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Abstract

Goals play a central role in the study of agentic
behavior. But what is a goal, and how should we
best represent them? The traditional reinforce-
ment learning answer is that all goals are express-
ible as the maximization of future rewards. While
parsimonious, such a definition seems insufficient
when viewed from both the perspective of humans
specifying goals to machines and autotelic agents
that self-propose tasks to explore and learn. We
offer a critical perspective on the distillation of
all goals directly into reward functions. We iden-
tify key features we believe goal representations
ought to have, and then discuss a proposal we
believe meets those considerations. This position
paper argues that to specify human-like problems
and construct agents to pursue them, the basic no-
tion of reward in RL is impoverished and instead
should be augmented by structured and expressive
goal representations.

1. Introduction

The concept of “goals” is central to the study of reinforce-
ment learning (RL) and agentic behavior more generally.
But what is a goal? The traditional answer within the RL
community is that all goals are expressible in an identical
fashion — the maximization of the (discounted) sum of fu-
ture (scalar) rewards (the reward hypothesis, Sutton, 2004).
In this sense, goals are simply preferences over state-action
histories (Bowling et al., 2023). While potentially universal
and parsimonious, such a granular definition seems insuffi-
cient for several reasons.

First, consider training a household cleaning robot through
reinforcement learning. The robot should act safely, with-
out getting stuck, avoid collisions with objects and beings,
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be efficient, and not run out of battery. Instead of rep-
resenting a reward value for each state transition, people
specify and discuss such goals in more abstract and com-
municable terms. How can we create machines that can
learn to achieve goals specified in these more abstract but
intuitive ways? Second, consider the ways that people con-
struct goals for themselves. For instance, children create
playful goals for themselves during play, such as making
a “truck-carrier truck” or “taking my stuffed animals to the
bookstore.” These self-proposed goals help children learn
how to structure problem spaces and search for solutions
(Chu & Schulz, 2020; Lillard, 2015; Andersen et al., 2023).
How can we create agents that propose rich, structured, and
creative goals for themselves, fostering self-guided learn-
ing?

In this paper, we argue the following position: thinking
about goals merely as low-level reward functions to be
maximized is insufficient; instead, for human-like rein-
forcement learning, we should strive for structured and
expressive goals. Instead, we propose a re-imagining of
the role and representation of goals within RL. We argue
that if we want to develop agents that accomplish diverse
tasks across different environments, we need agents that can
propose and pursue rich, structured, and creative goals. Our
proposal draws inspiration from the cognitive science of
how humans think about and create goals. Although several
of the ideas summarized here have important antecedents
in the prior RL (Oudeyer et al., 2007; Colas et al., 2022)
and cognitive science (Molinaro & Collins, 2023; Chu et al.,
2024) literature, we aim to provide a succinct and compact
argument for this cluster of emerging ideas.

2. Key desiderata in the representation of goals

We begin by proposing key desiderata for the representation
of goals in humans and machines: (1) abstraction, (2) tempo-
ral extension, (3) compositionality, and (4) grounding in be-
havior. These are semantic qualities of goals that we believe
goal representations should promote and make accessible to
both goal-proposal mechanisms and goal-pursuing agents.
Representation formats that fail to support these qualities
will struggle to represent the breadth and complexity of
possible goals. We review how existing goal representation
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approaches fare under these properties (Figure 1 summa-
rizes our findings). We focus our discussion on methods
that explicitly present an agent with a goal, such as methods
that leverage target positions (place the agent or manipu-
lator in a particular position, e.g. Plappert et al., 2018) or
image-based observations (match the agent’s observation to
a goal image, e.g. Florensa et al., 2018; Warde-Farley et al.,
2018; Nair et al., 2018). We also discuss language-based
approaches, including ones where the environment specifies
a natural language task (Hill et al., 2019), approaches proce-
durally generating goals from minimal, limited grammars
(Colas et al., 2020; Akakzia et al., 2021), language-based
exploration approaches (Du et al., 2023b), and methods
that use large multimodal models to marry language and
image observations (Rocamonde et al., 2024; Baumli et al.,
2023). We then consider an alternative approach that seems
to meet these desiderata that relies on more explicit, sym-
bolic program representations of goals. Our purpose in this
comparison is to highlight the relative merits of different
representations and stimulate a discussion of how the field
should think about goals.

2.1. Abstraction

Abstraction is a core property of human concept represen-
tations (Murphy, 2004; Hampton, 2003; Yee, 2019). In ad-
dition to concrete and tangible goals, we can also consider
goals at varying levels of abstraction. While the representa-
tion and pursuit of abstract goals have received less attention
(Gollwitzer & Moskowitz, 1996; Chu et al., 2024), there is
evidence people abstractly represent the values of different
options in light of changing goals (De Martino & Cortese,
2023). Human goals can be highly specific, such as stacking
a particular set of blocks on a desk. People can also abstract
away towards a goal like stacking any available object on
any available surface. At the opposite end of the spectrum,
goals can be entirely abstract, such as “do something fun”,
“act safely” or “learn new things.” We consider two sepa-
rate questions regarding abstractions: (1) to what degree do
different goal representations facilitate representing these
types of abstract goals? and (2) to what degree do different
goal representations enable flexibly abstracting components
of a specific goal, such as moving from “stack blue blocks
on the desk” to “stack as many objects as you can?”

Representing abstract goals: Humans can conceive of and
act in accordance with both specific and abstract goals. For
example, a person can aim to reach a desired state (e.g.,
the finish line of a marathon) or more abstract goals (e.g.,
living a healthy lifestyle). Some abstract goals can partly
be mapped onto traditional reward functions. For example,
“be efficient” mapped onto a small per-step penalty, or “be
safe” into a penalty for incapacitation. Such mappings,
however, can be limited. They require researchers to pre-
specify important behaviors and map them onto rewards.

For instance, a penalty for incapacitation might capture
some safety-related objectives but miss other ones. They
might also struggle to generalize between environments,
as an appropriate per-step penalty in one domain might
be extreme in another. Other abstract goals may be more
challenging to map onto rewards (e.g., “help the other agent
but don’t trivialize the task for them”). Fundamentally, this
approach requires researchers to consider edge cases and
map them onto rewards, as opposed to specifying principles
for a system and allowing it to discover how to best embody
them.

Abstracting goal components: Consider an example do-
main of object manipulation using a robotic arm. Any par-
ticular configuration of objects, such as placing the blue
block on the red block, could be specified using a visual
observation (or, for that matter, a symbolic state represen-
tation). If we train a robot to accomplish many different
stacking configurations, we might hope its policy general-
izes to novel ones. However, even if it does, we would not
be able to abstractly specify the goal of stacking any two
objects on each other (or, say, stacking a non-block object
on a block).

Language, of course, offers a way forward. Early ap-
proaches leveraged minimal language-generating grammars
to represent limited goals in specific domains (Colas et al.,
2020; Akakzia et al., 2021). More recently, advancements
in large language models (LLMs) facilitate specifying goals
using the flexibility of natural language. In section subsec-
tion 2.4, we will fully consider the challenge of grounding
a goal representation to identify its achievement; for the
time being, we remark that language-based approaches are
split into two main categories. One class of approaches
leverages environments where state representations are ei-
ther symbolic (facilitating captioning) or include a natural
language component. These include work from Hill et al.
(2019) emitting language instructions from the environment
and language-for-exploration approaches such as ELLM
(Du et al., 2023b) and LMA3 (Colas et al., 2023). A second
class of approaches uses multimodal models to bind between
language and image observations, using VLMs to detect suc-
cess (Du et al., 2023a) or offer rewards (Rocamonde et al.,
2024; Baumli et al., 2023). While these approaches show
great promise and appear to scale well, current work has
not explicitly measured their ability to supervise goals with
specific objects compared to their abstract counterparts.

2.2. Temporal extension

One particular kind of abstraction that merits separate dis-
cussion is abstraction over time. Humans find it natural
to consider goals that require more than a single moment
in time to evaluate and achieve. For example, some goals
might be achieved with a single well-executed action but
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Figure 1. Goal representation comparison under our proposed desiderata. We summarize our observations across four broad
categories of goal representations and several desiderata of goal semantics. Across the several considerations we examine (table rows), we
note that prevailing goal representations (either implicitly encoded to the agent as a reward function or specified as a target observation or
embedding) facilitate goal grounding but struggle with other desiderata. Conversely, goals represented in natural language or as programs
(§2) enable many representational considerations but are substantially harder to ground to behavior.

require longer to evaluate, such as making a basketball trick
shot (“over the second rafter, off the floor, nothing but net”,
as Michael Jordan does in a 1993 McDonald’s commercial).
At the other extreme, human goals may extend over arbitrar-
ily long time horizons; a man in the UK set out to park in
each and every spot in a large parking lot required over six
years to do so (Yuhas, 2021 thanks to Chu et al., 2024). As
the parking lot had 211 spots, naively representing the full
space of previously parked spots would require 22'! states,
an unfathomably large number, and yet we can intuitively
understand and pursue such a goal. If we can represent and
evaluate goals with sequential preferences over arbitrary
time horizons, can we endow artificial agents with a similar
ability?

Goal representations in reinforcement learning, to date, have
largely eschewed this complexity. If we specify a goal
through an observation, e.g. a robotic manipulator posi-
tion or configuration of objects, that format does not enable
temporal extension. While trajectory demonstrations have
long been used for learning (Schaal, 1996) or as specifica-
tions to infer a reward function from (Ng & Russell, 2000),
prior work does not directly specify goals as trajectories.

Similarly, language-based approaches tend to compare a
language-specified goal to an embedding of the current
environment state. As improvements in VLMs facilitate
reasoning over longer contexts, nothing in principle limits
them from being used to offer reward over longer sets of
observations; (Du et al., 2023a) demonstrate this by fine-
tuning Flamingo (Alayrac et al., 2022) to score success on
short clips. In these settings, goals are usually represented
by natural language descriptions — which would also chal-
lenge agents to learn to condition long-term policies on
a single goal description or to generate suitable subgoals
to assist in pursuing the goal. A final class of approaches
explicitly represents temporal tasks. These methods use
temporal logic (Littman et al., 2017; Icarte et al., 2018b;
2022), latent-space subgoals (Fang et al., 2022), or com-
bine both by specifying tasks textually in temporal logic
(Leon et al., 2022). These approaches offer promising tem-
plates for defining extended goals; it is unclear at present if
they also facilitate other desiderata, such as abstraction and
compositional specification.
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2.3. Compositionality

The human ability to compositionally combine concepts to
represent and understand the world around us is well-studied
(Murphy, 2004; Ward, 1994; Frankland & Greene, 2020;
Lake & Baroni, 2023). This compositionality extends to
our goals: once we can set a goal for ourselves like “build a
block tower” and “throw balls onto the desk”, we can extend
this to novel goals like “build a block tower on the desk”
or “throw balls at the block tower.” RL approaches often
evaluate the ability of their agents to learn compositional
policies (e.g., holding out some goal configurations and
evaluating agents on the held-out goals). Here we consider
how goal representations can facilitate the ability to generate
compositional goals as is required for autotelic agents that
learn by creating new tasks for themselves (Colas et al.,
2022; Akakzia et al., 2021).

We begin by examining representing world states, such as
object configurations, through their (usually image-based)
observation. Generating observations that match compo-
sitions is trivial: if we can place the red cube on the blue
cube, and separately the blue cube on the yellow cube, we
can also stack all three cubes. However, systematically com-
posing these combinations is harder; it is unclear how to
compose observations of “red on blue” and “blue on yellow”
to produce an observation that would guide toward “red on
blue on yellow.” The compositionality of natural language
(Goldberg, 2015) facilitates leveraging natural language for
compositional goal descriptions. While natural language
goal representations likely compose well, the ability to de-
tect goal achievement may not be a trivial consequence:
for instance, while SuccessVQA (Du et al., 2023a) detects
goal satisfaction for new agents on old tasks, it falls to
near-chance performance on held-out goals. Logical op-
erations, such as conjunctions and negation, offer another
type of compositional test. While (Hill et al., 2019) demon-
strate compositional generalization to held-out objects, their
language-based approach fails to generalize to negations of
previous instructions; the explicitly logical method proposed
by (Leon et al., 2022) fares better. In summary, composi-
tionality offers three nested challenges: generating compo-
sitional goals, rewarding their achievement, and training
agents to pursue them.

2.4. Grounding in behavior

Human goal representations enable many different types
of processes. For example, people can act instrumentally
toward goals, be it in a model-free fashion or by planning
how to achieve them. They can observe another agent acting
and infer their likely goal (Jara-Ettinger, 2019). They can
also evaluate their own or another agent’s behavior with
respect to a stated goal and identify whether or not and
how successful they are in achieving it. This last ability

is critical to training agents to pursue these goals: if we
cannot ground a goal to behaviors that accomplish it, we
cannot provide a reward signal or other feedback. Therefore,
we evaluate the various goal representations we survey on
how concrete their semantics are, and how much effort is
required to ground them to behaviors.

Image- or single-state-based goals are the most trivial to
ground. If we can generate a state representation or observa-
tion, and define a distance metric over state (or latent) space,
we can reward goals using this metric. While not all dis-
tance metrics and state representations offer an equally good
signal towards goal achievement (Akella et al., 2023), some
representations even allow interpolating in latent space to
plan toward a goal (Eysenbach et al., 2024). Grounding
language-based goals depends on both the environment and
the complexity of the goal. With environments that admit a
language state description, grounding can be implemented
as a similarity comparison between embeddings of the state
and goal without additional engineering efforts. Symbolic
states allow hard-coding a state captioning system; (Du et al.,
2023b) offer evidence that agents using a hard-coded cap-
tioner fare better than those using a learned one, indicating
that caption quality can be a bottleneck. Environments us-
ing visual observations and language goals use multimodal
models to align between the modalities. These approaches
appear to benefit from increasing model scale (Rocamonde
et al., 2024; Baumli et al., 2023), but how such approaches
fare with increasingly elaborate goals is an open question;
evidence from video-based tasks suggests models’ ability
to reason about complex queries over long videos remains
limited compared to humans’ (Rawal et al., 2024).

3. Program representations of goals

Given these desiderata, we consider another approach
to representing goals, by treating them as symbolic pro-
grams. Specifically, we examine a proposal to model human
goal generation as synthesizing reward-producing programs
(Davidson et al., 2025). These are symbolic programs explic-
itly representing goal semantics, supporting compositional
recombination, that are interpretable to detect partial or com-
plete goal achievement. Goals have long been implicitly
specified to agents using programs as the reward functions
implemented in artificial simulation environments. Here, we
consider explicitly endowing agents with access to symbolic
program goal representations. We consider programs under
the set of desiderata surveyed above and then discuss several
implications.

3.1. Goal program desiderata

Abstraction: Abstracting within components of programs
is rather natural. Taking as an example the LISP-like syntax
adopted by (Davidson et al., 2025), modifying a goal to act
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over different objects requires modifying a variable decla-
ration, as objects are referenced via variable quantification.
Abstracting a goal to a superordinate relation might require
further modification; but as programs explicitly denote se-
mantics, defining a grammar that facilitates abstraction is
achievable.

Temporal extension: (stateful) program representations
could encode goals with arbitrarily long time horizons. For
instance, the representation used by (Davidson et al., 2025)
is interpreted into a state machine that then acts as a reward
function, inspired by reward machines (Icarte et al., 2018a;
2022). Such programs have not yet been used to train agents,
though, leaving the question open of how to best embed
them as goals on which to condition an agent’s behavior.

Compositionality: Programs are naturally compositional
to the extent defined by their syntax—program-based ap-
proaches trivially allow combining multiple reward signals
(e.g. Eureka and Dr. Eureka’s (Ma et al., 2023; 2024b)
generated reward functions), and the program goals gener-
ated by Davidson et al. (2025) allow composing separate
preferences to structure an overall goal.

Grounding in behavior: Grounding programs depends
on the environment’s state representation and the nature
of the programs. For example, Eureka and Dr. Eureka
generate Python reward functions (and do not require a cus-
tom interpreter) and operate directly on environment states
(aided by inspecting environment source code). At the other
end, (Davidson et al., 2025) implemented a custom inter-
preter to parse their domain-specific language into state
machines, which also operate over symbolic state represen-
tations. Grounding is simplified by approaches that interpret
into the same language used to specify environments, and
by symbolic states; conversely, if an environment does not
admit a symbolic representation at all, grounding programs
to it may be challenging.

3.2. Goal programs and goal-conditioned policies

One key property separating some of the approaches re-
viewed in this paper from others is whether or not the agent’s
policy is goal-conditioned. We view this distinction as cru-
cial because to condition the policy on a goal, it needs to be
represented in a suitable fashion (usually as an embedding
in some high-dimensional space). This naturally encourages
representations that either match the observations the agent
learns to embed as they interact with the environment, or
textual observations embeddable using a language model.
Program-based goals (implemented by reward functions)
have been used in non-goal-conditioned settings by the Eu-
reka family of methods, and more broadly, every simulated
environment requires specifying a function to compute re-
ward. Conversely, no prior works embedded a goal program
in a manner that enables an agent to condition its policy on

the program, and it is unclear if single embeddings would
fully capture the rich semantics of programs.

3.3. The agent-environment boundary and the many
uses of goal representations

The goal-conditioning distinction relates to the broader ques-
tion of where to draw the agent-environment boundary. A
narrow view of a reinforcement learning agent is one where
the agent’s only interaction with the concept of a goal is
through the environment-defined reward function. Introduc-
ing explicit goals to the agent has several benefits. Goal-
conditioned agents allow learning a single policy capable of
pursuing distinct goals, hopefully facilitating generalization
to novel goals with minimal further learning. Agents may
also propose their own goals to better explore their envi-
ronment and develop baseline skills, as proposed in Colas
et al.’s (2022) autotelic framework.

Our desiderata for goal representations are motivated in part
by the many ways in which people use their goal represen-
tations. We can use a goal to guide our behavior or to plan
toward achieving it. We can also attempt to infer another
agent’s goal from watching them behave (not unlike inverse
RL), or evaluate an agent’s progress toward a known goal
(playing the part of a success detector or reward function).
From the perspective of reinforcement learning, perhaps the
agent-environment boundary also passes somewhere within
the human mind, and we can consider the RL agent to only
model the policy learning aspect (which may be neurally
separate from other aspects of decision-making, see Niv,
2009, for a review). However, if we are interested in build-
ing agents that can propose and pursue their own goals and
maybe even infer ours and assist us in solving them, we
should consider how to represent goals in a manner that
facilitates these separate yet related skills.

4. Alternative Views

We argue the position that thinking about goals merely as
low-level reward functions to be maximized is insufficient;
instead, for human-like reinforcement learning, we should
strive for structured and expressive goals. Below, we enu-
merate three alternative viewpoints in the literature, discuss
their principles, and address the merits of our position with
respect to them.

4.1. Reward is all you need

View: This viewpoint is often summarized by Sutton’s re-
ward hypothesis: “all of what we mean by goals and pur-
poses can be well thought of as maximization of the ex-
pected value of the cumulative sum of a received reward
signal” (2004). As a central dogma in the field of rein-
forcement learning (Abel et al., 2024), this hypothesis has
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spawned a long line of work attempting to formalize and sit-
uate it. Silver et al. (2021) argue that “reward is enough” to
explain intelligence; that is, what we consider intelligent be-
havior can arise from maximizing some (unknown) reward
signal. Comparing this perspective to McCarthy’s definition
of “intelligence is the computational part of the ability to
achieve goals in the world” 2007 suggests this mapping
between achieving goals and maximizing rewards. Bowling
et al. (2023) formalize this claim and offer conditions un-
der which they prove a correspondence between “goals and
purposes” (formulated as preferences over finite histories)
and reward functions. They also offer an interpretation of
the von Neumann Morgenstern utility axioms (Von Neu-
mann & Morgenstern, 2007): briefly, that goals should be
complete (induce some relation between them), transitive,
independent, and continuous (Bowling et al., 2023). Under
these conditions, they can map between preference relations
over histories (“‘goals”) and Markovian reward functions.
Under this viewpoint, rather than formulating explicit goals
for agents, reinforcement learning practitioners should en-
code them as components of the reward function and apply
standard reinforcement learning techniques to maximize the
expected return.

Response: We offer two perceived limitations to this per-
spective. At a high level, while the reward-oriented ap-
proach suggests all goals are encodable as reward function,
it offers little insight into how a researcher or practitioner
would go about representing a goal or compressing multiple
ones as such a function. In practice, this often becomes a
complex, arduous reward engineering process. Consider,
for instance, the Sophy agent designed for the Gran Tur-
ismo series of racing games (Wurman et al., 2022). In the
Methods section, the authors describe a “hand-tuned lin-
ear combination of reward components,” each component
carefully engineered, with different weightings for some en-
vironments — which was likely quite an arduous endeavor.
Fundamentally, the insight that goals can be represented as
rewards offers nothing beyond the lack of impossibility; ev-
erything else is left as an exercise for the practitioner. More
specifically, it is not hard to conceive of realistic scenarios
in which one or more of the assumptions above are unreal-
istic. Goals might not be independent; accomplishing one
might entail something about the desirability of another. A
single person’s specified goals may be transitive, but com-
bining the objectives of multiple individuals may induce
non-transitivity. Skalse & Abate (2023) enumerate several
other shortcomings in Markovian rewards in multi-objective
settings, risk-sensitive problems, and situations involving
modal or temporal logic.

We also note that our position does not advocate discard-
ing the formalism of the reward function. First, we view
goals as complementary mechanisms, for instance, enabling
the agent to propose their own objectives in exploring the

environment (Colas et al., 2022). Second, most goal for-
mulations end up translating goals into a reward-generating
function of some sort, such as the reward machines proposed
by Icarte et al. (2018a) or language-based exploration ap-
proaches such as LMA3 (Colas et al., 2023) or ELLM (Du
et al., 2023b). Our position advocates for maintaining goals
as a structured and expressive level of abstraction between
specifications of desired behaviors and their encoding as
scalar rewards.

4.2. Sufficiency of observation/state-based goals

View: Most approaches to goal-conditioned reinforcement
learning operationalize goals as environment states to reach
(formally, treating a goal as a binary function over states
g €G:8—{0,1}) or, in visual domains, as target obser-
vations to attain. This approach has natural connections to
the options framework (Sutton et al., 1999) and hierarchical
RL (Schmidhuber, 1991; Konidaris & Barto, 2009). A core
challenge this problem must address is the sparsity induced
by goals as binary indicators. One approach is to assume the
existence of a researcher-crafted dense reward function (e.g.,
Plappert et al., 2018). However, viewing goals as states or
observations enables converting distance metrics over em-
beddings of these quantities into dense reward functions,
where the reward is inversely proportional to the distance
(Hartikainen et al., 2019; Tian et al., 2020). This transforms
the reward engineering endeavor into an embedding and
metric learning problem, substantially more suitable for the
standard machine learning toolkit. Recent approaches draw
a connection between goal-conditioned and contrastive re-
inforcement learning (Eysenbach et al., 2022) and leverage
it successfully learn goal-conditioned policies even in the
single-goal setting (Liu et al., 2024). Under this viewpoint,
if state- and observation-based goals work so well, why
must we induce the complexity of language, programs, or
other goal representations?

Response: We outlined the limitations we perceive of such
approaches in section 2. We view states and observations as
sufficient to represent a particular category of goals, and as
a representation that facilitates grounding, but one that lacks
several desirable properties. However, these representations
are not mutually exclusive. It may be far more natural to
represent a particular configuration of objects or position
of a high-dimensional robotic manipulator as an image (or,
for that matter, a configuration vector) than a string of text.
Simultaneously, other constraints over the policy may be
far easier to express programmatically or linguistically. We
hope that future work explores the relative merits of these
representational forms and how to combine them to achieve
the best of both worlds.
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4.3. Code-based environment and reward generation

View: While not explicitly a contrasting viewpoint, a recent
line of work leverages programs and code generation not
as an approach to represent or generate goals but as one to
produce reward functions or entire environments. Eureka
(Ma et al., 2023) and Dr. Eureka (Ma et al., 2024b) con-
struct reward functions and domain randomization settings
and use those to train agents in a family of simulation en-
vironments to facilitate sim-to-real transfer. Other recent
approaches combine vision, using VLMs to provide both
reward functions and recognize failure modes (Duan et al.,
2024), and evolutionary methods, combining genetic pro-
gramming with a language model to generate families of
reward function (Hazra et al., 2024). Furthermore, code-
generation language models facilitate unsupervised envi-
ronment design (Dennis et al., 2020), with methods such
as Eurekaverse (Liang et al., 2024) and OMNI-EPIC (Fal-
dor et al., 2024) co-evolving agents and their environments.
If these approaches enable using programs to train agents
across environments, why do we need to introduce the com-
plexity of goals?

Response: As in our response in subsection 4.2, we view
these advances as complementary rather than contradictory.
The advantages of goal-conditioned policies in pursuing
multiple tasks and changing behavior based on (goal) in-
formation external to the environment are applicable even
when we can generate entire environments de novo in code.
A second consideration is the desire to use goal representa-
tions beyond planning and goal-based policies. As discussed
briefly in subsection 3.3, to a human, there are many uses of
a representation of a goal, such as assessing progress toward
it, planning to achieve it, inferring it from the behavior of
another agent, and so forth. Richer goal representations may
help agents in goal inference (inverse RL) and in learning
to assist us in pursuing our inferred goals.

5. Discussion

We offer an argument to revisit the role and representation of
goals in reinforcement learning. We present several desider-
ata for goal representations, inspired by the many functions
of goals in human cognition, and review how current RL
methods fare under these considerations. We then discuss
a recent proposal to explicitly represent goals as symbolic,
evaluable programs and situate it with respect to the agent-
environment boundary question. We conclude with a few
discussion points:

We chose to highlight a specific set of desiderata, which we
do not view as all-encompassing. We hope this work fos-
ters a discussion about what representational properties help
construct effective goals. For instance, communication is an-
other key property of goals that might be particularly crucial

in multi-agent or human-machine collaboration settings. An-
other desirable quality might be the ability to generate goals
to maximize a more generalized information-seeking princi-
ple, such as learning progress or empowerment—though it
remains to be seen if this is a property of the goal represen-
tation or the goal-generating algorithm.

We note that representing abstract goals to agents remains
an open challenge. One path to scale up manually imple-
mented auxiliary rewards is to build on approaches such as
Eureka and Dr. Eureka (Ma et al., 2023; 2024b), which use
LLMs to synthesize task-specific reward functions (coupled
with safety-related instructions). Programs, which naturally
offer abstraction mechanisms, offer one alternative toward
explicitly specifying abstract goals to agents. Another way
forward might come from AI alignment research, which
develops methods to impart desired behaviors to LLMs. For
instance, constitutional Al (Bai et al., 2022) tries to improve
the ability of models to act following a set of principles;
however, developing the supervision signal over agent in-
teractions in arbitrary environments, as opposed to textual
LLM outputs, may require substantial work.

If we propose sequential preferences over temporally ex-
tended goals as a desirable property, how does that interact
with the Markov assumption? A state representation that
incorporates physical information about a single moment in
time may not suffice to reason about temporal goals. Con-
sider the challenge of making a shot “over the second rafter,
off the floor, nothing but net.” We could detect each of these
conditions as they happen (e.g., the ball is over a particular
rafter), but we could not define this goal as a reward function
over singular moments. While this specific goal might be
resolved by treating a short time horizon as the state, we be-
lieve that for any (finite) horizon, we could construct a goal
requiring reasoning beyond it. However, for any temporally
extended goal, we envision there exists some auxiliary state
construction that transforms the goal to be Markovian, in
line with the reward machines proposed by (Icarte et al.,
2018a). We highlight two open questions. First, how can
these approaches be married to goal-conditioned RL to train
agents to construct and solve many such goals? Second,
what can we learn about solving temporally extended goals
from human cognition? Do people construct task-specific
MDPs, or how else do we pursue such behavior?

A current discussion of reinforcement learning would be in-
complete without a mention of reinforcement learning from
human feedback (RLHF, Ziegler et al., 2019). The success
of RLHF (and its many follow-up RL-based approaches to
language model post-training) in unlocking diverse and valu-
able behaviors from language models may imply that goals
are unnecessary or that they can be inferred directly from the
binary preferences people provide. As we mention in sub-
section 4.1, a single reward function is insufficient to capture
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diverse preferences, an issue that has also been observed and
explored in language model alignment (Chakraborty et al.,
2024). Other recent approaches also attempt to go beyond
a single universal reward function, either personalizing the
reward model (Park et al., 2024) or incorporating a varia-
tional element to represent different annotators providing
preferences (Poddar et al., 2024). However, personalization
should go beyond the individual to the specific context of
the interaction; for instance, one might prefer thorough an-
swers to historical questions but limited text in response to
code problems. A natural approach would be to infer the
user’s intent (or perhaps their goal) from the interaction and
use an explicit representation of their goal to guide further
behavior (see, e.g., Ma et al., 2024a for a study of LLM goal
inference). One recent effort by Hahn et al. (2024) explicitly
represents uncertainty over a user query in a belief graph
and conditioned further interaction on this representation;
future work should explore if similar approaches transfer to
other domains and study the extent to which these generated
representations are faithful to latent inferences made by the
model.

Finally, although we draw inspiration from human psychol-
ogy, we note that psychology, too, offers limited definitions
of goals. The goals are prevalent in psychological research
(Dweck, 1992; Austin & Vancouver, 1996), having been
studied from perspectives such as motivation (Hyland, 1988;
Eccles & Wigfield, 2002; Brown, 2007), personality and so-
cial psychology (Fishbach & Ferguson, 2007; Pervin, 2015),
and learning and decision making (Moskowitz & Grant,
2009; Molinaro & Collins, 2023; Chu et al., 2024). For all
these efforts, goals are often discussed without a technical
definition. When one is provided, it is often vague or sim-
plified, for example, defining goals as future objects to be
approached or avoided (Elliot & Fryer, 2008). Future work
should strive to reconcile the richness of goals and goal-
directed behavior and the narrow scope of the definitions
offered.
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