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Abstract
A growing body of evidence supports the hypothesis that humans infer future states of perceived physical situations by
propagating noisy representations forward in time using rational (approximate) physics. In the present study, we examine
whether humans are able to predict (1) the resting geometry
of sand pouring from a funnel and (2) the dynamics of three
substances—liquid, sand, and rigid balls—flowing past obstacles into two basins. Participants’ judgments in each experiment are consistent with simulation results from the intuitive
substance engine (ISE) model, which employs a Material Point
Method (MPM) simulator with noisy inputs. The ISE outperforms ground-truth physical models in each situation, as well
as two data-driven models. The results reported herein expand
on previous work proposing human use of mental simulation in
physical reasoning and demonstrate human proficiency in predicting the dynamics of sand, a substance that is less common
in daily life than liquid or rigid objects.
Keywords: Intuitive physics; mental simulation; substance
representation; prediction

Introduction
Consider KerPlunk, a children’s game in which marbles are
suspended in the air by a lattice of straws within a cylindrical
tube. The goal of the game is for each player to take turns removing straws while minimizing the number of marbles that
fall through the lattice. The task requires players to reason
about the interaction between rigid bodies and obstacles in
3D space. But what if the marbles were replaced by balls of
liquid or sand? Could humans predict how those substances
would move? Would those predictions agree with a generative model based on ground-truth, Newtonian physics?
Recent computational evidence has demonstrated that human predictions do agree with Newtonian physics, given
noisy perception and prior beliefs about spatially represented
variables: i.e., the noisy Newton hypothesis (Bates, Yildirim,
Tenenbaum, & Battaglia, 2015; Battaglia, Hamrick, & Tenenbaum, 2013; Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2015; Hamrick, Battaglia, Griffiths, & Tenenbaum,
2016; Kubricht et al., 2016; Sanborn, 2014; Sanborn, Mansinghka, & Griffiths, 2013; K. Smith, Battaglia, & Vul, 2013).
The hypothesis suggests that humans rationally infer the values of physical variables and utilize normative conservation
principles (approximately) to make predictions about future
scene states. Computationally, this is achieved by sampling
the initial locations, motions from noisy sensory input, and
sampling physical attributes in a physical scene, propagating
these variables forward in time according to approximated
physical principles, and aggregating queries on the final scene
states to form predicted response distributions.

Bates et al. (2015) extended the noisy Newton framework
from block tower judgments (Battaglia et al., 2013) to liquid dynamics using an intuitive fluid engine (IFE). In their
IFE, ground-truth physics was approximated using smoothed
particle hydrodynamics (SPH (Monaghan, 1992), a particlebased computational method for simulating non-solid dynamics. Their model predictions matched human judgments
about future fluid states and outperformed alternative models that did not employ probabilistic simulation or account
for physical uncertainty. Furthermore, the authors found that
their participants’ predictions were sensitive to latent fluid
attributes (stickiness and viscosity), suggesting that humans
have rich knowledge about the intrinsic properties of liquid.
The present study argues for the same general class of
model as Bates et al.’s (2015) IFE and extends their work
by examining (1) whether human predictions about future
states of multiple substances (i.e., rigid balls, liquid, and
sand) differ, and (2) whether those differences can be consistently modeled using approximate, probabilistic simulation
based on a hybrid particle/grid simulator adapted from previous work (Kubricht et al., 2016). Although granular materials
(e.g., sand) are encountered in everyday life, they are far less
common than liquid; can humans accurately predict how sand
will interact with obstacles and support surfaces? We present
two experiments exploring the human capacity to predict the
dynamics of substances varying in familiarity and physical
properties, examining how human judgments and model predictions vary for different substances. Experiment 1 examines
human predictions about the resting composition of sand after pouring from a funnel. In Experiment 2, participants make
predictions about the flow of liquid, sand, and rigid balls past
obstacles using a design similar to Bates et al.’s (2015) study.

Computational Models
MPM Physical Simulator
The Material Point Method (MPM) (Sulsky, Zhou, &
Schreyer, 1995) is commonly used in computer graphics to
simulate the behavior of solids and fluids. The MPM has produced physically accurate and visually realistic simulations
of the dynamics of liquid (Jiang, Schroeder, Selle, Teran, &
Stomakhin, 2015) and sand (Klár et al., 2016), in addition
to general continuum materials such as stiff elastic objects
(Jiang, Schroeder, Teran, Stomakhin, & Selle, 2016).
The Appendix presents a mathematical overview of our
MPM simulator, which provides a unified, particle-based
simulation framework that handles rigid balls, liquid, and

