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Project description (max 5000 characters)

Please include a description of the work to be carried out. State of the art, key research questions
and project objectives, workplan and the methodological and application aspects of the project.

Background and State of the Art. Complex multiagent systems, from robotic swarms to biological
collectives, exhibit emergent macroscopic behaviours arising from local microscopic interactions.
When the number of agents is large, direct numerical analysis, optimization and control tasks on
agent-level (microscopic) ODE/SDE descriptions become intractable, motivating the construction
of continuum (macroscopic) PDE models, such as the Fokker-Planck equation for the population
density. Hence, a fundamental open challenge is constructing rigorous bidirectional bridges
between these scales: translating macroscopic density-level control objectives into microscopic
agent-level feedback laws (macro-to-micro), and lifting microscopic observables to the continuum
for analysis and design (micro-to-macro). Recent work by the supervisors’ group demonstrated the
feasibility of coupling these scales for indirect control of large populations. A reinforcement
learning framework for sparse shepherding control was developed [1], where few controlled
agents (herders) steer the collective density of a much larger uncontrolled population by coupling
herder ODEs with a Fokker—Planck PDE, and using PPO to learn a controller operating across
scales. Complementary results include continuification-based density control [2], decentralized
density estimation [3], and leader-follower density regulation [4]. However, existing approaches
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lack formal certification of the approximation error in scale transitions, and data-driven surrogates
are trained without guarantees linking learned operators to the analytical framework.

Physics-informed machine learning and Neural Operators offer a powerful paradigm for learning
high-dimensional PDEs from data, thus allowing for the rigorous designing of controllers [5,6,7].
Ruthotto et al. [5] combined Lagrangian and Eulerian formulations with neural network
parameterization to solve mean-field game and mean-field control problems in up to 100
dimensions, overcoming the curse of dimensionality. This opens an unexplored avenue:
embedding physics-informed learning within a certified multiscale control architecture, so that
learned cross-scale operators inherit formal error bounds from the analytical structure they
approximate. In [6], Alvarez et al., proposed PINNs to design nonlinear feedback linearization for
nonlinear discrete-time dynamical systems that fit to the context of microscopic simulators. This
framework can be extended to PDEs. In [7] Neural Operators have been applied to learn PDEs
from data and design controllers. Neural operators are the appropriate tool to learn maps
between infinite dimensional spaces such as in PDEs and corresponding control maps.

Research Questions and Objectives. This project aims to develop certified bidirectional
micro-macro bridges for multiscale control of large-scale multiagent systems, with guaranteed
error bounds by leveraging physics-informed learning. Three project revolves around three
objectives:

01 — Macro-to-Micro Design with Guarantees: Design density-level feedback controllers (operating
on the Fokker—Planck PDE) and translate them systematically into N-agent feedback laws.
Wasserstein-based Lyapunov functionals and optimal transport tools will be used to derive finite-N
stability bounds, quantifying how stability margins degrade when a continuum controller is
implemented on a finite agent population.

02 — Micro-to-Macro Restricting with Error Certification: Develop continuum representations that
embed microscopic feedback laws and preserve their closed-loop properties. The micro-to-macro
Restriction operator will be achieved via Manifold learning and Neural operators complemented
by explicit closure error bounds, ensuring that the continuum approximation faithfully represents
the finite-agent dynamics for both single- and multi-population (indirect control) settings.

03 — Physics-Informed Learning via Neural Operators of Cross-Scale Operators: Develop
data-driven surrogates for cross-scale operators using physics-informed neural networks, Neural
Operators and reinforcement learning. Following [5, 6,7], Neural Operators [8,9] will parameterize
maps between infinite dimensional functional spaces implementing cross-scale feedback
mappings while enforcing the HIB and Fokker—Planck equations as structural constraints, so that
approximation error is bounded by control-theoretic certificates. Similarly, dynamic optimal
transport-based methods could be approximated via neural networks, as done in [11].

Workplan and Methodology. The project is organized in three phases over 36 months. Phase 1
(months 1-12) focuses on characterizing the cross-scale operators in a multiscale control
setting—continuification-based PDE lifting (micro-to-macro) with closure error analysis and
discretization operators (macro-to-micro) with certified error bounds—while simultaneously
developing physics-informed neural surrogates for these operators, building on the
Lagrangian—Eulerian ML architecture of [5]. Analytical and learning-based investigations will
proceed in parallel, with formal error bounds informing the design of neural network constraints
and, conversely, computational experiments guiding the analytical theory. Phase 2 (months 12—24)
extends the certified cross-scale pipeline to indirect multi-population control settings, addressing
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the additional complexity of cross-population coupling and indirect actuation. The shepherding
framework of [1] will serve as the primary testbed throughout. Phase 3 (months 24-36) integrates
all components into a unified certified multiscale pipeline and validates it on large-scale numerical
experiments (N = 100—1000 agents) and, where possible, on robotic swarm platforms.

Application Domains. The developed framework will be applicable to a range of problems
involving indirect control of large populations, including shepherding in swarm robotics, traffic
flow regulation via autonomous vehicles, crowd evacuation in hazardous environments and
environmental hazard containment.

Relevance to the MERC PhD Program (max 2000 characters)

Briefly describe how this project fits within the scope of the MERC PhD program describing its
interdisciplinary aspects, relevance in application and beneficiaries.

This project addresses core themes of the MERC PhD program at the intersection of complex
systems theory and risk. Large-scale multiagent systems are paradigmatic examples of complex
systems: emergent collective behaviours arise from local interactions among many heterogeneous
components, exhibiting feedback loops, cascading dynamics, and sensitivity to perturbations. The
multiscale nature of this systems provide new challenges for control design and implementation.
The multiscale nature of the control of large multi-agent systems is at the heart of this project.
Bridging microscopic agent dynamics and macroscopic density evolution with certified error
bounds directly engages with MERC'’s focus on modelling and controlling complex systems under
uncertainty.

From a risk perspective, the certification of approximation errors in the micro-macro bridges
provides quantitative guarantees on the reliability of control actions, which is essential in
safety-critical applications such as crowd evacuation, environmental hazard containment, and
autonomous swarm operations. The project thus contributes to MERC’s goals of risk quantification
and the design of resilient engineered systems.

The project is inherently interdisciplinary, bridging automation and control engineering, applied
mathematics (PDE theory, optimal transport, mean-field limits), and scientific machine learning
(physics-informed neural networks, Neural Operators, Manifold learning and reinforcement
learning). This combination aligns with MERC’s methodological pillars: complex systems theory
and control, stochastic and computational modelling, scientific machine learning, numerical
analysis and data-driven modelling techniques. Applications span civil protection, robotics, and
biomedicine, with potential societal impact in disaster management and autonomous systems.
The project contributes to MERC’s vision of developing new methodologies for modelling and
controlling complex systems through a theory-practice feedback loop, where analytical guarantees
inform and constrain data-driven methods.
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Joint supervision arrangements

Describe joint supervision arrangements, e.qg. weekly/monthly meetings with one or both
supervisors, how will the joint supervision be split etc.

The student will have weekly meetings with Supervisor 1 (di Bernardo) on control-theoretic
aspects and multiscale architecture design, and bi-weekly meetings with Supervisor 2 (Siettos) on
the mathematical/computational aspects of ScML, PINNs and Neural Operators. Supervisor 3
(Salzano) joins the meetings as required and will provide day-to-day assistance. Joint meetings will
be held at least monthly to ensure alignment between the analytical and learning-based
components of the project.

Location and length of the study period abroad (min 12 months)

Give details of the foreign research institution where the student will be host together with the
full name and contacts of the foreign host. Please indicate if the foreign institution has already
agreed to host the student and when the student is expected to travel abroad.




The exact period and location of the period abroad will be finalized during the first year of
research work. Possible options include: (a) Emory University, Atlanta, USA (Lars Ruthotto / Samy
Wu Fung), for the physics-informed ML and mean-field game aspects; (b) University of Konstanz,
Germany (Heiko Hamann), for experimental validation on collective behaviour platforms; Enrique
Zuazua (FAU Erlangen-Nirnberg, Germany), his ERC CoDeFel project (2024—-2029) on control and
deep/federated learning for PDE systems is relevant. His earlier work on multiagent control as PDE
discretizations (with turnpike properties) is directly relevant to the macro-to-micro direction in O1.
George Karniadakis (Brown University, USA), co-inventor of physics-informed neural networks and
DeepONet (PINNSs, ref [11,8]). His group leads research on scientific machine learning for PDEs.
Benedetto Piccoli (Rutgers University, USA), control of multiagent systems, mean-field limits,
optimal transport for crowd dynamics. His work on time-varying interaction weights and
measure-valued control is highly relevant to the finite-N guarantee transfer. loannis Kevrekidis
(Johns Hopkins University, USA), pioneer of equation-free multiscale computation. The student is
expected to spend 12 abroad during Year 3-4.]

Any other useful information

E.g. involvement of stakeholders, industrial partners, other research institutions etc, funded
research projects related to the proposed activity etc

This project is closely related to the ERC Advanced Grant proposal SCALA (“Multiscale Indirect
Control of Large Agent Populations: from Density Dynamics to Individual Actuation and back”)
currently under evaluation by the PI. If funded, the PhD student would be embedded within the
SCALA research team, benefiting from the project’s infrastructure, collaborations, and
experimental platforms. The proposed PhD topic directly contributes to SCALA’s Objective 03
(data-driven realization of cross-scale operators) and provides a focused investigation of the
physics-informed learning component within the broader SCALA architecture. Existing
collaborations with L. Ruthotto and S. Wu Fung (Emory University) on mean-field ML methods,
with L. Nurbekyan (UCLA) on mean-field control barrier functions, and with C. Siettos (University
of Naples Federico IlI) on equation-free methods provide a strong international network for the
PhD candidate. The CORE Lab at SSM provides access to robotic swarm platforms for potential
experimental validation.

Please return this form via email by no later than 3rd April 2026 to
merc@ssmeridionale.it
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