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Common scenario in engineering
▪… Base stabilizing controllers around equilibrium or a reference are available

8x speed

Distributed PID control

Modular “origami” robot[1]

>4x speed

All-terrain legged-robots[2]

… however, stability is not enough 

[1] Belke, Holdcroft, Sigrist, Paik, "Morphological flexibility in robotic systems through physical polygon meshing." Nature Machine Intelligence, 2023
[2] Wisth, Camurri, Fallon, “VILENS: Visual, inertial, lidar, and leg odometry for all-terrain legged robots." IEEE Transactions on Robotics, 2022
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Setup and notation

Time-varying, nonlinear, controlled system
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Setup and notation

Dynamic controller
(simiplified: full-state observations)

Process noise

Time-varying, nonlinear, controlled system
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Setup and notation

Time-varying, nonlinear, controlled system Operator model
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Setup and notation

Time-varying, nonlinear, controlled system

LTI system: 

Operator model
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Setup and notation

Closed-loop stability = stable system-level operators

Time-varying, nonlinear, controlled system Operator model

▪ A controller       (glob./loc./asympt./exp…) is stabilizing iff
the system-level operators                           are (glob./loc./asympt./exp…) stable

A controller is 
(globally/locally/asymptotically/exponentially…) 
stabilizing iff
The system-level operators       are 
(globally/locally/asymptotically/exponentially…) stable
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1. Sufficiency: the controller           as above is stabilizing if

2. Necessity: If is static,  

[1] L. Furieri, C. L. Galimberti, G. Ferrari-Trecate, “Neural System Level Synthesis,” CDC 2022 + IEEE Open Journal of Control Systems, 2024
[2] L. Furieri, “Characterizing all locally exponentially stabilizing controllers as a linear feedback plus learnable nonlinear Youla dynamics”, IFAC 2026 (to appear)

System-level operator

Base controller

Universal parametrization of nonlinear stabilizing controllers

and

Nominal plant

is stabilizing is a stable dynamical system

any stable closed-loop behavior can be obtained
by designing appropriately as a stable dynamical system 
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Universal parametrization of nonlinear stabilizing controllers

▪ Sufficiency: assume            is ISS globally stabilizing, then by definition

is stabilizing for any stable system-level operator                                                  

▪ Necessity: Let be any achievable - stable closed-loop behavior.
Then select .
→ achieves same behavior, and      is - stable

(strong assumption)

Case 1: global input-to-state (ISS) stability in discrete-time[1]
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arXiv + IFAC World Congress 2026 (to appear)

Universal parametrization of nonlinear stabilizing controllers

▪ Sufficiency: let where stabilizes the linearized system. 
Then

is LE stabilizing if the   -dynamics are LE stable.

▪ Necessity: construct -dynamics to match desired behavior, and show these are LE stable

(“always” available)

Case 2: Local Exponential (LE) stability in continuous-time[1]
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Neural network policy training in stable system-level coordinates

▪ Create the computation graph → back propagation through
▪ CL stability guaranteed even if optimisation stops early

▪ Evaluate cost                                                → forward prop

Training the controller = training the system-level operator

System-level operator

e.g.: ▪ Stable State-Space-Model (SSM)[1]

▪ Recurrent Equilibrium Networks
▪ Stable transformers....
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Stable system-level coordinates as favorable inductive bias

▪ Base policy: LQR (locally exponentially stabilizing)
▪ Trained residual policies (Kx + NN(x))

▪ Stable system-level coordinates (proposed)
▪ Multi-layer Perceptron (MLP)
▪ Long-short term memory policy (LSTM)
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What about generalization and scalability?

▪ Real-world cyber-physical systems involve multiple coupled subsystems…
▪ Centralized training becomes infeasible at scale

Generalization: train on few initial conditions → deploy on new ones?

Scalability: train on few agents → deploy on many more agents?
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Graph based system-level coordinates

▪ Contribution 1: Graph Neural Network (GNN)-based 
stable system-level coordinates enable
▪ Robustness of performance to dynamic topologies
▪ Robustness of stability to model mismatch

▪ Contribution 2: empirical evidence that three ingredients 
are needed in combination (ablation study)

1. Graph Neural Network (GNN)-based policy 
architecture (“actor” in RL language)

2. GNN-based value-function (“critics” in RL language)
3. Stable system-level coordinates

[1] J. Cao, L. Furieri, “Scaling up stability: RL for distributed control in the space of stabilizing policies”, IFAC World Congress 2026 (to appear)
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Graph based system-level coordinates

[1] J. Cao, L. Furieri, “Scaling up stability: RL for distributed control in the space of stabilizing policies”, arXiv + IFAC World Congress 2026 (to appear)

GNN system-level

GNN, not system-level

Centralized system-level

Centr. cr itics, system-level

training

4 agents 4 agents

Generalization
to 8 agents

Ablation study

Credits to Casey Parnes (M. Eng. Oxford) for animations
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