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Abstract

Intuitive physical reasoning is an important part of daily life, but the computations
underlying it remain debated. Some prominent accounts propose intuitive physics relies
on mental simulation, with people evolving mental scenes forward through step-by-step.
However, representing every intermediate mental state in detail can be computationally
costly. We suggest that intuitive physical reasoning combines mental simulation with
learned predictive abstractions, and that the trade-off between these two is determined
by the prospective reliability of an abstraction. We implemented the abstraction part of
our proposal as a recurrent neural network model that learns a predictive abstraction by
directly predicting the object’s future position from a short visual history. This network
bypasses intermediate states, while also estimating its own prediction error. Our
network produced simplified linear trajectories that shortcut ground-truth physical
trajectories (in line with human behavior), and its error estimates were associated with
human pupil size during a physical prediction task. We further developed a meta-control
model that used the network’s error estimate to arbitrate between abstraction (direct
prediction by the network) and simulation (running a mental simulation). The
meta-control model captures key patterns in human response time and accuracy, and its
predicted abstraction and simulation phases corresponded to distinct eye-movement
signatures, over and above an earlier blended model that uses a hand-designed
abstraction. Our results suggest that efficient physical reasoning can emerge from an
interaction between learned abstractions, estimates of how reliable these abstractions
are, and selective engagement of detailed simulation based on reliability estimates.

Author summary

From balancing dishes to knowing how an ice-cream scoop will fall and splatter, people
have an intuitive sense of physics that they use in daily life. It is possible that people do
this by “mental simulation”, thinking through how a scene will unfold step-by-step. But
this might be slow and costly. We suggest people might combine mental simulation with
shortcuts learned from experience. We built a neural network that learned to (1) predict
where an object would be in the future without creating every intermediate state, and
(2) estimate when its own predictions were unreliable. A meta-model can use the
reliability estimate to know when to use the shortcut, and when to simulate. We
compared our model to people’s behavior when they performed a physical reasoning
task. Our model captured key patterns in people’s response time, accuracy, and eye
movements. Our results suggest that efficient physical reasoning may combine
simulation, shortcuts, and mechanisms for trading those off.
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Introduction 1

People can rapidly predict how physical events will unfold: whether a stack of books will topple, where a 2

falling ball will land, whether two bikes will collide, and so on. One influential account proposes that such 3

judgments rely on mental simulation, in which an internal model of a physical scene is evolved forward 4

through time to predict future states [1]. Evidence for this account comes from behavioral studies, 5

computational modeling, and neural activity [2–6]. 6

Yet, detailed mental simulation is unlikely to be the only mechanism people use. Propagating every 7

relevant object through every intermediate state can be computationally costly, and mental simulation is 8

constrained by cognitive resources [7, 8]. Human judgments also show systematic departures from 9

unrestricted simulation accounts [9]. People may reduce these costs by selectively simulating only 10

task-relevant parts of a scene [10], or reasoning over coarse approximations rather than exact object 11

geometry [11]. They may also combine simulation with qualitatively different, less costly strategies. In earlier 12

work, we proposed that a blended model combining partial simulation with linear projection better captures 13

human response times and systematic errors than either pure simulation or pure abstraction alone [12]. 14

Other work similarly proposed that people flexibly combine heuristic rules with simulation in physical 15

stability judgments [13]. These findings suggest that physical reasoning can trade fidelity for computational 16

efficiency when a cheaper computation is sufficient. 17

The trade-off between mental simulation and shortcuts or rules can be understood as a problem of 18

resource-rational meta-control: cognitive systems should allocate computation according to the expected 19

benefits of a strategy relative to its costs [14–17]. This view has found general support in cognitive science, 20

and findings show people adapt their cognitive strategies and construct simplified representations to make 21

efficient use of limited cognitive resources [18,19]. The expected benefit of a cognitive strategy should 22

depend on its predictive reliability, with control shifting toward strategies whose predictions are more reliable 23

or less uncertain [20, 21]. And indeed, people rely less on a temporally abstract predictive world model when 24

its future-state predictions become less reliable [22], and increase costly model-based control when its 25

accuracy advantage justifies the additional computational cost [23]. Taken together, these proposals and 26

findings suggest that efficient reasoning dynamically allocates computation according to both its cost and 27

expected reliability. 28

However, these accounts generally assume that the candidate computations or representations are already 29

available. This raises a complementary question for intuitive physics: where do efficient abstractions come 30

from? Existing hybrid models typically specify the alternative to simulation in advance; for example, the 31

blended model uses a predefined linear projection [12]. But predictive shortcuts could instead be acquired 32

through experience. Neural network models show that physical expectations can emerge from visual 33

experience [24], that predictive representations of future physical states can be learned from dynamic visual 34

scenes [25], and that recurrent networks can discover compact cognitive strategies rather than requiring those 35

strategies to be specified by the researcher [26]. These findings motivate the possibility that an efficient 36

alternative to step-by-step physical simulation could itself be learned. 37

Here, we develop an account of intuitive physical reasoning that balances computational efficiency and 38

accuracy by integrating learned predictive abstraction with detailed simulation through reliability-guided 39

meta-control. We first build a recurrent-neural-network (RNN) visual model that learns both a fast 40

prediction of an object’s future state and an estimate of its own prediction error. Given a short visual history 41

and a requested future time, the RNN predicts the corresponding future position directly rather than 42

autoregressively generating every intermediate state. We use the term “abstraction” to refer to this direct 43

temporal shortcut, in contrast to step-by-step physical simulation. Further, the added future-position 44

prediction error provides a reliability signal for the abstraction. We use this signal in a meta-control model 45

that relies on learned abstraction when the predicted error is low, and switches to detailed physical simulation 46

when the predicted error is high. Even before comparing this meta-control model to human behavior, we 47

note that it improves upon previous models that blend simulation and abstraction in several ways. First, the 48

abstraction is learned from visual experience rather than hand-coded as a particular heuristic. Second, the 49

decision to use abstraction or switch to simulation is governed prospectively by the abstraction mechanism’s 50

learned estimate of its reliability, thus removing the need to continuously run a partial simulation in parallel. 51

We test our account using human behavior and eye movements during a physical prediction task [12] in 52

September 14, 2026 2/21

.CC-BY 4.0 International licenseis made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It 

The copyright holder for thisthis version posted September 21, 2026. ; https://doi.org/10.64898/2026.09.14.751547doi: bioRxiv preprint 

https://doi.org/10.64898/2026.09.14.751547
http://creativecommons.org/licenses/by/4.0/


which participants observe a falling ball, imagine the ball continuing to fall as it fades from view, and judge 53

whether the ball will hit a goal (see Materials and Methods for details). Eye movements during this task 54

provide a process-level measure, because gaze can reveal the spatial content of internally represented 55

trajectories [27,28]. We therefore asked whether model-predicted simulation and abstraction phases 56

correspond to different oculomotor signatures. We predicted more continuous smooth-pursuit movements 57

during mental simulation, and more rapid saccadic transitions during shortcuts/abstraction. We additionally 58

examined pupil size as a complementary measure of reasoning effort, given its established relationship with 59

cognitive effort allocation [29,30]. 60

We find converging evidence for reliability-guided meta-control in intuitive physics. The RNN produces 61

more direct trajectories than the indirect ground-truth physical trajectories, and learns structured estimates 62

of when its predictions are likely to be less reliable. The meta-control model uses the error signal to 63

determine when to invoke simulation, and captures key patterns in human response times, accuracy, and eye 64

movements. In addition, the predicted error is associated with larger pupil size, consistent with the 65

hypothesis that more cognitive effort is invoked when switching from abstraction to simulation in order to 66

reduce future error. Relative to an earlier blended model based on hand-specified path projection [12], the 67

learned meta-control model also shows better correspondence with human response times and eye movements. 68

Together, these results suggest that efficient physical reasoning can emerge from the interaction of a learned 69

abstraction, a learned estimate of its reliability, and selective engagement of detailed simulation. 70

Results 71

Modeling framework 72

To model a learned alternative to step-by-step physical simulation, we developed an RNN that receives a 73

short visual history and a requested future time offset, and predicts both the ball’s future position and the 74

magnitude of the corresponding prediction error (Fig. 1; see Materials and Methods for details). Given an 75

encoded visual history, each future position and corresponding error estimate is predicted independently at 76

the requested offset, rather than autoregressively from earlier predictions; predicting a distant future state 77

does not require first predicting every intermediate state. We therefore use the RNN as an abstraction 78

mechanism that maps directly from the observed scene history to a ball’s future position. 79
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Fig 1. RNN model architecture. The RNN we implemented uses a short visual history to build a
recurrent spatial representation, then makes time-conditioned predictions of the ball’s future position and the
magnitude of its position-prediction error. Given an encoded visual history, each future position and
corresponding error estimate is predicted independently at the requested offset, rather than autoregressively
from earlier predictions.

The RNN-predicted error is then used to regulate abstraction and simulation in a meta-control model 80

(Fig. 2; see Materials and Methods for details). The model uses the RNN as a fast abstraction mechanism 81

and Pymunk as a physics simulator. Starting from the initial visual history, the controller uses the RNN to 82

predict a distant abstraction endpoint and checks whether its predicted error remains below a threshold. If 83

so, it accepts the reliable abstraction step and attempts to predict farther ahead. When the predicted error 84

exceeds the threshold, the controller switches to Pymunk simulation until the resulting frames provide a new 85
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history from which abstraction is again sufficiently reliable, at which point abstraction resumes. Thus, the 86

model uses the abstraction mechanism’s own learned error estimate as a prospective reliability signal for 87

deciding when to trust abstraction and when to engage physical simulation. An example of the RNN’s 88

successive future predictions and the resulting meta-control trajectory is shown in Fig. 3. 89

Recent frames Abstraction
Reliable?

predicted error ≤ threshold

Reliable?
predicted error ≤ threshold

New recent frames Mental simulation

RNN

Yes - Trust abstraction and look farther ahead

Simulator

No - Reject abstraction
and switch to simulation

RNN

Yes - Resume abstraction

No - Simulate farther

Simulator

Fig 2. Meta-control model. Starting from the initial visual history, the controller accepts increasingly
distant RNN-predicted abstraction endpoints while their error estimates remain below a threshold. When an
error estimate exceeds the threshold, the controller switches to simulation until the simulated frames provide
a new history from which abstraction is again sufficiently reliable.

The RNN predicts more efficient trajectories in non-straight-path scenes 90

Given the first 15 frames of each scene, the RNN was queried at successive future offsets to predict the ball’s 91

position, until the predicted ball reached the goal or ground (Fig. 3a). We first examined whether these 92

RNN-based predictions formed more “direct” trajectories than the corresponding ground-truth physical 93

trajectories. Our expectation here was that the RNN would learn shortcuts that can sometimes bypass the 94

ground-truth physical trajectories. 95

We measured ‘path efficiency’ as the straight-line displacement from the trajectory start to its endpoint, 96

divided by the total distance traveled along the trajectory. Path efficiency ranges from 0 to 1, with a value of 97

1 indicating a perfectly straight path and lower values indicating increasingly indirect trajectories. We 98

compared the path efficiency of the trajectory created by the RNN-predicted positions across future offsets 99

with that of the ground-truth simulation trajectory, for each scene where the ground truth was a non-straight 100

path. Straight-path scenes were excluded because their ground-truth trajectories have a path efficiency of 1, 101

leaving no possibility for the RNN-predicted trajectory to achieve higher path efficiency. 102

In non-straight-path scenes, RNN-predicted trajectories had significantly higher path efficiency than the 103

ground-truth trajectories (paired Wilcoxon signed-rank test: median difference = 0.04, W = 136.00, 104

p < .001). Put more plainly: when the true physical trajectory was indirect (e.g. the ball bounces off of a 105

solid body before continuing to fall downwards), the RNN tended to predict a more direct path toward the 106

endpoint. This is important, as it shows an RNN tasked solely with learning future positions can produce 107

straight-path shortcuts, in line with previously hand-specified such shortcuts used in blended models. 108
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(a) (b)

Fig 3. Illustration of RNN and meta-control model predictions. (a) RNN predictions at successive
future offsets, with predicted error indicated by dashed circles and the error curve (inset). The color scale
indicates the temporal order of predictions across future offsets. The gray line shows the true ball trajectory.
(b) Meta-control model prediction of the reasoning trajectory, with orange indicating abstraction phases and
green indicating simulation phases.

The RNN predicts its own error in systematic and interpretable ways 109

We used a linear mixed-effects regression model to examine which factors were associated with the RNN’s 110

estimate of its own prediction error: 111

log(1 + predicted error) ∼ prediction horizon + during vs. before collision + after vs. during collision

+ scene length + number of objects + (1 + prediction horizon | scene) .
(1)

The dependent variable was log(1 + predicted error), where error was measured in pixels. The model 112

included three point-level fixed effects: how far ahead the RNN was predicting, and two contrasts capturing 113

collision stage (during versus before any collision, and after versus during a collision). We additionally 114

included two scene-level fixed effects: total scene length, and the number of objects in the scene. Continuous 115

predictors were standardized. The model allowed each scene to have its own baseline error estimate, and its 116

own relationship between prediction horizon and error. 117

All five fixed effects were significantly different from zero. The RNN predicted greater error for positions 118

farther into the future, during collisions and especially after collisions, in longer scenes, and in scenes 119

containing more objects (Table 1). These are all reasonable and intuitive factors expected to lead to greater 120

error or uncertainty. Notably, some of these learned error patterns parallel findings in human intuitive 121

physics, where uncertainty increases as physical predictions extend farther and involve additional interactions 122

such as bounces [31]. 123

The fixed effects alone explained 67.1% of the variance in the RNN’s error estimates, while the full model 124

including random effects explained 98.0% of the variance. These results suggest that the RNN’s predicted 125

error provides a structured estimate of when its position predictions are likely to be less reliable. 126
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Table 1. Linear mixed-effects model of RNN-predicted error.

Parameter β SE 95% CI p-value

Prediction horizon 0.201 0.028 [0.146, 0.256] < .001
During vs. before collision 0.209 0.005 [0.198, 0.219] < .001
After vs. during collision 0.538 0.008 [0.522, 0.554] < .001
Scene length 0.269 0.029 [0.212, 0.325] < .001
Number of objects 0.080 0.029 [0.024, 0.136] .005

Note. The dependent variable was log(1 + predicted error). Continuous predictors were standardized.
Collision-stage effects are pairwise contrasts between model-estimated stage means. Marginal R2 = .671;
conditional R2 = .980.

RNN-predicted error is associated with pupil size 127

The meta-control model uses the RNN-predicted error as a reliability signal for trading off abstraction and 128

simulation. We next asked whether this signal was also related to human performance, and specifically to a 129

pupillary correlate of cognitive effort. Given that pupil dilation is commonly associated with greater cognitive 130

effort [29,30], we would expect that higher RNN-predicted error be associated with larger mean pupil size. 131

We found that this was indeed the case (r = 0.47, p < .001; Fig. 4), suggesting that RNN-predicted error may 132

capture aspects of the scene that also influence how much cognitive effort people need to make a judgment. 133

It is possible that the relationship we found is rather coarse. That is, the scenes that people saw were 134

either ‘straight path’ (the ball falls directly downwards without hidden obstacles along the way) or 135

‘non-straight path’ (the ball hits obstacles on the way down and bounces off of them). The correlation 136

between pupil size and predicted error therefore might reflect a binary distinction, ‘difficult’ vs ‘easy’ scenes. 137

To study this in more detail, we examined the relationship between pupil size and RNN-predicted error 138

separately for straight-path and non-straight-path scenes. We found that the relationship was significant for 139

straight-path scenes (r = 0.48, p < .001), but not for non-straight-path scenes (r = 0.14, p = 0.41; Fig. 4). 140

One possible interpretation of this result is that mean pupil size during judgment primarily reflects whether 141

simulation is engaged for a given scene. At the scene level, higher mean RNN-predicted error may increase 142

the likelihood of engaging simulation in straight-path scenes. In non-straight-path scenes, however, 143

simulation may already be engaged with near-ceiling probability, so further increases in mean predicted error 144

would have little additional effect on pupil size. 145

The meta-control model captures human behavior and eye-movement patterns 146

Having shown that the RNN provides a direct predictive abstraction and a structured estimate of its own 147

error, we next examined whether the meta-control model, which uses this error signal to regulate abstraction 148

and simulation, captures key patterns in people’s response time, accuracy, and eye movements. 149

Response-time patterns 150

The meta-control model captured the human response-time pattern well (Fig. 5). For scenes with 151

non-straight trajectories, longer ground-truth simulation times were associated with longer response times in 152

humans and longer model run times (OLS slopes: human, β = 0.12, t(44) = 2.98, p = .005; model, β = 0.87, 153

t(44) = 6.24, p < .001). In contrast, these relationships were significantly weaker for straight-path scenes 154

(OLS interactions: human, β = −0.09, t(44) = −1.79, p = .040; model, β = −0.50, t(44) = −2.74, p = .004). 155

Thus, both people and the model showed a stronger relationship between reasoning time and ground-truth 156

simulation time for non-straight trajectories, where a simple shortcut is less likely to suffice and simulation is 157

more likely to be engaged, and a weaker relationship when the ball could follow a straight path to the goal. 158
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Fig 4. RNN-predicted error is associated with pupil size. Across scenes, higher mean RNN-predicted
error was associated with larger mean pupil size during participants’ judgments. When broken down by scene
type, this positive relationship was significant for straight-path scenes, but not for non-straight-path scenes.
Each point represents a scene; shaded bands indicate 95% confidence intervals for the fitted mean
relationships.

Accuracy patterns 159

Human accuracy followed a non-monotonic pattern as a function of ground-truth simulation time (Fig. 6), 160

replicating the key finding of [12]. These results were qualitatively captured by the meta-control model 161

(Fig. 6). Consistent with this qualitative match, human accuracy was significantly higher in scenes where the 162

meta-control model predicted correctly than in scenes where it predicted incorrectly (Mann–Whitney U test: 163

median difference = 0.50, U = 20.00, p < .001). 164

Eye-movement signatures of abstraction and simulation 165

We next asked whether the abstraction and simulation phases predicted by the meta-control model 166

corresponded to distinct patterns of human eye movements. Using the NSLR-HMM method [32], we 167

classified gaze samples into saccades, smooth pursuits, fixations, and post-saccadic oscillations. We focused 168

on saccades and smooth pursuits because they have natural interpretations as signatures of abstraction and 169

simulation, respectively. Saccades are consistent with rapid visuospatial abstraction, in which gaze shifts or 170

jumps toward a predicted location, whereas smooth pursuit can reflect continuous tracking of perceived or 171

imagined motion and is therefore naturally associated with step-by-step simulation. 172

We used the meta-control model to identify abstraction and simulation phases along the reasoning 173

trajectory (Fig. 3b). We then calculated the proportions of nearby human gaze samples classified as saccades 174

or smooth pursuits within each model-predicted phase. To identify gaze samples associated with each 175

trajectory segment, we tested perpendicular-distance thresholds from 50 to 120 pixels in 10-pixel increments. 176

The results were qualitatively consistent across thresholds (Fig. 7a,b). At the 120-pixel threshold reported 177

here, participants showed a significantly higher proportion of saccadic eye movements during model-predicted 178

abstraction phases than during simulation phases (within-subject bootstrap test: median difference = 0.08, 179

95% CI [0.02, 0.12], p = .004; Fig. 7a). Conversely, smooth-pursuit movements were significantly more 180

common during model-predicted simulation phases than during abstraction phases (within-subject bootstrap 181

test: median difference = 0.02, 95% CI [0.00, 0.04], p = .012; Fig. 7b). These results provide evidence that 182

the two reasoning modes identified by the model correspond to distinct patterns of human eye movements. 183

At the scene level, model-predicted abstraction proportion was computed as the total length of 184

abstraction segments divided by the total length of the reasoning trajectory within each scene. A higher 185
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Non-straight path Straight path

Fig 5. The meta-control model captures the human response-time pattern. Top row: Human
response times and model run times showed the same pattern: both showed strong positive associations with
ground-truth simulation time for non-straight trajectories, but this relationship was weaker when the ball
could follow a straight path to the goal. Each point represents a scene; shaded bands indicate 95% confidence
intervals for the fitted mean relationships. Bottom row: Example scenes from the straight-path and
non-straight-path conditions. The dashed black line indicates the ball’s ground-truth trajectory under pure
simulation.

model-predicted abstraction proportion was associated with a higher average proportion of saccades in 186

human eye-gaze data (r = 0.40, p < .001; Fig. 7c) and smaller average pupil size (r = −0.23, p = .016; Fig. 187

7d). These associations are consistent with model-predicted abstraction phases involving less continuous 188

visual tracking and lower cognitive effort than simulation. 189

The meta-control model improves correspondence with human response time 190

and eye movements relative to the earlier blended model 191

As mentioned in the Introduction, our meta-control model improves conceptually on the ‘blended model’ 192

used in our previous work [12]. This blended model combines a partial simulation that simulates the scene 193

forward by a small number of steps with a simple abstraction that projects the ball forward along its current 194

direction. At each moment, the model computes and compares the predictions of partial simulation and 195

linear projection: when they are sufficiently similar, the model adopts the abstraction update, whereas when 196

they diverge, it relies on simulation. By contrast, our meta-control model requires no partial simulation and 197

learns abstractions rather than having them hand-coded. But, is the meta-control model also in better 198

correspondence with human data? 199
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1 3 42

1 432 1 432

Fig 6. The meta-control model captures the human accuracy pattern well. Top row: The
meta-control model captured the nonlinear relationship between human accuracy and ground-truth
simulation time. For visualization, the relationship was fit with an eighth-order polynomial curve.
Participant accuracy starts off near ceiling for the first group of scenes in Section 1, in which the ball follows
a short, straight path. Accuracy then takes a sharp dip for the second group of scenes in Section 2, before
rising slightly in Section 3, and dipping again in Section 4. These results are qualitatively captured by the
meta-control model. Bottom row: Example scenes from each of the Sections 1–4. The dashed black line
indicates the ball’s ground-truth trajectory under pure simulation.

Stronger correspondence with human response time 200

The relationship between model run time and human response time was significantly stronger for the 201

meta-control model than for the blended model (Williams test: ∆r = 0.19, t(45) = 2.54, p = .014; Fig. 8a). 202

Time measures were log-transformed to reduce heteroskedasticity. 203

Both models capture human accuracy patterns 204

The meta-control and blended models showed similar qualitative correspondence with human accuracy. Both 205

captured the nonlinear relationship between human accuracy and ground-truth simulation time. In addition, 206

for both models, human accuracy was higher in scenes that the model predicted correctly than in scenes that 207

it predicted incorrectly (Mann–Whitney U test: meta-control, median difference = 0.50, U = 20.00, p < .001; 208

blended, median difference = 0.50, U = 3.00, p < .001; Fig. 8b). 209
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(a)

(d)(c)

(b)

Fig 7. The meta-control model captures the human eye-movement patterns well. (a)-(b)
Participants showed a higher proportion of saccadic eye movements during model-predicted abstraction
phases than during simulation phases, and a higher proportion of smooth-pursuit eye movements during
simulation phases than during abstraction phases. This pattern was consistent across a range of
perpendicular-distance thresholds used to associate gaze samples with each trajectory segment. Each point
represents the median within-subject difference, and the shaded area indicates the 95% confidence interval
from the bootstrap. (c)-(d) At the scene level, higher model-predicted abstraction proportion was associated
with a higher average proportion of saccades and smaller average pupil size in the human eye-gaze data.
Abstraction proportion was defined as the total length of abstraction segments divided by the total
reasoning-trajectory length within each scene. Each point represents a scene; shaded bands indicate 95%
confidence intervals for the fitted mean relationships.

Stronger separation of eye-movement signatures 210

We next asked whether the meta-control model’s abstraction-versus-simulation classifications better 211

predicted the corresponding human eye-movement signatures than those of the blended model. We included 212

gaze samples that were either a saccade or a smooth pursuit and that were uniquely classified as abstraction 213

or simulation by both models at each distance threshold. For each model, we fit a logistic regression for gaze 214

samples i within participants j: 215

logitP (saccadeij) = αj + β I(abstractionij), (2)

where αj is a participant-specific intercept capturing individual differences in baseline saccade probability. 216

We evaluated predictive performance using 10-fold cross-validation at the scene level. Scenes were 217
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Meta
Control

Blended

(a) (b)

Fig 8. The meta-control model better captures human response time than the blended model.
(a) The relationship between model run time and human response time was stronger for the meta-control
model than for the earlier blended model. Each point represents a scene; shaded bands indicate 95%
confidence intervals for the fitted mean relationships. Time measures were log-transformed to reduce
heteroskedasticity. (b) In both models, human accuracy was higher in scenes that the model predicted
correctly than in scenes that it predicted incorrectly.

partitioned into 10 folds; in each iteration, models were fit by maximum likelihood on gaze samples from nine 218

folds and tested on the remaining fold. Performance was quantified by held-out log-likelihood, with higher 219

values indicating better prediction of whether each gaze sample was a saccade or smooth pursuit. 220

Across distance thresholds, the meta-control model’s phase classifications generally predicted human 221

saccade-versus-smooth-pursuit behavior better than those of the blended model (Fig. 9). At the 120-pixel 222

threshold reported here, the meta-control model showed a small but reliable predictive advantage (scene-level 223

sign-flip test: ∆LL = 0.002, p = .004; bootstrap: 95% CI [0.001, 0.004]). This advantage indicates that the 224

distinction between abstraction and simulation in the meta-control model more closely corresponded to the 225

separation of saccadic and smooth-pursuit eye movements observed in people. 226

Discussion 227

Our results provide converging evidence that intuitive physical reasoning can be captured by a 228

reliability-guided coordination of abstraction and simulation. We implemented a physical-prediction RNN 229

that learned a direct abstraction, as well as an estimate of when its predictions were likely to be less reliable. 230
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Fig 9. The meta-control model better captured human eye-movement patterns than the
blended model. The meta-control model’s abstraction-versus-simulation classifications predicted human
saccade-versus-smooth-pursuit behavior better than those of the blended model. This advantage was
consistent across a range of perpendicular-distance thresholds used to associate gaze samples with trajectory
segments. Each point shows the mean difference in held-out log-likelihood between the two models; shaded
bands show 95% confidence intervals from a scene-level bootstrap.

We then constructed a meta-control model that uses the error estimate to trade off abstraction and 231

simulation. We found that this meta-control model captured human response-time and accuracy patterns, 232

while its predicted phases corresponded to distinct eye-movement signatures. The meta-control model 233

improves conceptually on an earlier blended model [12], and also showed stronger correspondence with 234

human response times and eye movements. 235

Our findings suggest that the alternative to detailed simulation need not take the form of a predefined 236

heuristic. Instead, predictive experience can produce an abstraction that bypasses intermediate physical 237

states, together with an estimate of when that abstraction can be trusted. The stronger human-model 238

correspondence relative to the blended model suggests that learned predictive reliability may provide a useful 239

signal for determining when detailed simulation is needed. 240

Several limitations leave important questions for future work. First, eye movements and pupil size provide 241

converging process-level evidence, but neither uniquely identifies the underlying computation. Smooth 242

pursuit can reflect multiple visual and cognitive processes, including motion tracking, attention, prediction, 243

and memory, and therefore does not uniquely identify simulation [33,34]. Pupil size is likewise influenced by 244

several processes beyond cognitive effort [35]. More generally, similar patterns can come about from different 245

cognitive mechanisms [36]. Future work could experimentally encourage participants to use simulation or 246

abstraction, and test whether the two reasoning modes produce the predicted eye-movement and pupil 247

signatures. This would provide a more direct test of whether these oculomotor patterns reflect distinct 248

reasoning processes. 249

Second, although the abstraction mechanism and its error estimate are learned, the meta-control policy is 250

still specified by the modeler. A fixed threshold determines when the model switches to simulation, and the 251

simulator itself is provided in advance. Previous work shows that people can learn which strategies or 252

computations to select through experience [37], and recent models have formalized dynamic allocation of 253

computation according to its expected usefulness [38–41]. A natural extension would therefore be to train the 254

model on human behavioral data to learn both the reasoning strategies and their allocation, and test whether 255

a reliability-guided combination of abstraction and simulation emerges without being specified in advance. 256

Third, the present study considered only one prediction task within a restricted family of physical scenes. 257

People can reason about the dynamics of various everyday scenes across substantially different scenarios and 258

inference demands, suggesting that an important test is whether the learned abstraction and meta-control 259
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policy generalize in the same way [42,43]. Future work could test the model across different physical 260

domains, such as stability, containment, or multi-object interactions, and ask whether an abstraction learned 261

for one type of physical prediction transfers to another or must be adapted to the new task. 262

Finally, our measures invite future research on the neural mechanisms underlying abstraction, simulation, 263

or switching between them. Recent work has identified invariant representations of physical properties and 264

predicted future states in a frontoparietal “physics network” [44–46], while the dorsal anterior cingulate 265

cortex has been proposed to regulate when and how intuitive physics processes are engaged [47]. Combining 266

the present paradigm with neural measures such as fMRI could test whether model-predicted abstraction and 267

simulation phases correspond to distinct neural dynamics, and whether predicted error or switching points 268

are represented in regions that support or regulate physical inference. 269

Our results advance the understanding of intuitive physics by showing how people balance computational 270

efficiency and accuracy through reliability-guided switching between abstraction and simulation. More 271

broadly, they suggest a simple answer to how people can make useful physical predictions without incurring 272

the cognitive demands of simulating every moment in detail: learning when it is safe to rely on abstractions. 273

Visual experience can give rise to predictive abstractions that jump over intermediate physical states together 274

with estimates of their reliability. Rather than relying on a single fixed strategy, people may reason efficiently 275

about physical events by flexibly deciding when to trust an abstraction and when to engage mental 276

simulation. 277

Materials and Methods 278

The behavioral and eye-tracking data analyzed here were collected in an earlier study [48]. 279

Participants 280

Participants (N=18) were recruited via Harvard University’s Study Pool. The participants were 281

undergraduate students, graduate students, or post-doctoral researchers. All participants provided informed 282

consent, and the study was approved by the Harvard University Committee on the Use of Human Subjects 283

(IRB22-0349). Participants were compensated for their time ($15.00/hr). Six participants were excluded 284

from the analysis due to early issues with data collection and data corruption, leaving N=12 participants for 285

analysis. 286

Procedure 287

Participants viewed physical scenes containing a ball, a goal, and a variable number of obstacles termed 288

slides (Fig. 10). Responses were made using a three-button controller with “Yes,” “No,” and “Next” buttons; 289

“Yes” and “No” assignments were randomized across participants, while “Next” was always the middle button. 290

Participants completed the task in a silent room with their heads positioned on a chin rest 55 cm from the 291

screen. The right eye was tracked using an SR Research EyeLink 1000 Plus at 1000 Hz and calibrated using 292

a 13-point procedure before the experiment. 293

Familiarization 294

Participants completed three familiarization blocks of increasing difficulty. The first familiarized participants 295

with the controller by asking them to report whether a visible ball trajectory ended in a collision with the 296

goal. In the second, the ball fell for 1 second (60 simulation steps) and then disappeared, after which 297

participants judged whether it would ultimately collide with the goal. The final familiarization block 298

mirrored the main experiment: participants first inspected the slides at their own pace, then viewed the ball 299

falling for 1 second before disappearing, and finally judged as quickly as possible whether the ball would have 300

collided with the subsequently presented goal. 301
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Fig 10. Experiment procedure. Participants sit in front a screen that displays a falling ball, and use
different colored button to indicate their response. Participants are first reminded of task instructions and
controller button mappings. Participant eye movements are recorded throughout the task using an eye
tracker. Participants begin with a short fixation period, before proceeding to experimental trials. Each trial
consists of three phases. First, participants familiarize themselves with a given scene. They are shown black
lines that act as impenetrable obstacles that a ball cannot pass through. Second, a ball (red circle) appears
and begins to fall, gradually fading out over 1 second. Participants are instructed to imagining the ball
continuing to fall after it disappears. Third, a goal (green rectangle) appears at a random time, and
participants respond as quickly as possible to indicate whether the ball would have hit the goal.

Experiment 302

Stimuli were presented using a pseudo-Latin square design with four treatments and were randomized within 303

treatment across participants. On each block, participants first viewed the slides alone and inspected the 304

scene at their own pace. After pressing “Next,” the ball appeared, fell for 1 second, and disappeared. The 305

goal was then presented, and participants responded as quickly as possible whether the ball would have 306

collided with it. This block structure was designed to separate eye-gaze behavior associated with visual 307

scanning from behavior associated with reasoning about the ball’s trajectory. 308

Stimuli 309

In total, our eye-tracking experiment contained 106 stimuli, all of which were drawn directly from [12], with 310

only the modifications needed to align them with the block structure of the eye-tracking experiment. Each 311

stimulus showed a single scenario containing a ball (a red circle), a goal (a green rectangle), and slides 312

(narrow, rigid black rectangles) on a white background. All stimuli were created using the 2D rigid-body 313

physics engine Pymunk (https://www.pymunk.org) and rendered as videos at 60 frames per second. A 314

random subset was flipped about the horizontal axis before presentation. 315

The stimuli were designed to distinguish pure simulation, pure abstraction, and blended models based on 316

their predicted response times and accuracy across scenes. The 48 stimuli in Experiment 1 were designed to 317

distinguish the models based on their response-time predictions, whereas the 58 stimuli in Experiment 2 were 318

designed to distinguish the models based on their accuracy predictions. All 106 stimuli from both 319

experiments were included in the eye-movement analyses. 320

Modeling 321

RNN model for future-position and error prediction 322

Architecture We developed a recurrent neural network (RNN) inspired by the Index-and-Track (InT) 323

circuit [49], adapting its local recurrent processing to predict future positions and estimate prediction error. 324

The model receives 15 consecutive RGB frames, each resized to 100× 128 pixels. Each frame is processed by 325

three convolutional layers: a 5× 5 convolution with 32 channels and stride 2, a 3× 3 convolution with 64 326

channels and stride 2, and a 3× 3 convolution with 96 channels, with ReLU activations after each layer. The 327

recurrent component maintains a 96-channel spatial state and applies a depthwise 3× 3 recurrent 328
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convolution, with one recurrent kernel per channel. At each time step, a candidate state is computed from 329

the current visual features and the locally transformed previous state, and a learned 1× 1 convolution 330

produces an update gate that determines how much of the candidate state replaces the previous state. After 331

all 15 frames are processed, learned spatial attention pools the final recurrent state into a 96-dimensional 332

representation, which is transformed by a two-layer multilayer perceptron (MLP) into a 192-dimensional 333

scene representation. 334

To make a prediction, the model additionally receives the requested future offset. The normalized offset τ 335

is encoded using τ , τ2, sin(πτ), and cos(πτ) to provide a richer nonlinear basis; a two-layer MLP then 336

transforms these features into a 32-dimensional time representation. The scene and time representations are 337

concatenated and passed through a shared decoder with hidden dimensions 192 and 96. Two output heads 338

then predict the ball’s two-dimensional position and the magnitude of the corresponding position-prediction 339

error. The error output is constrained to be positive using a softplus transformation. Given an encoded visual 340

history, each future position and corresponding error estimate is predicted independently at the requested 341

offset, rather than autoregressively from earlier predictions. Thus, predicting a distant future state does not 342

require first predicting every intermediate state. The complete model contains 214,820 trainable parameters. 343

Training The training set comprised 6,000 scenes generated by randomizing the number and positions of 344

the objects present in the 106 scenes used in the human experiment. After the ball reached the goal or 345

ground, its final position was held fixed for 1 second (60 frames) to provide post-event prediction targets. 346

RGB frames were resized to 100× 128 pixels and scaled to the interval [0, 1]. Ball positions were represented 347

in the original 800× 1024 pixel coordinate system, with horizontal and vertical coordinates normalized by 348

image width and height, respectively. 349

For each training scene, 20 windows of 15 consecutive frames were randomly sampled per epoch, with all 350

input frames occurring before the terminal frozen period. Across 6,000 training scenes, this yielded 120,000 351

training windows per epoch. For an input window ending at frame t, the model predicted the ball’s position 352

and corresponding prediction-error magnitude at every valid future offset k, beginning at k = 0 at the final 353

observed frame and continuing through the end of the recorded scene, including the post-event frozen period. 354

Future offsets were normalized by the maximum prediction horizon across the training and experimental 355

scenes. 356

For training window s, let ts denote the final observed frame and Ks the set of valid future offsets. For 357

each k ∈ Ks, let pts+k denote the ground-truth normalized ball position and p̂s,k the predicted position. The 358

position loss was defined as 359

Lpos(s) =
1

2|Ks|
∑
k∈Ks

∥pts+k − p̂s,k∥22 . (3)

The target for the error head was the Euclidean magnitude of the normalized position-prediction error, 360

es,k = ∥pts+k − p̂s,k∥2 . (4)

When computing the error-prediction loss, es,k was treated as a detached target, so gradients from this 361

loss did not propagate through the position prediction used to compute es,k. 362

The error-prediction loss was 363

Lerr(s) =
1

|Ks|
∑
k∈Ks

(ês,k − es,k)
2
. (5)

The total training loss was 364

L(s) = Lpos(s) + λerrLerr(s), λerr = 0.2. (6)

Because scenes differed in the number of valid future offsets, target sequences were padded and masked so 365

that only valid offsets contributed to the loss. Losses were first averaged over valid offsets within each 366

training window and then averaged equally across windows within each minibatch. 367
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The model was trained for 150 epochs using AdamW with a batch size of 32, a learning rate of 10−4, and 368

weight decay of 10−5. Gradient norms were clipped at 1.0. No human behavioral or eye-tracking measures 369

were used to train the RNN. 370

Inference At test time, the model received the first 15 frames of each experimental scene and was queried 371

at successive future offsets to generate position and prediction-error estimates until the predicted ball 372

reached the goal or ground. Normalized position predictions were converted back to the original 800× 1024 373

pixel coordinate system by scaling the horizontal and vertical coordinates by 800 and 1024, respectively. 374

Predicted error magnitude was converted to an approximate pixel scale by multiplying by the mean of these 375

coordinate scales, 912. 376

Meta-control model 377

Algorithm The meta-control model uses the RNN as a fast abstraction mechanism and Pymunk as a 378

physics simulator (Algorithm 1). Starting from the initial 15-frame RNN history, the controller queries 379

increasingly distant abstraction endpoints at offsets A, 2A, 3A, . . . and accepts each abstraction as long as its 380

predicted endpoint error remains below the threshold τ . If the predicted error exceeds τ , the controller 381

switches to Pymunk to generate increasingly long simulation segments of length S, 2S, 3S, . . . until the final 382

15 simulated frames provide a new RNN history for which the predicted error of the next A-frame 383

abstraction falls below τ , at which point the controller updates the RNN history and resumes abstraction. 384

Parameters The meta-control model has three parameters: the fixed abstraction span A, the 385

simulation-length increment S, and the predicted-error threshold τ . We performed a grid search over these 386

parameters and selected the combination that produced the strongest correlation between model runtime and 387

human response time across scenes. Both measures were log-transformed to reduce heteroscedasticity before 388

computing the correlation. The parameters used for all subsequent meta-control model evaluations were 389

A = 150, S = 20, τ = 22. 390

Blended model 391

For comparison, we used the same blended model as in our earlier work [12]. In this model, physical 392

reasoning combines two processes: a partial simulation that simulates the scene forward by a small number 393

of steps and a simple abstraction that projects the ball forward along its current direction. At each moment, 394

the model computes a possible next state using N steps of partial simulation and, in parallel, a linear 395

projection of length D. It then compares the predictions of the two processes: when their cosine similarity is 396

at least E, the model adopts the abstraction update; otherwise, it relies on simulation. This real-time 397

trade-off allows the model to short-circuit simulation and conserve computational resources when D is 398

greater than N . We retained the original parameter values: N = 5, D = 75, E = 0.9. 399

Analyses 400

RNN trajectory efficiency 401

To examine the structure of the RNN’s predicted trajectories, we computed path efficiency as the 402

straight-line displacement from the trajectory start to its endpoint divided by the total distance traveled. 403

RNN-predicted and ground-truth path efficiencies were compared across non-straight-path scenes using a 404

paired, two-sided Wilcoxon signed-rank test. Straight-path scenes were excluded because their ground-truth 405

path efficiency was 1. 406

Factors associated with RNN-predicted error 407

To examine factors associated with the RNN’s predicted error, we fit a linear mixed-effects model with 408

log(1 + predicted error) as the dependent variable. Fixed effects included standardized prediction horizon, 409

two planned contrasts comparing during versus before the first collision and after versus during the first 410
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Algorithm 1 Meta-Control Algorithm

1: A terminal event occurs when the ball first reaches the goal or the ground.
2: Initialize the RNN history H using the first N = 15 ground-truth frames.
3: Let pN and pN−1 be the final two ball positions in H.
4: Initialize the current state x = (p, v) with p← pN and v ← F (pN − pN−1), where F = 60 frames/s.
5: Set the cumulative abstraction index m← 1.
6: while no terminal event has occurred do
7: Abstraction phase
8: Using the fixed history H, predict the ball position p̂mA and prediction error ϵ̂mA at future offset mA.
9: if ϵ̂mA ≤ τ then

10: Form the abstraction segment from the current position p to p̂mA by linear interpolation.
11: if a terminal event occurs along the abstraction segment then
12: Truncate the segment at the first terminal point, accept it, and terminate the rollout.
13: else
14: Accept the full abstraction segment.
15: Update the current state x← (p̂mA, F (p̂mA − p)/A).
16: Set m← m+ 1.
17: end if
18: else
19: Simulation phase
20: Save the current state as xpre ← x and set j ← 1.
21: while no simulation segment has been accepted do
22: Starting from the same state xpre, simulate a candidate segment of length jS with Pymunk.
23: if a terminal event occurs during the candidate simulation then
24: Accept the simulation through the first terminal frame and terminate the rollout.
25: else
26: Let p′jS−1 and p′jS be the final two simulated positions.
27: Form H ′

j from the final N = 15 frames of the candidate simulation.
28: Using H ′

j , predict the error ϵ̂′A at future offset A.
29: if ϵ̂′A ≤ τ then
30: Accept the full jS-frame simulation segment.
31: Update the current state x←

(
p′jS , F (p′jS − p′jS−1)

)
.

32: Update the RNN history H ← H ′
j .

33: Reset the cumulative abstraction index m← 1.
34: else
35: Set j ← j + 1.
36: end if
37: end if
38: end while
39: end if
40: end while

collision, standardized scene length, and standardized number of objects. Later collision periods were 411

grouped into the post-collision stage. The model included a random intercept and random slope for 412

prediction horizon by scene and was fit by maximum likelihood. Fixed-effect significance was assessed using 413

Wald tests, and marginal and conditional R2 quantified variance explained by the fixed effects and by the 414

full model, respectively. 415

RNN-predicted error and pupil size 416

To relate RNN-predicted error to human pupil size, pupil size was log transformed and averaged first within 417

each participant and scene and then across participants. RNN-predicted error was averaged across prediction 418

horizons within each scene and log10 transformed. We calculated Pearson correlations between scene-average 419

RNN-predicted error and pupil size across all scenes and separately for straight-path and non-straight-path 420

scenes. Ordinary least squares (OLS) fits with 95% confidence intervals were used for visualization. 421
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Response-time analyses 422

To compare reasoning-time patterns in humans and the meta-control model, we analyzed Experiment 1 423

scenes using separate OLS regressions for human response time and model run time. Each model included 424

centered ground-truth simulation time, path type, and their interaction, with non-straight-path scenes as the 425

reference group. Group-specific slopes were tested against zero using two-sided tests. Because our prediction 426

was that the relationship with simulation time would be weaker for straight-path scenes, the interaction was 427

tested one-sided. To compare the meta-control and blended models directly, human response time and model 428

run time were log-transformed to reduce heteroskedasticity, and their Pearson correlations were compared on 429

the same set of Experiment 1 scenes using a two-sided Williams test for dependent overlapping correlations. 430

Accuracy analyses 431

Human accuracy in model-correct and model-incorrect Experiment 2 scenes was compared using two-sided 432

Mann–Whitney U tests. The eighth-order polynomial curves relating accuracy to ground-truth simulation 433

time were used only for visualization. 434

Eye-movement signatures of abstraction and simulation 435

For the eye-movement analyses, we associated each gaze sample with model-predicted abstraction and 436

simulation segments using its shortest distance to each trajectory segment. We repeated the analysis using 437

distance thresholds from 50 to 120 pixels in 10-pixel increments, with 120 pixels as the primary threshold. 438

For each participant and threshold, we calculated the proportion of saccades and smooth pursuits among 439

gaze samples associated with abstraction and simulation. Samples falling within threshold of both phase 440

types were included in both phase pools. 441

We then calculated within-participant differences in saccade proportion between abstraction and 442

simulation and in smooth-pursuit proportion between simulation and abstraction. Inference was based on 443

5,000 bootstrap resamples of participants with replacement. For each resample, we calculated the median 444

within-participant difference; 95% confidence intervals were defined by the 2.5th and 97.5th percentiles, and 445

two-sided bootstrap p-values were calculated as twice the smaller empirical tail probability relative to zero. 446

Scene-level abstraction and eye-movement measures 447

At the scene level, model-predicted abstraction proportion was defined as the summed length of abstraction 448

segments divided by the summed length of all abstraction and simulation segments. Human saccade 449

proportion and log-transformed pupil size were first averaged within participant and scene and then across 450

participants. Pearson correlations were used to relate scene-level abstraction proportion to each human eye 451

measure. 452

Comparison of eye-movement predictions between models 453

To compare how well the meta-control and blended models separated the two eye-movement signatures, we 454

retained gaze samples that were either a saccade or a smooth pursuit and received a unique abstraction or 455

simulation classification from both models. For each model, we fit a Bernoulli logistic regression predicting 456

saccade versus smooth pursuit from the model-predicted reasoning phase, with participant-specific intercepts 457

included as fixed effects. 458

Predictive performance was evaluated using 10-fold cross-validation grouped by scene, such that all gaze 459

samples from a held-out scene were excluded from training and both models were evaluated on identical folds 460

and observations. Performance was measured using held-out Bernoulli log-likelihood. We first averaged the 461

meta-control-minus-blended log-likelihood difference within each scene and then averaged across scenes. A 462

95% confidence interval was obtained from 20,000 bootstrap resamples of scenes with replacement. Because 463

the two models were evaluated on the same scenes, significance was assessed separately using a paired 464

scene-level sign-flip randomization test under the null hypothesis of no systematic difference between models. 465

The sign-flip test used 20,000 random sign assignments to the scene-level differences to estimate the p-value. 466

The same analyses were repeated across the full range of distance thresholds as a robustness check. 467
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