus

t

x
(b) Constant polarized

t

x

(c) Oscillating consensus

t

x

(d) Oscillating polarized

Captured behaviors: Polarized behavior
Example: Entrenched public division regarding nuclear energy or carbon taxation.
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t

x

(a) Constant consensus

t

x
(b) Constant polarized

t

x

(c) Oscillating consensus

t

x

(d) Oscillating polarized

Captured behaviors: Oscillating consensus
Example: Collective risk perception fluctuating directly with environmental crises.
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Modeling the evolution of opinions
The behaviors our model can capture are:

t

x

(a) Constant consensus

t

x
(b) Constant polarized

t

x

(c) Oscillating consensus

t

x

(d) Oscillating polarized

Captured behaviors: Oscillating polarized
Example: Partisan divides where the intensity fluctuates with political cycles or events.
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Modeling the evolution of opinions
The behaviors our model can capture are:

t

x

(a) Constant consensus

t

x
(b) Constant polarized

t

x

(c) Oscillating consensus

t

x

(d) Oscillating polarized

Questions: How do the different behaviors emerge?
1. How do we shift from consensus to polarization?
2. How do we shift from constant to oscillating consensus?
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Thesis - Results

Constant Consensus

t

x

Oscillating Consensus

t

x

Constant Polarized

t

x

Oscillating Polarized

t
x

Increase β (Prey-Predator System)

Amplification
of opinion

×
Reduce Network

Connectivity

Amplification
of opinion

×
Reduce Network

Connectivity
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Outline

1. PhD: Opinion Dynamics coupled with an Environment

2. Postdoc: Performance Estimation Problem for Control
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The Performance Estimation Problem (PEP)

What is PEP?
Framework to find the worst-case performance of algorithms as via an optimization problem.

Algorithm on
specific cases

Optimization
Problem

Worst-case
Performance

PEP Solver

Postdoc Goal: Adapting PEP for Control Systems
• (Proof of Concept): Evaluate robustness of known controllers (LQR) under structured

uncertainties.
• (Long-Term Goal): Plenty of directions: worst-case data-driven? Robust estimation?

11 / 16



The Performance Estimation Problem (PEP)

What is PEP?
Framework to find the worst-case performance of algorithms as via an optimization problem.

Algorithm on
specific cases

Optimization
Problem

Worst-case
Performance

PEP Solver

Postdoc Goal: Adapting PEP for Control Systems
• (Proof of Concept): Evaluate robustness of known controllers (LQR) under structured

uncertainties.
• (Long-Term Goal): Plenty of directions: worst-case data-driven? Robust estimation?

11 / 16



The Performance Estimation Problem (PEP)

What is PEP?
Framework to find the worst-case performance of algorithms as via an optimization problem.

Algorithm on
specific cases

Optimization
Problem

Worst-case
Performance

PEP Solver

Postdoc Goal: Adapting PEP for Control Systems
• (Proof of Concept): Evaluate robustness of known controllers (LQR) under structured

uncertainties.
• (Long-Term Goal): Plenty of directions: worst-case data-driven? Robust estimation?

11 / 16



The Performance Estimation Problem (PEP)

What is PEP?
Framework to find the worst-case performance of algorithms as via an optimization problem.

Algorithm on
specific cases

Optimization
Problem

Worst-case
Performance

PEP Solver

Postdoc Goal: Adapting PEP for Control Systems
• (Proof of Concept): Evaluate robustness of known controllers (LQR) under structured

uncertainties.
• (Long-Term Goal): Plenty of directions: worst-case data-driven? Robust estimation?

11 / 16



The Performance Estimation Problem (PEP)

What is PEP?
Framework to find the worst-case performance of algorithms as via an optimization problem.

Algorithm on
specific cases

Optimization
Problem

Worst-case
Performance

PEP Solver

Postdoc Goal: Adapting PEP for Control Systems
• (Proof of Concept): Evaluate robustness of known controllers (LQR) under structured

uncertainties.
• (Long-Term Goal): Plenty of directions: worst-case data-driven? Robust estimation?

11 / 16



Proof of Concept: Robustness of LQR under LTI perturbations

Theoretical Design
• Perfect nominal model

xk+1 = Axk + Buk

• Quadratic cost

N−1∑︂
k=0

x⊤
k QK xk + x⊤

N SxN

• Infinite time horizon (t → ∞)
• Yields optimal LQR controller K

K

⇒
Real-World Deployment

• Parametric uncertainties: LTI
(A +∆A, B +∆B)

• Finite duration operations
• Short-term transient behavior matters!

• µ-analysis for asymptotic stability
(t → ∞).

• IQC handle finite horizons but
introduce LTV.

What is the worst-case behavior of the sys-
tem subject to a norm-bounded perturbation?
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The PEP Framework Applied to Control

Bounded LTI
Uncertainties

(∥∆A∥, ∥∆B∥ ≤ ε)

Initial States
(∥x0∥ ≤ 1)

Finite Horizon
(N steps)

PEP
Ingredients:

Interpolation condition
+ Gram matrix lifting

+ SDP Solver

Exact Worst-Case
Physical Trajectory

Exact Performance
Bound

Interest for Control
• Guarantees valid static LTI perturbations.
• Extracts the worst-case input/state sequence.
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Solutions: Worst-case Trajectories

Monotonic 1D Manifold

A =

[︃
1 1
0 1

]︃
, B =

[︃
0
1

]︃
∥∆A∥ ≤ 0.22, ∥∆B∥ = 0

Q = R = S = Id
N = 20 −0.5 0.0 0.5 1.0 1.5

State x1

−1.00

−0.75

−0.50

−0.25

0.00

0.25

0.50

0.75

St
at

e
x

2

• Nominal Traj ■ Worst-Case Traj
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Solutions: Worst-case Trajectories

Oscillatory 1D Manifold
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Solutions: Worst-case Trajectories

Spiraling 2D Subspace

A =

[︃
1 0.7

−0.7 1

]︃
,B =

[︃
0
1

]︃
∥∆A∥ ≤ 0.1, ∥∆B∥ ≤ 0.25

Q = R = S = Id
N = 20 −1 0 1 2

State x1

−1.0

−0.5

0.0

0.5
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St
at
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The next step: System Identification via Interpolation?

x

f (x)

(x1, y1)

(x2, y2)

(x3, y3)

Interpolation Conditions bounding the system

• The Data: We collect data of the system:
yk = f (xk).

• The Rules: Using knowledge about the
physics of the system (e.g., Slotine’s
contractive systems, or bounded Jacobians).

• System ID via PEP:
”Out of all systems that match this data
AND these physical rules, what are optimal
controllers for them?”
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Summary & Perspectives

Ph.D. Research
Université de Lorraine

• Tools: Game Theory, Networks, Opinion
Dynamics

• Goal: Modeling socio-environmental
feedback loops & polarization.

Postdoctoral Research
UCLouvain

• Tools: PEP, Optimization, Semidefinite
Programming

• Goal: Bring PEP to the control community.

Thank you for your attention!
I’m happy to become an Eulerian!
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