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ABSTRACT

Robotics research has recently embraced foundation models as an attractive way to enhance different elements of the robotics
stack and to simplify the challenge of instructing robots to perform tasks. While there is increasing evidence that this may be a
very useful approach, there are also many concerns with making this the exclusive route to the future of robotics, e.g., cost,

availability, trustworthiness, robustness, transparency, security, and inclusion. In this article, we will explore an alternative future

for robotics research, one which eschews foundation models and deep learning with internet-scale datasets, and adopts instead an

approach that has more in common with cognitive development in humans, exploiting knowledge of cognitive science while at
the same time using experience in building cognitive robots to make contributions to both cognitive robotics and cognitive sci-
ence. Such approaches are more aligned with the enactive stance in embodied cognitive science, in contrast with the disembodied
computational functionalism of cognitivist approaches, of which foundation models are the most contemporary instance.

1 | Introduction

Foundation models [1] are increasingly being viewed as the
future of robotics research [2-5]. These models are a form of gen-
erative artificial intelligence (AI) based on deep artificial neural
networks that use the transformer architecture. Introduced by
Vaswani et al. in 2017 [6], the transformer revolutionized deep
learning. Prior to its introduction, deep learning typically used
convolutional and recurrent neural networks, e.g., the pioneering
AlexNet [7], VGGNet [8], and ResNet [9], among others. These
so-called end-to-end networks were trained on very large data-
sets, differentiating them from the early deep multilayer percep-
trons and long-short-term memory (LSTM) recurrent neural
networks pioneered by Yann LeCun [10] and Sepp Hochreiter
and Jurgen Schmidhuber [11], respectively. The transformer
architecture replaced both the convolutional and LSTM layers,
which require sequential training, with a multihead attention
mechanism, enabling parallel training with graphic processing
units (GPUs) and, consequently, allowing much larger

architectures with trillions of weights, and pretraining on much
larger internet-scale datasets with trillions of tokens. Foundation
models originally targeted natural language processing applica-
tion and provided the basis for large language models (LLMs) and
related applications such as ChatGPT. However, foundation
models also come in other multimodal guises, including large
vision-language models (VLMs), large audio-language models
(ALMs), and large visual-navigation models (VNMs). Since these
models are pretrained on internet-scale data, they possess better
generalization capabilities compared with traditional deep learn-
ing models that are trained on small task-specific datasets [2, 3].
Since their introduction, various techniques have been intro-
duced to improve their already impressive performance even fur-
ther, both during use through in-context learning or through
querying application-specific knowledge bases, i.e., retrieval-
augmented generation (RAG) [12].

There is a prevalent expectation today that foundation models
will provide the same benefits in robotics as they have in natural
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language processing, computer vision, and image synthesis, in
systems such as BERT [13], LLaMA [14], GPT-3 [15], GPT-4
[16], CLIP [17], DALL-E [18], and PaLM-E [19]. This optimism
is based on the ability of multimodal foundation models to fuse
heterogeneous data in compact representations. Because of their
better generalization, such foundation models would provide
zero-shot capabilities, i.e., the ability to perform tasks without
prior examples, thereby exhibiting a generative capability.
These models should enable robots to generalize across robots,
environments, and tasks, and allow open vocabulary high-level
task specification. By virtue of their generative character, they
may allow robots to infer novel execution strategies beyond what
is explicitly present in their training data.

There are two ways in which foundations models can be
deployed in robotics [2]. One is by targeting components of
the processing pipeline in robotics system, e.g., high-level task
specification and planning, robot policy learning (e.g., language-
conditioned imitation learning, and language-assisted reinforce-
ment learning), language-image goal-conditioned value learning,
and LLM-based code generation and perception. The other is by
developing foundation models that are trained end-to-end on
language, perception, and action data—vision-language-action
models (VLA), also referred to as robot transformers—enabling
robots to carry out tasks expressed in high-level abstract terms
with natural language. Examples include the robotics trans-
former RT-1' [20], the RT-2 VLA model [21], and the
multi-embodiment RT-X [22]. One key limitation of RT-2
and other related work is that the set of physical skills exhib-
ited by the robot is limited to the distribution of skills observed
within the robot’s data [2]. Other VLA robot transformers
include OpenVLA [23], CogACT [24], GROOT N1 [25], and
RFM-1 [26].

However, there are still many research challenges to be overcome
before achieving the goal of developing foundation models that
enable robots to perform a wide range of everyday tasks safely,
efficiently, and effectively, with simple natural language interfa-
ces. These include the difficulty in obtaining internet-scale train-
ing data, dealing with the high variability of physical
environments, robot morphologies, and tasks, providing safety
guarantees and quantifying uncertainty, especially given the pro-
pensity of foundation models to hallucinate occasionally (i.e.,
generate incorrect, inconsistent, or physically infeasible output),
and the difficulty in achieving real-time performance [2]. The
real-time issue is exacerbated by the fact that foundation models
are usually stored and executed in remote cloud-based data cen-
ters, necessitating reliable network connectivity and introducing
another time limitation due to network latency. This is a signifi-
cant problem in low-resource environments, such as the Global
South. Other challenges include grounding for robot embodi-
ment, adaptability to physical changes in robot embodiment,
continual learning [3], decoupling robot hardware and soft-
ware, robot generalization, and multimodal interaction [4].
In addition, there are also the concerns that apply to foundation
models in general: the substantial cost of training such large
models, with more than 100 billion parameters and training
datasets in the tens of terabytes. There are also challenges in
learning heterogeneous multimodal representations: it is still
an open question as to whether these can be captured in simple
embeddings of tokenized inputs. Finally, there is also the every-
present concern about the nascent nature of foundations

models. In their seminal publication, Bommasani et al. wrote
“we currently lack a clear understanding of how they work,
when they fail, and what they are even capable of due to their
emergent properties” [1]. There have been advances in our
understanding since then, but the concern is still valid, espe-
cially given their unexpected failure modes due to their emer-
gent operation and consequent uncertain trustworthiness.

In the following, we will explore an alternative approach
grounded in developmental cognitive science, one which has
been the subject of research for decades, and which offers the
potential to yield insights into cognitive systems, generally,
and functional advantages compared to foundation models
and VLAs, in particular. The motivation for doing this is to pro-
vide some much needed balance to the current focus on founda-
tion models and VLAs as the next generation of researchers
tackle the challenges of cognitive robotics, and to remind us,
as Sandini et al. have recently done [27], that there are alternative
avenues of inquiry which foundation models and VLAs threaten
to overshadow, and which merit our continued attention as we
endeavor to advance our understanding of cognitive systems,
natural and artificial. In focusing here on developmental
approaches, and on development inspired by humans in partic-
ular, it is important to mention that there are other biologically
inspired approaches that are also capable of producing cognitive
behavior. Cognitive development is a feature of altricial species,
species that are born dependent with undeveloped behaviors and
skills, but with a great capacity for acquiring cognitive skills over
their life-time through ontogeny. Precocial species, on the other
hand, are born more self-sufficient, with well-developed behav-
iors, skills, and abilities as a result of their genetic make-up, i.e.,
their phylogeny. The challenge in cognitive robotics is to decide
where on the altricial-precocial spectrum [28] to position the
design of robot’s cognitive architecture [29] and the degree to
which one should focus on brain-based neural cognition [30-32]
or cognitive behavior that results from embodied perception—
action loops when interacting with the environment [33-35].
We return to the topics of embodied cognition and cognitive
architecture below.

2 | Cognitive Robotics
2.1 | Definitions and Scope

There are many definitions of cognitive robotics [36], several of
which emphasize the interdisciplinary nature of the field, focus-
ing on bioinspired functionality—both human and animal*—
across a range of skills, from sensorimotor abilities to higher-
order cognitive functions and social skills. Here, cognitive sci-
ence, developmental psychology, and cognitive neuroscience
have had a major influence on the field. Other approaches focus
more on reasoning and the use of knowledge, integrated with
perception and action, reflecting the influence of early artificial
intelligence (AI) on the discipline. To capture both perspectives,
Cangelosi and Asada offer an inclusive definition, viz. “Cognitive
robotics is the field that combines insights and methods from AlI,
as well as cognitive and biological sciences, to robotics” [36]. The
influence of AI today extends beyond the explicit representa-
tional knowledge-based approaches to AI and, as we saw in
the previous section, now includes generative AI in the form
of foundation models and VLAs.
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The flexible use of knowledge to support action selection and the
pursuit of goals is emphasized by Sandini et al. [37], who also
highlight the importance of prospection, i.e., the ability to
anticipate the outcome of those actions when selecting and exe-
cuting them.

The importance of social skills in a cognitive robot is reinforced
by Sciutti et al. [38] who note that there is an increasing
demand for social robots capable of safely interacting with peo-
ple in everyday scenarios, requiring them to be able to “com-
prehend human behavior, predict future actions, and respond
accordingly”.

Significantly, there are two aspects to the goal of building a cog-
nitive robot: one with the objective of building physical robots
with the cognitive abilities of humans, and the other with the
objective of gaining a better understanding of cognition (i.e.,
an exercise in analysis by synthesis) [39].

Generally speaking, research in cognitive robotics targets the
development of relatively complete cognitive systems, integrating
all the elements required for the robot to exhibit the requisite
cognitive skills. This systems-oriented approach gives rise to
the need for a cognitive architecture [40], a model of a cognitive
system specified at several levels of abstraction, including the
functional operation of individual elements and the manner in
which they interact. We return to the topic of cognitive architec-
tures in Section 5. Before that, having briefly discussed the foun-
dations of cognitive robotics, we take a closer look at what we
mean by cognition and what abilities and behavior it entails.
This will provide the motivation for robotics research that
eschews foundation models with internet-scale data sets, and
adopts instead an approach that has more in common with cog-
nitive development in humans.

2.2 | The Nature of Cognition

The stance we take on the nature of cognition is conditioned by
the paradigm on cognitive science to which we adhere, be it the
cognitivist paradigm (also known as the symbolic paradigm), the
emergent paradigm, or the hybrid paradigm [41]. There are many
significant differences between these three paradigms [29, 42],
but the one that is particularly important here concerns the issue
of embodiment. The cognitivist paradigm is grounded in compu-
tational functionalism [43], a stance that views cognition as a
computational process that is independent of the physical sup-
port for the computations, i.e., the embodiment of the cognitive
agent, be it is a computer or a human brain. This stance has its
roots in the seminal concept of physical symbol systems intro-
duced by Allen Newell and Herb Simon [44]. In stark contrast,
in the emergent paradigm, the agent’s body is an intrinsic ele-
ment of cognition. In some instances, the world in which the
agent is embedded is also an element of the process of cognition.
In this context, we speak of embodied cognition, espoused in its
purest form by enactive cognitive science [45, 46] and enaction-
based cognitive robotics [47]. The cognitivist and the emergent
paradigms are clearly incompatible. Hybrid approaches typically
ignore this incompatibility and focus instead on models of cog-
nition that involve both symbolic and nonsymbolic processes.
These are sometimes referred to as neuro-symbolic models of
cognition [48]. Embodiment entails much more than merely hav-
ing a body: according to the embodied cognition thesis [49], the

body and brain are both constitutive elements of the cognitive
process as it interacts with its environment. Indeed, some embod-
ied cognitive systems accomplish what can be viewed as cognitive
processes exclusively by bodily means [34], sometimes referred to
as morphological computing [33, 50]. For example, gaits to
enable walking result from an appropriately configured body
without any central controller using passive dynamics [51]. A
person can position themself to catch an object by running with
a speed and direction that produces a particular optical pattern (a
constant velocity or tracing a straight line) as they watch the
object’s trajectory. These examples, along with others in [35],
are instances of the replacement hypothesis of embodiment,
complementing the conceptualization and constitution hypothe-
ses of embodiment [52].

While these distinctions will be crucially important in our sub-
sequent discussion, we can still identify common functional
attributes of cognition. Cognitive agents are characterized by
their ability to make inferences about the agent’s world and,
especially, the consequences of the agent’s actions in that world.
Specifically, cognitive agents have the ability to predict effects of
their actions, typically when pursuing some goal, observing and
assimilating the differences between its predictions and the effect
of its action. It can then adapt the way it subsequently acts. This
gives rise to a continuous cycle of learning and development,
enhancing the agent’s ability to anticipate future events and
act effectively. The cycle of anticipation, assimilation, and adap-
tation supports—and is supported by—an on-going process of
action and perception; see Figure 1. From this perspective, cog-
nition can thus be viewed as a process by which an agent per-
ceives its environment, learns from experience, anticipates the
outcome of events, acts to pursue goals, and adapts to changing
circumstances [29].

A cognitive agent should also be able to explain the reason for its
actions [53], enabling it to identify problems when carrying out a
task and ask for information when necessary. Thus, a cognitive
agent would be able to take different perspectives on a situation,
anticipating different actions and predicting their outcomes, as
we mentioned above. Ideally, a cognitive agent should also have
a capacity for self-reflection, often referred to as meta-cognition
[54, 55].

This characterization of cognition is explicitly directed at the
operation of an agent. This is a consequence of our interest in
developing robots with the cognitive abilities of humans.
However, it is important to be aware that there is another per-
spective, one that is complementary but nevertheless consistent

Anticipate
Adapt Assimilate
Action Perception
v
FIGURE 1 | Cognition as a cycle of anticipation, assimilation, and

adaptation: embedded in a continuous process of action and perception.
Reproduced with permission [29]. Copyright 2014, Massachusetts
Institute of Technology. All rights reserved.
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with this characterization, that views cognition as “a systemic
biological function ... which evolved to make survival, growth,
and reproduction possible at all,” a function that is present at
all levels of the tree of life, “from unicellular organisms to blue
whales, and every from of life in between” [56]. It is “cognition all
the way down,” a view of cognition that Pamela Lyon refers to as
“basal cognition” [56, 57].°

3 | Cognitive Development

Humans develop their cognitive skills over their lifetime through
ontogenesis: progressive long-term adaptation as a consequence
of experience and interaction with the world. Development dif-
fers from learning in that ontogeny is the sequence of phases in
which previously developed abilities are scaffolded to add to the
agent’s repertoire of anticipatory, prospectively controlled goal-
directed actions. Ontogenesis starts with actions that require lit-
tle prospection, followed by more complex actions that bring
forth increasingly prospective cognitive capabilities. Thus, cogni-
tive development both increases the system’s repertoire of effec-
tive actions and extends the time-horizon of prospection,
endowing an agent with the ability to anticipate the need for
an action and predict the outcome of an action [58].
Prospection involves visualizing the outcome of an action as well
as the predictive control of the movements entailed by action.
Significantly, an action is defined more by the goal of the action
than by the movements that enable the achievement of the goal.
The prospective aspect of development can be accelerated by
internal simulation, mentally visualizing the execution of actions
and inferring the likely outcome of those actions [59, 60].

Actions are triggered by affective motives [61], as is their devel-
opment. These motives don’t have to be task-specific and they are
selected on the basis of an intrinsic value system that constrains
behavior [62]. From this perspective, the value system “mediates
the saliency of environmental stimuli” [63], signaling important
events and triggering the formation of goals which are then acted
upon by a behavioral system. As we will see in Section 4 on
autonomy, value systems are concerned not only with behavior,
but also with constitutive self-organization [64-67], increasing
the potential for development while maintaining the agent’s
autonomy.

The phased aspect of development is also manifested in the man-
ner in which infants come to understand people’s intentions and
assist them in achieving their goals, taking up to 3 years before
these abilities are fully formed [29, 58]. As an infant progressively
acquires prospective motor skills in the first year of life, it devel-
ops an associated ability to comprehend the intentions of other
agents, first by anticipating the goal of simple movements and
eventually anticipating more complex goals. Around 14-18
months of age, children begin to exhibit what is referred to as
instrumental helping behavior, exhibiting spontaneous helping
behaviors when they see someone who is unable to achieve their
goal [68]. This is a critical precursor to the subsequent develop-
ment of the ability to collaborate with others, requiring shared
intentions, shared goals, joint actions, and joint attention [29].
The ability to collaborate appears at about 3 years of age [69].
Since the realization of a capability for collaboration is one of
the major goals of cognitive robotics [27], this provides a strong
motivation for understanding of the processes by which it

develops in humans. Significantly, it also provides an avenue
for tackling one of the principal challenges in human-robot
interaction and social robotics: the ability of a cognitive agent
to form a theory of mind [70], also referred to as perspective tak-
ing, whereby one agent is able to take a perspective on someone
else’s situation and infer their intentions.

4 | Autonomy

Autonomy is an obscure concept [71] and there are several per-
spectives on what it means [64]. It can mean being able to operate
without assistance, but it can also mean self-governance and self-
regulation, and the ability of a system to determine its own goals
[29, 72-75].

In robotics, we distinguish between strength of autonomy and
degree of autonomy [76].* The former refers to the ability to of
the robot to deal with uncertainty, sometimes referred to as task
entropy; the latter refers to the degree to which a human assists
the robot. We use the terms adjustable, shared, sliding, and sub-
servient autonomy to indicate situations where the degree of
autonomy can vary [29].

For biological autonomous agents, as well as bio-inspired cognitive
robots, the focus of autonomy switches to the need for self-
maintenance: to keep itself intact, physically and organizationally.
The self-maintenance of autonomy, achieved through autonomic
processes, is a crucial aspect of enactive cognitive agents [47, 77]. It
also extends to the ability to adapt to unexpected damage, such as
developing new gaits after a leg of a tetrapod or hexapod robot is
unexpectedly damaged [78, 79]. Since cognition modulates percep-
tion and action prospectively, it is one of the primary mechanisms
to maintain autonomy by anticipating precarious circumstances
and the consequent need for action, thereby managing their inter-
actions with the world in order to remain viable [80]. From this
perspective, autonomy and autonomy-preserving processes are the
foundation of cognition [77].

Taking these positions together, one can distinguish two forms of
autonomy that are of particular relevance to cognitive robotics:
behavioral autonomy and constitutive autonomy [64, 66, 81].
Behavioral autonomy is concerned with the external interactions
of the agent: the extent to which it sets and achieves goals, and its
robustness and adaptability in dealing with an uncertain, precar-
ious world. Conversely, constitutive autonomy focuses on the
system’s internal interactions: the organizational processes that
maintain its viability as an autonomous entity through on-going
processes of self-construction and self-repair. While complemen-
tary, behavioral and constitutive autonomy are related because
an agent can’t deal with uncertainty and danger if it is not
organizationally—constitutively—equipped to do so [67].

This brings us to the crux of the matter. Development is often
viewed as a process of adaptation based on interaction with
the environment and other agents [47, 58] and the focus is usu-
ally on behavioral autonomy. However, a consideration of con-
stitutive autonomy suggests that the value systems that drive
development are associated not just to the processes of behavioral
autonomy but also to those that enable constitutive autonomy.
Significantly, both forms of autonomy exhibit prospection: for
effective interaction behaviors and also for effective constitutive
processes, such as allostasis [82].
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5 | Cognitive Architectures’

We noted in Section 2.1 that research in cognitive robotics usu-
ally targets the development of an entire cognitive system. This
gives rise to the need for a systems-engineering perspective and a
focus on integrating all the elements required for the robot to
exhibit the requisite cognitive skills. The achievement of this
takes the form of a cognitive architecture [40].

The term cognitive architecture originates with Allen Newell’s
seminal work in cognitivist cognitive science. Here, the term cog-
nitive architecture has a very specific meaning, referring any
attempt to create a unified theory of cognition [83, 84], address-
ing all the attributes of cognition, and doing so from a compre-
hensive spectrum of multidisciplinary perspectives.

Allen Newell’s and John Laird’s Soar architecture [85-90], John
Anderson’s ACT-R architecture [84, 91], and Ron Sun’s
CLARION?® architecture [92, 93] are archetypal unified theories
of cognition.

Building on Newell’s work [83], Ron Sun defines a cognitive
architecture as follows.

“A cognitive architecture is the overall, essential structure and pro-
cess of a broadly-scoped domain-generic computational cognitive
model, used for broad, multiple-level, multiple-domain analysis of
cognition and behavior” [92] (emphasis in the original).

Cognitivist cognitive architectures target the aspects of cognition
that are invariant over time and across contexts [94-97], using
explicit knowledge to complete the cognitive model by providing
the necessary context-specific information.

While the term cognitive architecture has its origins in cognitivist
cognitive science, it is also used in the emergent paradigm of cog-
nitive science to refer to the agent’s phylogeny, i.e., the basis for
development [29, 42].

Ron Sun’s paper “Desiderata for Cognitive Architectures”
identifies the attributes that a general cognitive architecture
should exhibit [92]. While it recognizes the need for biological
realism, it doesn’t focus on the process of development.
Subsequently, to complement Sun’s desiderata, Vernon et al.
identified ten desiderata specifically targeting developmental
cognitive architectures. To a significant extent, these desider-
ata encapsulate the research challenges with which one is con-
fronted when attempting to understand cognition and build a
developmental cognitive robot, as well as exposing the versa-
tility that such a robot would embody. We summarize them
briefly to illustrate the breadth of the field of developmental
cognitive robotics.

1. A developmental cognitive robot needs an intrinsic value sys-
tem that guides action selection, directs behavior, and drives
development [62, 63, 98]. This value system should encapsulate
both exploratory and social motives [99, 100], as espoused in the
work of pioneering developmental psychologists Jean Piaget
[101] and Lev Vygotsky [102], respectively.

2. A developmental cognitive robot must be embodied [103, 104]
and exhibit embodied cognition [52, 105], so that it can continu-
ally expand its action capabilities and extend its ability to antici-
pate the need to act and the outcome its actions.

3. A developmental cognitive robot needs mechanisms to learn
the causal relationship between its actions and its experiences,

i.e., its sensorimotor contingencies [106], either by motor bab-
bling [107] or goal babbling [108, 109]. The former involves ran-
dom movements while the latter targets specific motor skills.
These sensorimotor contingencies form the basis for perceiving
affordances [110], i.e., the use to which an object can be put by an
embodied observer of the object. Affordances are dependent of
the nature of the agent’s embodiment.

4. A developmental cognitive robot should have the ability to cat-
egorize sensory signals without prior knowledge or external
instruction, and it should be able to discern objects that exhibit
biological motion, detect key facial features, and interpret facial
expressions. It should have the ability to identify and locate
human voices and distinguish different vocal tones.

5. A developmental cognitive robot should be able to pay atten-
tion to selected features, and it should fixate on the goal of an
action, not on the component movements. The latter ability
reflects the prospective nature of cognition, anticipating out-
comes [108, 109, 111], as captured in the next desideratum.

6. A cognitive robot capable of development should be focused on
actions that are goal-directed, triggered by motives, and guided
by prospection.

7. A developmental cognitive robot must have both declarative
memory (episodic and semantic) and procedural memory, cap-
turing knowledge knowledge objects or actions [112, 113].
While semantic memory is concerned with general knowledge
that is expressible in language, episodic memory [114, 115] pro-
vides the basis for prospection, i.e., the ability to simulate actions
and their outcomes (see Desideratum 9) and associate actions
with perceived outcomes [116].

8. A developmental cognitive robot should be capable of super-
vised learning, reinforcement learning, and unsupervised learn-
ing [117, 118]. Unsupervised learning and reinforcement
learning support motor and goal babbling (Desideratum 3) while
supervised learning and reinforcement learning support learning
by imitation, a key element of development in babies [119-123].

9. A developmental cognitive robot must have a capacity for pro-
spection, both by simulating future events [124] and simulating
the execution of actions and the outcome of those actions
[59, 60], in a form of mental time-travel [125].

10. The nine preceding desiderata are mainly concerned with
development in the context of behavioral autonomy. However,
a cognitive robot that is faithful to the emergent paradigm of
cognitive science should also be constitutively autonomous, hav-
ing a repertoire of processes of self-maintenance [77], effecting
both homeostatic [126-129] and allostatic (i.e., adaptive and pre-
dictive) [82, 130, 131] regulation of internal parameters, driven
by a value system that facilitates self-organization. The processes
that support constitutive autonomy should also support behav-
ioral autonomy, e.g., facilitating the expansion action capabili-
ties and extending of the capacity to anticipate actions and
outcomes [67].

There is, however, a concern in the community about the num-
ber of disparate cognitive architectures and the lack of agreement
on what are the necessary constituents of a cognitive architec-
ture. To address this, John Laird, Christian Lebiere, and Paul
Rosenbloom have proposed a standard model of the mind
[132], also known as a common model of cognition [133].
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6 | Developmental Cognitive Robots

Section 1 included several examples of efforts to develop cogni-
tive robots based on foundation models, i.e., VLA and robot
transformers. But what of cognitive robots that are based on
developmental cognitive science? The seminal article by
Minuro Asada and colleagues on cognitive developmental robot-
ics (CDR) [134] surveys several examples, as do Asada and
Angelo Cangelosi [135] in the more recent book on cognitive
robotics [136]. The iCub cognitive humanoid robot [137-140]
is an iconic example of approach targeted in this perspective arti-
cle, both because it is the second-most used robot in cognitive
robotics research [141], after the Nao robot and ahead of the
Pepper robot, and because it was specifically designed to explore
and exploit developmental cognitive science. As such, it is para-
digmatic example of the analysis by synthesis methodology men-
tioned above. The RobotCub research project [142, 143] that
developed the iCub also yielded a roadmap for cognitive devel-
opment in humanoid robots [58] and a prototype cognitive archi-
tecture [144]. Efforts to design a developmental cognitive
architecture are still ongoing in the iCog initiative [145] at the
Italian Institute of Technology, which continues to build, deploy,
and support iCub robots [146]. Over the past 20 years or so, the
iCub has had a major impact on cognitive robotics research in
Europe, and also the USA, China, Japan, and Korea [147]. It
has been used extensively to support experimental work on
developmental robotics, embodied cognition, and human-robot
interaction by some of the leading researchers in the field. The
history of the development of the iCub is documented in [148]
while the lessons learned when developing software for the
iCub are discussed in [149]. Giulio Sandini explains in a
32 min documentary the motivation for designing and building
the iCub, highlighting that it was the result of research activity in
bioengineering whose main objective was to study humans in an
endeavor to “understand how certain successful evolutionary
strategies can then be transferred to new types of technologies”
[150].

7 | Discussion

There is a glaring omission in the cognitive abilities listed above:
the ability to communicate with humans in natural language.
The reason for this is two-fold. First, many of the arguments
in this article can be traced to a focus on early neonatal cognitive
development in which language does not feature. Second, it is
undeniable that foundation models, and LLMs in particular, offer
the best natural language processing (NLP) developed to date, far
surpassing classical grammar based approaches. The latency con-
cern noted in Section 1 regarding foundation models is mitigated
by the fact that NLP-based communication with humans is typi-
cally a preparatory goal-definition phase in human-robot inter-
action, and not part of the real-time action selection and action
execution phases.

While cataloging several shortcomings of LLMs—*“limited
abstract reasoning or planning capabilities, limited memory, lack
of autonomy, lack of human-like generalization, limited reliabil-
ity and trustworthiness ... producing content that is meaningless
or simply false” [48], Ron Sun nevertheless argues that LLMs
might play a very useful role in hybrid cognitive architectures
that encapsulate dual process theory [151, 152],” with LLMs

providing the implicit, fast, intuitive, and instinctive functional-
ity of System 1 and the explicit, slow, deliberative functionality of
System 2 being provided by symbolic processes. He demonstrates
how this might be accomplished with his Clarion hybrid cogni-
tive architecture [55, 153]. While this might well be a feasible and
pragmatic way to “address the limitiations of current LLM-
centered Al systems ... [and] overhaul ... computational cogni-
tive architectures to better reflect advances in Al and computing
technology” [48], it misses two of the central points being made
in this article: that humans achieve their cognitive skills without
being trained on internet-scale data, and foundation models do
not help advance our understanding of cognitive science.

Furthermore, in the specific context of robotics, foundation mod-
els and VLAs address only the behavioral element of cognitive
systems. As such, they have little to offer in understanding,
modeling, or replicating the processes of constitutive autonomy
simply because that’s not how they are built or what they are
built for. They are effectively highly trained autoregressive prob-
abilistic generators of the output that is most likely to be deemed
feasible in the current context, given their initial and subsequent
prompts, and possibly with additional training using retrieval-
augmented generation (RAG) [12]. Neither can they emulate cog-
nitive development value-driven action selection, because they
have neither intrinsic nor extrinsic values system that provide
the motives for action selection.

Calling for the thorough integration of developmental robotics
[134] and social robotics [154, 155], Sandini et al. make a strong
case that LLMs are inherently incapable of providing the basis for
collaborative cognitive robots: “generative Al cannot cooperate
with humans, because it does not really understand humans
and, thus, is unable to support mutual understanding” [27].
They support this statement on epistemological grounds, arguing
that, since LLMs are a form of generative artificial intelligence,
they focus of knowledge that is independent of an agent’s per-
sonal experience and that is intrinsically disembodied, having
been garnered by training on internet-scale data sets. In contra-
distinction, they argue, as we have done in this article, that the
knowledge of a cognitive agent is fundamentally embodied and
experiential, constructed by the agent as it develops through cog-
nitive bootstrapping: a self-organizing process driven by value
systems [156] (cf. Desiderata 1 and 10 above). They put it suc-
cinctly when they say that, from this cognitive perspective,
“knowledge is ...a process of action and being acted on”, and they
emphasize the importance of embodied cognition in a physical
and social environment to support prospection through the con-
struction of an internal model grounded in “personal and person-
alized knowledge” (cf. Desiderata 2, 3, 6, and 9).

8 | Conclusion

Cognitive robotics is a very rich field, offering many disparate
challenges and research opportunities, ultimately benefiting both
cognitive robotics and cognitive science, providing a means to
enrich and deepen our understanding of both fields of study.
It is important to emphasize that we are not suggesting that
the future of research in cognitive robotics should ignore the
advancement of foundation models and VLAs—as shown in
Figure 2 summarizing the relative degree to which approaches
based on foundation models and those based on developmental
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FIGURE 2 | The relative degree to which approaches based on foun-
dation models (green) and models based on developmental cognitive sci-
ence (orange) have the potential to address the five attributes of cognition
shown in Figure 1, i.e., the ability to perceive the environment, learn from
experience, anticipate the outcome of events, act to pursue goals, and
adapt to changing circumstances [29]. Foundation models merit a high
score for adaptation due to their inherent strength in generalization, but
lower scores for anticipation and assimilation due to their (current) lim-
itations in reasoning and, especially, continual learning.

cognitive science have the potential to address the five attributes
of cognition in Figure 1, foundation models may well have an
important role to play in contributing to the processing pipeline
or as tools in HRI or cognitive bootstrapping [27]—but rather
that the future of research in cognitive robotics should (re-)
embrace even more strongly the enactive, embodied, prospective,
developmental approaches sketched in this article.
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Endnotes

! Strictly speaking, RT-1 is not a foundation model-based system as it was
not trained on an internet-scale data set; to train the model, the authors
use a (still large) dataset of over 130k real-world robotic experiences,
comprising more than 700 tasks, collected using a fleet of 13 robots over
a period of 17 months.

*Baluska and Levin [157], taking the position that cognition “refers to the
total set of mechanisms and processes that underlie information acqui-
sition, storage, processing, and use, at any level of organization,” make
the case that cognition is not restricted to humans and animals, and that

it is also exhibited in a non-neural manner by single cells, slime molds,
and plants, as well as animal tissue.

*Pamela Lyon’s definition of cognition reads as follows.Cognition is com-
prised of sensory and other information-processing mechanisms an
organism has for becoming familiar with, valuing, and interacting pro-
ductively with features of its environment in order to meet existential
needs, the most basic of which are survival/persistence, growth/thriving,
and reproduction [56] (p. 416). It is significant that, as Lyon states, this
co-extension of biological organization and cognition is redolent of the
framework of autopoiesis (literally self-production) introduced by
Humberto Maturana and Francisco Varela [158], which eventually
led to the creation of the paradigm of enactive cognition [45, 46] men-
tioned earlier in Section 2.2.

*This is sometimes referred to as the level of autonomy, especially in
human-robot interaction (HRI) [159].

°This section follows closely the treatment in [160]. Please refer to it for a
more detailed treatment.

°From 2018 on, Ron Sun writes it as Clarion.

“The dual process or two systems (fast System 1 and slow System
2) approaches to human thought have a long history, dating back to
[161]; see [162] and [151] for details.
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