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Abstract

Humans readily grasp physical principles via visual observation, underpinning our ability to model
the world and reason about events. In contrast, Al systems often fail to extract consistent
physical rules from video, relying on black-box mechanisms that produce implausible outcomes.
We introduce the Intuitive World Model (IWM), designed to learn physical principles directly
from vision, mimicking human intuition. Drawing inspiration from developmental psychology,
IWM utilizes a modular architecture to decompose interactions into force-based dynamics.
Through observing objects collide and interact via charges, it identifies intrinsic properties
like mass and charge and learns representations analogous to Newton’s and Coulomb’s laws.

This paradigm uniquely allows neural networks to provide explicit explanations for physical
phenomena and conduct counterfactual reasoning consistent with learned physical laws. Our
work demonstrates that a developmentally-inspired approach empowers Al to acquire explicit,
interpretable physical knowledge from observation, mirroring a core aspect of human intelligence.

From early childhood, infants begin to make
sense of their surroundings through visual input,
laying the foundation for their cognitive and
intellectual development [1, 2, 3, 4, 5, 6]. They
effortlessly develop the ability to predict the
trajectory of a thrown ball and understand cause-
and-effect relationships, such as the outcomes
of collisions between objects [7]. These intuitive
understandings of the physical world are deeply
embedded in human cognition and play a crucial
role in everyday interactions. Such insights high-
light the necessity of enabling artificial intelligence
(AI) systems to emulate human-like intuitions

and autonomously learn fundamental physical
principles through visual perception [8, 9].
Cognitive research has revealed that the
physics knowledge possessed by humans is intri-
cately organized into structured intuitive theo-
ries [10, 11, 12, 13]. These theories encompass
a comprehensive ontology of concepts and a
coherent system of causal laws that govern the
relationships between these concepts, exhibit-
ing similarities to scientific theories. A crucial
characteristic of intuitive theories lies in their
explanatory capacity [10, 14]. Instead of merely
depicting events, these theories interpret the
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available evidence within their unique frameworks,
providing insights and comprehension that extend
beyond shallow observations. For example, in a
physics scenario involving a collision between two
objects, entailing an exchange of momentum and
energy, a comprehensive collision theory should
encompass not only observable factors such as
position and velocity information but also fun-
damental concepts such as mass and force. By
incorporating these underlying factors, the theory
facilitates a deep analysis of the dynamic alter-
ations taking place during the collision. Despite
significant efforts, recent Al advancements have
yet to produce a system that is capable of authen-
tically replicating humans’ ability to learn and
apply intuitive theories. While deep learning offers
advanced solutions for predicting future states in
the physical domain, exemplified by its capability
to forecast the stability of stacked blocks [15,
16] and the trajectories of objects [17, 18, 19],
its ability to provide comprehensive explanations
is typically limited, due to its inherent lack
of interpretability [20]. On another note, while
numerous models leverage built-in Newtonian
principles to improve their explanatory abilities
to a certain extent [21, 22, 23], establishing
physical models purely through visual experiences,
akin to the learning process employed by infants,
remains challenging. Therefore, we advocate for
the development of an AI system that is capable
of discovering physical properties and principles
from raw observations. This system should offer
comprehensive explanations of physical phenom-
ena that can be represented through, for example,
a force diagram.

Our IWM is inspired by developmental psy-
chology, reflecting key insights into how infants
learn and adapt. First, when confronted with
compelling evidence that challenges their existing
understanding, infants are driven to develop new
intuitive theories, which provide interpretable
frameworks to explain their observations [24,
25]. Second, this process involves refining their
predictions about future events, akin to how world
models address uncertainty by learning latent
variables [26, 27]. Third, instead of broadly gener-
alizing across event types, infants acquire distinct
theories for each category, building knowledge
step-by-step [7]. Central to this is the idea that,
through increasingly diverse visual experiences,
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Fig. 1: Illustration of the data organization
scheme in the hierarchical learning paradigm.
From the bottom to the top: 1) static images show-
casing the objects’ appearances, 2) sequential frames
depicting the linear motions of individual objects,
3) videos featuring impulsive collision forces between
objects, and 4) videos involving continuous Coulomb
forces between objects.

infants progressively discover novel intuitive phys-
ical principles [3, 28].

We assess our methodology within a context
where multiple objects move and interact on a flat
surface [29]. This dynamic environment includes
two primary types of interactions. Firstly, there
are collisions, the nature of which depends on the
mass and velocity of the involved objects. Sec-
ondly, there are electrostatic interactions, influ-
enced by the objects’ electric charges. Our aim is
to enable the model to discover fundamental prop-
erties of mass and charge, and their corresponding
laws, including Newton’s laws and Coulomb’s law.
Following this idea of hierarchical and category-
specific learning from visual experiences, we
propose a hierarchical organization of videos of
physical events, encompassing progressive levels
of object dynamics, as illustrated in Fig. 1. At
each hierarchical level, IWM incrementally learns
physics knowledge and develops an understanding
of increasingly abstract concepts. At the lowest
level, data consist of distinct static images, with
a perception module trained to capture extrinsic
object properties such as appearance, size, and
spatial location. At the second level, data are
organized as sequential frames, depicting uniform
linear motion. A dynamic module is introduced to
model how velocity influences extrinsic attributes,
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Fig. 2: An overview of the workflow. a, Depicts the perception and motion modules. The perception
module (MP"°) infers appearance latents (a) from input images. The motion module (M"°") takes
appearance and velocity latents (v) to predict subsequent appearance. These modules operate in parallel
on multiple objects. b, Illustrates the interaction module under momentum transfer (collision) dynamics.
The module (MCOZ) takes as input the appearance, velocity, and pair-wise mass relevance to predict
updated velocities after a collision. The target for inference in this scenario is relative mass. ¢, Illustrates
the interaction module under Coulomb’s (electrostatic force) dynamics. The module (M) takes as
input appearance, velocity, and pair-wise charge relevance to predict updated velocities. The target for

inference is the charge state.

enabling short-term predictions. At the third
level, videos illustrate dynamic changes driven
by impulsive forces from object collisions. This
requires a deeper understanding of interaction
dynamics and longer-range predictions, enabling
the model to infer intrinsic concepts of mass
and force. At the final level, the physical events
become increasingly complex, characterized by
continuous Coulomb forces that vary dynamically
based on the objects’ charge and position states.
The model is thus encouraged to comprehend a
force that continuously changes, promoting an

understanding of the intrinsic concept of charge.
This hierarchical paradigm enables the model
to progressively acquire knowledge, moving from
extrinsic to dynamic and ultimately to intrinsic
physical properties. IWM is designed to interpret
and reconstruct the video, ensuring that the phys-
ical properties and causal laws are uniquely incor-
porated within its four modular levels. Notably,
IWM operates end-to-end, learning directly from
raw videos without relying on predefined physics
engines or Newtonian mechanics.
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IWM’s hierarchical learning paradigm endows
it with two fundamental capabilities concerning
intuitive physics. First, IWM is able to explain
the dynamic alterations resulting from the collab-
orative effects of collisions and Coulomb forces,
reflecting its ability to infer underlying physical
principles. This approach resonates with the view-
point of developmental psychology, underscoring
that infants organically formulate causal modules
to explain why and how certain events happen [30,
31, 10]. Second, through the integration of physical
properties and causal laws, TWM is able to
imagine potential results by modifying physical
variables that differ from those existing in the
observed scenario. This capability demonstrates
the model’s ability to learn and apply causal
principles, enabling it to facilitate the explanation
of how the model formulates causal judgments
and explore the physical configurations required
to produce specific events [10, 32].

Intuitive World Model

The TWM is designed to achieve two objectives
for interpreting physical videos: generating object-
centric and physically disentangled representa-
tions, and constructing causal modules to describe
the progression of physical events. The model
incorporates pair-wise concept relevance (denoted
as r), which captures relationships between emer-
gent concepts of interacting objects, such as
relative mass or electrostatic repulsion/attraction.
This allows for adaptive modeling of the physi-
cal interactions. Given an input video sequence
{x', ..., 2!}, the IWM generates an object-centric
representation for each of the K objects involved
in the physical events, denoted as o = {ot,...0}}
in frame t¢. Each representation encapsulates
the disentangled physical properties of a specific
object, represented as o = {a, v, i}, where a, v, and
1 correspond to appearance, velocity, and adaptive
intrinsic properties (like mass m or charge ¢),
respectively. These adaptive properties are then
used to derive the pair-wise concept relevance
(r). Furthermore, based on these representations
and the pair-wise relevance, the IWM constructs
causal modules to explain the dynamics and
interactions of objects, enabling future predictions
as o't = M(o'). The learning paradigm that

achieves these two objectives unfolds in a struc-
tured hierarchy with three stages, as illustrated in
Fig. 2.
Perception and Motion. In the first stage
(corresponding to Fig. 2a), the model learns to
perceive the appearance and motion of objects.
This involves two sub-modules:
e Perception Module (MP™°): Extracts
object-level appearance features from images.

x=MP"*({aq, ...,ar}), (1)

where MP'® searches for a set of object-level
appearance features ai,...,ar that can best
reconstruct the original image x.

e Motion Module (M™°): Predicts the
next-frame appearance based on current
appearance and velocity.

aftt = M (o, of). 2)

For the kth object, M™° wuses current
appearance a; and velocity v} to predict the
appearance in the next time step, affl.

During training, the iterative amortized infer-
ence framework [33] is used to optimize the param-
eters of both MP*"® (fperc) and M (G0t ). The
motion module collaborates with the perception
module, using the interpreted appearance features
{a',a’™1} to infer the velocity v'. At the end of
this stage, the object representation is o = {a, v}.
Momentum Transfer Interaction. In the
second stage (corresponding to Fig. 2b), the
model learns to simulate interactions based on
momentum transfer (collisions).

U?Hk = MCOl(ai,..A,kvvi,“”k?rﬁ...,k)' (3)

Here, the subscripts 1,...,k denote all k objects
in the scene, and 77" , represents the pair-wise
concept relevance related to mass for all object
pairs. M learns the physics of collisions, utilizing
the pair-wise mass relationships to predict the
updated velocities v’i“ x- The object representa-
tion can be considered as o = {a, v, m}.
Coulomb’s Interaction. In the third stage
(corresponding to Fig. 2¢), the model learns to
simulate interactions based on Coulomb’s Law
(electrostatic forces).

”i“k = MChg(atl,...,kai,...,ka Ti...,k)' (4)
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Here, r{ , represents the pair-wise concept
relevance related to charge for all object pairs.
M9 learns how like charges repel and opposite
charges attract, predicting the updated velocities
v’i“ . based on the pair-wise charge relationships
and initial states. The object representation can
be considered o = {a,v,c}. A more general
representation for the object is o = {a, v, i}, where
1 represents the adaptive properties.

Results

In this section, we evaluate ITWM using the
ComPhy dataset [29]. This dataset consists of
videos with objects such as cylinders, spheres,
and cubes interacting on a flat surface. These
videos capture various dynamics, including col-
lisions and Coulomb attractions and repulsions,
typically featuring 3-5 objects per video. Com-
Phy distinguishes itself through its challenge of
understanding intrinsic properties such as mass
and charge, which cannot be observed from static
appearances. This complex comprehension task,
especially when addressing the continuous nature
of Coulomb forces, makes it an ideal candidate for
evaluating our learning paradigm.

Casual Reasoning Performance

We first test IWM in the causal reasoning
task, which encompasses video question answering
related to physical events; this is a common
approach for evaluating a model’s understanding
of intuitive physics [41, 42]. This task requires
the model to respond to questions related to
the physical events, typically in a multiple-choice
format. The ComPhy dataset contains three types
of causal reasoning questions related to mass
and charge: factual, predictive, and counterfactual
questions. Factual questions assess the relative
masses or charges of two objects in a video.
Predictive questions forecast upcoming events,
such as potential collisions, while counterfactual
questions explore what might have happened
under altered initial conditions. As an example,
consider a scenario where an initial collision occurs
between a sphere and a cylinder, subsequently
resulting in the cylinder colliding with a cube. In
this context, the posed question could be: ”What
would have happened if the sphere were heavier?”,
and the model should choose from three answers,

including ”A: The cube would have collided with
the sphere.”, ”"B: The red object would have
collided with the cylinder.”, and ”C: The sphere
would have collided with the metal object.”

We compare IWM with a series of state-of-
the-art methods. Among them, CNN-LSTM [34],
HCRN [35], and MAC [36] are multimodal
approaches that enable holistic reasoning. They
utilize CNN backbones to extract visual features,
creating video embeddings. However, they do
not investigate object-centric representations or
physical properties. On the other hand, the
object-centric models focus solely on encoding
visual scenes, including SAVi [37], SlotFormer [19],
MoNet [38], and IODINE [39]. They process single
images into K slots, serving as object-centric
representations for question answering. We further
enhance IODINE by incorporating graph neural
networks (GNNs) [40] to enable the modeling
of interactions and the inference of intrinsic
physical properties in an implicit manner; this
variant is denoted as IODINE-GNN. To achieve
question answering, questions and answer choices
are converted into word embeddings, and the given
video is transformed into an embedding using
these candidate models. Subsequently, a cross-
modal transformer [43] obtains its inputs from
these three embeddings and employs a classi-
fication head to generate the answer. Another
noteworthy physics-based method is CPL [29],
a high-performance symbolic model. However,
it is distinctive in that its physical properties,
i.e., mass and charge, are trained with ground
truth labels, setting it apart from the comparison
methods discussed here. Furthermore, to evaluate
the contribution of IWM, we assess both the full
models and submodels trained at various stages,
with different learned physical properties.

In the factual questions evaluation, we find
that both CNN-LSTM and HCRN exhibit sub-
optimal performance, while MAC demonstrates
better performance due to its compositional atten-
tion mechanism. IWM stands out as the most
effective model, surpassing the performance of
other methods. For the predictive questions, which
require an understanding of dynamics for accurate
forecasting, IWM achieves the highest accuracy
among all state-of-the-art models. TWM also
shows notable advancements in counterfactual
tasks, where embodying human-like intuition to
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Table 1: Causal reasoning accuracy comparison conducted on ComPhy with the state-of-

the-art models.

Models Physics Object Factual Predictive Counterfactual
per-opt per-que per-opt per-que
CNN-LSTM [34] X X 41.9 59.6 29.4 57.2 12.8
HCRN [35] X X 47.3 62.7 32.7 58.6 14.2
MAC [36] X X 65.8 60.2 30.7 60.3 14.3
SAVi [37] X v 51.2 59.4 26.1 65.0 22.2
SlotFormer [19] X v 50.0 60.5 31.1 63.9 21.7
MoNet [38] X v 57.7 67.9 37.1 67.9 22.2
IODINE [39] X v 58.9 64.8 35.6 67.8 25.0
IODINE-GNN (39, 40] v v 56.6 66.1 36.3 71.7 32.1
IWM? v v 59.0 64.6 35.0 67.8 24.9
IWM*Y v v 60.2 67.1 38.8 69.6 28.4
wMma™ v v 66.0 70.5 43.1 73.2 33.0
Twavme(all) v v 69.2 72.6 47.5 73.6 33.3

The evaluation metric used is the question answering accuracy, with the best results highlighted in bold. The
‘Physics’ column indicates whether the model incorporates physical information, while the ‘Object’ column
signifies whether the scene is represented in an object-centric manner. The following columns are three question
types: ‘Factual’, ‘Predictive’, and ‘Counterfactual’. Here, ‘Predictive’ and ‘Counterfactual’ are multiple-choice
questions. For the multiple-choice questions, accuracy is measured both per-option (per-opt) and per-question
(per-que). In the case of our method, IWM, the superscripts denote the interpreted properties used for reasoning,
which include appearance (a), velocity (v), mass (m), and charge (c).

represent physical scenes is essential. In this sce-
nario, the CNN-based models demonstrate limited
performance (60.3), and the object-centric models
perform better, with a notable improvement from
IODINE to IODINE-GNN (67.8 to 71.7). The
contrast between the CNN-based and object-
centric models highlights the benefits of object-
level representations, with the incorporation of
object dynamics into IODINE-GNN yielding fur-
ther improved accuracy. IWM achieves the best
performance value of 73.6, which validates that
factorizing the entity-specific and rule-based prop-
erties of a,v,m, and c is crucial for physical
reasoning.

An ablation analysis illuminates the beneficial
effects of acquiring individual physical proper-
ties at distinct stages. This study involves four
properties, each corresponding to one of the
four training stages. We assess the performance
achieved with individual properties as well as
their combined effect. It is evident that with
each successive learning stage, our model acquires
a deeper understanding of physics, resulting in
consistent performance enhancements. The peak
performance is reached when all properties are
seamlessly integrated.

The results reveal that the acquisition of
the physical representations enhances the perfor-
mance achieved in downstream causal reasoning
tasks. Though IWM delivers state-of-the-art per-
formance, it is crucial to underscore that the
main focus of IWM is not question answering. In
the upcoming experiments, we will assess IWM’s
ability to offer explicit physical explanations
and conduct counterfactual inference, which are
capabilities that the current methods lack.

Learned Physical Principles

IWM’s main purpose is to uncover physical
principles from raw observations. It achieves
this by employing causal modules that capture
the interactions among objects, accounting for
physical properties like appearance a, velocity
v, mass m, and charge c. The model predicts
acceleration Av and updates velocity v (both
two-dimensional vectors). Given a video, IWM
optimizes its internal interpretation of physical
events until it accurately reproduces the input. We
can then use the derived v and Av values to create
a force diagram, illustrating the physical event.



Springer Nature 2021 ETEX template

Mass to Collision Acceleration

3
pete
3%

Collision Prediction
1.50

10 1.25
21.00
>

»""71 0.75

MSE (x107%)

0.25 @
0.00
T T T T T T T T T T T T T T T T

1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Training epoch

8
6

2
4 g 050
2
0

Training epoch

Object 1 Acceleration Object 2 Acceleration
0° 0°

T —  R— | I 180°
-25 0.0 25 5.0
Charge Relevance

MSE (x107%)
o N & 0 ©

Coulomb Prediction Charge to Coulomb Acceleration

.}
&
8837

T
1 2 3 4 5 6 7 8
Training epoch

1.25

[
o N
y
g
=)
S

0.75

o
o
=)

Sensitivit:

0.25

0.00

1 2 3 4 5 6 7 8
Training epoch

4 ()
2550 o
% 1.8
2.25 ®
2.00 o
1.754

1.50 4 L]

1.25+ L]

Acceleration Magnitude
"
..

)
Acceleration Magnitude
S
|

1.00 1 ]

075+ @

T T T T T T
-2 0 2 0 1 2

Mass of Obj1 Velocity of Obj1

OBSERVATION
EXPLANATION

o o o ° ° °

[+

a
\O

bl

5 (+]
O Q- o ©

¥

Fig. 3: IWM’s learned physical principles and explanatory capabilities. (a) Learning progression of
physical principles for predicting collision and Coulomb interactions, illustrated by a decreasing mean squared
error (MSE) and an increasing sensitivity of acceleration to changes in mass (left) and charge (right). (b) Analysis
of learned physical principles. Left: Polar plots showing the influence of ” Charge Relevance” on the acceleration
(direction and magnitude) of two interacting objects. Right: Acceleration magnitude changes as a function of
mass and velocity of one object during a collision. (¢) Visual explanations of physical events. Each column shows
an ”Observation” (video frame), and a simplified ”Explanation” derived from the IWM. The examples illustrate
understanding of (left to right) inertia (Newton’s First Law), momentum transfer during collisions, and Coulombic

repulsion.

In Fig. 3.a, we explore the progression of
acquired physical knowledge during training. For
mass m, at each training snapshot, we examine the
causal module by manipulating m and observing
the resulting acceleration (Av). We then compute
the ratio between the change in m and the
change in Awv, quantifying mass’s influence on
the collision acceleration. The training MSE is
plotted concurrently, showing convergence. Ini-
tially, mass alterations have minimal effect on
force, as the causal module hasn’t yet captured
the relationships between the adaptive latent
variables and the collision force. As training
advances and reconstruction loss decreases, a
connection between the adaptive latent variables

and collision is established, and the influence
becomes more pronounced. Eventually, the model
effectively reproduces the observed data in its
intuitive world (converged training loss). A similar
pattern is observed between the charge latent
variable and Coulomb’s acceleration. These find-
ings demonstrate that IWM continually refines its
physical laws by better reproducing observed data
throughout training.

We manually adjust physical variable values
fed into the causal modules and observe the
predicted acceleration. Fig. 3.b (left) uses two
polar plots to illustrate how ”Charge Relevance”
affects the acceleration of two interacting objects

307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357



358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408

Springer Nature 2021 ETEX template

(Objl and Obj2). The angle in each plot rep-
resents acceleration direction, while radial dis-
tance signifies magnitude. As Charge Relevance
increases from -2.5 to 5.0, both the direction
and magnitude of acceleration change for each
object. This demonstrates the model has learned
the relationship between the charge relevance
and repulsion/attraction, analogous to Coulomb’s
Law, where changes in charge influence both
the strength and direction of interactions. Fig.
3.b (right) analyzes the collision module. By
keeping velocity constant and varying the mass of
one object from small to large, we observe that
the acceleration of that object decreases, while
the acceleration of the other object increases.
Similarly, with constant masses and varying input
velocity of one object from low to high, both
objects experience heightened interaction forces.
This indicates the causal module grasps the
fundamental principles of momentum transfer.
IWM’s ability to explain physical events stems
from the intuitive theories acquired by the causal
modules concerning collisions and charges, which
approximate intuitive physical principles. Fig. 3.c
visually demonstrates this explanatory ability by
comparing observed video frames (” Observation”)
with a simplified explanation (”Explanation”)
derived from the IWM. The first column depicts
uniform linear motion. The 'Observation’ frame
shows two objects and the ”Explanation” rein-
forces this with straight, equal-length arrows,
demonstrating understanding of inertia (Newton’s
First Law). The second illustrates a collision
between objects of different masses: ”Observa-
tion” shows objects mid-collision; ” Explanation”
highlights these velocity changes, showcasing a
grasp of momentum transfer. The third column
illustrates a scenario involving three positively
charged objects experiencing mutual Coulombic
repulsion. The ”Observation” panel displays the
objects. The IWM represents this interaction with
acceleration vectors emanating outwards from
each object, indicating repulsion; the magnitude
of these vectors (represented by arrow length) is
inversely related to the inter-object distances. The
”Explanation” panel depicts outward-pointing
arrows on each object, confirming that the model
understands Coulombic repulsion and that the
net acceleration on each object results from the
superposition of multiple repulsive forces. These
examples effectively bridge the gap between raw

visual input and the underlying physical principles
IWM has learned.

Counterfactual Inference

Consistent with the findings concerning the intu-
itive theories of human infants, IWM can also
perform counterfactual inference based on its
acquired theories. In this section, we explore
IWM’s ability to address counterfactual situa-
tions. Fig. 4 illustrates the model’s capability for
conducting explainable counterfactual reasoning.
It demonstrates how physical events unfold when
the initial conditions deviate from real obser-
vations (depicting ”what if...”). This includes
predicting the likelihood of events, providing
rationales for why certain outcomes are feasible,
and delineating strategies for achieving particular
results.

We begin by evaluating IWM’s capacity for
counterfactual imagination by presenting it with
”what if” questions and examining the generated
counterfactual videos. In Fig. 4.a, a gray sphere
collides with a heavier green cylinder, causing
the sphere to rebound. Based on this observed
input, IWM infers that the mass relevances of
the two objects are r* = —0.5 and ry* = 1.8,
respectively. For this scenario, we present the
first question, ”What if the mass relevances of
the two objects were swapped?”, instructing the
model to exchange the interpreted mass relevances
and regenerate the physical event as a video.
Specifically, we manually set r1* = 1.8 and r5" =
—0.5 while keeping the other physical properties
unchanged, and then we make predictions from
the first frame and generate the resultant video
with the decoder. The counterfactual video in the
second row of Fig.4.a shows that the brown sphere
undergoes a decreased displacement after the
collision due to an increase in its mass relevance,
while the green cylinder changes its trajectory and
moves downward to the right due to its lower
mass relevance. This imaginative outcome aligns
with our intuition. Next, we examine a scenario
that goes even further. We ask ”"What would
happen if the cylinder becomes even lighter?”,
and manually set 7" = 1.8, 75" = —2. The
imagination process indicates that the cylinder
would shift further in the downward and to
the right, which also aligns with our intuitive
theory. Significantly, in this scenario, the tested
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Exploration: How to avoid the Z 10 Exploration: How to make the
second collision by altering the two objects collide by altering
yellow cylinder? 05 the green sphere? 08
Outcome: Increase its mass Outcome: Increase its velocity N
and velocity, or reduce them. 00 and reduce its charge. 00
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Fig. 4: Counterfactual inference and explanation using IWM. (a) Illustration of counterfactual
imagination by manually adjusting inferred mass values in a collision scenario, demonstrating the impact on
predicted outcomes. (b) Counterfactual imagination applied to charge and Coulombic interactions (attraction
and repulsion), showing the effects of altering the charge relevance of objects. (c) Example of a ”whether”
counterfactual query, exploring the possibility of a specific future event under a modified configuration. (d)
Explanation process for the ”whether” judgment in (c), using IWM as an intuitive physics engine to simulate
outcomes under different configurations. (e) Left: Example of a ”how” counterfactual query, investigating solutions
to achieve a desired outcome in a collision. Right: IWM’s search results, showing possible configurations satisfying
the query’s constraints. (f) Example of a "how” counterfactual query in a scenario combining Coulombic forces
and potential collisions.

mass relevance (ré"l = —2) exceeds the value In Fig. 4.b, we examine a repulsion event in
distribution of the training dataset, showcasing which two spheres, both carrying like charges,
the model’s strong generalization capabilities. approach each other and are pushed apart by
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Coulomb’s force before colliding. For this event,
IWM infers that r{ = 1.58 and r§ = 1.37. We
present an initial question: ”What would happen
if we reversed the polarity of the yellow sphere?”
As depicted in the second row of Fig. 4.b, by
manually setting r{ = —1.58 and r§ = —1.37,
IWM imagines that the repulsion would turn
into attraction, leading to a collision. After the
collision, IWM predicts that the objects would
move apart and be subsequently attracted back
to each other due to the continuous attractive
force. This outcome illustrates the model’s solid
understanding of charges and the combination of
Coulomb and collision forces. Moreover, the model
can also make out-of-distribution predictions for
the charge scenarios. We increase the charge
relevance of the two objects to 4.0, which is beyond
the range observed in the training data. The result
presented in the third row of Fig. 4.b shows that
the objects are pushed further apart, which also
aligns with human intuition.

Another application of counterfactual imag-
ination is to provide an explanation for a
counterfactual judgment, moving beyond simple
multiple-choice question answering in previous
methods [34, 35, 36, 29]. As an illustration,
consider Fig. 4.c, which presents a classic counter-
factual judgment question: ”If the yellow object
were heavier, would the green cylinder collide
with the purple cylinder?” A traditional answer
in previous methods is ”Yes”. IWM goes beyond
this by not only predicting the probability of the
suggested event but also providing an explanation
for the underlying reasons behind this judgment.
To achieve this aim, we treat IWM’s causal
modules as a noisy physical engine. We introduce
noise from a normal distribution to the inferred
representations of physical properties and utilize
the causal modules to predict collisions in counter-
factual scenarios. This process is repeated multiple
times (100 times for each mass relevance value),
allowing us to approximate the collision probabil-
ity. In addition, the video of each trial can also be
provided as an explanation for this judgment. As
shown in Fig. 4.d, in the actual situation (marked
as 'starting point’), the perceived ™ = 0.1. When
the mass relevance is increased, IWM finds the
collision does not occur at a high probability when
r™ > 1.8. This corresponds to a scenario where
the velocity of the green object increases due to
the heavier yellow cylinder, passing the purple

object without a collision. Moreover, leveraging
this feature, IWM can expand the question by
examining the outcome when the mass relevance
of the yellow cylinder varies from small to large.
As illustrated in Fig. 4.d, it is evident that at
a small mass relevance, the green object gains a
small amount of kinetic energy from the yellow
object, consequently missing a further collision.
As the mass relevance increases, the green object
attains a greater amount of velocity from the
yellow object, enabling it to reach the purple
object. However, as the mass relevance continues
to increase, the green object accelerates to a point
where it moves too fast, ultimately causing it
to bypass the purple object. This ”miss-collision-
miss” judgment offers a broader perspective on the
correlation between mass relevance and collisions,
surpassing the initial scope of the posed question.

The generative causal module enables ITWM
to solve the challenging "how counterfactual”
problem, determining the initial configurations
required to ensure a desired future event, which
remains impossible for black-box models. Contin-
uing with the scenario introduced in Fig. 4.c, we
now pose the following question: "How can we
prevent the collision between the green cylinder
and the purple cylinder by altering the yellow
object?” The original event occurs in the latter
half of the sequence. To solve this question, IWM
explores a range of values for the velocity and
mass relevance of the yellow cylinder, generating
counterfactual scenarios. The answer to this ques-
tion is presented in the right part of Fig. 4.e,
where any configuration corresponding to purple
points can successively avoid the collision. Two
possible approaches are evident: either increasing
its mass relevance and velocity or reducing them.
Fig. 4.f depicts an event in which two spheres with
like charges are initially repelled from each other
before colliding. To make the two objects collide,
IWM suggests either increasing their initial veloc-
ities or decreasing their charge relevance, which is
illustrated by the successful trials in the upper-left
portion of the scatter plot.
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Fig. 5: Correspondence between causal modules and specific physical events. The test data are
categorized into four types of physical events, evaluating the reproduction precision (MSE) of IWM and its two
variants with specific causal modules disabled. 'w/’ and *w/o’ denote ’with’ and "without’, respectively. col” and
"chg’ represent ’collision’ and ’charge’, respectively. Error bars represent the SEM of the MSE, calculated across
N = 3 independent training and evaluation runs for each model configuration.

Disentanglement of Physical
Concepts in IWM

Developmental psychology suggests that humans
learn distinct concepts for different classes of phys-
ical events [7]. This ability to separate and under-
stand individual physical factors is also crucial
for achieving explicit and disentangled physical
properties, which are necessary for explanation
and counterfactual reasoning [10]. To validate the
disentanglement of physical properties in IWM,
we present a detailed analysis in Fig. 5, focusing on
the causal modules tied to collisions and Coulom-
bic interactions, and providing insights into their
distinct functionalities. Specifically, we evaluate
IWM’s performance by selectively deactivating
the collision and charge modules, individually and
simultaneously, thus preventing the calculation of
their respective forces.

In Fig. 5, we quantitatively evaluate IWM’s
accuracy in reconstructing input videos. The test
data are divided into four groups based on the
presence or absence of collisions and charged
interactions. We systematically deactivate each
causal module and evaluate the model on these
four data categories. Disabling a causal module
demonstrably degrades the interpretation of the
corresponding physical events. For instance, in
the first group (collision-only events), disabling
the charge module has a marginal impact on
performance; the MSE remains comparable to

the full model (3 x 107* vs. 2 x 107%). Con-
versely, deactivating the collision module induces
a substantial performance decrease, resulting in an
MSE of 2.5 x 1073, In the second group (charged
objects only), disabling the charge module leads to
significant deterioration, with the MSE increasing
from 2 x 10~ to 2.7 x 10~3. Disabling the collision
module, however, has little influence. In the third
group (both collisions and charged interactions),
disabling either the charge or the collision module
significantly degrades performance. In the fourth
group (neither collisions nor charged interactions),
disabling either module has minimal impact, as
linear motion does not necessitate force modeling.

These results demonstrate that IWM success-
fully establishes direct and disentangled connec-
tions between its causal modules and specific
physical concepts. A model lacking the charge
module can still accurately model collision forces
but fails to capture Coulombic forces. Further
removing the collision module restricts the model
to capturing only linear motion. This disentangle-
ment serves as the foundation for the explanation
and counterfactual reasoning capabilities demon-
strated previously.

Conclusion

The relations and interactions among objects
play fundamental roles in our understanding
of the physical world. These relationships are
governed by a set of intuitive theories that
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describe how objects behave and interact with
each other. However, when it comes to analyzing
and interpreting visual data, such as videos, these
underlying physical laws often remain hidden in
what can be considered "dark matter” within
our everyday observations. In recent years, deep
learning has become a powerful tool for identifying
patterns and extracting significant insights from
visual data. Nonetheless, a primary challenge
encountered by deep learning methods is their
restricted capability to offer clear explanations for
their recognition and decision-making processes.
To construct a system that is capable of acquiring
intuitive physics akin to humans, we introduce
IWM, a novel framework that merges the learning
capabilities of deep neural networks with the
foundational principles of intuitive theories to
achieve explainability.

IWM is trained in a hierarchical learning
paradigm. Initially, IWM decomposes a scene
into object-centric representations. Subsequently,
it trains causal modules to handle increasingly
complex physical scenarios. Its progression from
appearance to velocity and then to mass and
charge, serves as a naive yet illustrative example
of a self-evolving learning model that continually
enhances its understanding of the physical world
through the data it processes. IWM does not rely
on built-in Newtonian laws or physical engines
but is rather designed to autonomously extract
and learn abstract physical principles directly
from raw observational data. The constructed
IWM approach has two significant abilities: 1)
explaining what happened within a physical event
through a series of force diagrams and 2) imagin-
ing counterfactual scenarios to predict what would
have happened if the initial state had differed.
Furthermore, our experiments demonstrate that
distinct physical concepts are embedded within
separate causal modules, enabling a thorough
probing of the learned intuitive physical laws.

IWM possesses the potential to cover a broader
range of physical concepts. Its self-supervised
learning paradigm empowers it to adaptively delve
into and discover intuitive physical concepts from
observations. IWM has the potential to construct
explainable world models grounded in explicit
physical properties and causal laws, thereby
enhancing its understanding of causality and
the fundamental mechanisms underlying events.

Thus, it holds the promise of reinforcing the
reliability of decision-making and planning.

Method

In this section, we provide the mathematical and
computational details of IWM, an explanatory
system that interprets physical events with
intuitive theories. IWM has the capacity to infer
both extrinsic and intrinsic physical properties
as well as learn their corresponding physical
laws based on visual inputs. It employs an
explicit factorization approach to represent the
physical properties of objects by composing
latent variables o with disentangled vectors,
including appearance a, velocities v, mass m,
and charge c¢ properties. In this representation, a
is responsible for capturing extrinsic properties,
encompassing essential concepts such as colors,
shapes, materials, locations, and sizes. These
properties can be inferred by reconstructing
the original image. v encodes velocity, which
determines the transition of the latent variable
a to its state in the subsequent time step. v can
be inferred through short-term predictions. In
scenarios where objects exert forces on each other,
such as attraction, repulsion, or collision, the
velocities of the objects are influenced by these
forces. To model these interactions and update
v, IWM incorporates the intrinsic properties of
mass m and charge ¢ with the guidance of longer-
term predictions. The acquisition of increasingly
abstract properties follows a hierarchical scheme.

Learning Object Appearances via Recon-
struction

In the first stage illustrated in Fig. 2, the data are
structured as individual images. During this stage,
IWM acquires object-centric appearance represen-
tations, which are denoted as ai,as,...,ar. IWM
utilizes a multislot framework, which leverages a
spatial Gaussian mixture model to break down
a static image into K slots, with each slot
representing a distinct object within the image.
This framework allows IWM to identify different
objects in the visual input, paving the way for
further analyses and interpretations of physical
events. By utilizing a decoder, each latent vector
ar can be decoded to determine the pixel-wise
mean 4} and the pixel-wise mask x4. These com-
ponents provide information about the assignment
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probability and appearance of pixel i for object
k. The generative mechanism is shared, meaning
that different orderings of the K slots yield the
same image. To ensure that the sum of the K mask
logits for each pixel is equal to 1, the K mask
logits are normalized using a softmax function.
The generative process can be described as follows:

p(e [ {ar, ) = [ Do xiN

i=1 k=1

(zi; ph,0°). (5)

In this equation, u and x parameterize the final
spatial Gaussian mixture distribution, while o
remains fixed and retains the same value for all 4
and k. This formulation represents the probability
distribution over the pixel values x given the latent
appearance variables a.

The representation is derived using amortized
variational inference, which can be described by
the following equations:

a~ gxr(alx), (6)

N N+ fla, 2,0, X, Vip(e | a), Vip(e | a)),

(7)
where ¢(a | ) represents the posterior probability
of a given the image =z, with the parameters
denoted by A". The function f is a network
responsible for refining these parameters. Initially,
the posterior parameters are set to an arbitrary
guesses, and the latent representations a are
sampled from g¢y. In each refinement step, the
input image x along with a set of variables (means
, masks x, mean gradient V,p(z | a), and mask
gradient V,p(z | a)) computed from z and = are
fed into the refinement network f to obtain the
updated posterior A"tT.

Learning Object Dynamics via Short-Term
Prediction

In the second stage, the data are organized as
sequential frames. This extension involves apply-
ing the concept of amortized variational inference
to videos. The extension is built upon the idea
that object velocities influence object appearance
alterations, such as location and depth changes.
To accomplish this, IWM learns a transition
function that takes both the appearance at time t,
denoted as a?, and the velocity at time ¢, denoted
as v', as inputs. This transition function then

generates the state at the next step, which is
represented as a*t!:

0 = Wireaw') + d, (8)
where W,.q takes v' as input and outputs the
offset of a'. Initially, the predicted a’*! may
have arbitrary values, but as the training process
progresses, the transition function is trained to
incorporate dynamics into the location informa-
tion, while excluding other irrelevant properties
such as shape and color. a’*! is required to gener-
ate the next frame z!*! with the learned decoder,
as employed in the first stage, and the precise
inference of v! is assured through this guidance,
guaranteeing accurate predictions for future image
frames. This process can be accomplished through
one-step predictions, as described by:

v~ (o | 2t ah). 9)

We note that a can be directly inferred by
observing the image, while the discovery of v
relies on accurately predicting the transition of
a. Therefore, we think v is at a higher level of
abstraction level than a.

Learning Masses and Collisions via Long-
Term Prediction

In the third stage, the training dataset con-
sists of videos containing object collisions. IWM
incorporates intrinsic properties to effectively
capture the outcomes of object interactions.
With the interpretation of the training data,
the model gradually internalizes these proper-
ties and understands the corresponding causal
laws. IWM establishes a uniform framework for
discovering intrinsic physical properties, which
is accomplished by representing the interaction
forces among objects through the utilization of
three fundamental components: attention f,, force
directions fg4, and force magnitudes f,,. Herein, f;
is normalized, and f,, is constrained to be positive.

IWM'’s collision module computes acceleration
directly from object appearance (a), velocity (v),
and mass relevance (r™). The collision module is
described as follows:

rit = Epm(mi,mj), (10)

ij
fa = Singid(Wa(Ea(aavarm)))7 (11)
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fa = L2-norm(Wy(Eq(a, v, ™)), (12)
fm = RELU(Wm(Em(a’U’rm)))a (13)

where W,, Wy, and W,, are weight matrices,
Sigmoid and ReLU are activation functions, and
E,, E4, and E,, denote embedding functions that
process the object properties (a, v, and r™) in
a pairwise manner. The collision force is then
calculated as:

szfa'fd'fm- (14)

The collision force updates v and subsequently

updates a for the next time step. The mass
inference process can be formulated as:

m’ ~ ga(m' | 2= at o). (15)
Learning Charge and Coulomb interactions
via Long-Term Prediction
In the final stage, IWM learns to interpret
Coulomb’s force with video including charged
objects, where the learned collision module is
fixed. Assuming that the system has already
grasped the concepts of object appearance a and
motion velocity v, we now introduce a novel vari-
able ¢ to encode the charge quantity of the object.
In this context, guided by the existing physical
concepts, the force module can be represented in
the following form:

rfj = Eye(ci,¢),
fo = Sigmoid(W,(E,(a; v; r9))),
fa = L2-norm(Wy(Eq4(a; v; r9))),
fm = ReLUW,,(E}(a; v; 79))).

Finally, the resultant force is calculated as the
product of these components:

Av = fo- fa- fm; (20)

and the mass and charge inference calculations can
be formulated as:

mt et~ gn(mt, ¢t | STV ot b, (21)

Training and Inference

Throughout the training process, optimization is
performed for the initial posterior A and the
parameters of three key models: the decoder py
that generates images from a; the inference model

gy that updates the posterior parameters using
the ELBO [44] gradient information obtained
by the current parameter estimates; and the
causal modules rs that roll out a sequence of
a*N. We train all the parameters by gradient
descent through the reconstruction and prediction
objective. The training loss £ is the negative
ELBO, which can be described as:

N
L= (~log(ps(a" | a"))
t=0

+ BKL(gy (0" | 2*,0%") || p(0))).

(22)

The first term is the negative log-likelihood of
the decoder given our mixture of decoder distri-
butions, as discussed above. The second term is
the Kullback—Leibler divergence (KL) divergence
of the latent posterior with the latent prior, which
is weighted with a hyperparameter (3.

During the testing phase, IWM first iteratively
refines the prior distribution based on the input
video, ultimately obtaining A. At this point,
we can sample from it to obtain the physical
representations of the objects within the scene:

at,vl,m,e~ A\ (23)

Based on the inferred scene configuration, IWM
can replay the physical event with its causal
modules:

aZN N AN = rs(at, v, m,c). (24)

This process corresponds to the reconstruction
and explanation experiments depicted in Fig. 3
and Fig. 5, respectively. IWM further alters the
inferred representations to conduct counterfactual
reasoning:

1,1

2:N 2:N 1:N—1
a T AY =rs(a’,v

: ,m’, ). (25)
This corresponds to the characterization of causal
laws in Fig. 3 and the counterfactual experiments
in Fig. 4.

Data availability

The ComPhy dataset used in this paper is
publicly available and can be accessed at https:
//comphyreasoning.github.io/.
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Code availability

The source code can be accessed at https://
github.com/tqace/EXPHY.
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