
Generalizing physical prediction by composing forces and objects
Haoliang Wang

Department of Psychology
UC San Diego

haw027@ucsd.edu

Kelsey Allen
DeepMind

krallen@google.com

Edward Vul
Department of Psychology

UC San Diego
evul@ucsd.edu

Judith E. Fan
Department of Psychology

UC San Diego
jefan@ucsd.edu

Abstract

Our ability to make reliable physical predictions even in novel
settings is a hallmark of human intelligence. Here we inves-
tigate how people infer multiple physical variables simultane-
ously and compose them to generalize to a novel scenario. Par-
ticipants (N=203) observed a series of balls launched at dif-
ferent angles in a 2D virtual environment and generated pre-
dictions about their trajectories. We found that people could
infer the masses of different balls based on these observations,
as well as the existence of a latent ”wind” force, and com-
pose knowledge of these two variables to generalize to novel
situations in a subsequent test phase. We modeled this gen-
eralization as the consequence of being able to simulate tra-
jectories by independently combining force and mass informa-
tion in accordance with Newtonian mechanics. To validate this
approach, we also tested several alternative models and com-
pared their generalization behavior to one another and to that
of people. Together, our study points to the value of using gen-
eralization to probe the underlying representations supporting
physical prediction.
Keywords: intuitive physics; world model; compositional
generalization; computational models

Introduction
People readily make physical predictions about how objects
will behave even in novel situations. For example, golfers can
use their prior knowledge about golf balls and wind forces
to play on a windy day; gamers playing Super Mario Bros.
quickly learn how different characters react differently to the
unnatural gravity in the game, and later readily control these
avatars to accomplish tasks in underwater scenarios by fac-
toring in water resistance. Indeed, living in an uncertain and
open-ended physical world, a fundamental goal of our cog-
nition is to generalize from limited experience so as to be-
have appropriately in unpredictable future tasks and situa-
tions. How do people learn to “carve physics at its joints”
– that is, to uncover hidden variables and rules that can be
flexibly used to generalize to new scenarios?

One possibility is that people are not just learning to
map input sensory information to output predictions, but are
rather inferring the latent properties in a structured genera-
tive world model – an internal model encoding the physi-
cal dynamics of how the world works (Battaglia, Hamrick,
& Tenenbaum, 2013). Prior work in intuitive physics has
established that people can infer latent physical parameters
like mass (Sanborn, Mansinghka, & Griffiths, 2013; Ham-
rick, Battaglia, Griffiths, & Tenenbaum, 2016) and friction
(Ullman, Stuhlmüller, Goodman, & Tenenbaum, 2018) by

observing object’s motion. In particular, it has been argued
that people’s inference and judgements about physical prop-
erties can be explained by having a noisy Newtonian inter-
nal physics model (Ullman, Spelke, Battaglia, & Tenenbaum,
2017). Going beyond just inferring a single parameter in the
physics model, it has also been found that people are able
to simultaneously induce the conceptualization of objects as
well as the causal relationships between them by watching
objects interact with each other in the domain of magnetism
(Bonawitz, Ullman, Gopnik, & Tenenbaum, 2012). Together,
these findings suggest that people can learn an internal world
model that encodes the underlying dynamics of the physical
world at multiple levels: from underlying causal structure to
specific parameters.

However, if world models could not extend to novel objects
and situations, they would be of limited use to us. Therefore,
a crucial aspect of learning a structured world model is that
people should be able to flexibly compose the variables in
the model to make reliable physical predictions when faced
with novel scenarios that are related but nonidentical to past
experiences. To date, however, few studies have investigated
how or whether people are able to accomplish this.

In this paper, we sought to explore how people learn physi-
cal world models such that they can compositionally general-
ize to novel scenarios and make reliable predictions. We fo-
cus on a specific kind of physical world model, namely mod-
els that encode the latent forces and masses of objects in an
environment. This kind of world model, although simple, can
have a wide range of variations (e.g. types of forces, different
mass values) and is a prerequisite for learning more complex
world models. To this end, we developed a novel paradigm
where participants must infer multiple latent variables of the
physical dynamics during training and compose them to gen-
eralize in the test phase. Specifically, we ask participants to
play a physics-based video game. In this game, participants
use a paddle to catch three balls of different masses in two en-
vironments where different latent forces (downward gravity
and a wind force blowing to the right) are at play. People were
trained on 5 out of these 6 ball-environment combinations and
then asked to generalize to the held-out combination. In or-
der to succeed at this task, participants must infer the latent
structure (e.g. the existence of different latent forces in differ-
ent environments) as well as physical parameters (e.g. mass
of different balls) of the underlying dynamics and compose
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Figure 1: (A) The 2�3 design matrix of our experiment, where participants were trained on 5 out of these 6 cells, and asked to
generalize to the held-out cell. The choice of held-out cell was counterbalanced across participants. (B) Different trajectories
of a ball when its mass and the environment varies.

these to generalize in the novel ball-environment combina-
tion. We find that people can learn both latent variables, and
critically compose this knowledge to generalize to the novel
combinations in the test phase. Our modeling results sug-
gest that people achieve such generalization, in part, by con-
structing composable internal models of the physical scene
and performing model-based compositional generalization.

Experiment
Participants
203 participants (100 female; mean age = 25.9 years) re-
cruited from Prolific completed the experiment. Data from
all participants were included as all met our preregistered in-
clusion criteria. Participants provided informed consent in ac-
cordance with the UC San Diego IRB. The experiment lasted
approximately 35 minutes and participants were paid $14/hr
based on this expected completion time.

Task environment & procedure
To probe physical prediction, in this experiment, we ask par-
ticipants to play a virtual game of catch. A ball is launched
from a point on a large circle, and the participants’ task is to
move a rectangular paddle along the outside of the circle to
catch the ball (Figure 1B). Each trial began with the paddle
placed at 3 o’clock, participants then adjusted the paddle’s
location with the arrow keys. When participants were satis-
fied with the paddle’s location, they launched the ball using
the spacebar (as soon as the ball was launched, they could no
longer adjust the paddle location). The ball’s launch trajec-
tory was animated. If the ball made contact with any part of
the paddle, this was considered a success. Participants then
pressed the spacebar to proceed to the next trial. We manip-
ulate the following variables in each trial: the environment
where the participants perform this task, the mass of the ball,
the location where the ball was launched, and the force with
which the ball was launched.

In order to introduce different latent forces that require dif-
ferent predictions to maintain high accuracy, we use two en-

vironments cued by different background images. In one en-
vironment, there is only gravity (Fg) pulling downward; and
in the other environment, there is both a downward grav-
ity force and a rightward wind force (Fw). As these forces
are evocative of indoor/outdoor environments, we use the in-
door/outdoor nomenclature for simplicity throughout the pa-
per. To elicit participants’ inferences about physical param-
eters, we use three types of balls: light, medium and heavy.
All balls are the same size, but have different colors and tex-
tures, allowing participants to learn a color/texture ! mass
mapping throughout the experiment. The correspondence be-
tween the color/texture of the ball and its mass is shuffled
across participants. As a way of measuring how well people
could make predictions under different physical conditions,
the ball appears at a location sampled from each of the 12
hours on a clock face, and is launched towards the center of
the big circle with an initial force whose direction and mag-
nitude were indicated by an arrow, either strong (red) or soft
(orange). We manipulate mass (light, medium, heavy) and
environment (indoor, outdoor) using a “2� 3 factorial de-
sign” such that succeeding on any given trial required com-
bining these two latent variables (see Figure 1A). Each ball-
environment combination consists of 24 trials (12 launching
locations � 2 launching forces).

The game consists of a training phase and test phase. In the
training phase, participants are exposed to five of the six ball-
environment combinations. The subsequent test phase only
includes trials with the remaining ball-environment combina-
tion. To generalize to the test phase, the participants need to
successfully infer the underlying structure (the existence of
gravity/wind) as well as the specific parameters (how strong
the gravity/wind is, and how heavy the balls are) of the phys-
ical environment. We randomly assign participants to each
of six groups defined by which ball-environment combina-
tion was used at test. To give participants an opportunity to
observe how each ball behaved under different launch condi-
tions (launching location, launching forces) in the same en-
vironment, we divided the 120 (24� 5) training trials into


