Compositional Physical Reasoning of Objects
and Events from Videos

Zhenfang Chen* Shilong Dong* Kexin Yi Yunzhu Li Mingyu Ding Antonio Torralba
Joshua B. Tenenbaum Chuang Gan

Abstract— Understanding and reasoning about objects’ physical properties in the natural world is a fundamental challenge in artificial
intelligence. While some properties like colors and shapes can be directly observed, others, such as mass and electric charge, are
hidden from the objects’ visual appearance. This paper addresses the unique challenge of inferring these hidden physical properties
from objects’ motion and interactions and predicting corresponding dynamics based on the inferred physical properties. We first
introduce the Compositional Physical Reasoning (ComPhy) dataset. For a given set of objects, ComPhy includes limited videos of them
moving and interacting under different initial conditions. The model is evaluated based on its capability to unravel the compositional
hidden properties, such as mass and charge, and use this knowledge to answer a set of questions. Besides the synthetic videos
from simulators, we also collect a real-world dataset to show further test physical reasoning abilities of different models. We evaluate
state-of-the-art video reasoning models on ComPhy and reveal their limited ability to capture these hidden properties, which leads to
inferior performance. We also propose a novel neuro-symbolic framework, Physical Concept Reasoner (PCR), that learns and reasons
about both visible and hidden physical properties from question answering. Leveraging an object-centric representation, PCR utilizes
videos and the associated natural language to infer objects’ physical properties without dense object annotations. Furthermore, It
incorporates property-aware graph networks to approximate the dynamic interactions among objects. PCR also employs a semantic
parser to convert questions into semantic programs, and a program executor to execute the programs based on the learned physical
properties and dynamics. After training, PCR demonstrates remarkable capabilities. It can detect and associate objects across frames,
ground visible and hidden physical properties, make future and counterfactual predictions, and utilize these extracted representations
to answer challenging questions. We hope the proposed ComPhy dataset and the PCR model present a promising step towards more

comprehensive physical reasoning in Al systems.

Index Terms—Physical Reasoning, Neuro-Symbolic Models, Hybrid Models.

1 INTRODUCTION

HAT causes apples to float in water while bananas
W sink? What is the underlying reason for magnets
attracting on one side and repelling on the other? Objects
in nature frequently manifest complex properties, which de-
lineate their interaction schema within the physical world.
For humans, deciphering these intrinsic physical properties
often represents pivotal milestones in fostering a more pro-
found and precise comprehension of nature. The majority
of these properties are intrinsic in nature, as they are not
readily apparent through objects’ static visual attributes and
are only detectable from objects’ interactions. Furthermore,
these properties influence object motion in a compositional
manner, where the causal relationships and mathematical
laws governing these properties can often be complex.

As depicted in Figure 1, various intrinsic physical prop-
erties, such as charge and inertia, often result in significantly
divergent future trajectories. Objects bearing identical or op-
posite charges will exert either repulsive or attractive forces
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on one another. The resultant motion is not only related to
the magnitude of the charge each object possesses but also
to their respective signs, as illustrated in Figure 1-(a). Inertia
governs the degree of sensitivity of an object’s motion to
external forces. In scenarios, where a massive object interacts
with a lighter one through attraction, repulsion, or collision,
the lighter object experiences more substantial alterations in
its motion relative to the trajectory of the massive object, as
depicted in Figure 1-(b).

Recent research has introduced a suite of benchmarks
aimed at assessing and diagnosing machine learning sys-
tems across a range of physics-related settings [1]-[3].
These benchmarks present reasoning tasks involving in-
tricate object motion and complex interactions, imposing
significant challenges on existing models as they demand
an understanding of the underlying physical dynamics to
perform well. However, the majority of complexity in the
motion trajectories facilitated by these environments arises
from alterations or interventions in the initial conditions of
the physical experiments. The impacts of objects” intrinsic
physical properties, along with the distinct challenges they
present, hold significant importance for further research.

However, it is non-trivial to construct a benchmark for
compositional physical reasoning. A straightforward ap-
proach might involve adhering to the settings established in
previous benchmarks [2], [4], wherein a model is required
to observe a video and subsequently respond to questions
regarding physical properties. Nevertheless, physical prop-
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Fig. 1: Non-visual properties like mass and charge govern the interaction between objects and lead to different motion
trajectories. a) Objects attract and repel each other according to the (sign of) charge they carry. b) Mass determines how
much an object’s trajectory is perturbed during an interaction. Heavier objects have more stable motion.

erties are intricate and often cannot be comprehensively
elucidated within the confines of a single video. Another
approach is to establish correlations between object ap-
pearance and physical properties, such as designating all
red spheres as heavy, and subsequently posing questions
regarding their dynamics. Nonetheless, this design may
lead models to employ shortcuts by merely memorizing
appearances rather than comprehending the interconnected
physical properties.

In this paper, we present an extended version of the
ComPhy benchmark [5], with significant additions, includ-
ing more diverse simulated scenes, real-world videos, and
new experimental settings. It centers on the comprehension
of object-centric and relational physics properties not read-
ily discernible from visual appearances. Initially, ComPhy
presents a limited number of video examples featuring
dynamic interactions among objects. Models are tasked with
identifying the physical properties of objects and subse-
quently answering questions pertaining to these properties
and their associated dynamics.

As depicted in Figure 2, the ComPhy is composed of
meta-train and meta-test sets, with each data point com-
prising four reference videos and one target video. In each
set, the objects consistently possess the same intrinsic phys-
ical properties across all videos. To facilitate the task, we
systematically ensure that each object in the query video
appears in at least one of the reference videos. Reasoning
on the ComPhy is challenging. First, models must infer both
the intrinsic and compositional physical properties of the
object set using only a limited number of video samples.
Moreover, they must predict video dynamics based on the
predicted physical properties.

To overcome the challenges in ComPhy, we introduce
Physical Concept Reasoner (PCR). Inspired by recent work
on neural-symbolic reasoning on images and videos [2],
[6], [7], our model is modularized with four disentangled
components: perception, physical property learning, physi-
cal dynamics prediction, and symbolic reasoning. Our PCR
model can learn to infer objects” compositional and intrinsic
physical properties, predict their future dynamics, and make
counterfactual imaginations by only watching videos and
reading question-answer pairs.

To summarize, this paper makes the following contribu-
tions. First, we extend the original ComPhy benchmark [5]
by introducing new diverse simulated scenes and real-world
video data. It is based on a few-shot reasoning setting that
integrates physical properties (mass and charge), physical
events (attraction and repulsion), and their compositions.
Second, we introduce a new neural-symbolic framework
PCR, a modularized model that can infer objects” physical
properties and predict the objects’ movements from watch-
ing videos and reading question-answer pairs. Additionally,
we collect a real-video dataset to better assess the physical
reasoning capabilities of current models in real-world sce-
narios.

Some preliminary results were presented in our earlier
ICLR 2022 paper [5]. In this manuscript, we significantly
extend that work in three aspects. First, we introduce a
Physical Concept Reasoner, PCR, to learn hidden physical
properties like mass and charge from video and language
efficiently without dense property supervision signals dur-
ing training and perform reasoning in counterfactual and
predictive scenes. Second, besides the experiments in the
original data [8], we also simulate more diverse phys-
ical scenes and collect real videos for physical reason-
ing. We perform experiments in both synthetic and real
videos and analyze how the new proposed PCR works
and fails, while there are only experiments for synthetic
data in the original conference version. Third, we also eval-
uate recent state-of-the-art large vision-language models
(LVLMs) [9], [10] on ComPhy, providing a more thorough
analysis. Our code, datasets, and models can be found at
https:/ /physicalconceptreasoner.github.io.

The rest of the paper is organized as follows. Section 2
reviews the related datasets and models based on physical
reasoning, video question answering, and few-shot learn-
ing. Section 3 introduces how we construct the dataset
and reduce its biases. Section 4 analyze how representative
baselines and the recent state-of-the-art models perform on
the ComPhy benchmark. Section 5 introduces the new PCR
model and its optimization mechanism. Section 6 summa-
rizes the paper’s contribution, discusses its limitations, and
suggests potential extension directions.
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CoPhy [3]

CRAFT [4]
CLEVRER [2]
Physion [18]
Physion++ [19]
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NN

N N RN
AN

[ NG NG
N N N N NN

ComPhy (ours)

TABLE 1: Comparison between ComPhy and other visual reasoning benchmarks. ComPhy is a physical reasoning dataset
with a wide range of reasoning tasks for physical property learning and corresponding dynamic prediction.

2 RELATED WORK

Physical Reasoning. Our research prominently aligns with
contemporary advancements in the domain of physical rea-
soning benchmarks, as delineated by recent studies [4], [16],
[18]-[20]. PHYRE [1] and its variant, ESPRIT [17], establish
an environment where objects maneuver within a vertical
2D plane, influenced by gravitational forces. Each task
within this framework is tethered to a distinct goal state, and
the model seeks resolution by delineating initial conditions
conducive to achieving said state. Conversely, CLEVRER [2]
incorporates videos featuring multiple objects in motion,
colliding on a planar surface, and poses natural language
questions pertaining to the description, explanation, predic-
tion, and counterfactual reasoning of the resultant collision
events. CoPhy [3] encompasses experimental trials involv-
ing objects moving in 3D space under the influence of grav-
ity, with a focal point on predicting object trajectories fol-
lowing counterfactual interventions upon initial conditions.
CRIPP-VQA [21] introduces a challenge that emphasizes
reasoning over physical properties such as mass and friction
from a single video with simple primitive shapes, material
and colors. Our work builds upon the original ComPhy
dataset introduced in our prior work [5], extending it with
more diverse physical scenes and real-world videos, which
requires models to infer physical properties from a few
physical interactions in reference videos. Compared to other
previous datasets, ComPhy requires models to infer intrinsic
properties from a limited array of video examples and draw
dynamic predictions based on the identified properties.
Dynamics Modeling. Modeling the dynamics of physical
systems has long been a focal point of research. This issue
has been explored by some researchers through physical
simulations, drawing inferences regarding crucial system-
and object-level properties via statistical methodologies
such as MCMC [22]-[24]. In contrast, others have pro-
posed to directly ascertain the forward dynamics employing
neural networks [25]. Owing to their object- and relation-
centric inductive biases and efficacy, Graph Neural Net-
works (GNNs) [26] have been broadly applied in predict-
ing forward dynamics across a diverse array of systems
[27]-[30]. Our research combines the strengths of both ap-
proaches: initially inferring the object-centric intrinsic phys-
ical properties and subsequently predicting their dynamics

predicated on these intrinsic properties.

Video Question Answering. Our research also pertains to
the domain of video question answering, which responds
to queries about visual content. Several benchmarks have
been posited to address the task of video question answer-
ing, such as MarioQA [31], TVQA [32], and AGQA [15].
Nevertheless, these datasets primarily concentrate on com-
prehending human actions and activities rather than acquir-
ing knowledge regarding physical events and properties, a
competency crucial for robotic planning and control.

We summarize the differences between our extended

ComPhy benchmark and other prior physical reasoning
datasets in Table 1. Compared to our previous version [5],
this work introduces more diverse simulated scenes and
real-world videos. Notably, ComPhy remains the only
dataset requiring models to infer physical properties from a
sparse set of video examples, perform dynamics prediction,
and answer compositional reasoning questions.
Few-shot Learning. Our research bears relevance to few-
shot learning, which learns to classify images utilizing
merely a few examples [33]-[36]. ComPhy mandates that
models identify object property labels from a limited se-
lection of video examples. Contrasting with the aforemen-
tioned works, reference videos in our approach do not
furnish labels for objects’ physical properties but exhibit
more interactions among objects, thereby providing models
with information to discern objects” physical properties.

3 DATASET

This section describes the dataset used in our benchmark.
We build upon our prior work ComPhy [5], originally in-
troduced in ICLR 2022, and present a significantly extended
version. In addition to the synthetic split described in [5],
we enrich the synthetic dataset with more diverse physical
scenes and include a new real-world video dataset. First,
we introduce video details and the task setup in Section 3.1.
Subsequently, Section 3.2 delves into the different categories
of questions, while Section 3.3 explores the underlying
statistics and ensures balance. Finally, in Section 3.4, we
introduce how we build the real-world data set.

3.1 Videos

Objects and Events. Following [11], objects in ComPhy
are characterized by compositional appearance attributes,
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A: No

with the brown cube

X

Fig. 2: Sample target video, reference videos and question-answer pairs from ComPhy.

including color, shape, and material. For ease of identifica-
tion, each object in the videos is uniquely distinguishable
based on these three characteristics. The dataset incorpo-
rates events such as in, out, collision, attraction, and repulsion.
The basic concepts in ComPhy are derived from these object
appearance attributes, events, and their compositionality.

Physical Properties. Previous benchmarks [2], [16] predom-
inantly focused on visually perceptible appearance concepts
like color and collision, discernible in a single frame. In
contrast, our dataset, ComPhy, additionally explores the
intrinsic physical properties of mass and charge, which are
not directly discernible from an object’s static appearance
(Figure 1(a,b)). These properties are independent of visual
features and can interact, resulting in more intricate and
diverse dynamic scenarios. For simplicity, the dataset cat-
egorizes objects into discrete mass groups (heavy/ light) and
charge categories (positively / negatively charged/ uncharged).
While introducing additional continuous parameters like
bounciness and friction is possible, the complexity could
render the dataset overly intricate and hinder intuitive
property inference from people.

Video Generation. Each target video designated for
question-answering encompasses 3 to 5 objects, integrating
a random compositionality of appearance attributes and
physical properties. The videos are standardized to a du-
ration of 5 seconds, with an extended simulation of the 6-th

and 7-th seconds specifically for annotating questions for
future prediction.

As in our prior work [5], the synthetic videos are gen-
erated in a two-step process using the Bullet physics engine
and rendered via Blender. In the first step, we employ
the Bullet physical engine [37] to simulate the movements
of objects and their interactions with one another. Since
Bullet does not officially support the effect of electronic
charges, we add external forces between charged objects,
whose values are inversely proportional to the square of the
objects’ distance, to simulated Coulomb forces. We assign a
mass value of 1 to the light objects and a mass value of 5 to
the heavy objects. We manually ensure that every reference
video includes at least one interaction, such as collision,
attraction, or repulsion, among objects, to provide sufficient
information for inferring physical properties. Every object in
the target video must appear in the reference videos at least
once. The simulated object movements are then transmitted
to Blender [38] for high-quality image sequences.

Task Setup. It presents a non-trivial challenge to design
an evaluative framework that accurately assesses a model’s
capacity for physical reasoning because physical proper-
ties are not discernible within a static frame. A simplistic
approach would involve associating physical attributes di-
rectly with object appearances like “The red object is heavy”,
“The yellow object is light” and then asking “What would hap-
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pen if they collide?” However, this setting is flawed, as it fails
to ascertain whether the model genuinely comprehends the
physical properties or merely relies on memorizing visual
cues. An ideal setup would demand a model to demonstrate
human-like discernment of objects” properties from their
motion and mutual interactions within dynamic scenes, and
subsequently formulate relevant dynamic predictions.

To achieve this goal, We introduce a meta-framework

for physical reasoning that pairs a target video with a
limited set of reference videos, enabling models to infer
physical properties. Questions are then formulated regard-
ing these properties and underlying dynamics, as illustrated
in Figure 2. Thus, each collection includes a target video,
four reference videos, and numerous inquiries related to
the target video. Notably, all objects within each collection
maintain consistent visual attributes, including color, shape,
and material, as well as intrinsic physical properties, specif-
ically mass and charge.
Reference Videos. To enrich the visual content for physical
property inferring, we supplement each target video with
four reference videos. From the target video, we select 2 to 3
objects, assign them different initial velocities and positions,
and orchestrate interactions such as attraction, repulsion,
or collision. The reference videos, though lasting 2 seconds
each for scalability, follow the same generation criteria as
the target videos. These supplementary interactions help
models deduce physical properties; for example, observing
repulsion in Reference Video 1 of Figure 2 indicates that
object 1 and object 2 possess the same electrical charges.

3.2 AQuestions

Inspired by the previous datasets [2], [11], we propose a
question engine capable of generating questions that test
factual, predictive, and counterfactual reasoning abilities.

Queries. Factual questions are open-ended, requiring concise
answers in the form of a single word or short phrase,
and assess a model’s understanding and reasoning about
objects’ physical properties, visual attributes, events, and re-
lationships. Building upon existing benchmarks [2], [4], our
dataset (ComPhy) introduces novel and challenging factual
questions focused specifically on the physical properties of
charge and mass (See Figure 2 (I)). Predictive and counter-
factual questions, conversely, adopt a multiple-choice for-
mat that critically evaluates the plausibility of each provided
answer option. Predictive questions require models to analyze
objects’ physical properties and dynamics to forecast events
in future video frames. Counterfactual questions investigate
hypothetical scenarios where an object’s physical properties
(e.g., charge or mass) are altered, focusing on their impact
on object dynamics (See Figure 2 (II)). This methodology
contrasts with prior research [2], [16] that centered on object
removal, emphasizing the divergent implications of chang-
ing physical properties for predicting motion instead.

Templates. We present typical question templates in Ta-
ble 2. Examining the table reveals that these novel question
templates incorporate diverse symbolic operators associated
with physical properties. For example, phrases such as
“heavy moving spheres” and “charged cubes” demand that
models deduce the values of objects” physical properties.
For counterfactual questions, we introduce novel condi-
tions, such as “If the cyan object were uncharged” and “If

Type Template and Example

If the SA were MP, Q?
If the sphere were lighter, which event would not happen?

If the SA were CP, Q?
If the cube were uncharged, which event would happen?

Mass1 Is the DA1 SA1 heavier than the DA2 SA2?
Is the blue sphere heavier than the gray cube?

Is the DA1 SA1 lighter than the DA2 SA2?
Is the blue sphere lighter than the gray cube?

Are the DAT SA1 and the DA2 SA2 oppositely charged?
Are the blue sphere and the purple sphere oppositely charged?

Are the DAT SA1 and the DA2 SA2 with the same type of charge?
Are the cube and the cylinder with the same type of charge?

CUN1

CUN2

Mass2

CHR1

CHR2

What are the Hs of the two objects that are charged?
What are the colors of the two objects that are charged?

Quer What is the H of the DA SA that is PA?
Y What is the color of the moving cylinder that is heavy?

Are there any PA DA SA TI?
Are there any charged moving cube when the video ends?

How many PA DA SA are there TI?
How many heavy stationary spheres are there?

CHR3

Exist

Count

TABLE 2: Typical question templates and examples in Com-
Phy. SA denotes static attributes like “red”; DA denotes
dynamic attributes, “moving”; MP denotes mass attributes
like “heavier”; Q denotes question phrases like “which
of the following would happen”; CP denotes charge
attributes like “uncharged”; H denotes visible concepts
like “material”; PA denotes physical attributes like heavy
and charged; TI denotes time indicators like “when the
video ends”.

the sphere were lighter”. These conditions are designed to
enable reasoning about the dynamics when a particular
object possesses an alternative physical property.

3.3 Balancing and Statistics

In total, ComPhy features 8,000 training sets, 2,000 for
validation, and 2,000 for testing, with a total of 41,933
factual, 50,405 counterfactual, and 7,506 predictive questions
constituting 42%, 50%, and 8% of the dataset, respectively.
For simplicity, video sets will include a pair of charged
objects only if charged objects are already present, and
similarly, a video will contain a heavy object or none at all.
We ensure that these few video examples are sufficiently
informative to answer questions based on the questions’
programs and the properties and interaction annotations
in the videos. Specifically, for questions comparing mass
or establishing charge relations, we meticulously confirm at
least one interaction exhibited between the relevant objects.

3.4 Real-World Datasets

As shown in Fig. 3, we collect a new real-world video
dataset to further estimate the capabilities of physical rea-
soning models. The construction of this dataset involves two
key stages: real video collection and question annotation.

Real Video Collection. We capture a dataset consisting of
492 real-world videos using the iPhone’s SLO-MO feature,
which records high-definition slow-motion footage at 240
frames per second. These videos are organized into 123
sets, with 60 sets designated for training and 20 sets for
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Fig. 3: Samples of real data. We collect real objects of
different mass values and magnetism for extensive exper-
iments, which have a significant effect on objects’ motion
and interaction.

validation. Each set comprises one target video featuring 3-
4 objects interacting and 3 associated reference videos con-
taining 2-3 objects each. This design mirrors the simulated
video split, focusing on object interactions characterized
by attributes like color (red, brown, grey), shape (cylinder,
cube, sphere), magnetism (neutral, attractive, repulsive),
and mass (heavy and light) in physical world environment.
Question Annotations. The static attributes, physical prop-
erties, and events in each video are initially annotated by an
annotator and subsequently checked by another to ensure
their correctness. We utilize a question engine similar to
the one used in the simulated split to generate diverse
questions, including counterfactual, predictive, and various
property-based inquiries. The engine randomly selects from
predefined templates and incorporates video annotations to
create questions that explore various aspects of physical
interaction, such as magnetism’s effect on dynamics, the
influence of mass, and the objects’ static attributes. We
collect 1,068 questions in total, including 776 for physical
properties, 134 for counterfactual reasoning, and 158 for
predictive future events. We provide more details on real-
world videos in the supplementary material.

4 EXPERIMENTS

In this section, we assess baseline models and conduct an
in-depth analysis to comprehensively study ComPhy.

4.1

We assess multiple baseline models on ComPhy, as dis-
played in Table 3. These baselines fall into four categories:
bias-analysis models [39], video question answering mod-
els [40], [41], compositional reasoning models [42], [43],
and large vision-language foundation models [9], [10], [44].
For a comprehensive comparison, we additionally introduce
variant models that leverage both the target video and
reference videos.

Biased Analysis Models. The first category of models is
bias analysis models. These models predict answers without

Baselines

6

relying on visual input and aim to scrutinize the language
bias present in ComPhy. In particular, the Random model
randomly selects answers based on the question type and
requires no training. The Frequent model selects the most
frequently occurring answer in the training set for each
question type, which requires no training phase. Blind-
LSTM employs an LSTM [39] to encode the question and
predict the answers without visual input; it is trained solely
on the question-answer pairs from the dataset’s training
split to isolate language bias.

Visual Question-Answering Models. The second category
of models encompasses visual question-answering models.
These models answer questions based on input videos and
questions. The CNN-LSTM model [45] is a simple question-
answering model. It employs a ResNet-50 [46] to extract
frame-level features, averaging them across the time dimen-
sion. We encode questions using the final hidden state from
an LSTM [39]. The visual features and question embedding
are concatenated to make answer predictions with two fully-
connected layers. HCRN [41] is a widely adopted model
that hierarchically models visual and textual relationships.
Both CNN-LSTM and HCRN were trained (or fine-tuned, if
using pre-trained components like ResNet) on the training
split until convergence on the validation set.

Visual Reasoning Models. The third category, visual rea-
soning models, includes MAC [42], which decomposes
visual question answering into several attention-focused
reasoning steps, making predictions based on the hidden
output of the final step. In contrast, ALOE [43] capitalizes
on transformers [47] and object-centric representation to
deliver cutting-edge results on CLEVRER. We use MONet
[48] to extract visual representation for ALOE. Similar to the
VQA models, both MAC and ALOE were trained (or fine-
tuned from general pre-trained weights where applicable)
on the dataset’s training split.

Large Vision Language Models. The final model category
is large vision language models [9], [10], [44], which have
been trained on massive vision-language data and shown
excellent performance on both language understanding and
visual question answering. For ALPRO, we fine-tune the
model with ComPhy’s training set until they achieve sat-
isfactory results on the validation set. For GPT-4V and
Gemini, we evenly sample a fixed number of frames from
each target video as visual input, pairing them with corre-
sponding questions and a carefully crafted text prompt to
guide the model in generating formatted answers.
Baselines with Reference Videos. We also introduce varia-
tions of existing baseline models that utilize both the target
video and reference videos as input. We enhance CNN-
LSTM, MAC, and ALOE to create CNN-LSTM (Ref), MAC
(Ref), and ALOE (Ref) by incorporating the features of both
reference videos and the target video as visual input. We
uniformly sample 25 frames from each target video and 10
frames from each reference video.

Training and Evaluation Fairness. To ensure fair com-
parison, all models that underwent training or fine-tuning
(Blind-LSTM, CNN-LSTM, HCRN, MAC, ALOE, ALPRO,
and the ‘Ref’ variants) were trained on the same train-
ing split. We employed consistent hyperparameter tuning
strategies (where applicable) and evaluated all models un-
der identical conditions on the validation/test splits using

391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450

451



452

454

455

456

457

458

459

460

461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487

488

Methods Factual Predictive Counterfactual
per opt. per ques. per opt. per ques.
Random 29.7 51.9 22.6 49.7 9.1
Frequent 30.9 56.2 25.7 50.3 8.7
Blind-LSTM 39.0 57.9 28.7 55.7 12.5
CNN-LSTM [40] 46.6 59.5 29.8 58.6 14.6
HCRN [41] 47.3 62.7 32.7 58.6 14.2
MAC [42] 68.6 60.2 32.2 60.2 16.0
ALOE [43] 54.3 65.9 35.2 65.4 20.8
CNN-LSTM (Ref) [40] 41.9 59.6 294 57.2 12.8
MAC (Ref) [42] 65.8 60.2 30.7 60.3 14.3
ALOE (Ref) [43] 57.7 67.9 37.1 67.9 22.2
ALPRO [44] 45.2 56.9 27.2 53.7 144
GPT-4V [9] 42.2 60.7 47.1 51.1 8.9
Gemini [10] 37.7 46.5 22.7 49.2 6.3
Human Performance  90.6 88.0 75.9 80.0 52.9

TABLE 3: Evaluation of physical reasoning on ComPhy.
Human performance is based on sampled questions. See
Section 4.2 for more details. Red text and blue text indicate
the first and the second best results.

the specified metrics. The zero-shot evaluation of GPT-4V
and Gemini is reported separately and interpreted in light
of their lack of dataset-specific fine-tuning.

We employ the conventional accuracy metric to assess
the performance of various methods. In the case of multiple-
choice questions, we provide both per-option accuracy and
per-question accuracy. A question is deemed correct if the
model answers all of its options correctly.

4.2 Evaluation on physical reasoning

The question-answering results of various baseline models
are shown in Table 3. Notably, there exist discrepancies in
the relative performances of models across different kinds
of questions, which suggests that diverse reasoning skills
are necessitated by the questions in ComPhy.

Factual Reasoning. To address factual questions in Com-
Phy, models must identify visual attributes, analyze motion
trajectories, and infer physical properties of objects. The
results indicate that the “blind” models, namely Random,
Frequent, and Blind-LSTM, perform significantly poorly
on ComPhy compared to other models integrating visual
context and linguistic information. Additionally, we observe
that video question-answering models and pre-trained large
vision language models exhibit lower performance com-
pared to visual reasoning models like MAC and ALOE. We
attribute this discrepancy to the fact that they are typically
tailored for tasks such as object classification, action recogni-
tion, and activity understanding rather than understanding
physical events in ComPhy. Among these, MAC outper-
forms the rest baselines when answering factual questions,
underscoring the effectiveness of its compositional attention
mechanism and iterative reasoning processes.

Dynamcis Reasoning. A notable feature of ComPhy is its
demand for models to generate counterfactual and future
dynamic predictions by leveraging their identified physical
properties to address posed questions. Among all the base-
line models, we have observed that ALOE (Ref) consistently
attains the highest performance levels in tasks involving
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counterfactual and future reasoning. We posit that this su-
perior performance is attributable to the utilization of self-
attention mechanisms and self-supervised object masking
techniques, enabling the model to effectively capture spatio-
temporal visual context and imagine counterfactual scenar-
ios for answering questions.

Reasoning with Large Vision-Language Models. We also
evaluate the performance of the recent large vision-language
models, ALPRO, Gemini and GPT-4V on ComPhy, which
were pre-trained on massive image/video-text pairs from
the internet. Despite their strong performance on traditional
visual question-answering benchmarks such as GQA [49],
VQAv2 [45], MSRVTT-QA [50] and MSVD-QA [50], all of
them underperform on ComPhy. The inferior performance
of large vision-language models (LVLMs) is attributed to
a gap in their training. These models are pretrained on
internet data, which primarily focuses on object categories
and semantic relations, lacking emphasis on physical com-
monsense. ComPhy underscores its value in addressing the
gap and complementing the missing physical commonsense
in existing visual question-answering benchmarks.
Reasoning with Reference Videos. The results reveal that
CNN-LSTM (Ref) and MAC (Ref) perform comparably or
slightly worse than their original counterparts, CNN-LSTM
and MAC. While ALOE (Ref) shows a modest improvement
over ALOE, the variant models do not exhibit substantial
improvements when incorporating the reference videos as
supplementary visual input. This phenomenon is likely due
to these models’ primary training on extensive datasets
comprising videos and question-answer pairs, hindering
their adaptability to ComPhy’s novel context, which ne-
cessitates discerning new compositional visible and hidden
physical properties from a limited number of examples.
Human Performance. To evaluate human performance in
ComPhy, 14 participants with a basic understanding of
physics and proficiency in English were tasked. After an
initial warm-up through a series of demonstration videos
and questions to confirm their comprehension of events and
physical properties, they were assigned to answer 25 diverse
question samples from ComPhy. Their accuracy rates are
as follows: 90.6% for factual questions, 88.0% for predictive
questions per option, 80.0% for counterfactual questions per
option, 75.9% for predictive questions per question, and
52.9% for counterfactual questions per question.

Reasoning in the Real World. We evaluated the perfor-
mance of various models on our collected real-world dataset
by fine-tuning each model on the dataset’s training split
and evaluating on the validation split (see Table 4). Results
indicate that ALOE achieves the highest accuracy on factual
questions (61.6%), consistent with its strong performance
observed in simulated scenarios. Notably, MAC shows a
balanced performance across all question types, particularly
excelling in predictive questions (57.1% per question accu-
racy). Interestingly, state-of-the-art general-purpose vision-
language models such as GPT-40-mini and Gemini sig-
nificantly underperform compared to specialized models,
reflecting substantial limitations in their ability to reason
about physical interactions in real-world contexts. The sub-
stantial gap between human performance (exceeding 88%
across all categories) and the evaluated models underscores
the complexity and challenge of physical reasoning tasks.
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Fig. 4: The perception module detects objects” location and visual appearance attributes. The physical property learner
learns objects’ properties based on detected object trajectories. The dynamic predictor predicts objects” dynamics in the
counterfactual scene based on objects” properties and locations. Finally, an execution engine runs the program parsed by
the language parser on the predicted dynamic scene to answer the question.

Methods Factual Predictive Counterfactual
per opt. per ques. per opt. per ques.
Random 7.6 50.0 25.0 50.9 20.8
Frequent 41.7 53.6 28.7 50.0 239
Blind-LSTM 50.6 61.5 46.0 51.9 32.2
CNN-LSTM [40] 55.6 64.2 47.3 50.9 33.3
HCRN [41] 519 62.5 53.5 50.9 32.1
MAC [42] 58.9 60.9 57.1 52.8 35.8
ALOE [43] 60.8 60.6 42.4 47.1 28.7
CNN-LSTM (Ref) [40] 49.0 64.3 41.3 50.0 26.3
MAC (Ref) [42] 564 562 46.4 51.4 34.9
ALOE (Ref) [43] 61.6 61.4 42.8 51.6 321
ALPRO [44] 50.9 55.3 39.2 49.7 29.2
GPT-40-mini [9] 42.6 49.6 23.2 47.5 26.0
Gemini [10] 325 57.7 23.1 52.1 29.8
Human Performance  90.0 95.0 90.0 94.4 88.9

TABLE 4: Evaluation of physical reasoning on the real video.
Human performance is based on sampled questions.

5 MODELS
5.1 Model

In this section, we present Physical Concept Reasoner
(PCR), a new physical reasoning model. It aims to com-
prehend objects’ visible properties, infer hidden physical
properties and events, and image corresponding physical
dynamics by observing the videos and responding to the
associated questions. Compared with our preliminary mod-
els [5], [8], it is able to infer hidden physical properties and
predict corresponding property-based dynamics without
explicit dense property annotations.

PCR can be factorized into different functional modules
for physical reasoning in videos. As shown in Fig. 4, the

model consists of five major modules: (1) video perceiver, (2)
visible property grounder, (3) physical property inferencer,
(4) property-based dynamic predictor, and (5) differentiable
symbolic executor. When provided with a target video
alongside four reference videos and a query, PCR employs
a video perceiver to detect objects” spatial locations across
frames and all videos. Subsequently, their trajectories are
processed by the physical property inferencer to deduce
their properties. Leveraging these data, the dynamic predic-
tor forecasts object movements based on their physical traits.
Lastly, a differentiable executor executes the program gen-
erated by a language parser [6], [47], utilizing the predicted
object motions to answer the query. Note that the object-
centric representation and outputs of various modules are
maintained in a differentiable manner, enabling direct op-
timization of each module through backpropagation when
answering video-related questions.

5.1.1 Video Perceiver

Object Tracking and Alignment. Given a target video and
4 reference videos, the video perceiver in PCR is responsible
to track objects in every video and align them across differ-
ent videos. The first step is to track objects in the videos. At
the ¢-th frame, our model first applies a regional proposal
network [51], [52] to detect all objects {b}N*,, where N;
denote the object proposal number. The video perceiver
then get a set of object trajectories {0, })_;, where N is
the number of object trajectories, 0, = {b'}]_; and T is
the number of frames. Similar to [5], [53], we first define
the connection score scm(bt- bt-H) between two proposals
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b} and b} in connective frames as

Senn (b, b§'+1) = s5(b) + Sc(b;Jrl) + ToU(b;, b§'+1)a @
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where s.(bf) is the confidence score predicted by the re-
gion proposal network and IoU denotes the interaction
over union between two proposals. We define the connec-
tion score of a candidate object trajectory o,={b!}_; as
E(0n) = Y7 Senn (b, 05F1). We select the set of object
trajectories {0, }2_; with the highest connection scores and
solve the problem with a linear sum assignment [54]. We
then align objects in reference videos to the target videos
with the predicted static visual attributes, color, shape, and
material. Objects in reference videos are assigned to objects
in the target video that has the most similar predicted labels.
Object-Centric Representation. We use a set of object-
centric features to represent the videos for physical reason-
ing. Specifically, we compute the averaged visual regional
features (f; € RPv) from the faster-RCNN [52] for static
visual appearance attributes like shape, color and material,
where D, equals to 512 and is the regional feature’s di-
mension from ResNet-34. We adopt the temporal trajectory
features (f/, € R*P+) for predicting temporal concepts like
in and out, where D, = T x 4 is the concatenation of the
object location b, across all T' frames. Since we can only
infer objects’ physical property values from their movement
and interaction, we use a set of aligned trajectory features
for physical property inference. For the n-th object in the
target video, we represent it with p,, and {pn’r}ﬁzl, where
pn and p,, . are the concatenation of the object coordinates
(xt,yt) along all T' frames in the target video and the r-
th reference video. R equals to 4 and is the number of the
reference videos. We add all the objects without appearance
in the specific reference videos with zero vectors.

We use the interaction feature ( j’;tt € RPint) for
prediction the the collision event between the i-th and the
j-th objects at the ¢-th frame. we define z”ﬁ = f1 115
where f; J , is the ResNet feature of the union region of the
i-th and j-th objects at the ¢-th frame and f;, is a spatial
embedding for correlations between boundmg box trajecto-
ries. We define f;% , = ToU(si ¢, 55.¢)|[ (5,6 —55.6) 1| (86,6 X 85.6),
where s;; = |[i12 ,bF is the concatenated segment of the
i-th object centering at the ¢-th frame. It concatenates the
intersection over union (IoU), difference (—), and multiplica-
tion (x) of the normalized trajectory coordinates for the ¢-th
and j-th objects centering at the ¢-th frame. For the collision
event in the future and counterfactual scenes, we predict the
collision event based on the fi,5,¢ only since there is no RGB

image for extracting the f}; , feature.

5.1.2 Visible property grounder

The visible property grounder grounds objects’ visible prop-
erties like color, shape, and collision onto the objects ex-
tracted by the video perceiver. PCR accomplishes this by
aligning the representations of objects and events with
learned concept embeddings in PCR. For example, to predict
the n-th object is red or not, we use a confidence score
st We define s7°? = [cos(c™, myq(fY)) — 6] /A, where
el is a vector, representing the concept red, my, is a
fully-connected layer, mapping the object feature f to the
color space. cos calculates the cosine similarity between
the two vectors. § and A, are constant scalars, controlling
the value range of s;.cq. Similarly, we predict two objects

collide at the ¢-th frame with s i1, where s‘l + equals
to sfl]t = |cos(c, my( ) — 5 /A ¢ represents the
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concept vector for the collision_ event and m,; is a fully-
connected layer transforming f;"}, into the desired space.
5.1.3 Physical Property Inferencer

At the heart of our model, the Physical Property Inferencer
(PPI) handles intricate and composite physical interactions
by analyzing object motion trajectories extracted from both
reference and target videos. The PPI utilizes a graph neural
network [55] to predict mass and relative charge for each
object pair, where node features capture object-centric prop-
erties (such as mass), and edge features encode pairwise
properties (such as relative charge). The PPI employs a se-
ries of message-passing operations on the input trajectories
of N objects within the video. The process is described by:

0 :femb(pzt)v en1 ng frel( Vi gn )7
z+1 fem Z enl ) )
ni#n2

Here, f(m) are functions implemented by fully-
connected layers. We then use two fully—connected layers
to predict the output mass label f"*¢(v?) and edge charge
label fP7¢?(e} ;), respectively. Notably, the PPl is not trained
in a fully- superv1sed manner but is optimized via leverag-
ing the gradients from differentiable question answering.
The complete physical property of a set of videos can be
represented as a fully connected property graph, where
each node corresponds to an object that appears in at least
one video within the set. Meanwhile, each edge indicates
whether the connected nodes possess the same, opposite,
or no relative charge ( i.e. it signifies whether one or both
objects are charge-neutral). In Figure 4, we illustrate that the
physical property inferencer (PPI) independently predicts
the objects’” properties in each reference video, covering
only part of the property graph. To align predictions across
different nodes and edges, we utilize the static attributes of
objects identified by the video perceiver. By aggregating the
sub-graphs generated from each video in the set through
max-pooling over nodes and edge predictions, we obtain

the complete object properties graph.

5.1.4 Property-based Dynamic Predictor

To predict objects” positions at the t + 1 frame, based on their
full trajectories and properties (mass and charge) at the ¢-
th frame, we employ a dynamic predictor implemented by
graph neural networks. For the n-th object at the t-th frame,
we represent it with o/, = ||!_; (2!, yt, w?, , ht,m,), using
a concatenation of its object location (x%,y?), size (w,, ht)
and the mass prediction (m,) by the Physical Property
inferener over a history window of 3. By incorporating a
history of object locations rather than solely relying on the
location at the ¢-th frame, we encode object velocity and
accommodate for perception errors. Specifically, we have

t,0 k t,0 _£,0
hnl,ng Z Z"’la”kageTnb(onl > Ong )7
F ny#ng
41 N ! l
0512+ = O’lt’LQ + Grel Z (h'tn,l ng) ) (3)
I+1 k l l 1 41 0
h'f7,1+n2 = Zni,na, kgenc([ o ] [Ot + ;0 512])7

k

where the variable & € 0, 1,2 represents whether the two
connected nodes carry the same, opposite, or no relative
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charge. The k-th element of the one-hot indication vector
zZny,ng is denoted as z,, n, . The message-passing steps
are indicated by [ € [0,1] and functions g, are im-
plemented through fully-connected layers. For predicting
object location and size in the (¢t + 1)-th frame, we em-
ploy a function comprising a single fully-connected layer,
gpred(052). To forecast future frames for predictive ques-
tions, we initialize the dynamic predictor with the last three
frames of the target video and iteratively predict subsequent
frames by feeding the generated predictions back into the
model. For counterfactual queries, we use the first three
frames of the target video as input, updating the predicted
objects’ mass labels (m;) and the corresponding one-hot
indicator vector z; ; accordingly, to obtain physical predic-
tions with counterfactual properties labels.

5.1.5 Differentiable Symbolic Executor

The differentiable symbolic executor first adopts a program
parser [6], [56] to transform the input question into a se-
ries of program operations. The program parser is trained
in a fully-supervised manner as in [5], [6]. The executor
then executes the symbolic operations on the latent object-
centric representation derived from the other modules and
the output of the final operator serves as the solution to
the question. We adopt a probabilistic approach, similar
to the methodology proposed in [7], to represent the ob-
ject states, events, and results of all operators during the
training phase. This probabilistic representation allows for a
differentiable execution process, considering the latent rep-
resentations derived from both the observed and predicted
scenes. As shown in the dotted lines of Figure 4, it becomes
feasible to optimize the video perceiver, visible property
grounder, physical property inferencer, and property-based
dynamic predictor within the symbolic execution procedure.

5.2 Training Mechanisms

The proposed PCR features multiple functional modules,
and optimizing these modules presents great challenges due
to several factors: 1) the lack of dense property annotations
for both visible concepts and hidden physical properties, 2)
the complexity of physical properties and their interaction
with other visible properties, and 3) fewer training exam-
ples compared to the previous physical reasoning dataset
CLEVRER. To address these challenges, we propose two
novel training mechanisms for model optimization: 1) Cur-
riculum Learning for Physical Reasoning in Section 5.2.1,
and 2) Learning by Imagination in Section 5.2.2.

5.2.1 Curriculum Learning for Physical Reasoning

We design a novel curriculum learning mechanism to op-
timize the PCR introduced in Section 5.1. We first train a
program parser to parse the question and answers into ex-
ecutable programs with a sequence-to-sequence model [56].
In lesson 1, we filter out and select the factual questions
without physical property description to learn an initial
model to ground visible properties like colors, shapes, and
collisions. In lesson 2, we include all the factual questions to
teach the model to infer objects” physical properties with
the physical property inferencer. During this lesson, we
align the objects” dynamics in different videos and property
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predictions with the static visible property label prediction
from lesson 1. In lesson 3, we utilize the property prediction
results from the last lesson as pseudo labels to train a
property-based dynamic predictor, which predicts objects’
dynamics in the counterfactual and predictive scenes. Fi-
nally, we fine-tune all components in an end-to-end manner
with all question-answer pairs from the training set.

5.2.2 Learning by Imagination

One key challenge for the PCR on the ComPhy dataset is
the complexity of its video scenarios compared to previous
datasets like CLEVRER [2], which has 152,572 question-
answer pairs, while ComPhy has only 55,764 pairs but
with more variances in physical property variances. To
improve the training efficiency, we introduce a new train-
ing mechanism, named Learning by Imagination. Specifically,
when a counterfactual question states “Which event would
happen if the purple object were heavier?”, it implicitly indicates
that “there is a purple object” and “the purple object is not
heavy”. These implicit statements can be transformed into
executable programs to enhance the learning of both the vis-
ible property grounder and the physical property inference
introduced in Section 5.1.2. Note that the ability to learn and
reason in counterfactual situations is a hallmark of human
thought [57], [58].

5.3 Performance Analysis

Effectiveness of Physical Property Inference. We com-
pare the proposed PCR with the previous neuro-symbolic
method CPL [5] in table 5. We can see that the PCR performs
better on all kinds of questions compared to the baseline
methods in Table 3. This shows the effectiveness of neuro-
symbolic models for physical reasoning. Second, although
our PCR has no reliance on physical property labels and
visual attribute labels during training, it can achieve compa-
rable performance to the previous model CPL that requires
dense annotation for videos on factual questions.

One distinguished advantage of PCR over end-to-end
models [41], [43] is it enables step-by-step investigations and
thorough analysis for physical concept learning in videos.
We compare the model prediction from the PCR with the
ground-truth labels and calculate the accuracy. Table 7 lists
the result. We found that our model could effectively grasp
visible concepts like “colors”, “moving” and “collisions”. We
also notice that the physical property inferencer in PCR
can achieve reasonable accuracy on physical concepts like
“mass” and “charge”. which shows PCR is able to learn phys-
ical properties from objects’ trajectories and interactions.
However, we also notice the performance gap between the
hidden physical properties and the visible properties, which
indicates that the bottleneck of the performance on factual
questions lies in the hidden physical property inference.
Effectiveness of Dynamics Reasoning. We further compare
our PCR with CPL and its variant CPL-DPI for dynamic rea-
soning in table 5. CPL-DPI follows the previous model NS-
DR [6] to adopt dynamic particle interaction networks [59]
(DPI) for dynamic prediction. Note that DPI adopts graph
neural networks for dynamic prediction without consider-
ing the variance of physical properties. Compared CPL and
PCR with CPL-DPI, we can see the importance of modeling
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Methods Factual Predictive Counterfactual Methods Factual Predictive Counterfactual
per opt. per ques. per opt. per ques. per opt. per ques. per opt. per ques.
CPL-DPI [59] - 73.3 50.8 61.1 16.6 PCRw/oR 687 52.0 28.1 54.9 28.0
CPL [8] 80.5 75.3 56.4 68.3 29.1 PCRw/oCI 70.3 51.2 244 54.0 28.0
PCR 76.0 80.0 62.0 70.0 29.0 PCR 78.3 75.0 56.5 70.5 50.2

TABLE 5: Evaluation of PCR on the test set of ComPhy. TABLE 6: Ablation study of PCR on the validation set of

The best performance is in boldface.

Input Video and Question

ComPhy. The best performance is in boldface.
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Fig. 5: A qualitative example of PCR on ComPhy. The left-up blue box shows the original video and a counterfactual
question to answer. The right half table shows the executable program sequence parsed from the question with concepts
related to it and outputs after execution. Specifically, the left-down chart illustrates the execution process of PCR for the
program “counterfact charge”: 1. PCR utilizes a PPI to parse factual charge properties of objects in the scene; 2. PCR
modifies their properties according to the counterfactual concept and predict new dynamics using a dynamic predictor.

Methods Static Attributes Dynamic Attributes Events Physical Properties
Color Shape Material Moving Stationary In  Out Collision Mass Charge
PCRw/oR 91.0 91.8 92.8 83.3 85.2 856 81.8 86.8 79.5 45.0
PCRw/oCI 91.9 89.1 94.0 82.6 84.9 86.3 814 89.0 80.8 44.8
PCR 96.3 96.8 97.1 81.5 86.0 855 703 88.0 86.8 68.1

TABLE 7: Evaluation of video concept learning on the validation set.

mass and charges on nodes and edges of the graph neural
networks for dynamic prediction. Moreover, compared with
CPL, PCR achieves better performance on predictive ques-
tions and performs competitively on counterfactual ques-
tions, which shows the effectiveness of the differentiable
executor for the optimization of property-based dynamic
predictor, physical property inference, and visible property
grounder. The performance of our approach surpasses that
of the baselines listed in table 3, particularly in counter-
factual and predictive questions. This achievement demon-
strates the model’s capability to predict the movements of
objects in counterfactual and future scenarios, based on the

identification of their underlying physical properties.
Furthermore, our evaluation in Section 4.2 highlights a
noticeable disparity between the performance of our model,
PCR, and human performance, particularly in the domain
of counterfactual reasoning. We observed that PCR’s dy-
namic predictor still exhibits limitations when it comes to
long-term dynamic prediction. This indicates that further
enhancements to the dynamic predictor could potentially
yield even higher performance improvements for PCR.
Ablation Study. We conduct a series of ablation studies to
prove the effectiveness of the PCR in table 6 and table 7. PCR
w/o R denotes learning the property model without using
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reference videos. PCR w/o CI denotes the model without
counterfactual imaging. We want to answer the following
questions. We report the question-answering accuracy in
table 6 and the concept classification accuracy in table 7.
Comparing with PCR w/o R and PCR, we can see that
reference videos provide important information for concept
identification especially for the physical properties, mass and
charge in table 7 and constantly improve question-answering
performance in different kinds of questions. Comparing
PCR w/o CI and PCR, we can see that the counterfactual
imaging mechanism in Section 5.2.2 can improve the mod-
els’ abilities in physical property identification in table 7,
showing its effectiveness to learn physical reasoning.
More Diverse Physical Simulated Scenes. To better evalu-
ate the model’s performance on diverse physical scenes, we
have simulated a diverse set of ComPhy dataset. The diverse
set introduces 13 distinct object categories—including items
such as mugs, pots, chairs, and more—in contrast to the
primitive shapes used in the original benchmark. In addi-
tion, we incorporate 9 varied backgrounds with realistic tex-
tures and lighting conditions, and increase the total number
of possible question-answer pairs to 175. The new objects
span a wider range of shapes and material properties. These
enhancements allow for a richer set of physical interactions,
enabling the simulation of complex, compositional events.
We have also conducted new experiments on these new
scenes, and the performance results can be seen in Table 8.
From the table, we have the following observations. First,
we can see that our model (PCR) still constantly outper-
forms the other baselines, showing the effectiveness of using
neuro-symbolic models for physical reasoning. Second, we
also observe that the average model performance is worse
than their accuracy on the original data in Table 3 and
Table 5. We believe that the reason is that the new physical
scenes have provided more diverse physical interaction
among the objects, making it more challenging for the Al
models. We have also conducted a human study similar
to the original ComPhy paper. The accuracy for different
kinds of questions is 88.6 for factual questions, 73.7 for
predictive questions, and 78.9 for counterfactual questions,
much better than existing models in Table 8. This shows
that although the scenes become more diverse, people can
still handle these questions well. We provide more details
on diverse simulated videos in the supplementary material.
Generalization to Real-World Scenes. We evaluated the
performance of our new model, PCR, on the real-world
dataset. It achieved 63.5% accuracy on factual questions,
70.4% on predictive questions (per option), 62.7% on predic-
tive questions (per question), 54.6% on counterfactual ques-
tions (per option), and 36.5% on counterfactual questions
(per question). From Table 4, PCR consistently outperforms
the MAC model across all question types, demonstrating its
enhanced effectiveness in physical reasoning.
Qualitative Case Study. As shown in Figure 5, PCR can
transfer the question query into a series of executable op-
erators, perceive objects’ visible properties, infer objects’
physical properties, and predict their corresponding dynam-
ics to correct answer the question. Note that such step-by-
step investigation is not possible in previous end-to-end
models like MAC and ALOE, showing the transparency and
interpretability of our PCR.

12

Methods Factual Predictive Counterfactual
per opt. per ques. per opt. per ques.
Random 1.8 50.1 22.9 48.1 24.0
Frequent 15.7 50.0 0.0 50.0 0.0
Blind-LSTM 43.2 50.3 25.0 49.2 23.2
CNN-LSTM [40] 49.6 52.8 29.9 55.7 29.7
HCRN [41] 51.5 56.3 34.1 51.9 30.1
MAC [42] 51.7 50.4 28.9 51.9 26.3
ALOE [43] 46.9 52.4 29.0 515 28.6
CNN-LSTM (Ref) [40] 49.7 514 23.3 55.6 30.5
MAC (Ref) [42] 50.6 51.9 33.3 50.8 25.2
ALOE (Ref) [43] 48.6 51.2 26.1 52.9 27.2
ALPRO [44] 47.1 51.8 289 52.6 28.4
GPT-40-mini [9] 42.5 50.0 29.2 58.8 30.7
Gemini [10] 34.2 50.3 25.7 49.4 30.6
PCR (ours) 68.4 58.3 34.9 60.3 32.8
Human Performance  88.6 82.9 73.7 88.2 78.9

TABLE 8: Evaluation of physical reasoning on ComPhy-DIV.
Human performance is based on sampled questions. See the
text for more details. Red text and blue text indicate the first
and second best results other than human performance.

5.4 Discussion on Intergrate PCR with LVLMs

Combining PCR with LVLMs offers a powerful paradigm
for enhancing both robustness and flexibility. First, LVLMs
can replace or augment the program parser in PCR via
in-context learning, improving program synthesis for di-
verse linguistic formulations. Second, LVLMs’ broad world
knowledge can be invoked through a dedicated large lan-
guage model-based module to handle commonsense rea-
soning tasks that lie outside PCR ’s original training dis-
tribution. Finally, LVLMs can act as high-level controllers,
orchestrating PCR ’s neural modules alongside external
modules to seamlessly tackle novel tasks. This integration
leverages the precise, learned functionality of PCR and the
generalist capabilities of LVLMs, yielding a more versatile
and powerful system. We provide more experiments and
analysis of integration of PCR and LVLMs in the supple-
mentary material.

6 CONCLUSIONS

In this paper, we introduce the Compositional Physical Rea-
soning benchmarks, which challenge models to infer hidden
physical properties such as mass and charge from limited
video observations and leverage this information to predict
dynamics and answer structured questions. Our evaluation
of state-of-the-art models on ComPhy reveals substantial
limitations in their ability to reason about these hidden
attributes. We also propose a neuro-symbolic framework,
PCR, that integrates object-centric representations with
modular reasoning to jointly learn and infer both visible
and hidden physical properties. We further present a real-
world dataset to evaluate the generalization of physical rea-
soning models beyond simulation. Our findings highlight
the critical role of hidden physical properties in dynamic
scene understanding and expose the gap between current
model capabilities and human-level reasoning, paving the
way for more robust and generalizable physical reasoning
in Al systems.
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