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Abstract

Humans effortlessly navigate the physical world by predicting
how objects behave under gravity and contact forces, yet how such
judgments support sequential physical planning under resource
constraints remains poorly understood. Research on intuitive
physics debates whether prediction relies on the Intuitive Physics
Engine (IPE) (Battaglia et al., 2013; Zhang et al., 2016) or fast,
cue-based heuristics; separately, decision-making research de-
bates deliberative lookahead vs. myopic strategies (Kahneman,
2011). These debates have proceeded in isolation, leaving the
cognitive architecture of sequential physical planning under-
specified. How physical prediction mechanisms and planning
strategies jointly adapt under limited cognitive resources remains
an open question. Here we show that humans exhibit a dual
transition under resource pressure, simultaneously shifting both
physical prediction mechanism and planning strategy to match
cognitive budget. Using Overhang Tower, a construction task
requiring participants to maximize horizontal overhang while
maintaining stability, we find that IPE-based simulation domi-
nates early stages while CNN-based visual heuristics prevail as
complexity grows; concurrently, time pressure truncates deliber-
ative lookahead, shifting planning toward shallower horizons—a
dual transition unpredicted by prior single-mechanism accounts.
These findings reveal a hierarchical, resource-rational architec-
ture that flexibly trades computational cost against predictive
fidelity. Our results unify two long-standing debates—simulation
vs. heuristics and myopic vs. deliberative planning—as a dynamic
repertoire reconfigured by cognitive budget.

Keywords: intuitive physics; sequential planning; mental simu-
lation; heuristic inference; resource rationality

Introduction
From infancy, humans develop a robust intuitive understand-
ing of the physical world (McCloskey, 1983; Piloto et al.,
2022; Spelke & Kinzler, 2007), enabling not only passive
predictions—such as whether a stack of boxes will topple—but
also active planning of complex arrangements, like building a
cantilevered shelf. This capacity for sequential physical plan-
ning, the coordination of multiple interdependent actions to
achieve a physical goal, is central to everyday cognition, yet
its underlying mechanisms remain poorly understood.

Previous research on intuitive physics has primarily focused
on passive, single-step judgments: observers view a scene and
predict a future outcome without intervening (Battaglia et al.,
2013; Bear et al., 2021; Hamrick et al., 2011; Zhang et al.,
2016). While these accounts successfully explain how humans
judge stability from static images (Calabro et al., 2025; Wang
et al., 2024; Zhou et al., 2023), they leave a critical gap: how
do physical prediction mechanisms guide sequential physical
planning, where agents must coordinate multiple interdepen-
dent decisions over time? Some recent interactive benchmarks
introduce agency into physical reasoning, covering single-
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Figure 1: Overview of Overhang Tower and computational models.
(a) In Overhang Tower, participants construct a tower by placing
blocks from a given sequence to maximize horizontal overhang while
maintaining continuous stability. Due to resource-rational constraints
imposed by a large combinatorial search space, different planning
strategies emerge. A myopic planner greedily seeks immediate over-
hang gains, often falling into local optima or causing collapse. In
contrast, a deliberative planner looks ahead to build specific phys-
ical structures—such as counter-weighting and vertical anchoring
(numbers denote placement order)—that may sacrifice early reward
but unlock higher long-term overhang (� = 2.6 vs. � = 1.7). (b) The
task inherently involves a risk-reward trade-off : extending blocks
increases the overhang but shifts the Center of Mass (CoM), depleting
the stability budget and making purely greedy approaches suboptimal.
(c) To evaluate stability during planning, models rely on different
physical prediction mechanisms. The IPE estimates stability via noisy
probabilistic simulation of physical dynamics; alternatively, visual
heuristics approximate stability through learned superficial visual
patterns, bypassing explicit simulation.

shot interventions (Allen et al., 2020; Bakhtin et al., 2019) or
multi-step interactions emphasizing action timing (Li et al.,
2024, 2026). However, these tasks typically frame physical
planning as a binary satisfaction problem—finding any suc-
cessful causal chain to complete a goal—and none isolate
the distinct computational challenges of sequential planning
under constraints: (i) early actions restrict future possibilities,
demanding deliberative lookahead; (ii) cumulative risk must
be managed to balance safety and reward; (iii) computational
resources are insufficient to exhaustively evaluate all candidate
sequences (Binder et al., 2025; Huys et al., 2015; McCarthy
et al., 2020).

To cope with such constraints, a natural hypothesis is that hu-
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Figure 2: Task interface and environment. (a) Upon placement confirmation, the engine simulates dynamics to determine stability. Stable
configurations yield a reward proportional to their overhang; any collapse results in zero reward. Simulated states are rendered into photorealistic
visual feedback displaying the physical consequences of each placement. (b) Participants formulate actions within a hybrid spatial grid
comprising continuous horizontal positioning and discrete height layers. (c) Placements are governed by non-penetration and support physical
constraints; visual feedback instantly denotes action validity. (d) The overhang is derived from the structure’s maximum lateral extension. The
central panel displays the full block sequence for reference, alongside a timer indicating remaining time (time-constrained condition only).

mans adaptively adjust the planning horizon, trading off speed
against reward (Keramati et al., 2011; Kuperwajs et al., 2025;
Snider et al., 2015): under time pressure, they rely on myopic,
greedy action selection; when resources permit, they engage
in deliberative lookahead, evaluating multi-step sequences
before committing (Kahneman, 2011). While this dichotomy
successfully explains behavior in abstract sequential decision
tasks such as chess (Daw et al., 2011; Holding, 1989; Russek
et al., 2025), applying it to the physical domain introduces
a unique complication: the nature of the underlying physical
prediction mechanism itself remains contested. Computational
accounts have modeled physical prediction either as proba-
bilistic mental simulation—formalized in the Intuitive Physics
Engine (IPE) framework (Battaglia et al., 2013; Hamrick et al.,
2011; Smith & Vul, 2013; Ullman et al., 2017)—or as fast,
cue-based heuristics that bypass explicit physics (Calabro et al.,
2025; Callaway et al., 2017; Sanborn et al., 2013; Tversky &
Kahneman, 1974). Crucially, these two debates—myopic vs.
deliberative planning strategies, and simulation vs. heuristics
in physical prediction—have proceeded largely in isolation:
planning research assumes a perfect oracle model of physics,
while intuitive physics research focuses on passive judgments,
neglecting how prediction mechanisms support sequential
action.

This theoretical fragmentation leaves the cognitive archi-
tecture of sequential physical planning underspecified, raising
two central questions: At the level of physical prediction, do

humans simulate physical dynamics or rely on learned visual
heuristics to approximate stability? At the level of action se-
lection, do humans employ fast, myopic strategies or engage in
deliberative lookahead when constructing physical structures?

We address both questions through the lens of resource-
rationality (Callaway et al., 2018, 2022; Griffiths et al., 2015).
Recent work on passive judgment suggests simulation and
heuristics constitute a dynamic repertoire, with costly simula-
tion deployed only when cheaper heuristics prove insufficient
(Li et al., 2025). Extending this logic to sequential planning, we
hypothesize a dual transition under resource pressure: as con-
struction progresses and scene complexity grows, participants
should shift their physical prediction mechanism from costly
IPE-style simulation toward visual heuristics; simultaneously,
as time pressure increases, their planning strategy should tran-
sition from deliberative lookahead toward myopic responding.
Together, these constitute a hierarchical resource-rational ar-
chitecture in which both physical prediction mechanism and
planning strategy adapt dynamically to match cognitive budget
to task demands.

To test this hypothesis, we introduce Overhang Tower, an
interactive construction task in which participants place blocks
to maximize horizontal overhang while maintaining contin-
uous stability, as shown in Fig. 1a. Unlike classic height-
maximization stacking tasks (Groth et al., 2018), this objective
enforces an explicit risk-reward trade-off (Fig. 1b): achiev-
ing high rewards requires placing blocks near stability limits,



rendering the planner acutely sensitive to physical predic-
tion errors. Greedy strategies may over-commit to stable but
suboptimal placements, whereas deeper lookahead can jus-
tify early scaffolding that unlocks subsequent high-reward
opportunities—making Overhang Tower particularly diag-
nostic for dissociating physical prediction mechanism from
planning strategy.

To systematically vary cognitive resources, we manipulated
time pressure, testing participants under time-constrained and
unconstrained conditions. To interpret the resulting behaviors,
we developed a family of computational models that factor-
ize physical prediction and planning independently. On the
prediction dimension, we compare an IPE module running
probabilistic forward simulations against a visual-heuristic
predictor employing a learned classifier (Fig. 1c) (Calabro
et al., 2025; Lindsay, 2021; Szegedy et al., 2017). On the
planning dimension, we contrast myopic strategies with delib-
erative lookahead. By fitting resource parameters (e.g., search
depth, noise levels) and comparing predicted action sequences
across conditions, we find that human physical reasoning re-
flects resource-rational adaptation at both dimensions: as task
demands escalate, people deploy simpler physical prediction
mechanisms and adopt shallower planning strategies, balancing
cognitive cost against expected reward.

Experimental Design
Participants
A total of 82 participants (54% male, 46% female; mean age
= 21.5 ± 2.6) were recruited from an online campus forum.
Participants received a base payment plus a performance-
proportional bonus. One participant was excluded for failing
to pass the practice phase.

Stimuli
The experiment employs a web-based, interactive 2D con-
struction task in which participants arrange a sequence of 6
blocks on a continuous grid of size 8 × 8 (Fig. 2b). Blocks
are randomly drawn from three distinct shapes defined by
dimensions 𝑤 × ℎ (width × height), where 𝑤 ∈ {0.6, 1.2, 1.8}
and ℎ = 0.6.

Physical dynamics are simulated via PyBullet (Coumans,
2015) at a temporal resolution of 1/240 seconds over a 5-
second window per sequence. To approximate the visual input
of real-world physical reasoning, scenes are rendered into
photorealistic 2.5D representations using PyRender (Fig. 2a).

Each trial specifies a predetermined block sequence of length
𝑇 = 6, denoted (𝑏1, . . . , 𝑏𝑇 ), fully visible to participants. The
environment is defined in the 𝑥–𝑧 plane. After 𝑡 placements,
the tower geometry is represented as

𝐺𝑡 =
(
(𝑏1, p1), . . . , (𝑏𝑡 , p𝑡 )

)
, p𝑖 = (𝑥𝑖 , 𝑧𝑖), (1)

where 𝑏𝑖 indexes the block type and p𝑖 is its translational
placement on the grid. The first block is pre-positioned at
the ground center. The decision state at step 𝑡 is defined as
𝑠𝑡 := (𝐺𝑡 , 𝑏𝑡+1:𝑇 ), augmenting the current geometry with the
remaining blocks to be placed.

At each step 𝑡, the participant selects an action 𝑎𝑡 = (𝑥, 𝑧)
from the legal action set A(𝑠𝑡 ), where 𝑥 specifies a continuous
horizontal position and 𝑧 a discrete height layer. The action
set enforces two physical constraints: (i) non-penetration—no
overlap with existing blocks or the ground; and (ii) support—
the new block must rest on a supporting face of an existing
block (Fig. 2c). Tower stability is given by a binary indicator
Istable(𝐺𝑡 ), evaluated by the physics engine.

The objective is to maximize horizontal overhang—the
maximum lateral distance of any block from the structural
centerline (Fig. 2d): Ω(𝐺𝑇 ) = max𝑖≤𝑇

(
|𝑥𝑖 | + 1

2𝑤𝑖

)
, where

𝑤𝑖 is the width of the 𝑖-th placed block. The episode reward
is contingent on continuous stability throughout construc-
tion: if the tower remains stable at every step, the participant
receives the final overhang; otherwise, the reward is zero:
𝑅 =

(∏𝑇
𝑘=1 Istable (𝐺𝑘)

)
· Ω(𝐺𝑇 ).

Task Characteristics
Unlike binary satisfaction tasks, the objective of Overhang
Tower creates a continuous trade-off: extending blocks shifts
the center of mass toward the edge, progressively depleting the
“stability budget.” A greedy planning strategy that maximizes
immediate overhang rapidly exhausts this budget, rendering
myopic strategies suboptimal.

Optimal performance therefore requires non-greedy strate-
gies that sacrifice immediate reward for long-term stability. For
instance, counter-weighting shifts the center of mass inward,
while vertical anchoring constructs sandwich-like interlocking
structures to clamp extended blocks. Because these tactics
demand precise causal ordering—blocks must be sequenced
to maintain intermediate stability—they serve as a diagnostic
signature of deliberative lookahead, making Overhang Tower
well-suited for dissociating planning from physical prediction.

Procedures
Task interface Participants used a 2D mouse interface to
position a “ghost block” preview (Fig. 2) that provided geo-
metric validity feedback (e.g., collision or support validation)
but no physical stability cues. We recorded continuous mouse
trajectories and preview dwell times to reconstruct participants’
internal search processes.
Familiarization Prior to the main experiment, participants
completed an interactive tutorial covering the web interface,
physics dynamics, and scoring rules, followed by 3 practice
trials excluded from the stimulus pool. To advance, participants
were required to exceed a minimum performance threshold.
Unlike the main task, the practice phase permitted trial-and-
error repetition, and the optimal tower configuration was
displayed after each trial to provide clear ground truth for the
expected strategy.
Experiment Participants were randomly assigned to one of
two between-subjects conditions: time-constrained or uncon-
strained. In the time-constrained condition, each placement
was subject to a strict 5-second limit; failure to confirm a place-
ment within this window terminated the trial and recorded a



reward of zero. In the unconstrained condition, participants
were free to deliberate for an unlimited duration before each
placement. Under both conditions, participants completed 20
experimental trials following familiarization, each present-
ing a distinct task sequence, for a total session duration of
approximately 20 minutes. A comprehensive behavioral log—
including action sequences, timestamps, and continuous mouse
trajectories—was recorded for subsequent analysis.

Models
To investigate the cognitive mechanisms underpinning sequen-
tial physical planning, we develop a computational framework
that factorizes the planning process into two independent
components: a physical prediction module that evaluates the
stability of candidate configurations, and a planning module
that expands the search space before committing to an action.

On the prediction dimension, we contrast an Intuitive Physics
Engine that estimates stability via Monte Carlo simulation
with a visual-heuristic model implemented as a Convolutional
Neural Networks (CNN) (Calabro et al., 2025; Szegedy et al.,
2017). On the planning dimension, we distinguish myopic
action selection from deliberative lookahead via bounded
forward search. We evaluate these paradigms based on both
task performance and alignment with human behavioral data.

Prediction Models
IPE This paradigm instantiates the physical prediction mech-
anism via Monte Carlo probabilistic simulation, representing
physical stability reasoning as mental simulation under noise.
For each candidate action, the model runs 𝐾 forward simula-
tions with stochastic perturbations to estimate stability, where
Stable(𝑖) denotes whether the 𝑖-th run remains stable:

𝑝IPE (stable | 𝑠𝑡 , 𝑎) =
1
𝐾

𝐾∑︁
𝑖=1

I
[
Stable(𝑖) (𝐺𝑡+1)

]
. (2)

We apply Gaussian perturbations N(0, 𝜎2) to the position,
gravity, and friction of each block. Following Li et al. (2025)
and Wang et al. (2024), we set 𝐾 = 50 and 𝜎 = 0.03 to best
align with human predictions. This approach is computationally
expensive but captures uncertainty arising from perceptual and
dynamic noise.
Visual-heuristic model This paradigm approximates physi-
cal prediction through perceptual heuristics rather than explicit
simulation. Because CNN extracts statistical patterns without
explicit physical laws—sharing visual feature preferences with
human judgments (Calabro et al., 2025)—we train a network
as a tractable proxy for cognitive models given the task’s com-
plexity, mapping a rendered image of the post-action geometry
to a stability probability:

𝑝NN (stable | 𝑠𝑡 , 𝑎) = 𝑓𝜃 (𝐼 (𝐺𝑡+1)). (3)
Training data consists of 200k diverse partial tower configu-
rations sampled from the task space and excluded from the
stimulus pool, with ground-truth stability labels provided by
the physics engine. We employ Inception-V4 (Szegedy et al.,
2017) as the model backbone, which has been shown to excel

at stability prediction by integrating multi-scale visual cues
(Calabro et al., 2025). The model is trained for 15 epochs,
reaching 97.5% accuracy on the validation set.

Planning Algorithms
Both planning algorithms select actions by evaluating candi-
dates according to their expected reward and stability, com-
puted using the internal physical prediction module P. The
critical distinction lies in the temporal horizon of evaluation:
myopic planning considers only immediate consequences,
whereas deliberative lookahead evaluates multi-step futures
before committing.
Myopic planning The myopic planner selects each action
based solely on its immediate expected value, without antici-
pating how current choices constrain future possibilities. At
decision state 𝑠𝑡 , the planner evaluates each candidate action
𝑎 ∈ A(𝑠𝑡 ) by:

𝑎∗𝑡 = arg max
𝑎∈A(𝑠𝑡 )

𝑝P (𝑠𝑡 , 𝑎) · 𝑟 (𝑠𝑡 , 𝑎), (4)

where 𝑟 (𝑠𝑡 , 𝑎) is the immediate reward. This strategy is com-
putationally cheap but systematically neglects downstream
consequences.
Deliberative lookahead The lookahead planner imagines
future trajectories before acting. At each decision state 𝑠𝑡 , the
planner expands candidate action sequences up to depth 𝐷 and
evaluates their utilities:

𝑈 (𝜋 | 𝑠𝑡 ) =
(
𝑡+𝐷−1∏
𝑘=𝑡

𝑝P (𝑠𝑘 , 𝑎𝑘)
)
· 𝑉 (𝑠𝑡+𝐷), (5)

where 𝜋 = (𝑎𝑡 , . . . , 𝑎𝑡+𝐷−1) and 𝑉 (𝑠𝑡+𝐷) estimate the over-
hang of the resulting state (e.g., cumulative overhang at depth
𝐷). Larger 𝐷 enables deeper foresight at greater computational
cost, sacrificing immediate reward for long-term gain—the
behavioral signature of counter-weighting strategies.

Results
The basic statistics between the two groups are shown in Tab. 1.
Results from 81 participants indicate that time constraints
significantly reduced the overhang of successful solutions
(𝑝 < .001) without compromising the overall success rate (𝑝 =

.484). This pattern suggests that under time pressure, humans
adopt a risk-averse planning strategy, sacrificing potential
reward to ensure stability.

Table 1: Overall performance. Comparison between participants in
the time-constrained (𝑛 = 43) and unconstrained (𝑛 = 38) conditions.
Average overhang is computed over successful trials only; decision
time indicates the mean decision time per placement. Values indicate
mean ± SEM unless otherwise stated. Statistical significance assessed
using permutation tests.

Time Limit
Metric 5s None 𝑝-value

Total reward 18.25 ± 0.57 19.57 ± 0.56 .107
Stable proportion (%) 70.2 ± 2.5 67.8 ± 2.1 .482
Average overhang 1.321 ± 0.023 1.460 ± 0.029 < .001
Decision time (s) 2.47 ± 0.07 7.27 ± 0.88 < .001



(a) (b)

Figure 3: Planning trajectory distributions and Γ��
. (a) Planning distributions for a block sequence with widths 0.6, 1.8, 1.2, 1.8, 0.6, 1.8.

Flow color encodes stability (native hue = stable; crimson = unstable), opacity indicates normalized transition probability. The near-optimal
solution yields overhang 2.4, whereas the best human result was 1.94. Time-constrained participants exhibited a stronger tendency toward
vertical stacking; early differences remain modest because both groups first establish a conservative base, with divergence clearer later. (b) Left:
distribution of Γ��

across individual participants under each condition. Right: distribution of Γ��
across tasks.

Physical Prediction Mechanism Switching
To validate our hypothesis concerning physical prediction
mechanisms, we compared human behavior against two can-
didate models—a visual-heuristic model and an IPE—with a
noise-free veridical simulator serving as baseline.

Assuming stepwise stability judgments and rational action
selection, we treat all executed actions as positive samples
of perceived physical plausibility, and measure mean log-
likelihood across all human actions (Fig. 4). Both approxi-
mate models significantly outperformed the veridical baseline
(� < .001), confirming that human intuitive physics system-
atically deviates from Newtonian mechanics—people rely on
noise-corrupted representations rather than faithful physical
simulation.

More critically, the relative explanatory power of the two
physical prediction mechanisms varied across the planning
trajectory. In early stages, when the scene was sparsely pop-
ulated, IPE exhibited a modest advantage. As scene com-
plexity grew with additional blocks, however, this advantage
reversed: the visual-heuristic model decisively outperformed
IPE (� < .001).

Figure 4: Physical prediction mechanism performance across
structure complexity. The left panel shows the log-likelihood of
stability predicted by three models on human-rational states as con-
struction progresses; larger values indicate a better fit to human
judgments. The right panel shows the relative log-likelihood advan-
tage of IPE vs. visual heuristics, computed as the residual with respect
to the veridical simulator. As scene complexity grows over successive
placements, the visual-heuristic model surpasses IPE.

This crossover reflects a fundamental asymmetry in how the
two mechanisms scale with structural depth. In IPE, percep-
tual noise—modeled as Gaussian perturbations N(0, �2)—
propagates through forward simulation: positional uncertainty
in lower blocks cascades into contact forces above, causing
predictive variance to grow with stack height. Stability esti-
mates thus become increasingly diffuse and uninformative for
complex towers. If human mental simulation faces an analo-
gous computational bottleneck, continuing to invest limited
cognitive resources in a physical prediction mechanism whose
reliability rapidly degrades would be resource-irrational.

The visual-heuristic mechanism plausibly sidesteps this
complexity penalty by mapping static geometric features—such
as vertical misalignment or unsupported overhang—directly
onto stability estimates, without unrolling contact dynamics
forward in time. Its representational cost therefore remains
roughly constant regardless of stack depth. This asymmetry
naturally motivates a hybrid physical prediction architecture:
human planners invest cognitive effort in deliberate IPE-style
simulation for simple structures where it is reliable, but shift
adaptively to efficient visual heuristics when compounding
uncertainty renders deep simulation prohibitive.

Behavioral Evidence for Deliberative Lookahead
We first visualize the planning trajectories of participants in
Fig. 3a. Participants under time pressure exhibited a stronger
preference for vertical stacking—a conservative planning
strategy that prioritizes immediate stability—whereas uncon-
strained participants explored more laterally extended configu-
rations. This divergence suggests that time pressure suppresses
multi-step lookahead. To test this hypothesis more rigorously,
we developed a structural metric that operationalizes lookahead
in terms of order dependency.

Our key insight is that deliberative planning strategies—
counter-weighting and vertical anchoring—exploit physical
dependencies that emerge only when blocks are placed in a
precise causal sequence. A counterweight must be positioned
before the cantilevered block it stabilizes; reversing this order
causes collapse. Thus, if a tower’s final geometry can only
be achieved through a small fraction of possible construction



Table 2: Terminal reward across 20 tasks. Averaged terminal reward
for human participants and computational models. Stochastic models
were run 40 times to reduce variance. 𝐷 indicates lookahead search
depth.

Model Terminal Reward

Human (w/ time limit) 0.913 ± 0.03
Human (w/o time limit) 0.979 ± 0.03
Myopic 0.52 ± 0.12
Lookahead (𝐷 = 2) 0.912 ± 0.10
Lookahead (𝐷 = 3) 1.180 ± 0.24

orders, this path dependency serves as a behavioral signature
of deliberative lookahead. Formally, for a completed tower𝐺𝑇 ,
let Π(𝐺𝑇 ) denote the set of all geometrically valid construction
orders—permutations satisfying non-penetration and support
constraints at each step. We define Order Dependency as:

Γ𝐺𝑇
= 1 − |{𝜋 ∈ Π(𝐺𝑇 ) | Stable(𝜋)}|

|Π(𝐺𝑇 ) |
. (6)

High Γ indicates that most feasible construction paths fail due
to intermediate instability—the structure is path-dependent
and requires deliberative sequencing.

As shown in Fig. 3b, time pressure significantly reduced
Order Dependency (Unconstrained: Γ = 0.24 ± 0.03; Time-
constrained: Γ = 0.15 ± 0.02; 𝑝 = .022). This difference
reveals a qualitative shift in planning strategy: unconstrained
participants constructed towers demanding precise sequencing
to maintain stability, whereas time-constrained participants
retreated to order-invariant heuristics—trading structural com-
plexity for cognitive efficiency.

Computational Evidence for Deliberative Lookahead
Building on prior results, we evaluate the joint architecture of
sequential physical planning by coupling the stage-dependent
hybrid IPE-heuristic physical prediction mechanism with vary-
ing depths of forward search. Because computing exact action-
level likelihoods in our continuous, high-dimensional state
space is computationally intractable, we focus on the aggregate
structural achievements generated by these coupled models
across 20 tasks. The results, alongside human performance,
are summarized in Tab. 2.

The results reveal a clear dissociation between myopic
and deliberative planning strategies. Guided by the same
physical prediction mechanism, the myopic planner achieves
a terminal reward drastically below human baselines. This
performance gap arises because myopic planning greedily
pursues immediate overhang, rapidly exhausting the stability
budget—confirming that human physical reasoning cannot be
reduced to reactive, single-step utility maximization.

Extending the planning horizon reliably recovers perfor-
mance. The correspondence between human performance
under varying time constraints and models of different search
depths suggests that time pressure truncates, but does not
eliminate, deliberative lookahead. Taken together, these re-
sults demonstrate that successful sequential physical planning
requires a tightly coupled architecture: a physical prediction
mechanism capable of estimating stability under uncertainty,

embedded within a planning strategy that extends deep enough
to navigate the risk-reward trade-off.

Discussion
Coupling between prediction and planning We primarily
treated physical prediction mechanisms and planning strategies
as independent and separable processes. However, resource-
rational agents likely vary both dynamically (Callaway et
al., 2018; Lieder & Griffiths, 2020), and their coupling may
give rise to mixed or emergent mechanisms. Future work
could examine how co-adaptation between these two capacities
shapes behavior under graded resource constraints.
Disentangling error sources Human physical prediction is
calibrated to noisy real-world perception and uncertain dy-
namics (Smith & Vul, 2013), whereas simulators implement
idealized deterministic physics (Davis & Marcus, 2014). Con-
sequently, some errors may reflect mismatches between human
uncertainty and simulator assumptions, rather than planning
limitations alone. An important future direction is to better
dissociate errors from imperfect physical prediction and those
from limited planning.
Exploring diverse physical phenomena Our study fo-
cuses on structural stability, a largely static physical domain.
Whether the observed trade-offs between physical prediction
mechanisms and planning strategies generalize to dynamic
phenomena—such as collision or long-range causality (Wang
et al., 2024)—where predictions must be propagated over
longer temporal horizons and errors may accumulate over
time, remains an open question.
Impact of task exposure Currently, our framework evalu-
ates each task independently. However, humans actively adapt
through trial-and-error. Future work could examine how cu-
mulative task exposure shapes behavior. Beyond improving
performance, environment familiarity and prior experience
might systematically shift how participants weigh simulation
against heuristics or adjust planning horizons across trials.

Conclusion
We introduced Overhang Tower, a construction task in which
we manipulated time pressure to test whether humans adap-
tively shift both prediction mechanisms and planning strategies.
Our results support a resource-rational architecture: IPE-based
simulation dominated early stages while visual heuristics pre-
vailed as complexity grew; concurrently, time pressure trun-
cated deliberative lookahead toward shallower horizons. These
findings unify two previously isolated debates—simulation vs.
heuristics and myopic vs. deliberative planning—as a dynamic
repertoire reconfigured by cognitive budget.

By treating humans as active, capacity-limited agents, our
framework offers a foundation for understanding physical
problem-solving. Future work could extend these findings to
dynamic environments and explore whether AI agents, which
currently exhibit notable shortcomings in physical reasoning
(Li et al., 2022), can leverage this flexible architecture to
achieve human-like physical reasoning.
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