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Abstract

A detailed model of the outside world is an essential ingredient
of human cognition, enabling us to navigate, form goals, exe-
cute plans, and avoid danger. Critically, these world models are
flexible—they can arbitrarily expand to introduce previously-
undetected objects when new information suggests their pres-
ence. Although the number of possible undetected objects is
theoretically infinite, people rapidly and accurately infer un-
seen objects in everyday situations. How? Here we investigate
one approach to characterizing this behavior—as nonparamet-
ric clustering over low-level cues—and report preliminary re-
sults comparing a computational model to human physical in-
ferences from real-world video.
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Introduction

Extracting meaning from the noisy data provided by our
senses requires an inferential leap from sensations to under-
standing, classically modeled as a process of Bayesian infer-
ence (Helmholtz & Southall, (1925 |Kersten, Mamassian, &
Yuille| 2004; Mansinghka, Kulkarni, Perov, & Tenenbaum|,
2013). The goal of this inference is a coherent and generally
accurate model of the world, one that can support planning
(Craikl |1943)), physical reasoning (Gentner & Stevens, [2014),
and logical inference (Johnson-Laird, [1980). The challenge
is that building an accurate model of our environment is not
always straightforward. Even in the best case, where all the
relevant objects are in plain view, we must still identify them
across the infinite variations in how they could appear to our
senses (Biedermanl|1987). Often, the picture is even bleaker:
whether by shadow, occlusion, or haze, some relevant objects
are not visible at all, and can only be inferred.

Clever experiments like those depicted in Figure |1| have
shown how we can effortlessly determine a great deal about
even hidden or invisible objects. In these examples, the ob-
jects or agents are not sensed directly, and yet we recog-
nize them by the physical effects they have on the world
around them. Such inferences are not limited to the labo-
ratory, but happen regularly in everyday life: when your sil-
verware drawer won’t close, you can infer that a misplaced
spoon is in the way.

These examples highlight two critical properties of our
world models: first, rather than being limited to a fixed set
of known objects, they are expandable, able to accommodate
additional hidden entities when required in order to account
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Figure 1: Selection of stimuli from previous studies of object
inference. (a and b) Only a cloth is visible in each panel, yet
it is clear that two other objects are present, and that one is a
chair (Yildirim et al, [2016). (c) An object the same color as
its background can nevertheless be clearly perceived when it
moves in front of other objects, occluding and revealing them
in turn (Palmer et al.} 2006). (d and e) After seeing a beanbag
fly over a wall from the right, even infants infer that an agent
was responsible, and expect to see a hand emerge on the right
side rather than the left (Saxe et al., [2005).

for new observations. Second, the information used to sup-
port such inferences can make use of physical intuitions (e.g.,
of the way cloth drapes, or the way objects fall). How do
these properties enable us to discover objects?

Hidden object discovery as latent causal inference

To discover a hidden object is to infer an explanation—a
latent cause of the data we observe (Shams & Beierholm,
2010). “What object could cause the particular draping in
Figure [IB?” we might ask, and propose a chair as the an-
swer. Our physical reasoning abilities let us generate candi-
date causes and predict their likely effects, yielding plausible
explanations for otherwise puzzling observations (Yildirim et
al.,[2016} |Gerstenberg, Siegel, & Tenenbaum, |2021)).

In particular, we generate new explanations when our cur-
rent models can’t explain the data we observe. We know cloth
doesn’t support itself, and that inanimate objects don’t ran-
domly disappear or propel themselves over walls, so when
they seem to do so, we decide that something else must be
behind this behavior and start to seek out a suitable explana-
tion (Ullman, Stuhlmiiller, Goodman, & Tenenbaum, 2018)).

While a great deal of progress has been made in recent
years toward understanding human inference in physical rea-
soning (Kubricht, Holyoak, & Lul [2017), such efforts have
generally focused on prediction and inference over already-
known objects. Even models that infer latent properties like
mass and friction (Battaglia, Hamrick, & Tenenbaum), 2013;
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