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Abstract

As artificial systems grow in autonomy, principled criteria
are needed to determine whether a system genuinely pursues
goals, and if so, which ones. We survey how different theoret-
ical traditions — from control theory and dynamical systems
to autopoiesis, reinforcement learning, and active inference —
characterise goal-directedness, finding broad consensus that
persistence and plasticity are key criteria, but disagreement on
whether the underlying mechanisms should be understood in
representational terms. We develop a pragmatic account that
sidesteps this disagreement: we argue that the mechanistic
structure underlying persistence and plasticity is always, in
principle, empirically discoverable, and that this structure can
pragmatically be treated as goal representation: if internal
states correlate with preferred outcomes and the system adapts
when the mapping between actions and outcomes changes,
then it represents its goals in the sense that matters for predic-
tion, explanation, and intervention. Such goal representations
are typically distributed across multiple interacting compo-
nents, as we illustrate with examples from evolved neural
agents and neural cellular automata. Drawing on techniques
from AI interpretability, we outline a two-stage experimental
approach to reverse-engineering these distributed mechanisms,
with ALife systems as tractable testbeds.
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1 Introduction
We often use teleological language — from Aristotle’s telos,
or goal — to describe systems that appear to act with purpose.
Sometimes this is clearly metaphorical or anthropomorphic
shorthand: a river might be said to be “seeking” the sea. But
in many cases the language of goals seems to be indispens-
able; without it we lose predictive and explanatory traction on
behaviour. Biological organisms are paradigmatically goal-
directed, searching for food, avoiding injury, and regulating
metabolic processes in ways that are naturally described as
directed toward preferred outcomes.

In artificial systems, however, the notion of having a goal is
more controversial. When does patterned, apparently future-
directed behaviour constitute genuine pursuit of a goal, rather

than mere predictable dynamics? Even in natural systems, it
is not always obvious when complex dynamical behaviours
are appropriately thought of as “goal-directed”.

The problem is sharpened by the complementary risks of
over-attribution and under-attribution. Humans are prone to
over-attribute goal-directedness: in the classic experiments of
Heider and Simmel (1944), simple moving geometric shapes
were spontaneously described as pursuing, fleeing, or de-
ceiving one another, a reflection of cognitive biases tuned to
detect intentional action. Large language models exacerbate
this tendency by producing fluent natural-language reports
about goals without necessarily meeting any substantive cri-
teria for goal-directedness (Quattrociocchi et al., 2025).

Under-attribution also carries risk: treating genuinely goal-
directed systems as passive tools risks failing to anticipate
misaligned behaviour (Shapira et al., 2026; Amodei et al.,
2016; Russell, 2022). Principled criteria for evaluating the
goal-directedness of artificial agents, determining what their
goals might be, and where appropriate, intervening to shape
them, are therefore urgently needed (Marchal et al., 2026).

These concerns are most pressing in AI, for obvious rea-
sons. In the longer term, they are likely to become pressing in
artificial life too, as ALife systems grow in autonomy and the
boundary between the two fields continues to blur. But ALife
also has a more immediate contribution to make: its bottom-
up approach, in which lifelike dynamics are constructed from
simple components under precise experimental control, of-
fers a testing ground for developing the principled criteria
needed more broadly.

Developing such criteria requires a clearer theoretical ac-
count of what goal-directedness is. But the ubiquity of goal-
directed behaviour has historically presented a challenge,
namely how to reconcile goals with a fundamentally non-
teleological physical universe, first raised in Schrödinger’s
(1944) What is Life? Contemporary perspectives increasingly
frame the issue in terms of open-system thermodynamics
and self-organisation. These “physics-friendly” perspectives
characterise goal-directedness as a way of interpreting and
explaining the dynamics of systems that actively maintain
themselves in far-from-equilibrium states.



While these perspectives provide a useful naturalistic fram-
ing, many important questions remain. If a system exhibits
genuine goal-directedness, are those goals necessarily repre-
sented in (or by) the system? What might this mean opera-
tionally, in terms of reverse-engineering them? What even is
genuine goal-directedness, and can it be meaningfully distin-
guished from apparent goal-directedness? Goal-directedness
is thus both an explanans — a widely used and apparently in-
dispensable explanatory construct — and an explanandum —
a substantive natural phenomenon that itself demands mecha-
nistic explanation and theoretical clarification.

In this paper we argue that the field of artificial life has
much to contribute to this debate, and is likely to gain new
theoretical traction in return. We first draw on the philo-
sophical and scientific literature to set out a taxonomy of
goal-directed systems, and then develop a pragmatic account
of goal representation. We argue that the mechanistic pro-
cesses underlying the key attributes of goal-directedness,
namely persistence and plasticity, are always, in principle,
empirically discoverable, and propose operational criteria
and experimental paradigms for doing so. We draw on work
in artificial life, where lifelike dynamics have been studied
computationally for decades, but also take inspiration from
mechanistic interpretability techniques in AI, which, under
similar pragmatic assumptions to ours, have yielded consid-
erable success at reverse-engineering representations.

2 Characterising Goal-Directedness
The study of goal-directed behaviour appears across many
disciplines: from philosophy, evolutionary biology, control
theory, cybernetics and dynamical systems theory, to more
recent fields such as reinforcement learning and active in-
ference. Despite substantial differences in formalisms and
explanatory aims, these traditions converge on two core fea-
tures characteristic of goal-directedness (Nagel, 1979):

1. Persistence: the tendency for a system following a par-
ticular behavioural trajectory to return to that trajectory
following perturbations that cause it to depart.

2. Plasticity: the tendency for a system to reach a particular
behavioural trajectory from a variety of different starting
points or environmental conditions.

Both criteria are inherently modal: they describe not just
what the system actually does, but what it would do across
a range of counterfactual circumstances (Nagel, 1979). To
say that a cat is pursuing a mouse is to say that the cat
would have taken a different route had the mouse gone a
different way; more generally, in a goal-directed system the
means counterfactually depend on the goal (Walsh, 2012).
It is this modal character — robustness of outcome across
variation in circumstances and means — that distinguishes
genuinely teleological explanation from mere description of
actual behaviour.

Some authors use these terms in a rather weak sense, to
mean any system that can be seen as directed towards an end
(Babcock and McShea, 2021; Babcock, 2023). A hot object
cooling to the ambient temperature, or a ball settling in a
bowl, might in this weak sense be called “plastic” (reach-
ing the same end from different starting conditions). A ball
returning to the bottom after being nudged might similarly
be called “persistent”. But such convergent systems are not
actively regulating their behaviour: the ball has no alternative
means of getting there, and does no work to do so. Conver-
gent systems are directed towards an end only in the sense
that their trajectories are constrained by an energy landscape;
they lack the adaptive flexibility that we take to be character-
istic of genuine persistence and plasticity.

More typically, persistence and plasticity are used in a
strictly richer sense, to refer to non-convergent systems: sys-
tems that do active work to maintain or bring about an out-
come under varying circumstances1. This is the usage we
assume here. However, there is a strict notion of persis-
tence and plasticity for non-convergent systems which ties
goal-directedness specifically to self-maintenance (Deacon,
2011). Indeed, self-maintaining systems are the canonical
cases of goal-directedness; such systems remain far from
thermodynamic equilibrium by actively doing work to coun-
teract entropy increase. Living cells and organisms are the
paradigmatic examples, maintaining themselves in a “vi-
ability region” of state space through self-repair, homeo-
static regulation and other corrective mechanisms. Although
these systems are still ultimately dissipative, they are non-
convergent. Such dynamics have also been studied in arti-
ficial systems: from Maturana and Varela’s (1980) original
simulations of autopoiesis to progressively richer models
exhibiting growth, self-repair, and reproduction (McMullin,
2004). Fontana and Buss’s (1994) artificial chemistry showed
how self-maintaining molecular structures can arise sponta-
neously in certain computational substrates.

Importantly, not every system in a far-from-equilibrium
state qualifies as self-maintaining. Some systems exhibit
characteristics that at face value look like self-maintenance.
A whirlpool re-forms after small disturbances, but it does not
act to preserve the temperature gradient on which its exis-
tence depends; it is convergent on a non-equilibrium attractor,
not self-maintaining. More generally, there is a broad class of
self-organising systems, including tropical cyclones, candle
flames, and methuselahs in Conway’s Life (Gardner, 1970),
which spontaneously form organised structures far from equi-
librium, but do not act to preserve the conditions that sustain
them, depending instead on external driving.

Persistence and plasticity come in degrees: a bacterium
tumbling up a chemical gradient has a narrow behavioural
repertoire, while humans draw on cognitive, social, and tech-
nological strategies to pursue goals under diverse and novel

1Such systems have also been called targeted (Garcı́a-
Valdecasas, 2025; Levesley et al., 2025)
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circumstances. Regardless, persistence and plasticity to-
gether are widely accepted as sufficient for goal-directedness:
the various traditions broadly agree that a system exhibiting
both is goal-directed.

We take a somewhat more permissive view. Although
self-maintaining systems are plausibly the evolutionary ori-
gin of all goal-directed behaviour, end-directed behaviours
that exhibit adaptive flexibility (plasticity in the choice of
means) without being directed towards self-maintenance are
also, on our account, genuinely goal-directed. A cell in a
multicellular organism, although itself self-maintaining, also
exhibits behaviours, such as apoptosis or immune signalling,
that serve the organism rather than the cell itself. A person
planning a card game may exhibit considerable plasticity, but
the connection to their survival is at best indirect; an LLM
embedded in an agentic framework may pursue goals with
adaptive flexibility without being self-maintaining at all. In
such cases the goals the system serves may ultimately be
those of a larger system of which it is a component, rather
than “its own” in any strong sense.

One point of difference among these traditions is whether
such non-convergent behaviour necessarily involves goal
representation: an internal encoding of preferred states that
guides behaviour. Some accounts (such as control theory
and active inference) take representation to be integral to
the dynamics of persistence and plasticity; others (such as
field theory) regard it as unnecessary or even misleading. A
further question, then, is whether the mechanisms underlying
persistence and plasticity can or should be understood in
representational terms.

Table 1 summarises how these ideas have been articulated
across traditions. In control theory and cybernetics, goal-
directedness is identified with the use of feedback to maintain
or restore a target condition under environmental perturbation
(Wiener, 1948; Ashby, 1956). Formally, a system is specified
by a target state (or set point) r, plus an output y(t) and error
term e(t) = r − y(t) representing the deviation from r at
time t; goal-directedness consists in using negative feedback
to minimise e(t). The Good Regulator theorem (Conant and
Ashby, 1970) implies that any such regulator must model
the system being regulated, regardless of how that model
is encoded; in this sense goal-directed control necessarily
involves representation.

In dynamical systems theory, goal-directedness arises
when the state space is organised around a stable regime
(attractor or viability set), together with processes that can
be interpreted as regulatory, i.e. as preserving the conditions
under which the system continues to occupy those states
(Prigogine and Stengers, 1985; Kauffman, 1993). Goals cor-
respond to the regions toward which trajectories converge;
unlike simple passive convergence, such as a marble settling
in a bowl, goal-directedness involves a coupling between
system and environment such that perturbations trigger com-
pensatory dynamics that maintain convergence. This account

is largely agnostic about representation: one could argue that
the mechanisms steering the system back towards an attractor
under perturbation need not involve an explicit model of the
preferred state, and may simply be inherent in the dynamics
themselves.

Evolutionary biology typically takes an etiological
(causal-historical) stance towards goal-directed behaviour,
explaining it in terms of evolutionary history. Behaviours
are goal-directed inasmuch as they were selected for produc-
ing certain effects; those historically selected effects then
determine present standards of success and failure, giving
such views a normative dimension (Millikan, 1984, 1989).
Tying goal-directedness to evolutionary history can be ex-
planatorily useful; sometimes surprising behaviours can be
understood as adaptations to past environments, for example.
But etiological accounts of goal-directedness may be less
applicable to synthetic life forms or artificial systems that
lack evolutionary histories of their own (Levin, 2022). A
related but distinct position is Mayr’s teleonomic view (Mayr,
1961, 1974): apparently goal-directed processes are those
which execute a “program”: a mechanistic process, such as
embryonic development, that has been shaped by evolution
to produce a certain outcome. This is an instrumentalist take
that treats goal-directedness as a useful gloss on underlying
mechanism, and proponents would most likely resist the idea
that goals are genuinely represented by the system.

In the theory of autopoiesis, organisms are autonomous
systems whose actions are structured by the need to preserve
their own organisation; behaviour is goal-directed insofar
as it contributes to viability and continued self-production
(Maturana and Varela, 1980). Enactivism extends this to a
characterisation of cognition as “embodied sense-making”,
whereby the organism enacts or embodies a specific coupling
to the world through adaptive self-regulation (Varela et al.,
1992; Thompson and Varela, 2001). On this view, goals
are not internal representations that precede action but are
implicit in the organism’s ongoing interactions with its envi-
ronment. One might question whether this leaves sufficient
room for temporally extended planning or explicit anticipa-
tion of future states (Wheeler, 2017); arguably enactivists
need not deny goal representation per se but only the idea
that goals are inherently internal, brain-bound states.

In reinforcement learning (RL), goal-directed behaviour
is the process of selecting actions to maximise expected cu-
mulative reward (Sutton et al., 1999). Agents learn policies
that map states to actions by estimating value functions en-
coding this long-term expected reward for different courses
of action; goals enter the system via the reward function,
which assigns higher value to some outcomes over others. In
model-free variants, the learned policy implements behaviour
directly; in model-based variants, behaviour is mediated
through a transition model for more deliberative, planning-
based control. Model-based RL is overtly representational,
but even model-free agents represent goals implicitly: the
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Framework Persistence Plasticity Representation
Control theory /
cybernetics

Negative feedback sustains the
system near the set point despite
ongoing perturbation

The system can reach the set point
from a range of initial conditions

Yes: Good Regulator theorem
implies regulator must model
the regulated system

Dynamical systems
theory

Compensatory dynamics return
the system to its attractor after
perturbation

Trajectories converge on the attractor
from a variety of initial states

Agnostic: regulatory
mechanisms may be inherent in
the dynamics rather than
encoded in an internal model

Biology (etiological) Homeostatic behaviours,
self-repair, and other mechanisms
sustain the organism’s viability

Phenotypic plasticity: organism
reaches viability from range of
environmental and genetic conditions

Not required: goal-directedness
grounded in selection history,
not internal states

Teleonomy (Mayr) Evolved “programs” reliably
execute to completion despite
perturbation

Programs can produce the same
outcome from varied environmental
conditions

Resisted: goal-directedness is a
gloss on mechanism, not
genuine representation

Autopoiesis /
enactivism

Self-production maintains the
system’s organisation despite
perturbation

The organism can achieve viability
from a range of initial and
environmental conditions

Resisted: goals implicit in
organism–environment
coupling

Reinforcement
learning

Learned policies sustain
reward-maximising behaviour
despite environmental changes

Agents can learn effective policies
from varied initial states and reward
structures

Yes: explicit in model-based RL
(transition models); implicit in
model-free RL (value functions)

Teleodynamics
(Deacon)

Reciprocal constraints sustain the
system away from equilibrium

Composite system can arise from
varied initial configurations of its
self-organising components

Yes: A system represents a
future state by being disposed
toward realising such a state

Field theory
(Babcock & McShea)

External field sustains system’s
trajectory despite perturbation

Field guides system towards same
outcome from varied starting points

No: source of goal-directedness
is always external to the entity

Active inference
(Friston)

Both action and belief revision
minimise gap between system and
preferred states

Flexible capacity to reach viability
enabled by organism’s ability to
construct its own niche

Yes: goals are priors with
explicit representational content

Table 1: How different frameworks interpret persistence, plasticity, and goal representation

learned value function encodes which states are preferable,
even though the agent has no explicit model of what it is
trying to achieve. In both cases the reward function is usually
externally given, and the question of how to specify reward
functions that lead to desirable behaviours remains an open
problem (Amodei et al., 2016; Russell, 2022).

The teleodynamics framework (Deacon, 2011) charac-
terises goal-directed behaviour as a higher-order reciprocal
relationship between self-organising processes, in which each
process creates the boundary conditions, or constraints, that
prevent the other from dissipating, sustaining the composite
system away from thermodynamic equilibrium. Constraints
are central to this account: what a teleodynamic system is
disposed towards is not a state, but the preservation of a
constraint structure: a set of reciprocal boundary conditions
that channel work in a way that sustains the whole (Garcı́a-
Valdecasas and Deacon, 2024). The system represents its end,
on this view, by being so organised that its processes tend
to reproduce the very constraints upon which they depend,
not by anything that functions as an internal model of a goal
state.

The field theory (Babcock and McShea, 2021; Babcock,
2023) is an explicitly externalist account: goal-directed activ-
ity arises when an entity is embedded in a spatially extended,
physically real field that persistently and plastically guides

its trajectory. The term “field” is used broadly, encompassing
fields in the familiar physical sense (gravitational, electro-
magnetic) but also (for example) a morphogenetic gradient
that guides embryonic development, or an ecological selec-
tion pressure landscape that directs adaptation. Because the
source of goal-directedness is understood as external, no in-
ternal representation of goal states is required on this account.

Finally, the active inference framework (Friston et al.,
2006; Friston and Stephan, 2007; Friston, 2009) attempts
to subsume several of the above traditions. Goal-directed
behaviour is the selection of actions in order to minimise
expected (variational) free energy within a generative model
of the environment. Agents maintain probabilistic “beliefs”
(probability densities) about states of the external world and
the sensory consequences of actions; action and perception
(belief revision) then provide two complementary ways to
reduce prediction error relative to those beliefs. “Goals” in
this framework are priors over expected sensory outcomes
that bias action selection toward certain states (Friston et al.,
2017), and thus are very explicitly internal states with repre-
sentational content: the preferred outcomes.

3 Representing Goals
As the preceding survey shows, the various traditions broadly
agree that persistence and plasticity are the hallmarks of
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goal-directedness, but disagree on the role of representation,
with positions ranging from the instrumentalism of Mayr
(1961) to more realist views. One might worry that further
progress requires first settling the question of whether per-
sistent and plastic systems “really” represent their goals or
are merely usefully described as such. We argue that no such
prior settlement is needed. Instead, we can focus on what
is empirically discoverable: the mechanisms underlying the
specific behaviour we are inclined to see as goal-directed, and
the interventions that modify them. This operationalises the
notion of goal representation, allowing progress regardless of
ontological commitments: if a system exhibits adaptive flexi-
bility, responding to novel conditions in ways that advance a
preferred outcome, then positing that it represents its goals
becomes a useful explanatory strategy, enabling prediction
and intervention.

The search for goal representations then plays two dis-
tinct roles. For systems already taken to be uncontroversially
goal-directed, it helps us determine what the goal is, and
potentially how to manipulate it: for example, bioelectric
interventions on planaria reveal that the organism represents
a target morphology which can be experimentally rewritten
(Levin, 2022). For systems whose dynamics are uncertain
— including artificial systems but potentially borderline nat-
urally occurring systems too — the search for goal repre-
sentations serves as a classification procedure: if a system
can be shown to represent preferred outcomes, that is strong
evidence of adaptive flexibility, and hence of goal-directed
behaviour.

This approach is compatible with Dennett’s (1991) idea
of a “real pattern”: if a system’s goal-directed behaviour is
robust enough that one could make money betting on one’s
ability to predict and control it, then — by a “no-miracles”-
style argument (Putnam, 1975) — there must be systematic
and discoverable mechanisms underlying that behaviour, re-
gardless of ontological commitments. A complementary
argument comes from ALife: Rocha (1998) argues that self-
organisation alone, bound to a fixed attractor landscape, can-
not account for the open-ended adaptability of evolved sys-
tems. Some form of representational structure (what he calls
“selected self-organisation”) is needed to explain adaptation
to genuinely novel circumstances, and embodiment does not
remove this need (Rocha, 1998, p. 352).

We therefore propose the following working definition:

A goal representation is an internal or embodied struc-
ture or process encoding one or more preferred states of
the world, together with mechanisms that select actions
expected to increase the likelihood of those states.

The proviso “internal or embodied” captures our desire to
remain neutral about whether goals are represented in a spe-
cialised internal structure such as a brain (Kristan, 2016) or
in a more system-wide fashion. What one is looking for, con-

cretely, is evidence that internal states or processes correlate
with preferred external states or outcomes — a correlational
criterion that identifies candidate goal representations — and
then evidence that those candidates are causally implicated
in the system’s competences, through counterfactual sensi-
tivity: that the system adapts its policies when the mapping
between actions and outcomes is altered, rather than merely
continuing with a fixed behavioural routine. Counterfactual
sensitivity is a way of exploring the modal structure of goal-
directed behaviour noted in § 2: by intervening on the system
or its environment, we probe what it would do under altered
circumstances, in the spirit of interventionist accounts of
causation (Woodward, 2003).

3.1 Distributed representations
However, reverse-engineering goal representations is likely
to be a significant challenge, because the mechanisms or-
chestrating goal-directed behaviour are rarely localised in a
single component. In most natural and engineered systems,
these mechanisms are distributed across multiple interacting
subsystems, so one cannot simply open up the system and
find salient structures representing goals. This distributed
organisation has also been called heterarchical (McCulloch,
1945). This is a familiar challenge in AI, where knowledge
is spread across millions of parameters in a neural network,
none of which is individually meaningful; in artificial sys-
tems generally, this motivates interpretability work that spans
multiple components rather than focusing on any single one.

Work in ALife provides a concrete illustration. Beer’s
(2003) analysis of evolved CTRNN agents performing cat-
egorical perception, catching circular objects and avoiding
diamond-shaped ones, found no evidence of circle detectors,
corner detectors, or other internal representations in the tradi-
tional sense. The agent’s competence was achieved entirely
through the coupled dynamics of brain, body, and environ-
ment. Beer’s analysis thus challenges a traditional notion of
representation, in which readily isolable internal states stand
in for external categories.

However, the same analysis revealed that certain perceived
features, notably object width and the presence or absence
of corners, were major determining factors in the agent’s dis-
crimination, meaning its responses were selectively sensitive
to those features. On our pragmatic account, the mechanisms
which implement this selectivity count as a distributed form
of goal representation: the coupled dynamics that underpin
the agent’s competences must have some mechanistic struc-
ture discoverable by empirical investigation, regardless of
one’s willingness to label this structure “representational”.
The case therefore illustrates not the absence of goal represen-
tation, but the importance of looking to more computation-
ally realistic notions of representation. Indeed, subsequent
information-theoretic analysis of the same class of agents
(Williams and Beer, 2010) confirms that task-relevant infor-
mation is distributed across the agent’s internal states, and
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that mutual information between internal and environmental
variables tracks the agent’s discriminative competence: pre-
cisely the kind of mechanistic structure our account predicts
should be discoverable.

That goal selection and control are distributed in this
way, with no natural central locus for decision-making, has
been observed independently across cybernetics (Ashby,
1956), cognitive architecture (Minsky, 1986), behaviour-
based robotics (Brooks, 1986), and the philosophy of neuro-
science (Bechtel, 2021). Indeed, the difficulty of assigning
functional responsibility to unique components is the norm
wherever multiple subsystems interact; Table 2 collects some
familiar examples.

System type How goal-directedness is distributed
Genome and
epigenome

Behavioural dispositions emerge from
gene–environment interaction rather than
being transparently encoded in DNA

Neural circuits Goal-directed behaviour emerges from
circuit-level dynamics rather than being
localised in individual neurons

Morphology
and movement

Responsibility for locomotion distributed
across brain, skeleton, and local ganglia

Culture and
environment

Tools and social institutions scaffold
goal-directed behaviour across individuals

Social groups Coordination emerges from interaction
among agents, often without central control

Table 2: Distributed goal-directed organisation across scales

Distributedness also raises questions about where to draw
the boundaries of the “system” whose goal-directedness is
at issue. As with representations, system boundaries are
also partly a function of what we want to explain: different
explanatory agendas may carve out different systems. For
self-maintaining systems there may be more principled ways
of individuating; constraint closure (Montévil and Mossio,
2015) draws the boundary around those component processes
that mutually depend on and generate the constraints sus-
taining one another, forming a self-maintaining loop across
multiple timescales, similar to Deacon’s (2011) teleodynam-
ics. Whatever participates in the closure counts as part of the
system.

But many systems of interest resist such clean demarca-
tion, and here the perspectival character of the boundary
becomes evident. Symbotic organisms (Dupré and O’Malley,
2009) may have goals that are not directed towards their
own maintenance but to the maintenance of the other, so that
self-maintenance is then a property of the composite system
rather than of either component. In extended versions of
Lenia (Chan, 2019), distinct self-organised structures can
coexist and interact symbiotically, maintaining their integrity
through cooperation rather than in isolation, raising similar
questions about how to individuate the relevant system. A
robot that pursues goals but does not engage in self-repair

or recharging may exhibit rich goal-directed behaviours that
serve the self-maintenance of a larger system, namely its
human master; whether one treats the robot or the human–
robot composite as “the system” depends on the explanatory
question at hand.

The same holds for LLMs taking on more autonomous
roles: In isolation an LLM merely draws from probability
distributions over token sequences, but one embedded in an
agentic framework that interprets outputs as commands, ex-
ecutes code, and triggers actions in the world forms part of
a composite system capable of pursuing goals (Wang et al.,
2024). As with genes, which become causally potent only
when embedded in an interpretive system of transcription ma-
chinery and regulatory networks (Griffiths and Stotz, 2013),
the question of where to locate goal-directedness depends on
where one draws the system boundary.

3.2 Interpretability and pluralism
The question of whether, or how, a system represents a par-
ticular goal is not only complicated by distributedness but
is in a deeper sense a matter of interpretation. If we want
to characterise representations by what they do, namely by
how they contribute to the functional economy of the system
at large, then the answer will depend on the explanatory or
interventional agenda we bring to the inquiry.

This is not merely the observation that different analytical
frameworks (say, active inference and dynamical systems the-
ory) can be legitimately applied to the same system (Beer and
Williams, 2015). Rather, different explananda — different
behavioural phenomena or competences of interest — induce
genuinely different accounts of what the system is doing
representationally. A system that catches circles and avoids
diamonds may, when probed for a different competence, re-
veal an entirely different representational organisation. This
is not to deny the existence of objective facts altogether re-
garding such questions (as an anti-realist might), but to say
something rather less deflationary: simply that such facts
are always relativised to a particular perspective. This is
akin to Bongard and Levin’s (2023) polycomputing, the idea
that the same substrate can be interpreted as doing many
different things at the same time. Zhang et al. (2025) show
that even very simple, well-understood components, even
traditional sorting algorithms like bubblesort, can exhibit un-
expected competencies when embedded into a larger system,
supporting entirely new readings of what the component is,
contextually, doing.

Recent work in AI interpretability illustrates a complemen-
tary aspect of this pluralism. Using empirical interpretability
methods, Kim et al. (2026) claim that the enhanced capabil-
ities of “chain of thought”-style reasoning in LLMs can be
explained by understanding the system as implicitly simu-
lating complex multi-agent discourse. A simpler example
would be recent work on helical representations of numbers
in LLMs (Kantamneni and Tegmark, 2025), where it is shown
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that LLMs’ non-trivial arithmetic competencies can be under-
stood as operations on these implicit representations. In both
cases, what makes the interpretation significant is not that it
is the unique “correct” reading of the system, but that it is
empirically productive: it enables prediction, explanation, or
intervention. For goal representation specifically, the interpre-
tive question is sharpened in systems like LLMs embedded
in agentic frameworks, where goal-relevant information may
be distributed across model weights, context window, and
scaffolding, so that reverse-engineering it requires studying
the system’s dynamics in its operating environment rather
than internal structure in isolation.

Our suggestion is that goal-directedness should be ap-
proached from a similar pluralistic perspective, so that the
question of whether a machine exhibits goal-directed be-
haviour, regardless of what its designers intended, boils down
to a purely empirical question that can only be settled by
considering the capabilities of the machine in the context of
some larger system in which it is embedded. Different inter-
ventional agendas will carve up goal structures differently;
the perspectival stance is therefore not merely philosophical
but methodologically necessary.

3.3 Discovering goal representations
Given this pragmatic and pluralistic framing, namely that
goal representations are in principle discoverable, typically
distributed, and always relative to an explanatory agenda,
what concrete methods can we bring to bear? Scientific ex-
perimentation on a system can be understood as a controlled
form of the interpretive activity just described: we place the
system into specific contexts and observe how it acts, creating
opportunities to interpret internal mechanisms or structures
as representational.

The two kinds of evidence identified previously — corre-
lational and interventional — suggest a corresponding two-
stage experimental programme. The first stage identifies can-
didate representations: internal states or processes that cor-
relate with the system’s goals. This can proceed either back-
wards from observed behaviour, inferring a representation of
preferred states that would best explain the observed pattern
of action selection, or forwards from internal structure, ex-
amining internal states directly for correlates of task-relevant
behaviours. The second stage confirms that the candidates
so identified are causally implicated in the system’s com-
petences, through intervention. Mechanistic interpretability
research on AI systems has developed concrete methods for
both stages (Bereska and Gavves, 2024).

Working backwards from behaviour, inverse reinforcement
learning (Ziebart et al., 2008; Finn et al., 2016; Hadfield-
Menell et al., 2016) has shown that reward functions can
be reliably inferred from observed action sequences alone.
Working forwards, observational methods such as probing —
training classifiers on a model’s internal activations to detect
encoded information — and sparse autoencoders — decom-

posing neural activations into interpretable features (Bricken
et al., 2023) — identify internal states that correlate with task-
relevant variables, providing candidate representations whose
causal role can then be tested interventionally. A central chal-
lenge is that individual neurons are typically polysemantic,
encoding multiple unrelated concepts: a concrete instance of
the representational pluralism discussed in § 3.2, and a chal-
lenge shared with neuroscience, where individual biological
neurons similarly encode multiple stimulus features. Sparse
autoencoders address this by decomposing activations into
a larger set of monosemantic features, though the decompo-
sition is not unique: different configurations yield different
feature sets, reinforcing the point that representational read-
ings depend on the analytical tools employed and what one
is trying to explain.

The interventional side of this programme has developed
rapidly in AI. Activation patching replaces specific internal
activations and observes effects on behaviour, testing which
components are causally necessary or sufficient for a given
competence (Conmy et al., 2023). Automated circuit dis-
covery extends this to identify the minimal computational
subgraph — the “circuit” — responsible for a specific be-
haviour, by iteratively pruning connections whose removal
does not affect performance. More recently, circuit tracing
(Ameisen et al., 2025) builds interpretable replacements for
language models, decomposing polysemantic neurons into
monosemantic features and tracing feature-to-feature causal
contributions via attribution graphs.

For LLMs embedded in agentic frameworks, a particularly
revealing interventional test is to place the system in environ-
ments with competing objectives: a system that weighs these
against one another, and revises its priorities when expected
payoffs change, demonstrates the kind of counterfactual sen-
sitivity that, on our account, constitutes strong evidence for
goal representation. All these methods arguably operate un-
der the same pragmatic assumption that we propose: what
matters is not whether internal structures or mechanisms are
best labelled “representations”, but whether they are causally
implicated in the system’s competences.

ALife systems offer particularly tractable testbeds for this
two-stage programme, since they allow precise experimental
control over both the system and its environment. Several of
the ALife studies discussed in § 3.1 already instantiate this
two-stage logic. Williams and Beer’s (2010) information-
theoretic analysis of evolved CTRNN agents is essentially
observational: it measures mutual information between in-
ternal and environmental variables, identifying candidate
representations by establishing that the agent’s dynamics
encode discriminative information about its world. Beer’s
(2003) stimulus-perturbation experiments are the interven-
tional counterpart, demonstrating that specific dynamical
couplings are causally responsible for discrimination. Crutch-
field and Mitchell (1995) provide the closest ALife analogue
to circuit discovery: by identifying homogeneous regions in
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the spatiotemporal behaviour of evolved cellular automata
and subtracting them, they reveal propagating boundary struc-
tures (“particles”) whose collisions implement an embedded
logic, isolating the important computational structure from
the background dynamics.

To illustrate how this programme might be applied going
forward, consider neural cellular automata (NCAs; Mordv-
intsev et al., 2020). An NCA learns local update rules that
enable a grid of cells to grow a target morphology from a
single seed, and crucially, to regenerate that morphology after
damage. This self-repair capacity is a clear instance of per-
sistence and plasticity: the system reliably achieves the same
outcome across a range of perturbations, with no explicit
goal encoded anywhere in the update rule. The two-stage pro-
gramme would proceed as follows. First, probe the learned
update rule to identify which features of the local neigh-
bourhood state correlate with damage-relevant variables: for
example direction and magnitude of deviation from the target
pattern, or cell-state gradients that signal the boundary of a
lesion. This is directly analogous to probing an LLM’s acti-
vations for task-relevant features. Second, intervene: patch
the candidate damage-direction signal to a fixed value and
observe whether repair becomes disoriented, or ablate a can-
didate feature and test whether growth still converges to the
target. If ablating a feature disrupts repair but not growth,
that feature is causally implicated specifically in the persis-
tence capacity. Whatever mechanistic structure this analysis
isolates is the goal representation, on the pragmatic account
developed above, because it is causally responsible for the
system’s counterfactual robustness.

Other recent ALife systems present similar opportunities.
Hamon et al. (2025) use automated search methods to dis-
cover cellular automata rules that give rise to localised struc-
tures exhibiting primitive sensorimotor agency: the resulting
structures move, react coherently to obstacles, and maintain
integrity under perturbation, without any of these capabilities
being explicitly programmed, again raising the question of
the mechanistic structure underlying these competences. In
all these cases, these experimental methods offer a principled
way to explore the mechanisms underlying persistence and
plasticity.

The analogy between AI interpretability and ALife can
only be pushed so far: AI benefits from architectures with
discrete, parameterised components that can be individually
targeted for intervention, whereas ALife systems, like cel-
lular automata and CTRNNs, are often closer to substrates
than architectures. Despite these structural differences, both
domains potentially support the same methodological core:
identify a competence, probe for internal correlates, intervene
to establish causal role, and isolate the minimal structure re-
sponsible. This convergence supports our broader claim that
the mechanistic structure underlying goal-directed behaviour
is, in principle, always empirically accessible.

4 Conclusion
As artificial systems become increasingly autonomous, the
question of whether they genuinely pursue goals — and if so,
which ones — is no longer merely theoretical. Beyond the
obvious implications for ethics and governance, it also raises
questions about mechanism: how does goal-directedness
emerge where it was not explicitly engineered, and what
methods can reveal the implementation techniques?

The pragmatic account we have developed is intended to
make these questions tractable. Rather than asking whether
a system “really” represents its goals, we focus on what is
empirically discoverable: if a system exhibits persistence and
plasticity, then the mechanistic structure underlying these
capacities can in principle be found, and this structure can
pragmatically be treated as goal representation. Because goal-
directed behaviour is inherently modal — a claim about what
the system would do across counterfactual circumstances —
the natural way to investigate it is through intervention, and
the experimental paradigms we propose are designed with
this in mind. The chief difficulty is that the relevant mech-
anisms are typically distributed across multiple interacting
components, so that no single part of the system can be iden-
tified as “the goal”. Work in ALife, where persistence and
plasticity can be studied under precise experimental control,
offers a way to develop and refine these methods before ap-
plying them to natural and artificial systems where the stakes
are highest.

We have not yet applied these methods to a concrete sys-
tem; the NCA case study of § 3.3 sketches what such an
application would look like. Carrying it through is the most
immediate next step, with NCAs and similar ALife systems
offering plausible starting points. A longer-term challenge is
to bridge the gap between ALife testbeds and large-scale AI
systems, where there is much work on reverse-engineering
representations but relatively little on studying the represen-
tation of emergent goals.

We also set aside the question of self-aware systems. Peo-
ple — historically our starting point for thinking about goal-
directedness — not only pursue goals but also reflect upon
and reason about them (Dennett, 2012, 2004). By a conser-
vative generalisation of the Good Regulator theorem, any
self-regulating system must employ a self-model; if that self-
model becomes rich enough for the system to interpret itself
as a goal-directed agent, we might see the beginnings of self-
awareness, including the ability to explicitly share, hide and
revise goals themselves, not just the means by which they
are pursued. There is already evidence of limited introspec-
tion in LLMs (Lindsey, 2026), and of minimal self-models
developing when such systems are coupled with robotic in-
terfaces (Yoshida et al., 2024). The relationship between
self-representation and open-endedness in ALife systems
thus also represents a natural extension of the experimental
programme we have outlined.
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