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Abstract

The ability to infer the past from what we perceive in the present is a key capacity of
human cognition. Witnessing a broken vase, humans will automatically bring to mind a
causal story of what happened. Multiple sources of sensory evidence can support this
inference. Seeing the broken pottery tells you something, but hearing the crash tells you
even more. In this work, we explore people’s inferences about the past from multimodal
evidence. We present a physical reasoning paradigm called Plinko. In the prediction task,
participants must determine where a ball that is dropped into a box with obstacles will
land. A computational model that uses mental simulation in an Intuitive Physics Engine
captures participant predictions very well. In the inference task, participants must infer
which hole in the box the ball fell from. Across conditions, participants are presented with
different combinations of visual and auditory cues, and must combine this information to
determine what happened. We develop a sequential sampling model that selectively
simulates from promising hypotheses, and demonstrate that this model accurately captures
participants’ judgments and eye-movements. By coordinating sensory evidence in an
underlying causal representation of the physical world, this simulation approach is able to
capture complex multimodal inferences that go beyond traditional approaches to
multimodal integration.
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Multimodal inference through mental simulation
Introduction

Imagine you are coming home from work and as you walk in the door you hear a
crash from the dining room. You rush over to see what happened and immediately spot
your favorite vase shattered on the floor. Your eyes quickly flit to its former location on the
dining room table, and there sits your cat, Whiskers, looking guilty. In a flash, an
explanation for what happened pops into your head. Whiskers was playing where he didn’t
belong, bumped the vase, and gravity did the rest.

This sequence of thoughts might seem mundane, but it exhibits the components of
an impressive cognitive capacity. Having observed a surprising situation, you were able to
combine disparate signals, sounds and sights, to construct a plausible story of what
happened. This ability is foundational to human cognition. Every day, we are deluged by a
sea of sensory information, and we must sift through this complex multimodal experience
to extract reliable causal explanations that allow us to understand our environment. In
low-stakes interactions with mischievous cats, but also in high-stakes situations like a
detective reconstructing what happened at the scene of a crime, we are constantly
interpreting our sensory experience to uncover these causal stories that go beyond what we
can directly perceive (Chen & Scholl, 2016). Understanding how people achieve this
cognitive feat is a central question in psychological science.

The ability to integrate multimodal information is a critical piece of the puzzle.
Coordinating information across sensory channels limits the number of possible situations
that could explain a given experience (Alais & Burr, 2019; Stein & Meredith, 1993).
Psychophysics research has demonstrated that humans are quite adept at combining
different modalities of sense data. In perceptual tasks, such as spatial localization and size
discrimination, people optimally combine evidence from multiple sensory signals, weighing
the different modalities in accordance with their reliability (Alais & Burr, 2004; Ernst &

Banks, 2002; Jacobs, 1999; Wozny, Beierholm, & Shams, 2008). However, concurrent
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sensory cues don't always come from the same source. Inferences about the latent causes of
sensory experience shapes how and when people integrate evidence across di erent
modalities (Kérding et al., 2007; Rohe & Noppeney, 2015). The interpretation of
multimodal evidence takes place in the context of a continuous inferential process aimed at
ascertaining these latent causes of experience (Shams, 2012; Shams & Beierholm, 2010).
But while traditional multimodal perception paradigms present stimuli with a simple
causal setup, daily sensory perception unfolds against the backdrop of a richly structured
causal environment (Kim & Schachner, 2025).

To navigate this complexity, humans bring to bear a powerful set of cognitive tools.
Over development, humans ne-tune intuitive theories, structured causal models
representing how objects and agents relate to and in uence one another (Gerstenberg &
Tenenbaum, 2017; Lake, Ullman, Tenenbaum, & Gershman, 2016; Wellman & Gelman,
1992). Intuitive theories allow people to simulate the causal dynamics of their environment,
supporting prediction of unseen possible futures and backward inference to the causes of
unobserved pasts (Hegarty, 2004). Intuitive theories can also explain how an underlying
causal process gives rise to disparate sensory signals, unifying multimodal evidence in a
common representation (Erdogan, Yildirim, & Jacobs, 2015; Yildirim & Jacobs, 2014; Ying
et al., 2025). In light of their importance for understanding how people perform inferences
across wide-ranging domains, a modeling tradition has emerged in cognitive science that
aims to reverse-engineer the nature of intuitive theories (Battaglia, Hamrick, &
Tenenbaum, 2013; Jara-Ettinger, Gweon, Schulz, & Tenenbaum, 2016). For example, in the
domain of intuitive physics, researchers have developed computational models to explain
human behavior in a wide variety of tasks including physical prediction (Hamrick, Smith,
Gri ths, & Wul, 2015; Smith, Dechter, Tenenbaum, & Vul, 2013; Smith & Vul, 2013),
judgments of physical support (Battaglia et al., 2013; Zhou, Smith, Tenenbaum, &
Gerstenberg, in press), causal judgments in physical scenes (Beller & Gerstenberg, 2025;

Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2021), perception of occluded objects
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(K. W. Wong, Bi, Soltani, Yildirim, & Scholl, 2023), and human intuitions of liquid ow
(Bates, Yildirim, Tenenbaum, & Battaglia, 2019). Moreover, eye-tracking has emerged as a
promising empirical method for indexing mental simulation in physical reasoning tasks
(Ahuja et al., 2024; Ahuja & Sheinberg, 2019; Crespi, Robino, Silva, & de'Sperati, 2012;
Gerstenberg, Peterson, Goodman, Lagnado, & Tenenbaum, 2017). Gaze patterns provide a
continuous trace of participants' attention, revealing what they are interested in and
suggesting how they use mental simulation to make judgments about physical scenes.

In this work, we examine how people integrate evidence from multiple sensory
modalities in an underlying causal model of the world in order to perform complex physical
inferences. We present a novel task domain: Plinko a exible experimental setting for
assessing participant reasoning in physical prediction and inference tasks. We develop a
model of multimodal inference that uses a noisy physics simulator to approximate the
cognitive processes that people engage when reasoning in this domain. In Experiment 1, we
demonstrate that this model achieves a very high level of predictive accuracy in explaining
participant predictions and outperforms alternatives, suggesting that mental physical
simulation is a key mechanism supporting physical reasoning in the Plinko domain. In
Experiment 2, we demonstrate how this model explains the coordination of sensory cues
from multiple modalities, capturing participant judgments and eye-movements in our task,
and thereby deepening our understanding of how people use their causal knowledge to

navigate their complex multimodal experience.
Results
Plinko Domain
The Plinko Domain is a physical reasoning setting that allows us to examine how
participants make judgments about their physical environment (see Figure 1). The Plinko
box has three holes from which a ball can be dropped. During a drop, the ball bounces o

obstacles as it falls to the oor, creating auditory cues as it collides with the various

obstacles and with the walls. This setting supports di erent physical reasoning tasks.
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Figure 1

Illustration of the Plinko Domain. Plinko is an intuitive physics setting designed for the
study of diagnostic inference from multimodal sensory evidence. A In the prediction task,
participants see the drop location and must predict where the ball will land, clicking multiple
times to indicate potential uncertainty. B In the inference task, participants receive
combinations of visual and auditory cues and must infer where the ball fell from. In the "no
sound + ball visible' condition, participants only see the nal ball location. In the "sound +
ball visible' condition, participants rst hear the sounds of the ball falling (while the box is
covered), and then see the nal ball location. Collision sounds are indicated by the x points
on the vertical timeline. In the "sound + ball occluded' condition, participants again hear
the sounds of the ball falling, but the nal ball location is covered. They can only see the
obstacles.

Figure la illustrates the prediction task. Participants see which hole the ball will be
dropped from and are asked to predict its endpoint. Participants provide ten clicks
indicating the location along the oor of the Plinko box that they think the ball will land.
This response format allows participants to express uncertainty. If a participant is very
con dent about where the ball will land, they can click many times in the same spot. If
they are more uncertain and believe a broader range of outcomes are possible, they can
indicate that with multiple clicks in di erent locations.

Figure 1b illustrates the inference task. In this task, participants receive di erent

forms of visual and auditory evidence and must infer which hole the ball fell from. We
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examine participant inferences in three di erent conditions. In the 'no sound + ball visible'
condition, participants only see an image that shows where the ball ended up. In the
“sound + ball visible' condition, participants are rst presented with a covered Plinko box
and hear the sounds that the ball makes as it's dropped. Participants hear a beep when the
drop begins, a collision sound whenever the ball collides with an obstacle or the walls, and
a softer collision sound when the ball lands in the sand on the oor. After hearing these
auditory cues, participants view the image of where the ball ended up, and they can
combine the auditory and visual information to gure out what happened. In the "sound +
ball occluded' condition, participants again rst hear the ball being dropped. However, this
time the box is only partially revealed. The nal location of the ball remains occluded but

the obstacles can be seen.
Intuitive Physics Engine

We model mental simulation in Plinko using an intuitive physics engine (IPE;
Battaglia et al., 2013; Ullman, Spelke, Battaglia, & Tenenbaum, 2017). The IPE is a
cognitive model of physical reasoning that captures mental physical simulation by running
noisy simulations in a computer physics engineThe model is given an object-oriented
representation of the scene, and a noisy simulator that updates the state of that scene
according to approximate physical laws. Noise in the simulation process allows the model
to capture uncertainty in human physical reasoning (Smith & Vul, 2013).

Figure 2b illustrates the IPE in the prediction task. To predict where the ball will
fall, the model runs multiple noisy simulations (indicated by the dashed lines). We assume
that people are uncertain about exactly how the ball is dropped, and what happens when
it collides with the obstacles or the walls. To capture this uncertainty, we add noise to the
simulations at two junctures (see middle panel): the angle of the ball's initial velocity when

it drops from the hole, and the ball's velocity when it separates from an obstacle after a

we implement the IPE with the 2D physics engine Chipmunk (https://chipmunk-physics.net),
accessed with the python library pymunk (https://www.pymunk.org).
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collision (Smith & Vul, 2013). The noise of the angle drop is represented with a single
parameter representing the standard deviation of the Gaussian distribution on the drop
angle, 4. The collision noise is represented with a pair of parameters, and.,
representing the mean and standard deviation for the Gaussian distribution from which a
multiplier is drawn that's applied to the magnitude of the ball's velocity ( =1 and =0
represent deterministic collisions). The densities on the oor of the Plinko box re ect the
distributions of simulated outcomes. Repeated simulation allows us to capture structure in

participant prediction distributions such as bi-modality and skew.
Experiment 1: Prediction

Our rst experiment motivates the Plinko domain as a test-bed for studying mental
simulation in physical reasoning. The IPE closely captures the distribution of participant

predictions, underlining the importance of mental simulation in physical prediction.
Human Results

Figure 2a shows participant data for one of the obstacle con gurations. Small
points represent participant clicks, densities represents the overall distribution of
participant responses for the given hole, and the large connected circles represent the
ground truth trajectory. Across all trials, the average absolute distance between participant
predictions and the ground truth is 61.72 pixels (bootstrapped 95% con dence interval:
[61.13, 62.33]). The distributions of participant responses are clearly structured, while also
re ecting uncertainty in where the ball will land. This uncertainty can manifest as
bimodality as in the case of hole 1 where participants are unsure whether the ball will end
up to the left or right of the triangle. Noticeably participants tend to underestimate how
far the ball travels after colliding with an obstacle. This is clearest in hole 2. The ground
truth location of the ball is to the right, while the bulk of participant predictions are more

toward the middle of the box.
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Figure 2

Evaluation of the IPE in the prediction task. A Participant predictions together with kernel
density estimates. The trajectories show where the ball actually ends up. B IPE predictions
for the corresponding trials. Dotted paths represent simulation paths from the IPE. C Six
additional sample trials showcasing participant and model predictions for all three holes.
Overall the simulated distributions closely match the distributions of participant predictions
across trials. D Scatterplot of model and participant mean predictions. Axes indicate pixel
point of the mean prediction. The Plinko box is 600 pixels wide. The sample trial

illustrated in A and B is shown as large diamonds. The IPE correlates strongly with
participants' predictions.

Modeling Physical Prediction

For each trial in the prediction task, the IPE runs 100 noisy simulations, producing
a distribution of ball drop locations that can be compared to participant behavior (see
Figure 2b). Figure 2c showcases six additional trial comparisons. The IPE consistently
matches the ne-grained structure of the distribution of participant responses. Figure 2d
summarizes the overall model performance, plotting the mean model prediction against

mean participant prediction. Across trials, the IPE shows a high degree of correspondence
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