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Humans are remarkable in their ability to quickly learn
to perform complex tasks. Reinforcement learning (RL)
has long been proposed as a model of human learning,
and while leading machine RLmodels have surpassed
human expertise at many classic board games and
video games, they require vast experience to learn
successfully—none of today’s algorithms accounts for
humans’ ability to learn so many different tasks so
quickly. We study human learning on 90 simple
yet challenging video games, showing how people
learn most games within a few minutes. To explain
this behaviour, we propose a strong form of model‑
based RL, which we call theory‑based RL, because
it uses cognitively grounded intuitive theories—rich,
abstract, causal representations of objects, agents
and their interactions—to explore and model an
environment and plan effectively to achieve goals.
We instantiate the approach in an agent called EMPA
(the exploring, modelling and planning agent). EMPA
matches human learning efficiency, generalizing ro‑
bustly to new game situations and levels, as humans
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do, and exhibiting similar exploration and learning dynamics. Our work points the way for
future efforts to build more detailed behavioural models as well as more human‑like learning
of complex tasks in artificial intelligence systems.
This article is part of the theme issue ‘World models in natural and artificial intelligence’.

1. Introduction
Games have long served as microcosms through which to compare the flexibility and speed of
human and machine learners. Simple video games are particularly revealing: while model‑free
reinforcement learning (RL) systems inspired by basic animal learning processes [1–4] can learn
to play many classic video games with a relatively simple neural policy network [5–12], humans
learn much more quickly and generalize far more broadly [13]. Human players can reach a com‑
petent level of play—scoring much better than a random policy and making significant progress
that generalizes to many game board variations—in just a few minutes or a handful of episodes
of play [13]. Model‑free RL systems require tens or even hundreds of hours of play to reach the
same level [7,12]. Even after reaching apparent mastery of a game, RL systems fail to generalize
to even small variations of the game board or its dynamics [14].

Our goal here is to develop a computational account of how humans learn so efficiently and
generalize so robustly. We seek to capture learning as we see it in humans, modelling the trajec‑
tories people show from the beginning to the end of learning a complex task such as a new video
game. To do this, we start from the knowledge that humans bring to these tasks: flexible but pow‑
erful inductive biases—a priori preferences for some hypotheses over others—that are the product
of evolution, development and culture, which can be deployed to learn quickly even in environ‑
ments very different from their prior experience at the level of pixels or raw observations. The
games we use in this study are designed to reflect key structural properties of real‑world learning
tasks: sparse and delayed reward, relational object dynamics and compositional goals that often
require sequential subgoals to be achieved.

Our approach can be seen as a particularly strong form of model‑based RL [15]—one that
combines learnt symbolic dynamics models with structured planning and exploration objectives
grounded in prior domain knowledge, rather than learning arbitrary transition functions from
scratch. The broader idea of model‑based RL has a long history in both human and machine
learning [14,16–42], but as of yet there have been no proposals for how to capture human‑level
learning in complex tasks. In cognitive neuroscience, model‑based RL has primarily been studied
in simple laboratory tasks consisting of a small number of sequential decisions [43–45], where the
algorithms and representations that are most successful do not directly transfer to the muchmore
complex tasks posed by video games or the real world. In artificial intelligence (AI), model‑based
RL approaches are an active area of current neural network research and have the potential for
greater sample efficiency relative to model‑free systems [39–42]. But these approaches do not at‑
tempt to capture human inductive biases and are therefore still far from achieving human‑level
learning trajectories in most games.

We refer to our approach as theory‑based RL, because it represents a solution to a standard
RL task of taking actions to maximize cumulative reward, but one that explicitly attempts to
incorporate ways in which humans, from early childhood, are deeply guided by intuitive the‑
ories in how they learn and act—how they explore the world, model its causal structure and use
thesemodels to plan actions that achieve their goals [21–23,46,47]. Exploration stems from theory‑
based curiosity, an intrinsic motivation to know the causal relations at work in the world and to
take actions directed to reveal those causes [20,48–51]. Causal model learning can be formalized
as Bayesian inference over probabilistic generative models [52], guided by priors based on intu‑
itive theories—especially core knowledge representations dating to infancy that carve the world

Downloaded from http://royalsocietypublishing.org/rsta/article-pdf/doi/10.1098/rsta.2024.0529/6137905/rsta.2024.0529.pdf
by guest
on 14 May 2026



3

royalsocietypublishing.org/rsta
Phil.Trans.R.Soc.A

384:
20240529

.............................................................................................................

into a natural ontology of objects, physics, agents and goals [17–19,53]. Planning exploits intu‑
itive theories to constrain the search over an otherwise intractably large space of possible action
sequences; knowing which future states are worth thinking further about helps even young chil‑
dren guide their search for effective actions and explanations [54,55]. All of these learning and
reasoning abilities build on foundational perceptual capacities present from early infancy for de‑
tecting, tracking and individuating objects and events, across space and time, from vision and
other sensory streams [16,53]. To illustrate, in one of our games (‘Bait’), players must push boxes
into holes to reach a key—inferring that holes are impassable, that boxes can fill holes and that
the key enables progress. EMPA (the exploring, modelling, planning agent) uses its theory‑based
exploration and planning mechanisms to discover this through structured interaction and model
building.

We embody this general theory‑based RL approach in a specific architecture that learns to
solve new game tasks, which we call EMPA (figure 1). We directly compare EMPA and alternative
modelswith humans on a new large‑scale behavioural dataset (available for download alongwith
example videos of human and EMPAgame play at https://github.com/tsividis/Theory‑based‑RL).
The data consist of video game play from 300 human participants distributed across a set of 90
challenging games inspired by (and some directly drawn from) the General Video‑Game AI (GV‑
GAI) competition [56]. These games vary in ways that mirror real‑world tasks: some require fast
reactive play, while others require problem‑solving with non‑trivial exploration and long‑range
planning, and most feature very sparse rewards. Perceptually, these games are extremely simple:
all objects are by default the same size and shape and can be represented effectively as ‘super
pixels’ varying only in colour and location. This allows us to focus on the fundamental cognitive
challenges of exploring, modelling and planning, rather than additionally explaining humans’
ability to perceive in two‑dimensional environments. People typically learn to play these games
and generalize across levels in just a fewminutes, or several hundred in‑game steps—where each
step corresponds to a discrete action taken by the agent or human player (figure 2). By compari‑
son, as we show below, conventional deep RL algorithms typically take many thousands of steps
to reach comparable performance on these games and often fail to solve even a single game level
after hundreds of thousands of steps. EMPA aims to close this gap.

2. Learning, exploration and planning
EMPA interacts with the environment in a continuous cycle of exploring, modelling, planning
and acting. It receives structured symbolic input extracted from the game state—including object
classes, positions and discrete interactions—rather than raw pixels. These symbolic states form
the input to all components of the agent. The modelling component learns symbolic program‑like
descriptions of game dynamics, including types of entities, causal laws governing the interaction
between entities and win and loss conditions, as well as other sources of positive or negative re‑
wards. Learnt models support the simulation of future states conditioned on a current (real or
imagined) game state and the agent’s actions. The planning component searches efficiently for
plans that achieve goals, guided by theory‑based heuristics that decompose win and loss condi‑
tions into reachable subgoals and goal gradients that reward steps towards those subgoals. The
exploring component generates theory‑guided exploratory goals for the planner, so that the agent
most efficiently generates the data needed to learn a game’s causal interactions and win or loss
conditions. The electronic supplementary material, figure S1, illustrates how these components
allow the agent to learn dynamics models rapidly, even in games that pose severe exploration
challenges, and to immediately generalize plans to win new game levels, even with substantially
different object layouts compared with those encountered during initial learning.

Tomake EMPA’s architecturemore concrete, consider how it solves the game Frogs (electronic
supplementary material, figure S1). The agent begins with minimal knowledge of the environ‑
ment but generates exploratory goals based on novelty and uncertainty—such as reaching an
unfamiliar object across a river. It uses a symbolic model to track object identities, locations and
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Figure 1. Schematic of the EMPA architecture. EMPA takes as input a symbolic description of the environment state, specified
in terms of objects, their locations and the interactions that occur between them—all derived from the game’s internal state
rather than raw pixels (see Methods). Bayesian inference scores candidate environment models (𝜃) on their ability to explain
observed state sequences. Theory-based curiosity generates exploratory goals. The planner decomposes exploratory and win-
related goals into subgoals and goal gradients and uses this hierarchical decomposition to effectively find high-value actions
for EMPA to take in the game environment.

simple contact interactions once they are observed (e.g. touching water causes loss; standing on
logs prevents drowning). As it explores, EMPA incrementally learns the game’s causal structure—
discovering, for instance, that it can jump from log to log to reach the far bank, while staying safe
from the dangerous water. Using its learnt model, EMPA performs symbolic planning to simulate
candidate action sequences and select those likely to satisfy its current goals. In Frogs, this leads
EMPA to coordinate a multi‑step traversal across the river purely to test object interactions—a
behaviour rarely seen in stochastic agents. The same planning and exploration mechanisms then
allow EMPA to reach the win condition efficiently once the necessary steps are discovered.

EMPA integrates learning, planning and exploration in a unified framework, where each com‑
ponent is implemented using relatively simple, manually selected mechanisms. Planning is per‑
formed via best‑first search over symbolic states, with search depth and memory limits chosen
heuristically to balance efficiency and tractability (see Methods). Exploration is goal‑directed,
relying on structured novelty and expected information gain to prioritize interactions likely to
improve themodel. Learning occurs through incremental updates to a symbolic representation of
dynamics, based on observed object interactions during gameplay. These choices were not tuned
to individual games but reflected general principles expected to support rapid structure discovery
in new environments.

Implementing EMPA requiresmany detailed technical choices (seeMethods and the electronic
supplementarymaterial, EMPA implementation), but herewe focus on the key ideas behind each of
the components. The models learnt by EMPA are object‑oriented, relational and compositional.
They can be thought of as a projection of core intuitive theories (which allow infants to learn
so rapidly about the real world) onto the virtual world of video games. Specifically, we repre‑
sent models using a subset of the video game description language (VGDL; [57]), a lightweight
language for games in which all the GVGAI games are written (see examples in the electronic
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Figure 2. Humans (green) learn new games in a matter of minutes (corresponding to a few 100 steps, each taking 0.43 s on
average), and EMPA (blue) closely matches human learning curves in these andmany other games. Each dot shows the cumu-
lative number of unique levels won at each point in time by an individual instance of each agent type (individual human or
run of model); lines show smoothed scores from individual runs. Learning efficiency, 𝜅levels =

levels completed

levels in game
× levels completed

steps to completion
,

compactly summarizes each agent‘s performance over the indicated range of experience (10 000 game steps for ‘Avoidgeorge’,
1000 for the remaining games).

supplementary material, figure S2). A VGDL description of a game specifies the appearance and
basic properties of all objects, which manifest as causal constraints on their dynamic properties:
whether they move by default and in what directions, how quickly they move, what their goals
are and so on. Interaction rules specify the outcomes of contact events between pairs of objects as
a function of their classes; these rules encompass natural concepts such as pushing, destroying,
picking up and so forth. Finally, termination conditions specify when a game is won or lost. These
transition dynamics, together with a description of the game’s initial state, completely specify a
given game world.

EMPA scores models according to a Bayesian criterion, with a hypothesis space correspond‑
ing to a restricted but still vast space of possible VGDL descriptions: for example, if we restrict
to games with only 10 unique classes of entities, there are over 3.6 × 1037 possible VGDL descrip‑
tions or games that could be learnt. The posterior probability of a specific game description 𝜃
conditioned on observed game states s and actions a is

p(𝜃 ∣ s0∶T, a0∶T−1) ∝ p(s0∶T ∣ 𝜃, a0∶T−1) p(𝜃). (2.1)

The likelihood function, p(s0∶T ∣ 𝜃, a0∶T−1), can be decomposed as

p(s0∶T ∣ 𝜃, a0∶T−1) = p(s0)
T∏

t=1
p(stG ∣ 𝜃G, s

t
S, s

t
I)p(s

t
I ∣ 𝜃I, s

t−1, at−1)p(stS ∣ 𝜃S, s
t−1, at−1), (2.2)
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which is a factorization of the state into goals, interaction events and non‑interacting objects, re‑
spectively. Here, SG refers to the part of the state representing termination status (e.g. win/loss
conditions), SI to object–object interaction events (typically involving contact or collisions) and
SS to the motion of independently moving objects not involved in interactions. These correspond
to distinct components of the agent’s model and allow modular learning and prediction. Further
implementation details can be found in §7.

EMPA’s exploration component implements a theory‑based notion of curiosity that integrates
its learning and planning functions, as the agent seeks to observe events that are most informative
about unknown aspects of its hypothesis space. These exploratory goals can be formalized as a
proxy reward function maximizing expected information gain [58,59]. Because of the nature of
the models, the most informative events are always agent–object and object–object interactions
for classes of objects that have not previously been observed in contact (see examples in the elec‑
tronic supplementary material, figure S1). To determine these, the agent tracks a sparse count
matrix of object pairings and actions and selects combinations it has not yet observed as candi‑
date exploration goals. The agent thus explicitly makes plans whose goals are to produce these
events. Crucially, this sense of curiosity is not myopic; EMPA often generates long‑range plans
whose sole purpose is to generate informative interactions that would be highly unlikely to occur
by chance. For example, in Frogs (electronic supplementary material, figure S1), the agent crosses
a dangerous river just to test interactions with previously unseen objects, despite no immediate
reward. This enables EMPA to solve games that are highly challenging for traditional stochastic
exploration methods.

EMPA’s planner (see Methods for full description) uses the maximum posterior probability
model as a simulator to imagine future states conditioned on candidate actions, searching a tree
of future states to find high‑value action sequences. Sparse external rewards are a fundamen‑
tal challenge for RL agents; instead of relying solely on external rewards, EMPA assigns several
kinds of imagined theory‑generated rewards to imagined states. Treating exploration as a first‑
class goal, alongside winning, is one such theory‑generated reward. EMPA also uses its domain
theory to automatically decompose goals into easier‑to‑achieve subgoals, generated each time
counts of objects thought to be relevant to winning are incremented or decremented, as well as
goal gradients that help the planner move towards objects thought to be desirable and away from
objects thought to be dangerous. To give a familiar example of how these concepts play out in
real life, consider a task for an agent (human or robot) of watering all the plants in a room with‑
out slipping on the floor, such that the agent receives reward from the environment only upon
completion of the entire task. The agent’s goal may be formalized as making the number of un‑
watered plants equal to zero while avoiding contact with any puddle; a subgoal would then be to
water a single unwatered plant, and a goal gradient would incentivize it to approach the nearest
unwatered plant while staying as far as possible from puddles.

EMPAcombines these terms in a single theory‑generated reward function summing these three
quantities,V(s, 𝜃) =RG(s, 𝜃) + RSG(s, 𝜃) + RGG(s, 𝜃) (for goals, subgoals and goal gradients, respec‑
tively),which can be applied to every environment, in all states s the agent encounters or imagines,
for any model 𝜃 it currently considers most likely. EMPA’s ability to auto‑generate these rewards
in terms of its abstract goal‑based concepts, defined using the same description language as the
agent’smodel learning and exploration, leads to a planner that effectively understands the agent’s
environments in a deep and generalizable way, and that is sufficiently powerful to find plans for
most environments and tasks by simple best‑first search through the space of imagined trajecto‑
ries. The planner is also aided by iterative width (IW) pruning of insufficiently novel states from
the search tree [60,61] and several different search modes specialized for different time scales of
planning. A meta‑controller manages decisions about whether to continue executing the current
plan or search for a new one, as well as which planning mode to use. These decisions are gov‑
erned by a small set of common‑sense heuristics, based on the current game state, predicted state
trajectory andmodel confidence.While these heuristics were not learnt, they approximate reason‑
able choices that could, in principle, be optimized or formalized further. The meta‑controller calls
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for long‑term planning with deeper search trees when the environment is stable and predictable
(e.g. when there are few stochastic objects in the game), short‑term planning with shallower trees
when the environment is rapidly changing or less predictable, and ‘stall’ planning when other
modes have failed to return satisfactory plans.

3. Evaluating EMPA and alternatives versus human learners
We compared people and EMPA on a suite of 90 games (see Methods for human experimental
procedures and a summary of the games; see the electronic supplementary material GVGAI and
variant game descriptions for detailed descriptions of all games). We also tested a number of ab‑
lated versions of EMPA, designed to highlight the relative contributions of its modules, and two
leading deep RL baselines, Double DQN (DDQN) [7] and Rainbow [12]. Deep RL methods pro‑
vide a valuable comparison point for our work as they represent the class of most successful and
actively developed RL agents on video‑game tasks. We focus on DDQN, in particular, because it
is a simple and widely known variant of DQN, the original deep RL system for playing classic
(Atari) video games; we also evaluate Rainbow, a method designed to combine the best features
of DDQN and other DQN variants.

Unlike deep RL agents, EMPA receives symbolic input: a structured representation of the game
state in terms of objects, their properties and locations. This choice reflects our goal of modelling
the cognitive mechanisms that support human‑level learning—not of matching deep RL agents
on perceptual inputs. Humans do not learn new tasks from pixels alone: they rapidly parse their
environment into meaningful components like objects, agents and interactions. By assuming a
similar structured input format, we isolate and evaluate the contributions of our core ingredients:
modelling, exploration and planning. Symbolic input enables this focus but does not trivialize
the problem—EMPA still must infer causal dynamics, explore efficiently and construct multi‑step
plans to win unfamiliar games.

We did not compare with deep RL agents operating over symbolic inputs, as this is not the
context in which such models are designed to function. Their architectures are specifically tuned
to process raw perceptual data, and adapting them to structured inputs would require signifi‑
cant re‑engineering and extensive tuning—likely degrading performance rather than improving
it. More importantly, our goal is not to match deep RL agents input‑for‑input, but to isolate and
study the learning mechanisms that enable human‑level efficiency: causal modelling, structured
exploration and forward planning.

Our primary criterion for comparing humans and models is learning efficiency, which reflects
both depth and speed of learning: Howmany levels of a game does an agent win, and howmuch
in‑game experience does it require in order to progress through these levels? Learning curves
show intuitively that EMPA matches human learning efficiency across most games (figure 2;
all 90 games are shown in the electronic supplementary material, figures S3 and S4). To more
quantitatively compare human and model performance, we define a learning efficiency metric,
𝜅levels =

levels completed
levels in game

× levels completed
steps to completion

, a product of two terms measuring the degree to which
a task is completed and the data efficiency with which it is accomplished. On balance, EMPA
matches human learning efficiency according to this metric: it is sometimes better and sometimes
worse, but almost always (on 79 out of 90 games) within an order of magnitude (0.1× to 10×) of
human performance (figure 3). By contrast, DDQN almost always progresses much more slowly
than humans: it is more than 100× less efficient on 67 out of 90 games, more than 1000× worse
on 45 out of 90 games and over 10 000× worse on 22 out of 90 games. Rainbow, despite using
a more sophisticated exploration policy [62] and being significantly more sample efficient than
DDQN on Atari [12], performs no better on average here (figure 4). This is likely in part due to
the fact that humans generally complete our tasks within 1000 actions, which is well within the
margin during which both DDQN and Rainbow (and indeed all deep RL algorithms) are still
exploring randomly. The fact that DDQN and Rainbow learn orders of magnitude more slowly
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Figure 3. Across 90 games, EMPA achieves comparable learning efficiency to humans, outperforming them on roughly two-
thirds of games and underperforming them on roughly a third, but is almost always within an order of magnitude (0.1–10×)
of human performance. Shown in blue are mean scores and bootstrapped approximate 95% confidence intervals for 10 runs
of EMPA on each game (adjusted in two games for sampling edge effects; see Methods for details). Shown in grey squares and
red triangles are learning efficiencies for multiple runs of DDQN and Rainbow, respectively.

than humans should thus not be surprising: they are not designedwith the objective of learning as
quickly as possible. But this comparison does illustrate starkly the value of EMPA’s more cogni‑
tively grounded cognitive capacities—a thousandfold gain in learning efficiency relative to these
models and a close match to human learning speeds.

Although our game tasks are relatively simple, their goals and dynamics vary considerably
in ways that reflect the complexity and variability of tasks humans solve in the real world. For
instance, in Bait (figure 2, top left), the player must push boxes into holes in the ground in order
to clear a path to a key that unlocks the exit. EMPA learns as fast as the median human, solving
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Figure4. Ablations to EMPA’s exploration (purple) or planningmodules (yellow, turquoise andgreen) degrade the agent’s abil-
ity to win many games, producing comparable failure rates to DDQN and suggesting that non-trivial exploration and planning
abilities are a significant component of humans’ ability to quickly perform well across many tasks. Each dot shows the perfor-
mance of EMPA (y-axis) versus a comparisonmodel (x-axis) on a given game. Line segments show 25th–75th percentiles (with
medians marked by a central hash); dashed lines show 10th–90th percentiles; diamonds show geometric means.

all five levels in fewer than 1000 steps; DDQN wins the first level as fast as humans do, but takes
250 000 steps to solve the first two levels and fails to solve the rest within the allotted 1 million
steps (see the electronic supplementarymaterial, figure S4). In Zelda (topmiddle), the playermust
also reach an exit that only opens once the player has obtained a key, but here the player has to
complete this task while avoiding rapidly moving, dangerous creatures. Humans and EMPA can
solve this game within 500 steps, whereas DDQN takes 100 000 steps to win four levels and fails
to reach the fifth in 1 million steps. A variant of the game (Zelda 1) that requires the player to pick
up three keys before reaching the door is roughly equally challenging for humans and EMPA,
who can win all levels within 2000 steps, but is far more challenging for DDQN—it takes 800 000
steps to reach the third level and never progresses beyond it, despite the similarity of the variant
to the original. In Butterflies (top right), the player must catch randomlymoving butterflies before
they touch all the cocoons on the screen. EMPA performs as well as the best humans, winning all
five levels within 1000 steps. DDQN solves the first four levels in as few as 20 000 steps, which is
relatively fast compared with its performance on other games. However, it fails to solve the last
level within 1 million steps, due to a subtle variation in the obstacle geometry that is fatal for the
network’s learnt policy but poses no problem to EMPA’s or humans’ model‑based planning.

The modular nature of EMPA allows us to ablate different components and thereby gain in‑
sight into their relative contributions to the full system’s success across our suite of games (see
Methods for details). We compare full EMPA with variants in which planning heuristics are re‑
moved in differentways, aswell aswith versions inwhich exploration heuristics are replacedwith
stochastic exploration policies. We also compare against deep RL baselines: standard DDQN and
Rainbow agents, trained either with the same limited sample budget as humans and EMPA (10k
frames), or to convergence (1M frames; see Methods for details). Many games pose significant
exploration challenges, requiring an agent to traverse a complex sequence of intermediate states
(e.g. pick up a key to open a door, cross a road filled with dangerous moving cars or push several
boxes into holes) in order to reach a state where the game’s win conditions can be discovered.
Such traversals are highly unlikely to occur by chance, and thus EMPA ablations that replace
theory‑based exploration strategies with 𝜖‑greedy exploration—essentially reducing exploration
to stochastic exhaustive search—degrade performance onmost games and cause catastrophic fail‑
ure in others (figure 4). Likewise, ablations to any of EMPA’s theory‑based heuristics for planning
(subgoal and goal gradient theory‑generated rewards, or IWpruning) cause the system to perform
worse in general, and in some games lead the planner to fail to discover solutions to even a single
level within the allotted compute budget (24 h CPU time per game). Many games challenge the
ablated planners for the same underlying reason that they challenge exploration: when multiple
subgoals must be reached in a specific sequence before any reward is received, successful plans
are hard to discover by a simple model‑predictive search.
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The ablated versions of EMPA still often outperform deep RL agents, despite lacking the
agent’s full exploration or planning strategies. This is because each ablation still retains critical
cognitive ingredients that deep RL lacks. The exploration ablation still learns a structured, sym‑
bolic dynamics model and uses it to plan effectively—but explores using a stochastic policy. The
planning ablation, by contrast, retains directed, theory‑based exploration—but executes it using
only shallow or greedy search. Both ablations can simulate future states and rapidly infer causal
rules, constraining learning to a structured, low‑dimensional hypothesis space. These capacities
allow even partial versions of EMPA to generalize and act effectively in new tasks, far beyond
what deep RL agents can achieve under similar conditions.

4. Fine-grained analysis of learning and exploring behaviour
EMPA matches humans not only in its learning efficiency but also in the fine‑grained structure
of its behaviour (figure 5A). While the specifics of effective agent trajectories vary greatly across
games as a function of their object dynamics and layouts, humans and EMPA share consistent
similarities: they generate short, direct paths to specific objects, in both ‘explore’ and ‘exploit’
phases of learning a new task, reflecting efficient plans to reach objects with potential (epistemic)
or known (instrumental) value. By contrast, DDQN’s stochastic exploration and slow learning
generate behaviour that is much more diffuse and often restricted to a small subset of possible
game board locations for long intervals (figure 5B). Unlike DDQN, human and EMPA trajectories
are more efficient in later levels than previous ones (figure 5B) as they move from exploring the
properties of new objects to exploiting their learnt models in order to win the game.

There are also significant differences between EMPA and humans, which in some cases lead to
differences in behaviour. EMPA is able to move faster than most humans do and can thus more
easily win in situations that require fast coordination. On the other hand, EMPA has weaker pri‑
ors on higher level aspects of games, leading it to sometimes be more exploratory (and slower to
win) than humans: for instance, EMPA does not know that games almost always have exactly one
win condition, so after finding one way to win a game, it may continue to explore new ways of
winning, whereas humans tend to win more efficiently by exploiting a single already‑knownwin
condition. Empirically, these differences tend to balance out and produce similar qualitative and
quantitative behaviour, particularly when comparing EMPA and human performance with that
of conventional deep RL agents.

In order to quantitatively compare EMPA’s exploration, learning and planning with human
behaviour, we classified objects across 78 games as ‘positive’ (directly results in a win), ‘instru‑
mental’ (indirectly results in a win, e.g. a key that is needed to open the door), ‘negative’ (directly
results in a loss) or ‘neutral’ (none of the above). We then coded how much time humans and
model agents spent interacting with each class of objects. Across games, EMPA’s profile of object
interactions closely tracks the human profile (figure 5C), matching the distribution of interactions
better than DDQN does, particularly in slow‑paced games in which only the agent moves (see
the electronic supplementary material, figure S5). DDQN spends the greatest proportion of its
time interacting with neutral objects (e.g. walls), as these are most numerous across all games and
therefore will be collided with frequently as a result of DDQN’s random‑exploration policy. By
contrast, humans and EMPAdisplaymuchmore focused exploration that targets contact with ob‑
ject instances of unknown type as well as pairwise objects between other objects of unknown type
(e.g. seeing what happens if it pushes a ‘boulder’ into a ‘hole’); once these interactions are learnt,
further contact occurs only if an object is positive or instrumental (implicated inwin‑related goals,
as in a key needed to open a door), or neutral and on the path to a win, or if contact is unavoidable
given the constraints of the game state. This behaviour reflects a kind of structured ‘explore/ex‑
ploit’ behaviour, where early game play is characterized primarily by exploration and later play
is characterized by exploitation of learnt rules and additional exploration when it is opportune.

In the real world, humans (and many other animals) learn quickly when a class of objects is
dangerous and avoid them whenever possible. In our games, too, people typically interact with
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Figure5. (A) Representative behaviour traces of individual humanandEMPAplayers showqualitative similarities across awide
range of games. Heatmaps show the time spent by each agent in each location of the game board for a given level, normalized
by that agent’s total experience on that level. Yellow indicates the most-visited locations; dark purple locations are not visited.
(B) Humans and EMPA produce more diffuse trajectories during initial levels of games and more targeted behaviour in subse-
quent levels, once dynamics are known. (C) EMPA and humans interact with objects of different types in similar proportions;
shown here are distributions of agent interactions with objects classified as ‘positive’, ‘instrumental’, ‘neutral’ and ‘negative’, for
18 representative games. (D) Humans and EMPA learn quickly from interactions with items that result in immediate loss and
interact with such objects very few times.
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objects that result in immediate loss only a handful of times across all episodes (figure 5D). EMPA
behaves similarly and slightly more efficiently because of its rapid model‑building and planning
capacities, its strong assumption of causal determinism and its perfect memory and action exe‑
cution: as soon as an object type is discovered to be dangerous, the planner avoids that object if
possible. By contrast, DDQN typically interacts hundreds or thousands of times with deadly ob‑
jects before it learns to avoid them (figure 5D).We do not currently analyse how these interactions
change over time, but this remains a potential direction for deeper comparison.

5. Learning with an impoverished theory: extending EMPA to classic Atari
games

Humans are able to succeed in a wide range of real‑world environments despite having at best
noisy, approximate internal models of physical dynamics [47,63,64]. By contrast, EMPA’s hy‑
pothesis space (expressed in VGDL) can almost perfectly explain the dynamics of each of the
environments (also expressed in VGDL) it encounters. This success raises the question of whether
the principles of theory‑based RL can generalize more broadly to environments outside of the
agent’s explicit hypothesis space.

To examine this question, we also test our approach on a small set of Atari gameswhose under‑
lying dynamics are notwritten inVGDLor any similar language. The agent requiresmodifications
to its learning component to support a more general state description and transition model, and
to its exploring and planning components to support greater robustness to model–environment
mismatch. As in the GVGAI experiments, it receives symbolic perceptual inputs; see Methods for
a detailed description. We test the agent on five classic Atari games—Breakout, Carnival, Free‑
way, Pong and Space Invaders—and compare its performance with that of humans, Rainbow,
EfficientZero ([65]; a leading model‑based deep RL agent 500 times more sample‑efficient than
the original DQN), and a random policy. Across all five of the Atari games we studied, humans
learn efficiently and effectively: they quickly outperform random play, and they reach reasonable
scores within 6 min of game play (21K game frames, taking an action on average every 0.32 s). In
four out of the five games (Breakout, Carnival, Pong and Space Invaders), EMPA’s rapid learn‑
ing efficiency is competitive with that of humans (figure 6; see also the electronic supplementary
material, table S1). Performance improves at a similar rate and trajectory over the first 21K steps,
reaching amean score at 21K steps that is at least 75%of themean human score (and indeed higher
than the mean human score in two of the four games), and with a distribution of scores (figure 6)
and learning efficiencies (electronic supplementary material, table S1) that significantly overlaps
the human distribution in all four games. By contrast, the most efficient deep RL methods are not
statistically distinguishable from randomplay, in either score distributions or learning efficiencies
(figure 6 and the electronic supplementary material, table S1; see also figure S9 for two alternative
and reinforcing analyses of comparative learning performance).

The last game—Freeway—poses unique challenges for all models. Despite its visual simplic‑
ity, it requires precise timing, long‑horizon planning and effective exploration in a sparse‑reward
setting. Reward is granted only upon successfully crossing multiple traffic lanes and collisions—
which are frequent—resetting progress without causing a loss or decrementing the score. Both
deep RL agents and EMPA struggle in this setting, with the deep RL agents failing to score a
single point across all runs. EMPA, while learning much faster than deep RL, still performs sig‑
nificantly below human levels due to a modelling failure: the core interaction in the game—being
hit by a car—falls outside EMPA’s hypothesis space. Instead of causing local, intuitive effects
after being hit horizontally (e.g. death, horizontal displacement), a collision results in the agent
being transported vertically downwards. This effect violates EMPA’s assumptions about causal
structure. As a result, the agent repeatedly mispredicts the consequences of collisions, leading to
failed plans and frequent replanning.While humans can flexibly adapt to such dynamics, EMPA’s
strong inductive biases—typically an asset—become a liability in this environment.
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Figure 6. Comparison of humans, EMPA, deep RL and a randompolicy, learning to play five Atari games over 21K game frames
(approx. 6min of real-time play). EMPA’s rapid learning efficiency is competitive with that of humans. Lines show themeans of
each model’s maximum score at each point in time, averaged over multiple seeds. Shaded regions indicate approximate 95%
confidence intervals.

EMPA succeeds at these tasks because after some exploration of each game, it learns a roughly
accurate model of its environment. However, EMPA’s model of these environments is not perfect
(see the ‘Model‑environment mismatch in Atari’ section in the electronic supplementary mate‑
rial for details on how it is unable to model the precise dynamics of each of the five games).
As a result, the error of the agent’s predictions increases from the time of any given prediction,
reaching a mean error as high as 40 pixels per moving object after just 10 action steps on Pong
(electronic supplementary material, figure S10A). These modelling mistakes, of varying magni‑
tude and consequence, occur regardless of EMPA’s experience—cumulative error throughout
each game accumulates linearlywith experience (electronic supplementarymaterial, figure S10B).
Still, EMPA is able to perform well by replanning when its prediction error crosses a threshold;
usually, it only executes the first few steps of a plan before choosing to re‑plan. Its predictions are
good enough within this short time frame to allow it to reach human‑level learning efficiency on
most games and to far exceed state‑of‑the‑art deep RL baselines.

6. Discussion
A long‑standing goal of both cognitive science and AI has been to build models that capture not
only what humans learn but how they learn. Humans’ ability to learn efficiently and generalize
flexibly has been a particularly important aspiration, and our work represents a first step in this
direction by achieving human‑level learning efficiency in a large set of simple but challenging
and widely varying video‑game tasks. Our work achieves this by incorporating inductive biases
in the agent’s model learning and exploration goals that directly implement proposals from com‑
putational cognitive science: model learning based on Bayesian priors, a hypothesis space based
on objects, agents, physics, goals and causal determinism; exploration centred on pairwise inter‑
actions between objects and agents and a planner that takes advantage of the learnt model. The
assumptions of causal determinism and uniformity that enable humans and EMPA to learn so
quickly—assuming that interactions always produce the same effects, and objects of a given class
have the same causal powers—are powerful and pervasive; even young children have these biases
[66,67]. However, adults and children can also handle stochastic object interactions. EMPA could
be extended to do so as well, using a Dirichlet prior to model transitions and resampling multiple
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transitions in the planner before choosing the plan with the highest expected reward. EMPA’s ex‑
plorationmodulewould need to be extended along the same lines to observe interactionsmultiple
times before considering an interaction ‘learnt’.

Our findings complement other recent work on theory‑based RL [68–70]. Using a smaller set
of VGDL games, one study [69] catalogued broad classes of human semantic and syntactic biases
that can be incorporated probabilistically into a game‑playing agent; in this work, we more ex‑
plicitly elaborate on the ‘core’ nature of human inductive biases as well as the way these biases
inform exploration and planning to explain rapid learning in complex environments. Another
study [70], using functional magnetic resonance imaging (fMRI), reported neural signals associ‑
ated with theory representation and updating that consistently tracked the mental events posited
by EMPA. Taken together, these studies support our central claim that human learning of com‑
plex tasks is best explained by theory‑based learning, modelling and planning. We note that our
work is not intended to provide an account of humans’ ability to learn continually, throughout
life, from a single stream of experience—EMPA does not generalize from one game to the next,
though extensions of the model could achieve this.

EMPA is also not directly fit to human behaviour, but its modular structure and symbolic
representations make it a natural candidate for doing so. In future work, one could optimize
components of EMPA—such as its exploration priorities, planning heuristics or model priors—to
best fit individual human learning trajectories, enabling more traditional model comparison ap‑
proaches. EMPA could also be extended to better capture human‑specific constraints on planning
and learning. This might involve modelling attentional bottlenecks, memory limitations or indi‑
vidual differences in inductive biases and exploration strategies. Such extensions would enable
more fine‑grained comparisons with human learning behaviour across tasks and trajectories.

In the real world, humans are able to succeed in a wide range of real‑world environments
despite having at best noisy, approximate internal models of physical dynamics [47,63,64]. By
contrast, EMPA’s hypothesis space (expressed in VGDL) can almost perfectly explain the dynam‑
ics of each of the environments (also expressed in VGDL) it encounters. This success raises the
question of whether the principles of theory‑based RL can generalize more broadly to environ‑
ments outside of the agent’s explicit hypothesis space. To examine this question, we tested our
approach on a small set of Atari games whose underlying dynamics are not written in VGDL or
any similar language. A modified version of EMPA was able to perform at human levels on five
Atari games despite being unable to perfectly model the environments, suggesting the general‑
ity of the theory‑based approach and the potential for extensions of the modelling approach to
explain human behaviour in increasingly complex learning settings.

EMPA relies on the fact that the state space over which it operates is decomposed symbolically.
Relaxing this assumption such that the challenge is to operate on a purely pixel‑based environ‑
ment requires modifying EMPA’s inference procedure so that it can find the symbolic model that
best explains the agent’s non‑symbolic sensory stream. The most direct way to accomplish this is
hierarchically: inferring objects from pixels; inferring events from objects and inferring transition
models from events and objects. The model presented in learning with an impoverished theory: ex‑
tending EMPA to classic Atari games uses a version of this decomposed inference procedure, and
we believe a more robust system could be built with a more significant engineering effort.

The fact that our agent uses a certain kind of model‑based planner—a system for action selec‑
tion that can directly and immediately exploit the agent’s learnt model of objects in the environ‑
ment and their interactions, and that takes exploration as an explicit goal—is both crucial to its
success and grounded in cognitive science [68,71]. However, most specific choices made in imple‑
menting such a planner are not core aspects of our proposal; an investigation of the efficiency of
the internal processing characteristics of EMPA and the comparison models and their relation to
human thinking, whether measured in CPU time or power consumption, would be beyond our
scope and methods. The planner incorporates a number of features that lead to increased com‑
putational efficiency and generality, relative to previous planners for video‑game tasks, which
allow it to solve all our tasks with a uniform compute budget. We view several of these features
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as cognitively inspired, such as the combination of long‑term, short‑term and ‘stall’ modes, the
meta‑controller for switching between these modes and certain heuristics for planning around
risky (unpredictable and dangerous) objects. These features represent potentially interesting hy‑
potheses about how humans might think or plan efficiently that could be investigated in future
work and tested against other successful planning methods [60,61,72,73].

Humans learn at least as much from others’ experiences as from their own: in the domain of
video games, watching an experienced player or reading instructions supports evenmore efficient
learning about game dynamics or strategy than playing on one’s own [13,74]. Additional recent
work [75] uses the VGDL paradigm to address how humans accumulate knowledge across gen‑
erations, showing that human learning trajectories when learning from each other with limited
individual experience closely mirror the trajectories of individuals learning alone with unlim‑
ited attempts. Most intriguingly, humans can use their learnt models to achieve completely novel
goals outside of those incentivized during training—an important aspect of children’s play more
generally that shows up specifically in how children approach video games [46]. For instance, a
child might adopt the goal of losing (rather than winning) as quickly as possible, or of spending
as much time as possible on a certain object without dying, or of teaching somebody else how the
gameworks by touching each type of object exactly once. EMPA could be extended to play games
in these ways as well, as its architecture makes it easy to specify arbitrary theory‑generated goals
for the planner.

In attempting to shed light on the inductive biases that make human learning so powerful, we
were inspired by earlier model‑based RL approaches based on object‑oriented Markov decision
processes (MDPs; [76]), relational MDPs [27] and probabilistic relational rules [28,29]. Our work
more generally shares threads with recent methods that learn dynamics models giving objects,
parts and physics first‑class status [14,31], with methods that attempt more implicit unstructured
model learning, including Bayesian RL [33–38,77], and methods that guide exploration by using
language abstractions [78–80]. We go beyond such approaches by using explicit representations
of physics, agents, events and goals more directly inspired by human psychology [16–20,48–
51,54,55,68], and by exploiting these inductive biases in each of the three main components of
our agent—exploration, modelling and planning.

Despite our demonstration of the value of building in strong inductive biases, however, we
do not mean to suggest that computational approaches with less built‑in structure could not be
developed to achieve similar performance. On the contrary, we hope that our work will inspire
other computational modellers and AI researchers to set this degree of rapid learning and gener‑
alization as their target and to explore how to incorporate—whether through deep model‑based
learning [39–42], meta‑learning [81–84], simulated evolution [85], program synthesis [86–88] or
hybrid neuro‑symbolic or variational‑Bayes object‑centric architectures [89–94]—inductive biases
like those we have built into our model. While our comparisons in VGDL focus on canonical
model‑free agents, newer sample‑efficient deep RL models (e.g. EfficientZero, Dreamer v. 3 [95])
could also be evaluated on pixel‑based renderings of these environments. We suspect that these
models would show similar patterns of behaviour to what we observed with EfficientZero on
Atari, but, nevertheless, view this as a valuable direction for future benchmarking. We expect that
any system that eventuallymatches human‑level learning in games or any space of complex novel
tasks will exhibit—or at least greatly benefit from—a decomposition of the problem into learning
and planning, and from inductive biases, theory‑based exploration, planning mechanisms like
those of EMPA and humans. Where this prior knowledge ultimately comes from in human be‑
ings, and to what extent it can be acquired by machines learning purely from experience or is
better built in by reverse engineering what we learn from studying humans, remain outstanding
questions for future work.
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7. Methods

(a) Games and human behavioural procedures
Games were generated from a core set of 27 games, 17 drawn from the GVGAI competition [56]
and 10 in a similar style that we designed. Each game comprised 4–6 levels, where different levels
of a game use the same object types and dynamics but require different solutions due to their
different layouts (board sizes, object counts and object configurations). For each of these 27 base
games, we generated 1–4 variant games by altering different game features, such as the kinds
of objects present, object dynamics and the game’s win or loss conditions. Humans found these
variants as interesting and challenging to play as they did the core set of games, and the games
we designed did not significantly differ from the GVGAI‑provided games in difficulty (electronic
supplementary material, figure S6). All 90 games are described in the electronic supplementary
material, GVGAI and variant game descriptions.

Three hundred human participants were recruited through Amazon Mechanical Turk and
were paid $3.50 plus a bonus of up to $1.00 depending on their cumulative performance across all
the games they played. Prior to playing the games, participants were given very minimal instruc‑
tions: they were told that they should try to figure out how each game worked in order to play
well, and that they could use the arrow keys and the space bar to play each game. For further
details of our behavioural procedures, see the electronic supplementary material, Experimental
procedures.

All games can be played online, using a Chrome browser, at http://pedrotsividis.com/vgdl‑
games/.

(b) Model learning: representation
EMPA builds models of each game environment using a subset of the VGDL [57]. VGDL specifies
an environment in terms of three components corresponding to core aspects of human intuitive
theories [46,96]:

Objects are a description of the appearance and basic properties of the different object classes
in the game. These properties all manifest as causal constraints on the dynamic properties of the
objects: whether they move by default, how and how often they move, whether they have sim‑
ple goals (chasing or avoiding other objects) and if so, what those goals are. One object class is
always the ‘avatar’, representing and controlled by the player. We call the set of these properties
the dynamic type of each object. At every time step, VGDL uses the dynamic type to calculate pro‑
posed positions for each object. If the proposed positions are empty, the objects move into those
positions. If they do not, VGDL handles the resulting collisions by looking at the rules specified
in the Interactions.

Interactions are a list of rules that specify how pairs of objects interact to produce events. These
events correspond to intuitively natural action concepts, such as pushing, destroying or picking
up. All state changes beyond the movement patterns specified in the object‑class descriptions are
caused by these events. In turn, events are caused only by contact (collision) between objects.

For the sake of simplicity, EMPA only considers the following interaction types:
stepBack, bounceForward, reverseDirection, turnAround, wrapAround, pullWithIt, undoAll,
collectResource, changeResource, changeScore, teleport, clone, destroy and transform, but
could easily be extended to learn additional interaction types and thus model a far greater space
of games.

Termination conditions are a specification of the win and loss conditions for a game. We restrict
our scope to games that are won or lost when counts of particular objects on the screen reach zero
(e.g. WIN IF count(BLUE)==0).

A VGDL description can also be thought of as procedurally specifying aMDP consisting of the
initial state of the game board, a transition function that specifies how the state evolves between
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successive time steps (conditioned on the player’s actions) and a reward function. The state at
any time can be described by the object instances, their classes and locations; the avatar’s internal
state (the agentState), which tracks a set of resources the player has access to (e.g. health levels,
or items carried) and any events occurring between pairs of objects that are participating in col‑
lisions at that time step. It is useful to decompose this state s into sI, which refers to the pairs of
objects that are participating in events as well as the nature of those events; sS, which refers to the
remaining objects and sG, which refers to the win/loss/continue status of the environment. For
the purposes of learning, we assume that the state space is fully observed.

Our concrete task is to learn a distribution over the set of possible VGDL models, Θ, that best
explains an observed sequence of frames of gameplay. The agent does not store sequences of
gameplay in memory across levels—instead, it simply maintains and updates its approximation
of a distribution over possible models. For clarity, we decompose a particular model 𝜃 into three
components corresponding to the objects (sometimes referred to as sprites), 𝜃S, interactions, 𝜃I,
and termination conditions (or the agent’s ultimate goals), 𝜃G.

The SpriteSet, 𝜃S, consists of dynamic type definitions for each unique object class in the game.
For a given class c, its definition is a vector 𝜃Sc assigning values to each of the parameters needed
to fully describe a VGDL sprite (see [57] for these complete descriptions). One of these parameters
(vgdlType) always encodes the abstract type of the object, which places high‑level constraints on
its behaviour: whether it canmove on its own or not, and if it can, whether it is an agent with chas‑
ing or avoidance goals, a random agent or a projectile. The remaining parameters specify details
of the object’s behaviour, such as its speed and orientation. The positions of sprites are updated
at each step using simple programs that describe their behaviour. For example,

— nextPos(Missile, speed = 2, orientation = Right, pos=(x,y)) = (x + 2, y)
— nextPos(Random, speed = 1, pos=(x,y)) = random.choice([(x,y), (x + 1,y),

(x − 1,y), (x,y + 1), (x,y − 1)]).

These programs imply a distribution over next positions for any given parametrization; we use
this distribution to calculate per‑object likelihoods as explained in the electronic supplementary
material, EMPA implementation (equation (7.2)).

The InteractionSet, 𝜃I, consists of rules, one or more for each pair of object classes, specify‑
ing the effects of those classes’ interactions (see the electronic supplementary material, EMPA
implementation, for further details).

The TerminationSet, 𝜃G, consists of termination rules, G, each of which causes the episode to
end (transition to a win or loss state) if some condition ismet; if no termination conditions aremet,
the episode continues. For simplicity, EMPA only attempts to learn termination conditions that
can be expressed in terms of the count of objects in a given class equalling zero. This class of goals
can capture the win and loss conditions of almost all games (for instance, the agent loses when the
number of avatars goes to zero, or wins when the number of goal flags goes to zero), and reflects
a standard abstract state feature in generalized planning [97,98]; it can easily be generalized if
necessary.

(c) Model learning: Bayesian inference
The posterior probability of a model after a sequence of time steps, 1 ∶ T, is p(𝜃 ∣ s0∶T, a0∶T−1) ∝
p(s0∶T ∣ 𝜃, a0∶T−1) p(𝜃). For simplicity, we use a uniform prior over theories. We present the me‑
chanics of our inference procedure in the electronic supplementary material, EMPA implementa‑
tion.

(d) Exploration
EMPA’s exploration module works by setting epistemic goals for the planner, to observe the
data most needed to resolve the learner’s model uncertainty. Because the agent’s knowledge is
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encoded in a posterior distribution over a hypothesis space of simulatable models, an optimal
exploration strategy could search over agent trajectories and select ones that, over some time
horizon, maximize expected information gain (EIG; [58,59]) with respect to the agent’s model
posterior. However, the dynamic types of objects, 𝜃S, can be quickly learnt by observation and
do not need to be explicit targets of exploration; only the interaction rules 𝜃I and termination
conditions 𝜃G depend on the agent’s actions.

Because of the object‑oriented, relational nature of the model space, the uniform prior over
interactions, the assumption that objects’ interactions are determined completely by their classes,
and the form of the likelihood function in equation (7.1) in the electronic supplementary mate‑
rial, seeing the events that occur after just one collision between objects of a given pair of classes
cj, ck is highly informative about that pair’s interaction rules, for all models 𝜃 in the hypothe‑
sis space. The module, therefore, sets exploratory goals of generating interactions between every
pair of classes whose interactions have not yet been observed. In addition, because interactions
between the avatar and other objects can vary as a function of the agentState, exploratory goals
between the avatar and other objects are reset when the agentState changes (see the electronic
supplementary material, figure S1, for an example).

Because of the likelihood function for termination conditions in equation (2.2) in the electronic
supplementary material, the only states that are informative about termination rules for any hy‑
pothesis are ones where count(cj) == 0 for some class cj. When the model learns that the count
of some class can be reduced, it sets reducing its count to zero as an exploratory goal that allows
it to learn about 𝜃G.

The initially large number of exploratory goals decreases as the model learns more about the
game. At all points in the game, the planner mediates between exploratory goals and win‑related
goals as explained below.

(e) Planning: overview
The goal of the EMPA planner is to return high‑value action sequences, together with the states
predicted to obtain after each action. The details of the planner are cognitively inspired and were
critical in building a working model of human behaviour in our tasks, but they do not consti‑
tute core claims on our part about how, exactly, people plan; we leave a detailed investigation
of the heuristics with which people plan for future work. The EMPA planner takes as input a
model, 𝜃, and state, s, and searches action sequences using the procedure detailed in the electronic
supplementary material, algorithm 1, EMPA implementation. Once a plan is found, it is executed
until completion, or until the world state diverges sufficiently from the predicted state, in which
case EMPA re‑plans. We explain prediction‑error monitoring and re‑planning in the electronic
supplementary material.

In order to plan efficiently in games with sparse rewards, EMPA evaluates plans in a hierar‑
chical manner, with three distinct levels of representation: goals, subgoals and goal gradients.

Goals correspond to the fulfilment of known and hypothesized termination conditions, as well
as to the fulfilment of contact goals specified by the explorationmodule. For example, if the agent’s
highest probability theory posits that the game is won by eliminating all objects of class cj (e.g. the
goal is to pick up all the diamonds), the planner will set as a goal count(cj) == 0. Alternatively,
before the agent has experienced any interactionswith objects in cj, the explorationmodulewould
set contact with any object of class cj as a goal: contact(avatar, cj). The planner treats both ex‑
ploration and win/loss goals equally, greedily fulfilling whichever it finds first. Exploration goals
are active throughout the game, as long as they have not been fulfilled; often, the agent will be
able to win all levels of a game without having explored every possible object therein.

Subgoals represent partial progress towards termination goals. Since all termination goals spec‑
ify conditions on the size of a set of objects in a certain class (of the form, |cj|=N), subgoals are
defined to be any change in the number of instances of a relevant class that moves in the desired
direction relative to the current game state. For example, if the agent currently has a goal to pick
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up all diamonds, then any state that decreases the number of diamonds on the game board counts
as fulfilling a subgoal.

Goal gradients represent preferences for states that are spatially closer to achieving a subgoal,
computed based on the distances between pairs of objects in classes that are relevant to the agent’s
current goals. In our running example, a goal gradient expresses a preference for any action that
moves the agent closer to the nearest diamond. But a goal gradient could also express a preference
for bringing an object of one class closer to the nearest object of another class, if the agent has an
exploratory goal to observe an interaction between those two classes. Goal gradients have 1% the
weight of subgoals; they serve to guide the planner to more effectively explore physical paths and
to prefer short paths over long ones. All goal gradients have the same weight regardless of the
object type they are applied to.

Goals, subgoals and goal gradients are used both to define theory‑generated rewards, supple‑
menting the very sparse environmental reward structure, and to define the planner’s completion
criteria.

(f) Planning: theory-generated rewards
The agent’s theory‑generated reward function is a sum of the goal reward, subgoal reward and
goal gradient reward: V(s, 𝜃) =RG(s, 𝜃) + RSG(s, 𝜃) + RGG(s, 𝜃).

Goal reward.All planner modes return a plan if a goal state is reached, and they stop searching
states that stem from loss states, so Rg(s, 𝜃) is effectively∞ for Win states, −∞ for Loss states and
0 otherwise.

Subgoal reward. By contrast, subgoal rewards only cause the short‑termplanner to return a plan,
but they drive all planners’ theory‑generated rewards. Taking advantage of the fact that all ter‑
mination goals specify conditions of the form |cj|=N, states are penalized proportional to their
distance from object‑count goals. Specifically, the subgoal reward for a state s is

RSG(s, 𝜃) = 𝜌
∑

g∈𝜃G

Ngc − |c(g)|

|c(g)|2
(−1)𝟙[g=Win], (7.1)

where Ngc is the class count specified by g and |c(g)| is the actual class count in the state, of the
class specified in g. 𝜌 calibrates the relative value of subgoal reward to a goal gradient reward
(explained below); we use 𝜌= 100.

Goal gradient reward. The numeric subgoal reward operates at the abstract level of object counts.
Changes in this quantity are too sparse to guide search on their own, so the planner uses ‘goal
gradients’ to score states at a lower level of abstraction by maximizing

RGG(s, 𝜃) =
∑

g∈𝜃G

dmin
(
c′(g), c(g)

)

|c(g)|2
(−1)𝟙[g=Win], (7.2)

where c′(g) refers to the class (if one exists) that candestroy items of class c(g), and dmin(cj, ck) refers
to the distance between the most proximal instances of classes cj and ck. This biases the agent to
seek proximity between objects that need to be destroyed and the objects that can destroy those
objects, and vice versa for objects that need to be preserved.

The specifics of the goal gradients (that is, which particular objects to approach, avoid, ignore
and so on) are generated by the planner within each game by analysing EMPA’s highest prob‑
ability model. For example, if the highest probability model has ‘the agent wins if there are 0
diamonds on the screen’ as a (paraphrased) termination condition, the planner finds all classes
that, according to the model, can remove diamonds from the screen and gives high value to states
in which such objects are near diamonds. More generally, if the highest probability model has
|cj|= 0 as a win condition for some class, cj, the planner finds all classes ck that the model believes
can destroy cj and generates goal gradients as specified above. This simply involves finding all
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the ck in rules (cj, ck, 𝜉) in which the affected class is cj and the predicate, 𝜉, is one of destroy,
pickUp, transformTo.

In principle, theory‑generated rewards could be combined in various ways; our decision to
sum them is one of convenience, rather than a claim about how humans plan. In terms of engi‑
neering, the critical factor is that goals contribute much more to the sum than do subgoals, which
in turn contribute much more to the sum than do goal gradients. Similarly, equations (7.1) and
(7.2) could be parametrized differently without changing the result, as long as they express the
planner’s general principles: ‘prefer states in which the number of goal objects is closer to the de‑
sired number of goal objects’, and ‘prefer states in which objects that should collide are nearer to
one another’.

In addition to these goal‑gradient heuristics, the planner adopts several special ways of treat‑
ing resources and projectiles that are not strictly necessary, but are helpful given the use of a
restricted planning budget (see the electronic supplementary material, EMPA implementation).

Data accessibility. All behavioural and simulation data reported in this study are available at https://github.com
/tsividis/Theory‑based‑RL.
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