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ABSTRACT

In this work, we present a cognitively-inspired model that tackles the question of
resource rationality we encounter in physical reasoning, which is a question that is
consistently overlooked by the current AI community. Given the fact that various
tools like Chain-of-Thought and Physics-Grounded Simulator could be applied
to solve physical reasoning tasks, an observation naturally emerges: when to use
which? what is the criterion for choosing the best tools at various scenarios? To
tackle this question, our model aim to optimize the scheme in when to use which
tools in order to reach the best tradeoff between computational costs and accuracy.
Our model is able to (1) improve overall accuracy while significantly reducing the
computational costs by nearly 50%. (2) found that two methods performs better
in physical reasoning tasks from different categories, without being trained on
categories labels.

1 INTRODUCTION

Physical reasoning is an important topic in the current AI community, and it is needed to overcome
important challenges like ensuring that embodied AI agents act safely in the world (Zheng et al.,
2024) (Chow et al., 2025). There are different approaches for how to implement this reasoning.
Chain-of-Thought Kojima et al. (2022) Wei et al. (2022) is one dominant tool, used to solve many
reasoning tasks, including physical reasoning. The recent SoTA physical reasoning models like
Jin et al. (2026) adapted the chain-of-thought as the only reasoning methods when reasoning about
physical tasks. However, this might not be how human approach physical reasoning, as in intuitive
physics, current approaches suggests that mental simulation could be a way that people approach
physical reasoning (Battaglia et al., 2013) (Ullman et al., 2017). Researchers in AI had also adapted
this idea of mental simulation into grounding the physical reasoning in Multi-modal Large Language
Models (MLLMs) (Liu et al., 2022). Furthermore, recent breakthrough in diffusion model-based
video model has shown emerging zero-shot ability as a physics simulator (Wiedemer et al., 2025)
and it’s ability to push towards intelligence in robotics (Team et al., 2025).

In theory, Chain-of-thought is considered to be computationally cheaper when compared with sim-
ulation with physics simulator, but simulation is considered to be more accurate since it is grounded
on real physics. This raises an interesting observation that whether each method would be better
suited to solve specific types of physical reasoning tasks, thus creating this unique tradeoff between
accuracy and computational costs in physical reasoning in MLLMs when different method was used.

To answer this question, we propose a model that not only empirically shows that such tradeoff
between accuracy and computational costs exists, but also able to find the best tradeoff between ac-
curacy and computational costs on various physical reasoning tasks, inspired by research in resource
rationality in cognitive science.

2 RESOURCE RATIONALITY IN INTUITIVE PHYSICS

People are able to efficiently reason about the physical dynamics of everyday objects. For exam-
ple, if you saw a ball flying towards you, you might quickly predict where to catch the ball. This
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ability of people being able to reason about physics of the world is called intuitive physics. Many
competing theories have been proposed to explain this ‘intuitive physics’, and recent research have
suggested that it is likely that humans use a combination of different computations to carry out this
reasoning Hartshorne & Jing (2025). Interestingly, previous work in cognitive science have sug-
gested a hybrid model that combines two most competing theories that are mental simulation and
heuristic reasoning, which explain this ‘intuitive physics’ (Smith et al., 2023) (Sosa et al., 2025).

The hybrid models are designed around one core concept: resource rationality. In Smith et al.
(2023), they proposed the Integration of Simulation and Rules (ISR) framework based on resource
rationality before performing a task. Before performing physical reasoning on a specific task T , we
have to decide on a strategy S to answer this task. But, several factors that are associate with this
strategy needs to be balanced and considered. There are mainly two factors to consider in the ISR:
the metabolic costs C for adapting this strategy, and the expected utility U of this strategy, needs to
be considered. Therefore, the ISR framework aims to optimize for the best strategy S∗ that uses the
resource in the most rational way as the following:

S∗ = argmaxE(U(S, T )− C(S, T )) (1)

Furthermore, in Sosa et al. (2025), a hybrid model that could be applied when performing a task
was proposed. When humans are performing physical reasoning, even though it is possible that
they are adapting a simulation strategy when doing a physical reasoning task, some parts in the task
that can be resolved by using heuristics rules could be used to save cognitive resource, achieving
resource rationality. This idea of resource rationality in intuitive physics of human is useful for many
cases, and serves as a motivation for our model. Resource rationality has been shown to be useful
in intuitive physics for reducing the amount of computation humans need to perform for physical
reasoning, while remaining accurate. This serves as inspiration for our model, which similarly
trades off physical simulation against heuristic-based reasoning, to improve model accuracy while
also reducing costs.”

3 HYBRID SIMULATION AND REASONING MODEL

Is the density of the 
orange fluid greater 
than that of the 
green fluid?

  a) Yes

  b) No

  c) Cannot judge

Question
Video

Simulation 
Controller

✅

❌

Simulate Video

CoT Reasoning

VLM

Yes No Cannot

JudgeEarly in the video, 

we see the orange 
fluid is dripping 
faster than ...


Simulate

Skip 
Simulation

VLM

Inputs OutputsMethod

Figure 1: The overview of HSR model. Our HSR model consists of simulation controller, physics
simulator-based simulation, and Chain-of-thought reasoner. The inputs consist of a set of video
and a question based on this video, which is passed into simulation controller. Depending on the
assignment from the simulation controller, either simulation or Chain-of-thought reasoner will be
applied to answer the question.

Here we present our model Hybrid Simulation and Reasoning Model (HSR) to incorporate resource
rationality into physical reasoning. Consider an arbitrary physical reasoning task that consist of a
problem s and a video d that the problem is based on, and two methods of solving physical reasoning
tasks: simulator and Chain-of-thought reasoning. First, we determine which of the two methods is
best suited to solve this physical reasoning tasks by using a trained simulation controller. Second,
we pass the physical reasoning tasks to the method determined by the simulation controller to get an
answer for this physical reasoning tasks.

We first process the problem s and the video d into embeddings. For visual embedding, we only
use the first frame x1 of the video d. We used visual embedding model and text embedding model

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

ICLR 2026 the 2nd Workshop on World Models

to generate the corresponding embeddings. Therefore, we will be able to obtain a concatenated
embedding h by:

v = fvisual(x1) ∈ R512 u = ftext(s) ∈ R718 h = [u;v] ∈ R1230 (2)

We pass the concatenated embedding h into the simulation controller, as shown in fig 1. The simu-
lation controller is a trained MLP that that process the embedding h into a logit. We use a 2-hidden-
layer MLP (1230 → 512 → 256 → 1) with BatchNorm (512, 256), ReLU, and dropout (p = 0.5)
after each hidden layer to produce a scalar logit ℓ.

Where ℓ is the predicted logit from the model. The final predicted probability p can be recovered by
applying sigmoid function on logit:

p = σ(ℓ) =
1

1 + e−ℓ

We define a threshold τ that if p ≤ τ we assign the data entry as Chain-of-thought reasoning, and
if p > τ then we assign the data entry as simulation. Notice that this threshold controls the number
of data entries being assigned as simulation, thus controls the computational costs, since simulation
is by definition more costly. During the training phase, the model aims to minimize the BCE With
Logit Loss, stated as the following:

LBCE-logit(ℓ, y) = −
(
y log p+ (1− y) log(1− p)

)
(3)

During the training phase, ground truth probability y is provided for all data in the training set.
Given that y ∈ [0, 1], let (Ω,F ,P) be a probability space. Based on this probability space, we
define a random variable X : Ω → {S,C} where S denotes using simulation and C denotes using
chain-of-thought only.

Let 0 ≤ psim, pcot ≤ 1. Define psim and pcot to be the probability of using simulation and the
probability of using chain-of-thought only reasoning. For each data entry in the training data, it was
answered by using simulation K times, and Chain-of-thought reasoning K times. Therefore:

psim =
1

K

K∑
i=1

I
[
a
(i)
sim = agt

]
∈ [0, 1] pcot =

1

K

K∑
i=1

I
[
a
(i)
cot = agt

]
∈ [0, 1] i ∈ [1,K]

(4)

where a
(i)
sim is the answer output by simulation method in ith attempt, a(i)cot is the answer output

by Chain-of-thought method in the ith attempt, and agt is the ground truth answer. The indicator
function allows partially correct answer.

We hereby define the ground truth probability y as:

y ≜ P(X = S) =
psim

psim + pcot
,

Then, as shown in fig 1, we pass the question and video into simulation or Chain-of-thought rea-
soning, depending on the decision made by the simulation controller to obtain the final answer to
the question. In simulation, a fine-tuned video diffusion model is used as the physics-grounded
simulator. We utilize a VLM for Chain-of-thought reasoning and readout phase in simulation.

4 EXPERIMENTS

We hypothesize that Chain-of-thought and Physics-Grounded Simulator should be applied to spe-
cific types of physical reasoning tasks in order to maximize the tradeoff between accuracy and com-
putational costs, and our model is able to catch this tradeoff. We used ContPhy dataset (Zheng et al.,
2024) as it contains numerous realistic physical reasoning tasks from variety of categories. For more
details about the dataset please refer to Appendix A.1. We analyze the performance of our model by
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Figure 2: Main results from the HSR model. The first figure indicates the accuracy vs computa-
tional costs (number of questions assigned to simulation) across all categories. The second, third,
and fourth figure indicates the accuracy vs computational costs (number of questions assigned to
simulation) in properties, temporal predictive, and counterfactual category. The red dot line indicate
the number of questions assigned to simulation determined by HSR model.

looking at how overall accuracy changes as the number of questions assigned to simulation changes,
and analyze the dynamics of our model’s performance when the threshold τ shifts in each category
of the dataset. For additional analysis like comparing the accuracy between our model and SoTA
models like Gemini 3 Pro, please refer to Appendix A.3.1. For the model setup and hyperparameter
setup please refer to Appendix A.2. When answering a question, the model will be rewarded a score
of 1 if all the answers were selected. If the partial correct answers were selected, a score of 0.5 will
be rewarded. If none of the correct answers were selected, a score of 0 will be rewarded.

5 RESULTS

5.1 ANALYSIS OF OVERALL ACCURACY VS COMPUTATIONAL COSTS

We start with the analysis of our trained controller in our model. First, we analyze how accuracy
changes when the number of questions and videos assigned to simulation changes. As the first figure
in fig 5.1 shows, our model is able to identify the near-local maxima of accuracy while optimizing
for the computational costs, indicated by the number of questions assigned to simulation, on the
accuracy vs computational costs function.

5.2 ANALYSIS OF ACCURACY VS COMPUTATIONAL COSTS IN EACH CATEGORIES

As the first figure in fig 5.1 shows, the function of accuracy vs computational costs has a down U-
shape functional form, indicating an interesting phenomenon: more simulation does not necessarily
improve the overall accuracy. Then a question emerged: are there certain categories that simulation
might perform worse? What about chain-of-thought reasoner? Therefore, we compared the accuracy
vs the number of questions assigned to simulation in each question category. Our model is preferring
less simulation but more chain-of-thought reasoning in the property category, as simulation actually
hurts the accuracy when more questions are assigned to simulation. Conversely, in the counterfactual
category, our model is preferring more simulation and less chain-of-thought reasoning as simulation
constantly improves the accuracy. It is important to emphasize that category labels are never
passed into simulation controller during the training phase. Therefore, our model being able
to pick up the difference at the category level under unsupervised setting strongly indicated that
simulation and Chain-of-thought reasoner excels in different categories.

6 CONCLUSION

In this paper, we introduce Hybrid Simulation and Reasoning Model (HSR) for physical reasoning
in MLLMs, and our finding strongly suggested the necessity of having such model to achieve higher
accuracy but optimize for computational costs when performing physical reasoning in MLLMs.
Furthermore, our finding that simulation and Chain-of-thought reasoner excels in different categories
of physical reasoning tasks.

For future work, we want to study the relationship between scene complexity and the necessity for
simulation, as well as explore this model using different base VLM model besides Gemini 3 Pro.
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A APPENDIX

A.1 DETAILS ABOUT CONTPHY DATASET

The ContPhy dataset contains categories like property, counterfactual, and temporal dynamic pre-
diction and under four different physical setting: fluid hourglass, bouncing ball, pulley system, and
clothing. We consider two sub-sections in this dataset: Fluid and Ball. There are 150 questions in
property category for both sections; There are 104 questions in temporal predictive category and 116
questions in counterfactual category for Fluid section; There are 88 questions in temporal predictive
category and 122 questions in counterfactual category for Ball section.

A.2 MODEL SETUP AND HYPERPARAMETER SETTINGS

We adapt K = 5 as the sampling parameter for our ground truth probability y. The visual embed-
ding models we used is CLIP ViT-B/32 (Radford et al., 2021) and the text embedding model we
used is all-MiniLM-L6-V2 (Reimers & Gurevych, 2019). For the simulator used in simulation, we
used LTX-Video (HaCohen et al., 2024) as the physics-grounded simulator, and we fine-tuned our
simulator using the training data in the ContPhy. The parameter for the fine-tuning the LTX-Video
model that we used as the simulator follows the official guideline listed in (HaCohen et al., 2024)
and the LTX-Video community trainer (Yosef et al., 2025). For the VLM that was used in Chain-
of-thought reasoning method and readout phase in the simulation method, we used Gemini 3 Pro as
the VLM (Team et al., 2023).

A.3 ADDITIONAL ANALYSIS

A.3.1 ACCURACY ANALYSIS

We first analyze the performance of our model against Gemini 3 Pro, which is a SoTA model across
various multi-modal domains. We notice that our model outperform SoTA model like Gemini 3 Pro
on the dataset, producing statistically significant performance boosting.

Models Fluid Ball Average
Gemini 3 Pro 0.48± 0.02 0.49± 0.02 0.48± 0.01
Our Model 0.53± 0.01 0.51± 0.01 0.52± 0.01

Table 1: The accuracy comparison between our model and Gemini 3 Pro. The accuracies in two
sections, fluid and ball, and the average across two sections, are shown in the table. The statistically
significant improvements in accuracies are in bold. The standard deviation is included. The result
indicates that our model is able to outperform Gemini 3 Pro in Fluid section and overall, and the
outperformance is statistically significant.
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