
What’s in the Box? Reasoning about Unseen Objects from Multimodal Cues

Lance Ying∗1,2, Daniel Xu∗1, Alicia Zhang1, Katherine M. Collins1, Max H. Siegel1, Joshua B. Tenenbaum1

1Massachusetts Institute of Technology, Cambridge, MA, USA
2Harvard University, Cambridge, MA, USA

∗Equal Contribution

Abstract

People regularly make inferences about objects in the world
that they cannot see by flexibly integrating information from
multiple sources: auditory and visual cues, language, and our
prior beliefs and knowledge about the scene. How are we
able to so flexibly integrate many sources of information to
make sense of the world around us, even if we have no di-
rect knowledge? In this work, we propose a neurosymbolic
model that uses neural networks to parse open-ended multi-
modal inputs and then applies a Bayesian model to integrate
different sources of information to evaluate different hypothe-
ses. We evaluate our model with a novel object guessing game
called “What’s in the Box?” where humans and models watch
a video clip of an experimenter shaking boxes and then try to
guess the objects inside the boxes. Through a human experi-
ment, we show that our model correlates strongly with human
judgments, whereas unimodal ablated models and large multi-
modal neural model baselines showed poor correlation.
Keywords: multimodal perception; multimodal reasoning;
neuro-symbolic models; Bayesian modeling; occlusion; scene
understanding

Introduction
Reasoning about the presence and properties of occluded ob-
jects is a fundamental aspect of human intelligence, crucial
for navigating and interacting with a complex world. This
ability is based on the integration of various sensory cues and
contextual information to form probabilistic judgments. Con-
sider the following scenario. You are locating your package
in a cluttered mail room. Which box is yours? Rather than ex-
haustively examining each package, you can efficiently lever-
age multimodal cues such as size, weight, and textual labels
to rapidly narrow the search space and infer the likely loca-
tion of your target. This capacity to infer hidden states based
on incomplete and potentially ambiguous observations raises
a critical question: how do humans effectively integrate mul-
timodal information to reason about the unobserved?

Accounting for uncertainty regarding unobserved phenom-
ena is a core aspect of human intelligence and has been exten-
sively studied in cognitive science. Research on object per-
manence in developmental psychology (Piaget, 1954) high-
lights the early emergence of the ability to represent and rea-
son about objects that are no longer directly perceived. Clas-
sic paradigms such as the Wason selection task (Wason, 1968)
have explored the use of deductive reasoning to answer ques-
tions about unseen objects. More recent work has focused on
how humans infer hidden properties of objects based on par-
tial observations, incorporating probabilistic models of scene

Figure 1: The What’s in the Box (WiTB) game. In this game,
the participants are given a written list of objects hidden in
boxes. They then watch a video of a human experimenter
shaking the box. The participants are then asked to guess
where each object is hidden based on the visual and audio
cues.

understanding and physical reasoning. These models com-
monly use a physics engine as a generative model of visual
percepts, which can then be inverted to infer the physical
attributes of the underlying hidden object (Battaglia et al.,
2013; Lake et al., 2017; Yildirim et al., 2016). However,
these computational models typically focus on vision as the
single modality of perceptual cue and evaluate the model in
well-controlled simulated environments. The models often
require extensive hand-engineering to restrict the space of the
object’s physical attributes for running the simulation in or-
der to make inference tractable. Consequently, these existing
cognitive models may not be able to account for the complex-
ity of real-world scenarios that require integrating cues from
multiple modalities, and the physical properties of the candi-
date objects are not given a priori.

On the other hand, a complementary line of research in
cognitive science has extensively documented the integration
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      name: mug
      size_mu: [17,8,5], 
      size_sigma: [1,1,0.5],
      material: ceramic,
      rigidity: 1,
      weight: 0.5  
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Figure 2: Our neurosymbolic model. (a) The model first uses neural networks to parse multimodal input to a structured JSON
representation. (b) For a set of objects and boxes, the model generate all hypotheses of object placements among boxes. Then
the hypotheses are evaluated based on the visual and audio information to generate a posterior distribution over the hypotheses,
which can be marginalized to infer object placements.

of multimodal cues in low-level perception. A typical set-
ting presents observers with a multimodal stimulus (e.g. a
flash of light and a noise burst), each modality giving a noisy
estimate of a scene quantity (e.g. source location) (Alais &
Burr, 2004)). This paradigm is motivated by a canonical mul-
tisensory integration model, which applies Bayes’ rule to de-
rive an optimal estimate by combining information from each
sense (Ernst, 2007; Körding et al., 2007; Trommershauser
et al., 2011). Human experiments have found remarkable
agreement between the predictions of this model - which per-
forms a weighted average of the modality-specific estimates -
and human judgments, with notable examples in audiovisual
(Alais & Burr, 2004; Battaglia et al., 2003) and visual-haptic
(Ernst, 2007) processing. However, multimodal reasoning,
potentially incorporating perceptual information as well, is
far less studied in cognitive science.

Rapid progress has also been made in multimodal reason-
ing from the artificial intelligence (AI) and robotics commu-
nity, particularly through deep learning over massive datasets
(Nam et al., 2017). The advent of versatile Vision-Language
Models (VLMs) and Large Language Models (LLMs) has
further expanded these capabilities, allowing for generaliza-
tion to previously unseen scenarios (Ahn et al., 2022; Wang
et al., 2024). However, critical questions remain as to how
well these models truly grasp physical and visual reasoning.

While they excel at pattern recognition and language under-
standing, there are ongoing debates about their capacity for
scene understanding, multimodal reasoning, and interpreting
the causal relationships inherent in the physical world.

In this paper, we present a new neurosymbolic model de-
signed to perform robust reasoning about hidden objects from
complex and ambiguous multimodal inputs. Leveraging a
suite of state-of-the-art neural networks for processing text,
audio, and visual data, our model constructs a formal rep-
resentation of the observed scene. Subsequently, a Bayesian
inference engine updates hypotheses about the hidden objects
based on these observations. Such a neurosymbolic structure
combines the strength of both data-driven large neural models
and a Bayesian architecture for integrating cues from differ-
ent modalities for robust reasoning about unseen objects.

We evaluate our model on a novel object guessing task that
we call “What’s in the Box?” (WiTB), wherein objects are
concealed within boxes, and an observer must infer their con-
tents by analyzing a human participant’s interactions with the
boxes, including lifting and shaking. We demonstrate that the
proposed neurosymbolic model effectively integrates visual,
textual, and auditory information to achieve human-like per-
formance in reasoning about object placements. Critically,
unimodal models exhibit significantly poorer performance,
highlighting the crucial role of multimodal integration in this
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task. This work takes one step towards helping us better un-
derstand how humans can flexibly and reliably infer infor-
mation about objects we cannot see from diverse information
sources.

Computational Model
Our model is shown in Fig. 2. Similar to prior work on neu-
rosymbolic reasoning (Hsu et al., 2023; Wong et al., 2023;
Ying et al., 2023), our neurosymbolic model consists of two
modules: (1) a neural module translates multimodal inputs
into formal representation, and (2) an engine for probabilistic
inference to form the final graded judgment. That is: in the
second module, our model performs probabilistic inference
over the parsed symbolic representation to derive the poste-
rior distribution over the object placements.

Parsing and representing multimodal inputs
Reasoning about multimodal scenes is often complex as it
requires integrating information across different modalities.
Following prior work on scene and semantic parsing using
large foundation models (Liu et al., 2015; Ying et al., 2025),
we use a variety of neural models to parse multimodal inputs
into structured symbolic forms.

Language: The linguistic information provided to an ob-
server includes names of the objects hidden among the boxes.
However, human language is often abstract and ambiguous.
How do we know about the properties of the hidden objects,
such as a pillow, without seeing them? Humans often rely on
their knowledge and memory (past observations) as clues. In
our model, we prompt a state-of-the-art large language model
(LLM) to generate attributes of the unseen object, includ-
ing its geometric dimensions, weights, materials, and rigid-
ity (The degree to which the object can be compressed or
folded in any dimension). This is because the LLMs, trained
on a large amount of real-world data, have likely encoun-
tered more objects than any person and can provide reason-
able guesses about them. Our model uses the Llama 3.1 70B
model as the LLM parser.

Furthermore, to capture the uncertainty about the objects
from the language input (e.g. pillows can have various sizes),
we prompted the LLM to output standard deviations for some
key attributes, such as the physical dimensions, from which
we can model uncertainty by assuming a normal distribution
over these variables.

Vision: From the visual inputs, we can estimate the size of
the boxes present in the scene. We prompt Gemini 2.0 Flash
(Gemini Team et al., 2024) with the first frame of the video
and ask the model to return the dimensions of the boxes in the
format specified in Figure 2.

Audio: The sound made by shaking the boxes can also pro-
vide us with clues on what’s inside them. In our model, we
use an audio classification algorithm CLAP (Elizalde et al.,

2022) to generate a probability distribution over the type of
the sounds from the audio track with object names as candi-
date labels. This allows us to calculate the posterior probabil-
ity of objects in any box conditioned on the audio of the box
when shaken by a human.

Generating and evaluating hypotheses
To infer the placement of objects among boxes, we adopt
an approach inspired by particle filtering (Wills & Schön,
2023). We first initialize all the hypotheses H = {H1...Hn},
each representing a unique way of placing objects in distinct
objects. With N objects in K boxes, this would generate
|H| = K!S(N,K) possible placements, represented as an or-
dered set of lists of objects, Here S(N,K) is the Stirling num-
bers of the second kind. The observer has a uniform prior
belief about the placement b0 = P(H). Then the observer
performs a belief update conditioned on the observed multi-
modal inputs.

We denote hypothesis H i = H i
1, ...H

i
n where H i

n is the set of
items in box n according to hypothesis H i. We then denote
the audio observation as A = A1, ...,An, visual observation as
O = O1,O2, ...,On where An is the audio of box n. Since we
assume a uniform prior, this is

P(H|O,A) ∝ P(O,A|H) = P(O|H)P(A|H) (1)

∝ P(O|H)P(H|A) = ∏
i

P(Oi|Hi)P(Hi|Ai)

Here, since the audio and visual signals are both ambigu-
ous and their underlying joint probability distribution is of-
ten not accessible, we treat them as conditionally indepen-
dent as a reasonable approximation. We also manipulate the
conditional probabilities to compute P(Hi|Ai) because the au-
dio likelihood function P(Ai|Hi), which requires a generative
model for audio, is difficult to estimate while state-of-the-art
audio classification models can readily output posterior dis-
tributions P(Hi|Ai).

For evaluating P(Oi|Hn
i ), we use rejection sampling by

checking whether the set of items Hn
i can fit in the box i. To

account for uncertainties about the physical attributes of the
boxes and objects, we sample their dimensions under a nor-
mal distribution and apply rejection sampling 1000 times to
produce a continuous probability distribution.

We then evaluate P(Hn
i |Ai) by querying the CLAP model

with the audio segment Ai and item labels which are all pos-
sible items in the scenario.

P(Hn
i |Ai) = ∏

o∈Hn
i

P(o|Ai) (2)

Once the model computes the posterior distributions over
the hypotheses, it then marginalize over all hypotheses to
compute the distribution for any individual object.
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Figure 3: Correlation plots comparing belief judgments from humans (y-axis) against models (x-axis). Each dot represents a
probability rating on a scale from 1 to 100 (e.g. how likely is it that object X is in the left box). Error bars show standard
error and CI indicates 95% confidence interval. Our full model shows a significantly better fit to human judgment than ablated
unimodal baselines and the Gemini model. Error bars indicate standard error.

Experiment

Domain and Scenarios We constructed 25 stimuli, each
with 2 to 5 household objects, such as water bottles, mugs,
plates, laptops, etc., hidden inside 2 boxes. The items were
carefully chosen to represent various shapes, sizes and mate-
rials. The type of materials cover ceramics, metals, plastic,
wood, etc., which produce a variety of sounds in the video
clip. The boxes also vary in sizes, where some boxes can
hold all objects and some may hold one or two small objects.
In each stimulus, we record a 2 to 3 seconds video of a human
experimenter shaking the boxes. We excluded 5 stimuli in the
experiment due to low agreement among human participants
(split-half correlation less than 0.8).

Human Participants We recruited 54 participants over
Prolific (mean age = 37; 29 male, 24 female, 1 other). The ex-
periment took place over a customized web interface, which
is shown in Fig. 1. During the experiment, each participant is
shown a video with sound and asked to evaluate the likelihood
of the object hidden inside each box with a set of continuous
dependent scales from 1 to 100 where the of scale for each
item automatically sums to 100 across the box options as the
user drags.

Baselines: Our model has two critical components: reason-
ing about the objects from both visual and auditory cues, and
then combining different sensory inputs to perform belief up-
dates. To evaluate the criticality of the integration of multi-
modal inputs, we consider two alternative models involving
unimodal ablations, wherein we remove one of the sensory
inputs.

The Audio-Only model only receives auditory information
as input. It uses the CLAP model to assign probability rat-
ings for the object being inside any box given the sound, and
then normalize the ratings over all boxes. In other words, the

probability of object o inside box i would be

P(o ∈ boxi|Ai)

∑ j P(o ∈ box j|A j)
(3)

On the other hand, the Vision-Only Model only receives
visual information. Similar to the visual module in the full
model, the Vision-only model uses geometric properties to
guess where the object may be hidden (e.g. a yoga mat is
more likely to be in a big box than a small one).

Additionally, we evaluate a state-of-the-art vision-
language foundation model, Gemini 2.0 Flash, as a neural
baseline. The VLM model was given a video with audio
and provided the same instructions as human participants to
evaluate the probability distributions of hidden objects across
boxes.

Results
Quantitative Analysis: As shown in Figure 3, the Full
Model correlated strongly with human judgment, with r =
0.78, while the ablated Audio-Only Model and Vision-Only
Model performed worse, with r = 0.55 and r = 0.52, respec-
tively. On the other hand, we also find the VLM model had a
low correlation of r = 0.31 against human judgments, indicat-
ing that large foundation models still cannot reliably reason
about ambiguous multimodal inputs in a human-like way.

Taken together, these results showcase the promise of a
Bayesian approach integrating different modalities of inputs
to reason about objects in ambiguous and highly uncertain
scenarios.

Qualitative Analysis We highlight two examples for qual-
itative analysis comparing the model performances. The vi-
sual layouts for the two examples are shown in Fig. 4.

In Scenario A, based on the visual information, the model
is confident that the yoga mat is inside the left box because
it is unlikely to fit inside the right box. However, the vision-
only model is uncertain about the location of the laptop and
the pillow. The audio model, on the other hand, finds that
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(a) Scenario A: a yoga mat, a laptop packaged inside a box, and
a pillow hidden inside two boxes.
Video link: https://youtu.be/JE4ggHKfRss

(b) Scenario B: water jug, water bottle, and coins hidden inside
two boxes.
Video link: https://youtu.be/TdZHEkuGDgM

Figure 4: Two qualitative examples comparing model and human ratings on the location of the objects. The bars represent
the averaged human or model differences in the probability rating of an item being inside the left versus right box. Error bars
indicate standard error.

the laptop is more likely to be inside box 1 due to the colli-
sion sound it makes. Combining these two sources, the full
model is able to make a graded judgment about the location
of these objects that mirrors human judgment, whereas audio-
only and vision-only models made different judgments based
on unimodal information. On the other hand, the Gemini
model believes all three objects are likely to be inside box
1, which reflects poor physical reasoning skills.

In Scenario B, we show a scenario where a water jug, a
water bottle, and coins are distributed between two boxes of
differing sizes. Based on the visual information on box sizes,
the model finds the water jug is more likely to be inside box
1 since it might not fit inside box 2. However, it is uncertain
where the coins are because they are small and could fit in
either box. The audio model is able to determine where the
coins are because of the distinct jingling sounds, whereas the
water jug and bottle make the same sound and therefore can-
not be distinguished by the audio model. Combining these
two sources, the full model is able to make a judgment that
mirrors human judgment, where neither ablated model would
be able to if it had been restricted to only one modality. In
contrast, the Gemini model can approximate a subset of the
objects, but seems to be unable to reason about second-order
effects of an object placement.

Interestingly, in these examples, we find that the result-
ing probability judgments of the full model is not simply
an average over audio and visual model outputs, as the joint
inference over object placements conditioned on audio and

visual information is performed over all hypotheses before
marginalized for each individual object ratings.

Error Analysis: We observe that in a few scenarios, our
model is quite uncertain (almost equally likely in any of the
two boxes) while the humans are more confident in their judg-
ments on where the item is located. One possibility is that the
visual cues our models are using are still limited, whereas hu-
mans may be leveraging more kinds of visual information to
reason about the object placements. For instance, humans are
able to infer the weight and size of the items inside the box
based on the motion of the box, which they can use to update
beliefs about the box’s content.

Additionally, we noticed that the audio model sometimes
failed to pick up nuanced audio information when multiple
sounds were present. For instance, the model may not pick up
plastic sound when it’s mixed with metallic sound, whereas
humans are comparably better at recognizing and parsing
subtle audio cues.

Discussion and Future Directions
In this paper, we introduce a neurosymbolic model that per-
forms robust yet generalizable reasoning based on multi-
modal cues. The model uses state-of-the-art neural models
as the perception module and then uses a Bayesian model for
initializing and updating beliefs on hypotheses about the un-
seen objects. We evaluate the model on a novel paradigm
called “What’s in the Box?” (WiTB), wherein models and
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humans watch experimenters interact with boxes and guess
which items are hidden in which box. Our results show that
the proposed neurosymbolic model correlates strongly with
human judgments, whereas other ablated models and state-
of-the-art neural vision baselines perform poorly.

Our model offers significant contributions to both cognitive
science and artificial intelligence. By integrating the pattern
recognition capabilities of neural networks with the struc-
tured reasoning of Bayesian models, we provide cognitive
scientists with a new tool to investigate human inference pro-
cesses in more open-ended settings, particularly under condi-
tions of uncertainty and with complex multimodal informa-
tion. This neurosymbolic architecture also holds promise for
the development of more intelligent robots, enabling them to
reason about the physical properties of unseen objects by ef-
fectively combining diverse sensory cues, thus approaching
human-like reasoning and scene understanding.

There are, however, a few important limitations and open
directions for improvement. Firstly, our current model as-
sumes that all sources of information are equally weighted. In
reality, humans likely adaptively weigh different cues based
on their reliability and relevance to the task Jacobs, 2002;
Schertz and Clare, 2020. For instance, a distinct sound might
overshadow a partially occluded visual cue. Future iterations
of the model should explore mechanisms for learning and dy-
namically adjusting the weights associated with each modal-
ity.

Additionally, future studies can expand the kinds of visual
cues we considered in our model. For example, our model
currently does not infer the weight of the boxes, which can be
informative to what objects may be inside. Writings on the
box (e.g. an IKEA box) can also be used to infer the kinds of
objects it contain.

The auditory component of our current model can also be
improved. The lightweight audio model used in our model
is less sensitive to ambiguous and low-volume sounds, which
sometimes fails to use nuanced audio cues to reason about un-
seen objects. Future work can explore incorporating more so-
phisticated audio models, especially the ones trained on large-
scale sound datasets, to improve performance.

For next steps, we also plan on extending the WiTB
paradigm to more open-ended settings. Rather than answer-
ing questions about objects from a pre-defined list, we can
query the model and humans to guess what objects are in the
box in an open-ended way based on multimodal cues and
compare the distribution of answers given by humans and
models. This could allow us to study and capture the richness
of humans’ perception of what’s out there in the world that
we cannot directly observe in an open-ended environment.
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