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Planning
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2Department of Computer Science, University of Tübingen, Tübingen, Germany

Abstract

Planning requires significant cognitive effort, as it involves con-
structing and evaluating numerous potential futures. A key
method to simplify planning is the grouping of sequences of
actions into cohesive units—often referred to as action chunk-
ing. While studies confirm the existence of action chunking
in human planning, we explore chunking as a learning process
across multiple tasks with different statistical properties. To that
end, we ran a large-scale preregistered study using the Lightbot
navigation paradigm, in which we manipulated the underlying
statistical properties of the planning tasks. We found that the
majority of participants adapted their chunking behaviour to
match the environment’s statistical properties by either learn-
ing to use the action chunk that is optimal given these statisti-
cal properties or a subsequence thereof. Together, our results
suggest that statistical properties of the environment influence
action chunking in human planning.

Keywords: planning; action abstraction; resource-rational

Introduction
Planning is a computationally demanding process that requires
selecting and sequencing actions to achieve future goals. De-
spite the combinatorial complexity of many planning prob-
lems, humans are often able to plan effectively in real-world
environments. Previous work suggests that this apparent ef-
ficiency stems from people simplifying planning problems in
systematic ways rather than solving them in a fully detailed
action space (Ho et al., 2022; Niv, 2019; Tomov et al., 2020).
One powerful form of simplification is action chunking, also
known as action abstraction (Correa et al., 2025; Dezfouli &
Balleine, 2013; Éltető & Dayan, 2023), which describes the
grouping of multiple low-level, atomic actions into a single
higher-level unit that can be treated as a single step or a single
action during planning. For example, when cutting a tomato,
one does not explicitly plan each individual motor action —
such as raising the knife, positioning it, applying force, and
retracting it — but instead treats this sequence as a single
coherent operation of “cutting the tomato”. When planning
how to cook dinner, it is therefore much simpler to just con-
sider this single action chunk instead of each atomic action.
Action chunking plays a fundamental role in planning frame-
works, such as hierarchical reinforcement learning (Botvinick
et al., 2009; Eckstein & Collins, 2021; Sutton et al., 1999) and
has been implicated in effective generalisation of behaviour
(Badre et al., 2010).

However, how beneficial a particular action chunk is for

planning depends on multiple factors. On the one hand,
chunking reduces cognitive demands by simplifying the plan-
ning problem; on the other hand, chunking reduces flexibility,
as committing to a chunk limits one’s ability to adapt mid-
sequence. This trade-off can be formalised within a resource-
rational framework (Lieder & Griffiths, 2020), which char-
acterises the usefulness of a chunk given both environmen-
tal rewards and cognitive constraints. Whether a chunk is
resource-rational therefore depends on the statistics of the en-
vironment, such as how likely certain action transitions are or
how often they occur. In this work, we use the term “resource-
rational” to denote the action chunk that maximises expected
utility given the environmental statistics and the costs associ-
ated with planning.

Previous research has provided strong evidence that people
form and use action chunks during planning (Correa et al.,
2025; Dezfouli & Balleine, 2013). However, much less is
known about how people learn which chunks to use, and in
particular how statistical properties of the environment influ-
ence people’s chunking behaviour. Humans are known to ex-
ploit statistical regularities through repeated interaction with
their environment (Solway et al., 2014), suggesting that chunk
formation may somehow be sensitive to statistical properties.
Therefore, in this work, we investigate how two concrete statis-
tical properties of the environment influence people’s action
chunking: First, we manipulate the length of the resource-
rational action chunk, comparing environments in which it is
optimal to use chunks consisting of three or four actions. Sec-
ond, we manipulate how certain a chunk is, operationalised
as the transition probabilities between the atomic actions that
compose the chunk. Higher transition probabilities indicate
that the actions within a chunk reliably occur together, mak-
ing chunking more likely to be advantageous, whereas lower
transition probabilities reduce the expected utility of a chunk.
Finally, we manipulate the order of low and high transition
probabilities within a chunk. If high transition probabilities
occur late, it would be more resource-rational to use a longer
chunk. If high transition probabilities occur early in a chunk,
it would be more resource-rational to use a shorter chunk.

To examine how these factors influence human chunking
behaviour, we employ a planning task in which resource-
rational chunk length and transition probabilities varied
systematically. This allows us to test four preregistered
hypotheses (OSF: https://osf.io/a4zvy/overview?view_only=
c6c735e956ef435da89645b596461602):
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1. Participants’ average chunk lengths increase in environ-
ments which favour longer action sequences.

2. Participants’ average chunk lengths increase when longer
chunks are more likely to be useful, as reflected by higher
transition probabilities.

3. There exists an interaction effect such that transition prob-
abilities exert a stronger influence on abstraction length for
longer action sequences.

4. Environments in which transition probabilities increase to-
ward the end of a sequence elicit longer chunks than envi-
ronments in which transition probabilities decrease.

By observing the chunking behaviour of 363 participants
across environments with different statistical structures, this
work aims to shed light on how people adaptively simplify
planning problems in a resource-rational manner.

Method
Modified Lightbot task
We adopted a modified version of the Lightbot navigation
paradigm (Correa et al., 2025; Sanborn et al., 2018), in which
participants guide a robot avatar through a maze to reach a goal
by selecting and inputting appropriate action commands (see
Figure 1). This task is a process-tracing paradigm, allowing
researchers insight into how people construct action chunks.
On each trial, participants input a list of commands to control
the robot, choosing from four atomic actions: walk, jump,
turn left, and turn right. The robot executes the commands in
the order they appear in the Main box. The trial ends once the
robot reaches the goal tile (shown in blue), upon which the
robot will automatically light the blue tile and proceed to the
next trial.

The robot has limited units of energy, which are consumed
whenever it follows a command in the Main box. In addi-
tion to the four main actions, participants can also create one
“memory” by dragging and dropping actions into the Memory
box. Memories function as action chunks: when a Memory
is reused in later trials, the entire sequence is executed at a
reduced energy cost. The contents of the Memory box per-
sist across trials unless explicitly modified by the participant.
Whenever the Memory is created or changed, no energy sav-
ings are applied on that trial, reflecting the cognitive cost of
constructing or revising a chunk. However, on subsequent
trials in which the Memory list remains unchanged, reusing
the stored chunk reduces the energy consumed by the robot.
In this way, the task explicitly implements a trade-off between
the short-term cost of creating or modifying a chunk and the
long-term benefits of reusing it and operationalises the idea
that action chunks reduce cognitive and energetic costs when
reused, while also capturing the cost of committing to and
maintaining a chunk.

To incentivise participants to discover and maintain chunks
that efficiently solved the series of planning problems, they
were awarded a monetary bonus proportional to the num-
ber of energy units saved. The current energy budget and

Figure 1: Three example trials of the Lightbot task where the
participant tried out different chunks by adding and removing
atomic actions in the memory box. All three shown trials
are from the same map set and therefore all share the same
resource-rational chunk of jump, right, jump, walk with tran-
sition probabilities 99% → 99% → 80%.
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energy consumption were displayed prominently at the top
of the screen, making the cost-benefit structure of chunking
transparent.

Figure 1 illustrates three example trials from one hypotheti-
cal participant. In the first trial (Trial 6 of 30), the hypothetical
participant reuses a previously stored chunk consisting of the
actions (jump, turn right). By reusing this chunk, the par-
ticipant saves one unit of energy, which is reflected in an
increased bonus shown on the following trial (from $0.25 to
$0.31). In the second trial (Trial 7 of 30), the hypothetical
participant modifies the Memory list to include a longer chunk
(jump, turn right, jump). Because the Memory was changed,
no energy is saved on that trial, resulting in no bonus earned
on that trial, as reflected in the upper right red and blue boxes
where the instruction count equals the count of remaining en-
ergy. Finally, in the next trial (Trial 8 of 30), the participant
reuses this new chunk without further modification, and saves
two units of energy, resulting in additional bonus. In the next
unshown trial (Trial 9 of 30), the bonus displayed in the upper
left corner would reflect this.

Conditions
Participants were assigned to one of 60 granular conditions,
which we call different “map sets”. Each map in the map set
comprised a sequence of 30 consecutive trials. Within each
map set, all trials shared the same underlying resource-rational
action abstraction, drawn from one of four possibilities: 1)
jump → jump → turn right, 2) jump → turn right → jump, 3)
jump → jump → turn right → walk, or 4) jump → turn right
→ jump → walk. That is, the same optimal chunk length and
statistical structure made a particular chunk resource-rational
across the 30 trials. This design encouraged participants to
discover and exploit regularities shared across trials, rather
than solving each trial independently. The 60 map sets were
grouped into six experimental conditions based on their statis-
tical properties. Conditions varied along two dimensions: (1)
the length of the resource-rational action chunk (three versus
four actions), and (2) the transition probabilities between the
atomic actions composing the chunk (0.8 vs. 0.99) (see Table 1
for details on each condition). In other words, each condition
instantiated one of the four action chunks that would solve the
30-trial sequence optimally in terms of energy expenditure.
The transition probabilities modulated how reliably these ac-
tion chunks yielded optimal solutions, thereby controlling the
extent to which a given chunk was statistically favoured across
trials.

Participants and procedure
Participants were recruited via Prolific (Palan & Schitter,
2018). Only participants fluent in English were eligible for the
study, and we excluded all participants who had participated
in pilot experiments due to familiarity with the task. Our final
sample consisted of 534 participants (274 men, 256 women,
4 non-binary participants; 18–75 years old, mean 33.72 years
old).

Table 1: Overview of the conditions and the corresponding
transition probabilities, resource-rational chunk length and
number of participants in each condition after exclusion.

Cond. Transition probabilities Chunk
length

No. of
participants

1 𝑎1
0.8−−→ 𝑎2

0.99−−−→ 𝑎3 3 48
2 𝑎1

0.99−−−→ 𝑎2
0.99−−−→ 𝑎3 3 92

3 𝑎1
0.99−−−→ 𝑎2

0.8−−→ 𝑎3 3 46
4 𝑎1

0.8−−→ 𝑎2
0.99−−−→ 𝑎3

0.99−−−→ 𝑎4 4 43
5 𝑎1

0.99−−−→ 𝑎2
0.99−−−→ 𝑎3

0.99−−−→ 𝑎4 4 90
6 𝑎1

0.99−−−→ 𝑎2
0.99−−−→ 𝑎3

0.8−−→ 𝑎4 4 44

Participants were first presented with an extensive tutorial
on the Lightbot task. The tutorial included a comprehension
check focused on how energy savings translated into mone-
tary bonus, ensuring that participants understood the incen-
tive structure of the task. After the tutorial, participants were
quizzed more generally on their understanding of the task.
After successfully completing the tutorial and comprehension
checks, participants completed 30 trials of the Lightbot task.
Upon finishing the task, participants provided demographic
information, reported any prior experience with the Lightbot
task, and were given the opportunity to provide feedback or
report technical issues. The experiment had a median com-
pletion time of 66.35 minutes. Participants received a base
payment of $10, with performance-contingent bonuses aver-
aging $1.25.

Results
According to our preregistered exclusion criteria, we excluded
171 participants who either never formed any action abstrac-
tions, demonstrated misunderstanding of the task, or exceeded
the allowed number of quiz attempts (median bonus: $0.00).
The final sample comprised 363 participants (median bonus:
$1.77) distributed across the six conditions (see Table 1). Be-
low we report results of non-parametric statistical tests due to
non-normality (all𝑊 < 0.82, 𝑝 < .001) and non-homogeneity
(𝑊 = 10.21, 𝑝 < .001) of the residuals for hypotheses 1–3 (as
preregistered).

Effect of optimal action sequence length Hypothesis 1 pre-
dicted that participants would form longer action abstractions
in environments where longer action chunks are resource-
rational. To test this, we compared and grouped together
environments in which an action sequence of length three
was resource-rational (conditions 1, 2, 3) to those in which
a sequence of length four was resource-rational (conditions
4, 5, 6). We found that participants’ average chunk length
in the last 15 trials was indeed longer when the resource-
rational chunk length was four actions long compared to three
actions long, as indicated by a significant one-sided Mann-
Whitney U test (length 3: M = 2.58, SD = 1.10; length 4:

2224



Figure 2: Each subfigure corresponds to one of our prereg-
istered hypotheses. Error bars indicate standard error of the
mean.

M = 3.34, SD = 1.88; U = 13313, 𝑝 < .001), providing sup-
port for hypothesis 1 (see also the top left subfigure in Figure
2). This suggests that participants adjusted the chunk length
in a resource-rational manner based on the optimal length of
action chunks in the set of planning tasks.

Effect of transition certainty Hypothesis 2 predicted that
abstraction length would increase when longer action se-
quences were more certainly useful, operationalised as higher
transition probabilities between actions. We tested this by
again grouping and comparing environments with consis-
tently high transition probabilities (conditions 2 and 5) to
environments with lower transition probabilities (conditions
1, 3, 4, 6). A one-sided Mann-Whitney U test comparing the
average chunk lengths between the two groups yielded a non-
significant result (high certainty: M = 2.96, SD = 1.43; low
certainty: M = 2.94, SD = 1.71; U = 17886.50, 𝑝 = .071),
failing to support hypothesis 2 (see the top right subfigure
in Figure 2). Thus, transition certainty had no influence on
abstraction length.

Interaction effect of transition certainty with sequence
length Hypothesis 3 predicted an interaction effect such that
transition probabilities would exert a stronger influence on
abstraction length for longer action sequences. The prereg-
istered Kruskal-Wallis test was significant (𝐻 = 16.86, 𝑝 <

.001). Bonferroni-corrected post-hoc Dunn’s tests revealed
a significant difference in medians from the group with
low certainty and a resource-rational chunk length three
(M = 2.46, SD = 1.12), particularly between the group
with low certainty and a resource-rational chunk length four
(M = 3.45, SD = 2.07; 𝑝 = .001) and the group with
high certainty and a resource-rational chunk of length four
(M = 3.23, SD = 1.69; 𝑝 = .006).

Together, these results suggest that participants were sensi-
tive to the resource-rational chunk length, with longer chunks
being learned more readily when they were optimal, while
lower transition certainty reduced the extent to which longer
chunks were adopted.

Early vs. late uncertainty in action transitions Hypoth-
esis 4 examined whether the position of certain and uncer-
tain action transitions affects the length of chunks created by
participants and predicted that if uncertainty occurred late
(0.99 → 0.8 or 0.99 → 0.99 → 0.8; conditions 3 and 6), par-
ticipants would form shorter chunks, whereas if uncertainty
occurred early (0.8 → 0.99 or 0.8 → 0.99 → 0.99; condi-
tions 1 and 4), participants would form longer chunks. This
is because in the latter case, a longer action chunk was useful
as often as a shorter action chunk, making the longer action
chunk resource-rational (as it reduces planning costs more).

Because this hypothesis depended on a different grouping
of a subset of the data since only conditions 1, 3, 4, and 6 are
considered as opposed to the full dataset, we again examined
the normality and homogeneity of the data, as preregistered.
Due to the non-normality (all 𝑊 < 0.73, 𝑝 < .001) despite
non-significant Levene’s test for homogeneity of variances
(𝑊 = 0.18, 𝑝 = .676) of the data, we again turned to the
preregistered non-parametric tests.

A two-sided Mann-Whitney U test comparing the average
chunk lengths between the two transition probability timing
conditions yielded a non-significant result (early uncertainty:
M = 3.02, SD = 1.71; late uncertainty: M = 2.85, SD =

1.72; U = 4504.50, 𝑝 = .225), failing to support hypothesis
4. As an exploratory analysis, we again analysed the data bro-
ken down by resource-rational action sequence length. How-
ever, these analyses did not yield significant results (see the
lower right subfigure in Figure 2). In environments where a
length-three action sequence was optimal, participants did not
form shorter or longer abstractions in environments in which
transition uncertainty occurred early (M = 2.45, SD = 0.91)
than in environments in which transition uncertainty occurred
late (M = 2.48, SD = 1.32; two-sided U = 1215, 𝑝 = .367).
Similar results were found for the length-four environments
(early uncertainty: M = 3.67, SD = 2.13; late uncertainty:
M = 3.23, SD = 2.00; two-sided U = 1078.50, 𝑝 = .251).

Additional exploratory analyses
Frequency of resource-rational chunks To examine
whether participants learned the resource-rational action se-
quences, we analysed the proportion of chunks in the last
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Table 2: Proportion of (subsequence of) the resource-rational
chunks for each condition.

Cond.
Proportion of exact
resource-rational

chunk

Proportion of chunks
consisting of part

of the resource-rational
chunk

1 27.54% 64.66%
2 35.00% 76.44%
3 18.92% 83.82%
4 8.08% 61.27%
5 18.54% 67.75%
6 15.07% 74.84%

15 trials. Across all six conditions, participants used the
full resource-rational chunk in 21.07% (SD: 38.05% ) of the
trials (see Table 2 for details on each condition and Figure
3 for the six most frequently used chunks grouped by the
resource-rational chunk). The proportion of exact matches
varied across conditions, ranging from 8.08% in Condition
4 (0.8 → 0.99 → 0.99) to 35% in Condition 2 (0.99 →
0.99). When considering sequences that contained parts of the
resource-rational chunk, for example jump, turn right when
the resource-rational chunk is jump, turn right, jump, the
overall proportion increased substantially to 68.50% (SD:
42.67% ), indicating that participants learned to use subse-
quences of the optimal sequence even if they did not learn to
use the full chunk. In addition, we found that resource-rational
chunks that consisted of two consecutive jumps (that is, jump
→ jump → turn right and jump → jump → turn right → walk
as opposed to jump → turn right → jump and jump → turn
right → jump → walk) were used in their entirety significantly
more often (𝜒2 = 214.78, 𝑝 < .001).

These findings suggest that participants were sensitive to
the structure of the resource-rational sequences. Although
they did not always acquire the full resource-rational action
abstraction, participants often identified subsequences, with a
preference for those involving repetitive jumps.

Within-trial development While the previous analyses ex-
amined the effects of sequence length, transition probabilities,
and the frequency of learned sequences, they did not con-
sider how sequences developed within trials. Examination
of within-trial dynamics revealed that most sequence adjust-
ments involved gradual increases in length. Of all modifi-
cations, 60.34% involved adding atomic actions to the chunk
(see Table 3 for an overview on all available modifications).
Certain actions (pressing “Reset Memory to Previous Trial
Value” or “Clear Memory”) could theoretically have more of
an effect than actions which affect only one instruction. To
control for this in this exploratory analysis, we looked at the
Levenshtein distance between modifications and found that
adding atomic actions still contributed most to changes in the
sequence (51.71% ). This suggests that participants typically
began with shorter sequences and incrementally added ac-

Figure 3: Aggregated frequencies of the six most frequently
used chunks in the final 15 trials, grouped by map set. The
chunk highlighted in red is the optimal chunk for that map
set. For example, the top left subfigure shows how often the
chunk jump, jump, turn right was used when it is the resource-
rational chunk for the given map set. J refers to the atomic
action of jumping, w refers to walking, r refers to turn right,
and l refers to turn left. The values above each bar indicate
the bonus earned by consistently using each chunk throughout
the whole experiment.

tions, rather than removing actions from longer sequences or
generating entirely new sequences. This pattern suggests that
the acquisition of resource-rational sequences is primarily an
additive process.

Discussion
This study investigated how the statistical structure of an en-
vironment shapes the formation and use of higher-level action
abstractions (chunks) for planning. Across all six conditions,
participants adapted their chunking behaviour to the environ-
mental structure to some extent, showing systematic sensi-
tivity to the resource-rational length of action sequences but
not to differences in transition probabilities. This provides
tentative evidence that people adaptively simplify planning
problems in a resource-rational manner and are sensitive to
environmental statistics, consistent with several previous stud-
ies (Correa et al., 2025; Eckstein & Collins, 2021; Ho et al.,
2022; Solway et al., 2014). More than two thirds of the par-
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Table 3: Frequency of modifications to a chunk

Type of chunk modifica-
tion

Frequency Levenshtein %

Add atomic action to
Memory

60.34% 51.71%

Remove atomic action
from Memory

28.73% 24.62%

Move atomic action
within Memory

5.13% 8.80%

Press “Clear Memory” 3.18% 11.96%
Press “Reset Memory to
Previous Trial Value”

2.62% 2.91%

ticipants converged on a subsequence of the resource-rational
action sequence and one fifth on the exact sequence, sug-
gesting that these subsequences still captured useful structure
in the environment and yielded performance benefits, even if
they did not always lead to the maximum possible bonus given
the task’s reward structure.

In addition, exploratory analyses revealed systematic pat-
terns in how action abstractions evolved over time. In partic-
ular, participants tended to modify their learned sequences by
extending them, rather than by abandoning existing chunks.
This incremental growth pattern suggests a learning process in
which candidate abstractions are explored in depth and elab-
orated upon as evidence accumulates, rather than being fre-
quently reset. One possibility is that this reflects a depth-first,
forward-search-like mechanism in which an initially useful
abstraction is progressively refined. Future work could test
this hypothesis by developing computational models that ex-
plicitly capture incremental sequence extension and evaluat-
ing the extent to which the models’ predictions align with the
observed within-trial learning dynamics.

Beyond these insights, several limitations of the present
paradigm warrant consideration. While the tracing paradigm
renders chunk learning explicit and observable, it also forces
participants to think about chunk creation consciously, which
may reduce the ecological validity of our findings. Further-
more, a central claim of chunk learning is that it reduces
planning costs (Correa et al., 2025; Maisto et al., 2015). This
was also made explicit in our paradigm through the remaining
energy of the robot. Yet we could not measure participants’
actual planning costs. Although our design does not directly
test this claim, it demonstrates that participants can discover
and use structured chunks even when chunk implementation
is effortful (since chunks had to be actively constructed).

Furthermore, the current paradigm does not allow us to
disentangle planning-based chunking from simpler forms of
statistical sequence learning or action caching. As such, our
findings should be interpreted as evidence that participants
learn and reuse recurring action sequences, rather than as
direct evidence for resource-rational planning or reductions
in cognitive planning cost. Future work can build on these
findings by examining chunk learning in paradigms where

chunking occurs more implicitly.
The present findings also highlight the importance of con-

sidering heterogeneity in the cognitive costs of individual
atomic actions. While some action combinations may be com-
bined with little effort, like opening a door, others may impose
greater cognitive demands. In the context of the Lightbot task,
actions such as turning left or right may be more cognitively
demanding because they require spatial transformations and
mental rotation, processes that are known to be challenging
for many individuals. Assigning different cognitive costs to
different atomic actions may therefore provide a more real-
istic account of how people form higher-level abstractions,
and future studies could directly manipulate or model such
asymmetries.

Relatedly, we observed that certain action sequences were
more readily incorporated into learned abstractions than oth-
ers. In particular, sequences involving repeated actions (e.g.,
consecutive jumps) were learned more often, independent of
transition probabilities. One possibility is that reusing the
same action within a sequence reduces retrieval costs, mak-
ing such sequences easier to encode and deploy as a single
unit. This suggests that chunk formation may be constrained
not only by environmental statistics but also by regularities
within the action sequence itself. Future work could investi-
gate this hypothesis by systematically varying action repetition
and measuring its impact on abstraction learning.

Additionally, some of our descriptive metrics—such as the
proportion of participants whose behaviour matched or con-
tained subsequences of the resource-rational chunk—should
be interpreted with caution, as we did not establish an appro-
priate chance baseline given the limited action space. This
makes it difficult to assess the extent to which these patterns
exceed what would be expected under simple action reuse or
random composition.

Overall, this work demonstrates that human action abstrac-
tion during planning is likely to be shaped by the statistical
structure of the task. By showing how people adapt their
action abstraction in response to these factors, this study ad-
vances our understanding of planning as a resource-rational
process.
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