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Abstract
We describe a research programme aimed at
the construction of a single, generally intelligent
agent—one competent across all tasks rather than
skilled at any one. Such an agent must act in the
real world through a rich sensorimotor interface,
with sensors and actuators general enough for any
task it may face. But that same richness makes
any single task nearly impossible to learn directly.
We argue that the resolution lies in abstraction,
and survey our work towards this goal: discover-
ing skills from experience, deriving compact mod-
els from those skills, and transferring both to new
tasks. Skills, in particular, can be composed so that
new tasks are solved with no further learning. To-
gether, these threads work towards a single agent
capable, in principle, of every task its body allows.

1 Introduction
The field of artificial intelligence is premised on the idea that
it is possible to build a machine as intelligent as a human
[McCarthy et al., 2006]. While a definition of intelligence re-
mains elusive, the goal has always been general intelligence,
for what makes humans intelligent is not our skill at any one
particular task, but our competence across a wide array of
them. Intelligence is not a repertoire but a capacity: the abil-
ity, when confronted with something new, to learn it. A ma-
chine that plays chess today and learns to drive tomorrow—
that is intelligence.

Historically, the field has rarely attacked this problem di-
rectly, focusing instead on narrow (albeit impressive) grand
challenges [Chollet, 2019]. It does so through a preframing
of the problem, so pervasive that it is often invisible. In clas-
sical planning, the world arrives already described: a set of
symbols stipulated to be complete, and operators specifying
how actions transform them [Ghallab et al., 2004]. In rein-
forcement learning (RL), the agent is handed a decision pro-
cess whose state and action spaces have already been fixed
[Sutton and Barto, 2018]. In both traditions, the hard work—
deciding what the world consists of—is done by a human be-
fore the agent ever acts. Such preframing is inconsequential
if the goal is narrow AI, but fatal if the goal is generality.
AlphaGo’s action space is the set of legal Go moves [Silver

et al., 2016]; it can never drive a car, not for want of intelli-
gence, but because driving was removed from its world before
it took its first action. Whatever is excluded from the frame is
excluded from the agent’s possible competence.

A generally capable agent must therefore be capable in the
true sense of the word. There can be no preframing on the part
of a human; the agent’s sensors must be rich enough to per-
ceive anything relevant and its actuators fine-grained enough
to accomplish anything useful [Konidaris, 2019]. Generality
is a property of the interface between an agent and its envi-
ronment, before it is a property of the algorithm.

However, this results in an inescapable dilemma. The more
general the agent, the more tasks it can accomplish in prin-
ciple, but the harder it becomes to solve any one of them in
practice. Consider a robot whose innate actions are raw motor
commands, tasked with making a cup of coffee. The solution
is a sequence of tens or hundreds of thousands of primitive
actions, rewarded only at the end, with decisions made on
the basis of raw pixel input. We posit that no tabula rasa
learner can possibly solve such a task from trial-and-error
feedback. Not even large amounts of data, as is common in
the deep learning era, can help, not least because its motors
wear out long before the billionth data point arrives. The gen-
erality that makes every task possible is the same generality
that makes each task intractable.

Despite this, we argue there can be no retreat. Any pre-
framing precludes some tasks, and so the hard version of the
problem is the only version worth solving. This paper de-
scribes our research programme that takes this predicament
seriously.

2 The Anatomy of a General Agent
Our argument so far concerns agents in general, but its natural
home is the physical world—the one environment that arrives
unframed. An agent embodied in the real world is a robot, and
a robot’s instantiation defines the envelope of tasks it can, in
principle, solve. Ideally, this envelope should be as wide as
possible. The framework itself, though, must be agnostic to
the embodiment: a robot that cannot locomote is confined to
its tabletop, but should be able to accomplish everything pos-
sible within it. Humanoids are attractive precisely because
their envelope is the widest we know: a machine with a hu-
man’s body can, within the bounds of its physics, attempt
everything a human attempts.



A general agent acting within an environment is modelled
by RL’s agent-environment loop, and more formally as a
Markov decision process (MDP) ⟨S,A, P, r⟩: the states S
the world can occupy, the actions A available to the agent,
the dynamics P governing how actions change states, and the
reward r specifying the task. In nearly every application, S
and A are gifts: a designer chooses the state features, fixes
the action set, and the Markov property holds by construc-
tion because a human made it hold. Our robot receives no
such gifts. Its state space is whatever its sensors emit, its ac-
tion space is whatever its motors afford, and nothing guaran-
tees that the former is compact or that the latter is convenient.
Three problems immediately arise.
Observations are too rich. The robot perceives through
high-dimensional sensors, and reasoning directly in that
space is hopeless. The agent requires compact latent repre-
sentations that retain only what decision-making requires: the
long-studied problem of state abstraction [Li et al., 2006].
Actions are too small. With raw motor control, even a task
as simple as picking up a cup might be a plan thousands of ac-
tions long, and credit assignment does not survive such hori-
zons. The agent must shorten its horizon by acting over tem-
porally extended skills rather than primitive controls [Sutton
et al., 1999].
Tasks are too many. The set of tasks a general agent may
face is unbounded, so learning each from scratch is ruled
out by the sample argument above. Knowledge must accu-
mulate: a robot that has learned chess and is asked to play
checkers should pick it up quickly. Children face the same
predicament, yet acquire higher-order concepts from a hand-
ful of examples and generalise them far beyond the setting
in which they were learned [Gelman and Markman, 1987;
Werchan et al., 2015]. Every abstraction the agent builds
must, therefore, transfer [Taylor and Stone, 2009].

We claim that these threads should not be pursued indepen-
dently. Representations learned in isolation risk being incom-
patible, producing states that ignore what the skills need, or
skills that ignore what a planner can use. Figure 1 illustrates
our proposed approach, where an agent first lifts its raw ac-
tions into skills (Section 3); its skills then determine the com-
pact models it plans in (Section 4); and both are constructed
so that they transfer to new tasks or environments (Section 5).

3 From Actions to Skills
Section 2 argued that credit assignment cannot survive hori-
zons thousands of primitives long. Episodes in standard RL
tasks typically run to a few hundred steps, and tasks that ex-
ceed this budget have become challenges in their own right:
escaping the first room of Montezuma’s Revenge resisted
agents for years, since it requires a precise sequence of hun-
dreds of primitive actions with only sparse reward feedback
[Bellemare et al., 2013]. Robotics benchmarks are scoped
similarly, asking for reach, push, or pick-and-place [Yu et
al., 2019]; no benchmark yet expects a robot, even in sim-
ulation, to succeed in making breakfast. Longer behaviours
can be obtained through human demonstration, from classical
learning-from-demonstration [Argall et al., 2009] to vision-
language-action models trained on large-scale teleoperation
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Figure 1: The agent lifts raw sensorimotor experience into skills,
derives from those skills the models it plans in, and composes the
skills to solve new tasks. Composed behaviours may re-enter as
skills at the next level.

[Black et al., 2024], but the task decomposition is supplied
by the person rather than discovered by the agent.

3.1 Skill Acquisition
The standard formalism for temporal abstraction is the option
[Sutton et al., 1999]: an initiation set, a policy, and a ter-
mination condition, packaging extended behaviour as a sin-
gle decision. A rich literature investigates learning options
from experience autonomously [Klissarov et al., 2025]. Early
work identified bottleneck states and built options to reach
them [McGovern and Barto, 2001; Şimşek and Barto, 2004];
graph-theoretic descendants find the same structure spectrally
[Machado et al., 2017]. Option-critic architectures learn op-
tions end-to-end from task reward [Bacon et al., 2017]; skill
chaining grows options backwards from a goal [Konidaris and
Barto, 2009]; intrinsic objectives yield diverse behaviours
with no reward signal at all, in a flat repertoire [Eysenbach
et al., 2019]; and segmentation methods recover skills from
trajectories annotated with actions or curated into demonstra-
tions [Ranchod et al., 2015; Kipf et al., 2019].

Our recent work continues this line with the supervision
removed entirely: Harvey et al. [2026] segment unlabelled
observation sequences into skills and induce a hierarchy over
them by grammar induction, so that recurring observation
segments become low-level skills and recurring skill chains
become higher-level ones. In pixel-based environments in-
cluding full, unmodified Minecraft, the discovered hierar-
chies are semantically meaningful and accelerate downstream
learning.

3.2 Skill Representation
Discovery answers where skills come from, but a separate
question is what a skill should be. Typically, option discov-
ery methods produce skills that are not inherently multitask:
each is a policy, and a policy is an answer to exactly one
question. Its goal is not an input the agent can vary, but a
constant fixed into the skill when it was learned. Portable op-
tions [Konidaris and Barto, 2007] relax part of this restriction
by defining skills over agent-centric features, so that a skill



learned in one environment transfers to another—the option
that makes coffee in one kitchen then makes coffee in an-
other. However, portability only widens where a skill applies,
not what it is for; the coffee option says nothing about how to
make toast. A general agent needs the complementary gener-
ality: skills that carry not only across environments, but also
across goals.

Our work represents a skill as an object that the agent can
query about goals other than the one it happens to be pur-
suing. Building on general and goal-conditioned value func-
tions [Sutton et al., 2011; Schaul et al., 2015], which make
the goal an input to the skill rather than a constant inside it,
we propose the world value function (WVF) [Nangue Tasse
et al., 2022b]. Given a goal-reaching task M = ⟨S,A, P, r⟩,
with candidate goals G ⊆ S, we extend the reward function
to penalise the agent for terminating at any goal other than the
one it pursues:

r̄(s, g, a) =

{
r̄min if s ∈ G and s ̸= g,

r(s, a) otherwise,
(1)

where r̄min is a large negative penalty. The world value func-
tion Q̄ : S × G × A → R is then the optimal value function
of this extended task,

Q̄(s, g, a) = r̄(s, g, a) + Es′

[
max
a′

Q̄(s′, g, a′)
]
,

estimating the value of each action in pursuit of each goal.
The penalty in Equation 1 is what compels mastery. The
agent is rewarded only for achieving goals deliberately, so Q̄
must learn how to reach every goal, not merely which goals
lie on the way to the rewarding ones. The skill then answers
queries directly. For any goal g ∈ G, a policy can be extracted
as

πg(s) ∈ argmax
a∈A

Q̄(s, g, a),

and the task’s own optimal values are recovered by maximis-
ing over goals, Q∗(s, a) = maxg Q̄(s, g, a). When G = S,
the agent has mastered its environment: the WVF encodes
how to achieve any reachable state. Figure 2 illustrates this
in the Four Rooms domain, where a trained WVF encodes
knowledge of how to reach all states, even undesirable ones.

(a) (b) (c)

Figure 2: (a) Learned WVF with positive rewards for reaching the
middle of the top-left or bottom-right rooms. (b) Close-up view of
the WVF for the “top-left” goal. Note that in adjacent cells, an agent
can reach other states by following the value gradient. (c) Inferred
values and policy for solving the current task, extracted by maximis-
ing over goals. Reproduced from Nangue Tasse et al. [2022b].

4 From Observations to Models
In practice, a robot cannot reason in the high-dimensional
space its sensors provide. It needs a compact representa-
tion that retains only what decision-making requires. The
dominant approach is to learn such representations through
prediction. World models learn latent states in which
imagination replaces experience [Hafner et al., 2025], and
joint-embedding architectures predict in representation space
rather than pixel space [LeCun, 2022; Bardes et al., 2024].
However, such representations serve prediction, not control.
They retain whatever helps forecast the next observation, re-
gardless of its relevance to acting.

We argue that state abstraction cannot be separated from
action abstraction. The two have largely been studied apart:
states aggregated so as to preserve values or dynamics, as in
bisimulation and its relaxations [Li et al., 2006; Dean and
Givan, 1997], and options learned independently of any rep-
resentation [Sutton et al., 1999]. Where the two are com-
bined, the state abstraction typically leads: states are parti-
tioned first, and options are constructed to travel between the
partitions [Abel et al., 2020; Jothimurugan et al., 2021].

We contend the dependence runs the other way. An option
is constrained by the dynamics of the world and the body of
the agent; a state abstraction is something the agent may hy-
pothesise freely, so the constrained should dictate the flexible.
An agent that cannot open a door has no use for a symbol de-
noting whether the door is open. A representation is worth
maintaining exactly when some skill’s success depends on it.

Konidaris et al. [2018] formalise this intuition: given a set
of skills, the symbols required to plan with them are fully
determined—they are the preconditions and effects of the
skills themselves, and can therefore be learned rather than
designed. Our work demonstrates that such symbols can
be acquired autonomously from the agent’s own experience,
grounded in its egocentric observations and attached to the
objects it encounters [James et al., 2020; James et al., 2022];
their most consequential property, portability, is the subject
of Section 5. Further, since the models are symbolic, they are
open to inspection and formal analysis. On physical robots,
we show that learned symbols support the automatic encod-
ing, verification, and repair of reactive tasks [Pacheck et al.,
2023].

Symbols are not the only form an abstract model can take.
Skill graphs point in the same direction, using the struc-
ture of chained options as an abstract state space for plan-
ning [Bagaria et al., 2021]. Our recent work derives the ab-
straction directly from the Bellman equation. Ahmetoglu et
al. [2025] show that, for a given set of skills, abstract states
should represent distributions over ground states, and charac-
terise the conditions under which the resulting abstract MDP
is Markov and approximately model-preserving. This is fur-
ther extended to factored actions and applied in visual do-
mains, including Montezuma’s Revenge. Together with con-
ditions under which planning in the abstract model incurs
only bounded value loss in the original [Rodriguez-Sanchez
and Konidaris, 2024], these results give the agent something
prediction alone cannot: a guarantee that its abstract plans are
grounded in the real world.



5 From One Task to Every Task
The abstractions of the previous two sections are learned
within a task, but the general agent faces an unbounded
stream of them, and Section 2 has already ruled out relearning
from scratch. When the environment changes, what persists
is the agent itself—its body travels with it everywhere—and
the kinds of objects it repeatedly encounters. Abstractions
anchored to these therefore apply in the new setting immedi-
ately. When instead the task changes within the same envi-
ronment, what persists is the world: behaviours learned there
can be kept and, as we will see, composed, so that new tasks
are solved without being learned at all.

5.1 State Abstraction Transfer
On the observation side, this is why our symbols are egocen-
tric and object-centric. James et al. [2020] learn symbolic
representations defined relative to the agent rather than to the
world. As the agent is the one constant across every task it
will ever face, symbols acquired once apply immediately in
the next task. James et al. [2022] attach symbols to object
types instead, so that knowledge acquired about one object
extends to every other of its kind. Neither representation is
complete: the agent must perform some task-specific learn-
ing, much as a person entering an unfamiliar kitchen knows
what kettles and cupboards afford but must look around to
find them. The division between what persists and what must
be relearned is made explicit by Rosen et al. [2023]. In that
work, object-level representations are learned once and car-
ried everywhere, while each new environment demands only
a lightweight semantic map recording where the objects are.

5.2 Action Abstraction Transfer
On the action side, the world value functions of Section 3
were built to transfer, and they can be composed to produce
new behaviours. Compositionality has long been recognised
in special cases [Todorov, 2009; Barreto et al., 2017], and van
Niekerk et al. [2019] show that, in entropy-regularised RL,
optimal value functions for disjunctive task combinations are
obtained zero-shot from the value functions of the constituent
tasks. We extend this to a full Boolean algebra over tasks
[Nangue Tasse et al., 2020]. For tasks M1 and M2,

Q̄M1∨M2
= max

(
Q̄M1

, Q̄M2

)
,

Q̄M1∧M2 = min
(
Q̄M1 , Q̄M2

)
,

Q̄¬M1
=

(
Q̄Msup

+ Q̄Minf

)
− Q̄M1

,

where Msup rewards every goal and Minf rewards none. An
agent with a small basis of learned skills therefore solves any
logical combination of them immediately, and a basis of n
skills yields doubly exponentially many expressible tasks. In
the lifelong setting, each newly learned skill combinatorially
enlarges the set of tasks solvable for free [Nangue Tasse et al.,
2022a], and the results generalise beyond Boolean algebras to
arbitrary lattices over tasks [Nangue Tasse et al., 2025].

Logical composition handles what the agent should
achieve, but not in what order. Temporal structure is typi-
cally specified through reward machines [Toro Icarte et al.,
2018] or linear temporal logic (LTL) [Camacho et al., 2019],

but these specify the problem, not its solution. Our skill ma-
chines [Nangue Tasse et al., 2024] address this by compiling
the specification into a machine whose states index composi-
tions of the agent’s learned skills. Tasks expressed in regular
fragments of LTL can then be provably satisfied zero-shot,
and because the specification is formal, the behaviour can be
verified before execution. Moreover, the specification need
not be written in logic at all: we translate natural-language
instructions into Boolean compositions of the agent’s skills,
using in-context learning refined by the agent’s own RL feed-
back [Cohen et al., 2024], so that tasks specified in English
are solved by composition.

6 Future Work and Conclusion
This paper has presented skills, models, and transfer as a
pipeline, but an autonomous agent must run them as a cycle.
Discovered skills induce a model, and planning in that model
composes the skills into higher-level behaviours, which them-
selves are skills demanding more abstract models still. Ex-
ploration belongs in the loop too: the agent should seek out
precisely the experience its current abstractions cannot ex-
plain. To date, we have built each component in isolation.
The clearest test of the framework is an agent that runs the
cycle on its own, continually.

Several questions remain open. No single formalism fits
every task. PDDL serves deliberative problems well, but
robot football demands something else entirely, so the gen-
eral agent must select or construct the class of abstraction a
problem requires. Among other agents, this may extend to ab-
stractions of others’ goals and beliefs. Abstract states should
factorise into components that can be learned and recombined
independently, but this is harder than it appears. In the su-
pervised learning setting, the representations that emerge are
often governed by accidents of the data, rather than by any
structure the agent cares about [Michlo et al., 2023]. The
deeper goal is factors that are causal—components the agent
can intervene on, not merely observe [Schölkopf et al., 2021].

Even a good model may not be enough. In our MinePlan-
ner benchmark [Hill et al., 2024], an agent equipped with
an object-level model of a large Minecraft world still fails
to plan, because the model represents everything in it. The
agent must decide, for each task, which objects are relevant.
Finally, safety cannot be an afterthought for an agent intended
to do everything. We have shown that unsafe behaviour can
be deterred through the reward alone, by learning the small-
est penalty that provably suffices [Nangue Tasse et al., 2023].
This guarantee holds for a single skill, and our agent com-
poses them, so whether safety holds is an open question.

We began with a tension that cannot be resolved: an agent
general enough to attempt every task is, by that same gener-
ality, unable to learn any single one directly. The programme
surveyed here is one response—learn the skills, derive the
models, and transfer both—so that the cost of a rich sensori-
motor space is paid once and amortised over every task that
follows. The destination has not changed since the field be-
gan: one agent, every task. An agent that constructs its own
abstractions need not drown in its degrees of freedom, and our
results suggest that such an agent is no longer out of reach.
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