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Abstract

The current trend toward generalist robot behaviors with monolithic AI models is unsustainable.
This article advocates for a paradigm shift that embraces distributed architectures for collective
robotic intelligence. A modular ‘mixture-of-robots’ approach with specialized interdependent com-
ponents can achieve superlinear gains, offering benefits in scalability, adaptability, and learning
complex interactive skills.

Collective behaviors among robots are often treated as incidental rather than intrinsic to intelligence.
Yet the classical approach to robot autonomy, which focuses on individual robots operating indepen-
dently, is not well-suited for the complexities of real-world environments where interaction and col-
laboration are essential. Current state-of-the-art robot controllers rely on large, monolithic, centrally
controlled models with millions or even billions of parameters. However, scaling laws demonstrate
that achieving more sophisticated behaviors requires disproportionately high investments, making
this approach to robot autonomy neither scalable nor sustainable—and ultimately, fundamentally
misguided. Drawing on the principles of active externalism and the extended mind, this article argues
for a paradigm shift towards designing robot collectives composed of diverse, specialized agents that
function as part of larger systems.

Where does the mind end and the rest of the world begin? As roboticists, we are trained to
abstract the environment as a distinct entity. For example, in navigation problems, the environment
is typically modeled as a 2D or 3D map, with obstacles represented as static or dynamic regions to be
avoided. Sensors such as laser rangefinders or cameras detect objects, which are then abstracted into
a grid map, occupancy map, or a set of geometric shapes.

The historical roots of the endeavor to create abstractions date back to the 1956 Dartmouth workshop
on AI, which sought, among other goals, to define formal models of the environment [I]. The workshop
fostered a mindset that shaped the assumption that a robot’s cognitive processes are contained ‘within
its own head’, requiring externalities to be either explicitly modeled or implicitly understood. Although
undeniably practical, this abstraction is not necessarily principled. If we admit that external entities—
such as bodies, morphologies, spaces, and other agents—play a notable role in cognitive processes,
effectively functioning as a part of an extended mind, then the strict separation between robot mind
and environment may no longer hold. Simple examples from our own daily lives illustrate this: we rely
heavily on external aids to extend our cognitive capacity, in memory, computation, and experience—
utilizing notebooks, calculators, and conversations with peers. Consider also examples from the animal
kingdom that illustrate how organisms leverage their environment to survive and thrive, such as
through stigmergy, tool use, indirect learning and exploratory processes [2, [3]. Research in the late 90s
introduced the concept of active externalism [4], which explains how coupling with external elements
enables us to overcome ‘on-board’ limitations by incorporating parts of the environment into the loop
of cognitive processes. Recent popular literature has similarly argued that our thought processes are
shaped by external resources, including the minds of others with whom we interact [5].

Intelligent beings do not learn in isolation. In humans, the physical limitations of individual
brains have driven the evolution of capabilities that enable collective intelligence, as compellingly
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demonstrated by neuroscience research [6]. Over generations, we have honed prosocial behaviors such
as empathy, altruism, and effective communication. These behaviors stem largely from an intrinsic
drive to reciprocate attention and the pleasure derived from communication and collaboration [7]. In
addition, individuals are inherently vulnerable, and social interaction helps mitigate this vulnerability.
When we raise our children, we do not teach them to be free of dependencies; instead, we guide them
to function as part of groups—Ilearning to cooperate and coordinate with others by assuming roles and
responsibilities within communities. In essence, we do not prepare our offspring to survive through
fully autonomous, dependency-free behavior. Research on the ‘social brain hypothesis’ highlights some
physical consequences: data show a positive correlation between brain size and social group size, in
both humans and primates [8]. Although still an active area of study, evidence suggests that social
intelligence is linked to the ability to use basic decision-making functions in a more sophisticated way,
due to the capacity to bring greater computing power to bear on the task at hand [7]. Does this
not imply that inherently collectively intelligent agents possess superior cognitive abilities? Building
on the idea of an extended mind, why not devise a new approach to understanding, modeling, and
synthesizing robot intelligence — one that begins with the collective?

Robotics’ quest for autonomy, in its classical sense, is misguided. Over its operational
lifetime, a robot will inevitably interact with other agents. Yet, to this day, collective behaviors among
agents are often viewed as incidental rather than intrinsic to intelligence [9]. As it stands, artificially
intelligent agents—embodied or virtual—are generally not designed from the ground up to interact
with other intelligent agents, whether machines or humans. Current understanding and foundational
AT textbooks still frame the canonical Al problem as that of a solitary machine confronting a non-social
environment. Similarly, the classical definition of robot autonomy positions an autonomous robot as
one designed to engage with its environment independently, free of any dependencies. Although
research domains such as multi-agent systems [10] and swarm intelligence [11] have existed for over
two decades, groups of autonomous agents still tend to be modeled and dealt with as a self-contained
problem that is not core to solving autonomy as a whole.

Today, the typical Al product consists of a monolithic, centrally controlled model with millions or
even billions of parameters and requiring large amounts of memory, even for inference. Loading large
models can require hundreds of gigabytes of working memory, excluding any additional memory needed
to store data. At present, such models need to be run off-board and at low inference speeds due to
forward pass latency, precluding their use in high-frequency control, and thus excluding many robotic
applications. Figure shows the runtime capability of four large models (DINOv2), run on two
alternate platforms: a Raspberry Pi 5—an ideal board for small form-factor robots that need to be
energy efficient—and an Orin NX—a larger board that can be run on mid-size mobile robots. The
plot shows that even when running on the more powerful board, only the smallest of the four models
achieves update rates that could be considered ‘real-time’ capable. Despite steady progress in chip
design for on-device inference, commercial production cycles typically last numerous years, obliging
near-horizon applications to fall back on methods such as model distillation and quantization, which
come with compromises on model performance.

Robotics research has followed the trend of integrating off-the-shelf, centralized and monolithic Al
models into autonomy pipelines [14] (with the creation of large, open datasets further spurring this
approach [I5]). This decision-making design is fueling a push to build ‘generalist robots’ [16]. In
the worst case, an exclusive focus on this approach would result in expensive ‘single-minded’ models
that exhibit myopic behaviors and develop internal representations that are incompatible with other
worldviews or incentives. But intelligence is not a single super-organism, nor can all conceivable tasks
be accomplished by a single super-robot. Instead of targeting independent robots that can do it all and
that are run by the same general ‘brain’, we should focus on designing collectives of interdependent,
diverse, and specialized robots—both in mind and body—that function as part of larger systems.
A collective robotic intelligence would, hence, entail a more modular and compositional approach
to both hardware and software design, in which multiple models can learn and interact within and
across physical robot embodiments. These models wouldn’t just be simply combined; instead, they
would not only learn individual skills, but would also learn to interact and ‘collaborate’ with other
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Figure 1: (a) Inference frequency by model and board for DINOv2 [I2], on two platforms: the
Raspberry Pi 5 (8GB RAM) and the NVIDIA Orin NX (16GB RAM). DINOv2 includes four model
variants: small (22.1M parameters), base (86.6M parameters), large (304.4M parameters), and huge
(1136.5M parameters), for which the official float32 model weights (no quantization) are applied,
ensuring consistent model parameters across both devices. Inference was performed using PyTorch
in CPU mode on the Raspberry Pi and GPU mode on the Orin NX. Each data point represents
the average performance over 50 inference runs. (b) A linear fit on model data from [I3] shows a

4.68 year-on-year growth rate with respect of computation (measured in FLOPs) needed for training.
Robotics-related models are labeled and shown in boxes.
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Figure 2: Tllustration of the scaling law for a collective of robot models. A ‘mixture-of-robots’ ap-
proach achieves super-linear performance gains with an increasing number of combinations of narrower
‘expert’ robot behaviors. A traditional approach with monolithic ‘do-it-all’ models is bounded by a
power law.

components and skills from the outset, leading to a more defined understanding of individual and
collective capabilities.

What can we gain from collective robotic intelligence? First, consider the cost. Scaling laws
from deep learning theory reveal that model size and data requirements scale exponentially in relation
to model performance [17]. In other words, our investments in training—whether in energy, data,
or time—must increase disproportionately as we aim for more sophisticated and general behaviors.
This unsustainable trend is evident in the nearly 5x year-on-year increase in computing needs (see
Figure , which far outpaces Moore’s Law’s approximate 1.4x annual growth rate in transistor
density. In contrast, a collective of agents employing narrow, specialized models could yield superlinear
improvements in compositional skills and generalization—the ability to combine individual capabilities
in novel, untrained ways. This modular, compositional approach to autonomy would enable our agents
and robots to effectively emulate the behavior of a vast neural network, dynamically reconfiguring at
runtime to suit the task. This could be achieved by employing only a fraction of model parameters
when compared to monolithic homogeneous models [18]. Although some fundamental skills (e.g., ‘base’
behaviors) might be shared, individual robots would typically possess distinct model compositions,
leveraging team-building and interaction strategies to exploit complementary behaviors, reflecting
an active externalism approach. The performance of any generated compositional behavior on a
specific task can then be used as feedback, informing and refining future compositional processes. The
desired result is a combinatorial expansion of the skill space (as depicted in Figure [2)). By training
the specialist models to interact from the ground up, the robot collective would also become more
resilient to unexpected disruptions and out-of-distribution events through dynamic reorganization of
responsibilities and roles [I9]. Recent research has demonstrated that encouraging diverse behaviors
during the learning process also fosters the emergence of superior team strategies that give rise to
collective intelligence that is not simply dependent on the maximum or sum intelligence of team
members [20].

Secondly, there are skills that can only be acquired through social learning in collectives. Building
upon the idea of training interaction from the ground up, a collaborative learning process also allows
individual specialist models to develop a better intrinsic understanding of their own capabilities and
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limitations. This awareness naturally fosters an understanding of when and where teaming up with
other models becomes necessary to overcome individual shortcomings and achieve more complex goals.
Moreover, skills such as ‘theory of mind’—the ability to represent and understand the mental states of
others—and meta-cognition—the ability to reflect on and justify our behavior to others—are not in-
nate, but must be learned in collective settings. These skills are essential for tasks involving interaction
with humans or other agents and robots, where behavioral uniformity (policy homogeneity) cannot
be assumed. The default state of the world is one in which heterogeneous agents coexist, making such
skills essential for robust and adaptive robot operation. Additionally, the physical and morphological
limitations of individual robots often necessitate collaboration across diverse embodiments to address
complex tasks. For instance, collaborative object transport may require robots with varying sizes
or strengths, whereas mapping and surveillance of intricate terrains might demand a combination of
aerial and ground-based systems to achieve comprehensive coverage and efficiency.

Thirdly, collective learning stands to improve the performance of a single agent, even when tasked
with a solitary problem, by boosting the rate of learning and improving long-term outcomes. These
benefits arise from sharing experience and knowledge acquired by others, leading to substantial cost
and time savings: in robotics, where execution is physical (rather than virtual), collecting experiential
data is expensive, risky, and even dangerous. Leveraging others’ experiences catalyzes the learning
process [21], and crucially, prevents the repetition of negative or dangerous actions. Shared knowl-
edge can also mitigate challenges like catastrophic forgetting by outsourcing and distributing certain
learned skills, much akin to the distribution of wisdom and knowledge in human communities [22].
Furthermore, parallel policy executions allow us to collapse the search space, which is particularly
beneficial in high-dimensional observation and action spaces. Techniques to achieve faster and more
exhaustive learning for robotics are being advanced in fields such as distributed learning [23], federated
learning [24], and multi-agent learning [25].

Towards future-proof robot collectives. Further research is needed to develop new paradigms
for generating and training robot collectives and durable collective learning algorithms, resulting in
a diversity of smaller models that are specialized yet adaptive, capable of running on-board, and
facilitated by a universal (cross-embodiment) communication policy. Current methods for creating
such collectives often fall short in scalability and adaptability. Although fixed monolithic model designs
are relatively straightforward to come by, collective intelligence does not follow a centralized paradigm,
nor is it rigid. Instead, it emerges from interactions across spatial and temporal scales. Nature provides
compelling examples of this phenomenon: collections of genes cooperate to produce organisms, cells
cooperate to produce multi-cellular organisms, and multi-cellular animals cooperate to form complex
social groups [26]. In order to engineer an analogous outcome for groups of robots, we need to devise
interaction methods—both explicit and implicit—to facilitate deployment and foster sustainable and
durable collective learning. This includes considering whether training occurs primarily in simulation
or directly on physical hardware, and exploring various methodologies such as model-based planning
and control, reinforcement learning, or hybrid approaches.

Yet we are still lacking robust techniques to support this vision. For instance, it is not clear how we
would achieve the combinations of models referenced in Fig.[2] A key challenge lies in establishing how
individual robots learn to effectively collaborate and understand the limits of their own capabilities,
necessitating teaming up with others. Explicit local interaction among robots commonly relies on
narrow-band communication networks. But the problem of devising methods that help robots decide
‘what, when, and with whom to communicate’ remains an open one, due to the difficulty of hand-
designing effective communication strategies [27]. This is further complicated by the need to make
assumptions about communication constraints and latencies within the collective. A recent line of
work has demonstrated how this challenge can be addressed through automatic synthesis of inter-
robot messages via differentiable communications channels—data-driven communication strategies as
seen in [28, 29]. While promising, this line of research is still in its early stages, with ongoing efforts
focused on developing suitable inductive biases and architectures, such as graph neural networks, deep
sets, and cellular neural networks. More research is needed to understand the trade-offs and limitations
of these emerging methods in the context of generating robust and adaptable robot collectives.
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A mixture-of-robots approach. We need to relax our propensity towards centralized, monolithic
models in robot learning, resisting the convenience of architectural and infrastructural simplicity, and
the availability of large, centralized datasets. This does not rule out the development of reusable,
multi-purpose models—on the contrary, positive transfer remains a desirable property that helps
offset training cost [30]. Ultimately, the focus should not be on how large a robotics foundation
model can be, but rather on ensuring that future models are capable of inter-robot interaction and
inherently equipped for continuous improvement and refinement through these interactions. Unlike
standard mixture-of-experts approaches, which primarily focus on combining sub-networks within a
single model, the ‘mixture-of-robots’ paradigm encompasses not only the internal composition of more
fundamental behaviors within individual robots, but also the dynamic assembly and interaction of
distinct, physically embodied agents, each with potentially specialized model compositions.

In spite of rapid progress in the field, the concept of a ‘mixture-of-robots’ paradigm remains poorly
defined. It is challenging to devise models that address distinct and potentially non-overlapping action
domains, such as those involving different robot morphologies and actuators [30]. In a ‘mixture-of-
robots’ approach, this challenge would be relegated to an algorithm or mechanism that connects the
various models. Developing such a methodology is an open problem. One potential strategy could
be to build a library of compositional, agent-specific foundation models alongside an API capable
of ‘combining’ them. Initial forays could build on work on ensemble models, mixture-of-experts,
hypernetworks, and hierarchical learning, but with the ultimate aim of assembling robot collectives
as a function of underlying tasks—whether in offline or online settings. However, substantial gaps
remain, particularly in achieving real-time compositionality of specialized robot skills and behaviors.
Similarly, research on heterogeneity in robot systems is still in its infancy.

How will we measure success? Our current definition of performance is rudimentary—often re-
duced to a proxy for learning loss or an optimization objective for individual robot models, without
considering more nuanced collective metrics that include team-level satisficability and collective re-
silience as sub-objectives [19]. Goodhart’s law compounds this problem (the economist Goodhart is
credited with the statement: “When a measure becomes a target, it ceases to be a good measure”.) For
instance, consider a team of robots tasked with collaborative object manipulation: each robot arm is
trained to maximize its individual grasp success rate—whether the object is lifted off the surface or
not. In unforeseen collective behavior, the team might begin to focus on scenarios involving only easily
graspable objects or rely heavily on the most capable robot, neglecting the potential for more complex
and transferable strategies involving the entire collective. The performance metric does not account
for task diversity or the team’s ability to adapt to a wide range of collaborative scenarios, object
distributions and object types. This results in a system that performs well in controlled individual
robot tests but fails in environments requiring flexible team coordination or the precise allocation of
roles. To address this, we might consider incorporating more comprehensive evaluation protocols that
go beyond simple individual success rates. This could involve defining more holistic benchmarks with
a diverse set of collective tasks involving coordinated navigation, distributed sensing, and multi-robot
manipulation, potentially guided by domain experts to ensure real-world relevance. This could be
accompanied by a more standardized approach towards automatically generating diverse and chal-
lenging training scenarios, perhaps through adversarial techniques or curriculum learning strategies
that progressively increase task complexity and the need for inter-robot cooperation. Furthermore,
incorporating metrics that explicitly reward collective robustness (e.g., tolerance to individual robot
failures), collective adaptability (e.g., dynamic role assignment), and the ability to handle a wide range
of team-based conditions, rather than just optimizing for individual robot performance and narrow
objectives, could mitigate the effects of Goodhart’s law. Crucially, our evaluation of success must also
extend beyond performance on specific benchmarks to consider the longevity of robot deployments in
real-world settings and their potential for commercial viability. This necessitates evaluating factors
such as the reliability of the system over extended periods, the ease of maintaining and repairing the
entire team, user satisfaction with the collective’s output, and the ability of the collective to adapt to
evolving user needs and environmental changes. Metrics related to the total cost of robot ownership,
including downtime of the system and the need for frequent retraining or upgrades of the team’s skills,
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will also be critical indicators of true success in the long run.

Defining learning objectives. Continual learning frameworks must also incentivize interactions and
reward shared intentionality—i.e., the ability to share attention and intention—and ensure alignment
with human-designed higher-order objectives. Defining a singular, global objective function that
effectively captures the desired collective behavior and accounts for the contributions of individual
agents is substantially more complex than in single-agent systems, due to the emergent nature of
group interactions and the difficulty in attributing collective outcomes to specific actions. To achieve
this, we need methods that are capable of translating such objectives into global reward signals that
adjust existing base behaviors. These methods should also incorporate credit assignment techniques to
ensure sample efficiency across the robot collectives. In parallel, we would need to further our research
on methods that robustify robot-to-robot interactions and connectivity. Adversarial manipulation,
communication failures, and faulty robots may compromise the techniques. Similarly, challenges such
as rumor propagation and the difficulty of ‘unlearning’ undesirable or misaligned behaviors within
robot collectives require careful consideration. Privacy and accountability during learning also remain
critical concerns, as we have only just begun to explore the potential threats. Addressing these
challenges requires the concurrent development of robust networking infrastructure [27] and on-board
AT acceleration to support these systems effectively.

Concluding thoughts. Robotics research is navigating a delicate balance between the transformative
potential of machine learning and the unique complexities inherent to robotics. Although harnessing
advances in Al is undoubtedly crucial, real progress requires resisting the allure of short-term gains
that sidestep deeper foundational challenges. In particular, we must avoid relying exclusively on large,
monolithic models that circumvent systems issues rather than addressing them directly. Instead,
collaborative and collective intelligence should form the cornerstone of robotics research—not only
because these approaches offer scalable and sustainable solutions, but also because the inherently
interactive, distributed, and collective nature of real-world problems demands it. Moreover, this
research agenda holds the promise of yielding theoretical advances with implications that extend far
beyond robotics, fostering innovation in fields ranging from distributed systems to artificial intelligence
at large. By embracing this vision, we can ensure that robotics develops as a discipline capable of
addressing the complex, interconnected challenges of the present and future.
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