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I. INTRODUCTION AND MOTIVATION

In multi-robot systems research, in-the-wild scenarios—
environmental monitoring, traffic surveillance or emergency
construction—serve as quintessential motivating applications. A
look at the literature reveals the scale of this focus. For instance,
of the 47,382 papers on multi-robot systems in IEEE [12], a
30.14% [13] explicitly mention search and rescue. Yet, no fully
autonomous multi-robot system has been deployed in a real-
world search and rescue operation. What prevents the adoption
of teams of robots in the wild? While many factors contribute,
my research focuses on a critical, often overlooked bottleneck:
energy autonomy. Multirotors struggle to exceed 30 minutes of
flight [10} 152! 18] [45]], a window further narrowed by aggressive
maneuvers. Ground robots fare slightly better, operating for
an hour or two before requiring intervention [2| 49| [3]]. These
timescales are mismatched with reality: complex human-centric
tasks in unstructured environments cannot be resolved in 30
minutes. Therefore, I frame my research around a question:
Can robots help each other to achieve lifelong autonomy?
By lifelong autonomy I mean sustained operation over mission-
relevant horizons. I argue that the answer is yes, but only if
we embrace collective intelligence.

We often treat hardware/software and single/multiple robots
as decoupled domains. This leads to algorithmic solutions that
are difficult to deploy, ultimately crippling autonomy in robot
teams. In contrast, biological collective intelligence achieves
lifelong, energy-efficient behavior because computation is
distributed across modular, adaptable structures where form
and function are inextricably linked [[L1} [15], instead of being
confined to a single, monolithic unit 51} 46} 30]. Therefore, my
research addresses lifelong autonomy through three pillars: (i)
power system co-design, optimization and control of the power
systems behind the energy supply in robot systems to maximize
energy delivery and efficiency; (ii) automated synthesis
of robot designs, tools that automatically generate robot
designs that are modular, decentralized and energy-aware; and
(iii) hardware-aware algorithms, enabling complex decision-
making in teams of robots while remaining computationally
lightweight, modular, and responsive to robot constraints.

II. PAST AND CURRENT RESEARCH

Power system co-design. In robotics, the power system
that supplies the energy to the robots is often relegated to a
secondary role, expected to always provide stable voltage [9].
However, recent research suggests that this is a major barrier
to achieving lifelong autonomy [28]]. Current trends co-design
hardware and controllers [42} 53], integrating electrical and
thermal constraints into the control loop via model-based [48]]
and data-driven battery management [18|, [7]].

A primary challenge is the need for rapid energy delivery
to actuators with minimal energy loss. I have addressed
this by developing a nonlinear control strategy for DC-
DC converters [35], the electronic component that transfers
energy from batteries to the drivers of the actuators. Crucially,
the controller is sensorless, adaptive, and implementable on
standard microcontrollers, allowing robots to handle fast, chang-
ing dynamics without expensive sensing hardware. However,
lifelong autonomy also requires a deep understanding of
the battery status. I developed a solution for online voltage
prediction in energy-constrained installations by tailoring sparse
Gaussian Process models [31], enabling fault-tolerant operation
in environments where power demand is highly uncertain.
More recently, I introduced a method for characterizing power
losses through automatic thermal modeling [32]. By identifying
optimal discrete-time linear models from temperature profiles,
this methodology allows for the accurate monitoring and control
of heat dissipation, vital for robots performing aggressive
maneuvers or deployed in volatile environmental conditions.

Automated synthesis of robot designs. The design and
integration of robot hardware and algorithms is hard because
the design process is handcrafted. Recent research in single
robot design is looking into methods that formalize the task of
generating robot designs that involve computational modules,
hardware constraints and task regularities [20l 47, [17, 22].
These span applied category theory [57, [24]], evolutionary meth-
ods [5) 27, 154]], bi-level optimization [S5 |50]] and simulator-
based numerical methods [58} 56|, with energy efficiency a
primary goal. Yet, current methodologies stop at the individual
level, leaving the design of robot collectives underexplored.

My research advances this pillar by providing control- and
learning-based frameworks for the automated synthesis of multi-
robot behaviors. I introduced Implicit Control [34, [36], which
augments the state with the control input to steer heterogeneous,
non-cooperative agents whose dynamics are nonlinear in the
input—cases where standard controllers fail—treating robots
and environment uniformly. Because a synthesized design
also fixes its algorithmic modules (Fig. [Ib), I learn them
directly: physics-informed methods that acquire behaviors
from demonstrations [37]] or reward signals [41] and scale
to large collectives. These methods impose port-Hamiltonian
structures on the policy representation that exploits physical
constraints such as energy conservation and kinematic limits.
The synthesized designs demonstrate zero-shot sim-to-real
transfer and robustness in communication.

Hardware-aware algorithms. With an efficient energy
supply, and a multi-robot design that integrates hardware
constraints, the next step is to devise deployable algorithms.
Emerging methodologies are focusing on event-triggered com-
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Fig. 1: My long-term goal, a unified view of lifelong robot autonomy through the lens of collective intelligence. a) Power systems
co-design integrates thermal and electrical optimization, estimation and control to maximize on-board energy efficiency. b) Given efficient
hardware modules, we leverage principles from collective intelligence to synthesize modular robot designs as graphs from high-level
specifications (’solve multi-robot foraging™) that integrate environment (food sources), robot embodiments (robots and stigmergy markers)
and algorithmic computation (exploration, food return, stigmergy marker following, and collision avoidance). ¢) The realization of the
computational modules is achieved by hardware-aware algorithms that enable low-cost decision-making.

munications [16, [6] and communication-free protocols that
only rely on onboard sensors [4] (a reliable communication
infrastructure is expensive in terms of energy), distilled neural-
networks and highly optimized controllers to enable low-cost
decision-making [19} [26], and bio-inspired architectures that
minimize energy consumption and latency [}, 43].

In this third pillar, I introduced an accelerated ADMM-
based gradient tracking method for distributed optimization
[4Q] that achieves faster convergence rates than standard first-
order methods with the same communication and computation
cost. Furthermore, I designed the first event-triggered certifi-
able optimal distributed Kalman filter [38]], ensuring optimal
state estimation while significantly reducing the number of
messages exchanged between robots. This is combined with
a novel discrete-time consensus protocol [39] that enhances
convergence speed through a multi-stage structure that fully
exploits the layout of communication messages. Furthermore,
I developed an adaptive optimal collision avoidance method
driven by an opinion dynamics model [21]], in which robots
can adapt their safety margins based on the behavior of nearby
sensed agents, ensuring safe operation in dense scenarios
without communications and resourceful computation. More
recently, I have developed the first deployable model for
prompting robot teams through natural language instructions
in low-cost platforms [29]. The approach distills the reasoning
capabilities of LLMs in a tiny recurrent model that modulates
goal-oriented policies. The result is a decentralized, modular
system that allows humans to convey semantic information to
the robots, that reason and collaborate in real-time.

III. FUTURE WORK

Having established fundamental methodologies for hardware-
aware estimation, design and control of multi-robot systems,

I have started to show how an energy perspective can be
integrated into robot collectives. I am now moving to a unified
view of robot design that treats collective intelligence as the
primary mechanism for lifelong autonomy. Integrated, the three
pillars close one runtime loop (Fig. [I): co-designed power
electronics report real-time energy state, the synthesis layer
configures the design and its algorithms, and the team executes
and adapts according to its energy. Concretely:

Power system co-design. We must transition to active co-
design solutions where robots proactively determine the control
profiles required to automatically characterize their energy
dynamics (Fig. [Th). These systems will be capable of post-
deployment firmware updates to minimize energy losses in
response to real-time events, akin to what biological collectives
do to modulate their computation effort for survival [23] [44]].
This approach will ultimately allow robots to anticipate and
mitigate power failures during long-term missions.

Automated synthesis of robot designs. We need a sys-
tematic science that moves away from ad hoc design choices.
Part of my current research is establishing such a framework,
formulating robot designs as graphs that connect computational
functions, mediating interfaces, and event-handling triggers to
synthesize designs from specifications such as cost functions,
reward signals or natural language (Fig. [Ib). I am also
developing solutions to modulate the information flow in these
designs, ensuring that they can adapt in real-time.

Hardware-aware algorithms. Hardware-aware algorithms
are prevalent in neuromorphic systems [14} [33]], that propose
computational solutions whose functionalities can be seamlessly
implemented by electronic circuitry. I have started to explore
neuromorphic controllers for complex decision-making that
only use onboard cameras as sensors (Fig. [Ik). Future work
will scale these approaches to robot collectives.
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