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Abstract

In recent years, the use of Large Language Models (LLMs) has increased significantly thanks to their ability
to understand a wide range of knowledge, making them highly generalisable. Their vast knowledge can be
leveraged in order to predict physical phenomena without relying on traditional physics-based simulators.
This approach is particularly interesting in domains where traditional simulators struggle to produce reliable
results. The objective of this work is therefore to explore how the use of LLMs can overcome the current
limitations of other available models in order to pave the way for new methods of physical prediction in the
field of robotics. This thesis first reviews the three established paradigms for physics simulation, namely
physics-based, hybrid, and foundation model, outlining their respective strengths but also their limitations
in terms of the costs of computation and time, and in terms of scalability. In order to assess whether
LLMs can help overcome such barriers, a framework is developed to systematically probe their capacity on
selected domains of physics. A series of controlled experiments enables a performance analysis to explore
physical prediction capabilities and persistent shortcomings. The findings of this work provide the potential
to improve robotic reasoning with LLM-based knowledge. Moreover, the developed framework provides a
foundation for deeper investigation into how language models internalize and apply physical principles,
enabling non-proficient users to deploy robotic systems with minimal set-up and time on a large range of
applications.

1 Introduction

Humans have always sought to understand the
world around them. This learning first came
through direct confrontation between humans and
the physical world. Gradually, this heuristic learn-
ing was complemented by a theoretical understand-
ing of the laws of physics, transmitted from gen-
eration to generation. Today, this knowledge is
written and detailed in thousands of books and ar-
ticles that have become the foundation of Large
Language Models (LLMs) [1][2].

LLMs are neural networks trained on an enor-
mous collection of data, providing them with gen-
eral knowledge and enabling them to generate re-
sponses in textual format. This general knowledge
opens significant potential for robotics by allowing
robots to become aware of their surrounding phys-
ical environment.

Currently, other methods are used to simulate the

physical world but they encounter limitations in
online robotics applications. The first established
paradigm is the physics-based model. It relies on
mathematical representations of physical laws in
an open-loop manner, without learning from data.
Under well-defined conditions, these methods can
capture fine-grained phenomena: high-resolution
Finite Element Method (FEM) can reveal detailed
stress distributions in deformable objects [3], and
Finite Volume Method-based (FVM) Computa-
tional Fluid Dynamics (CFD) can enforce conser-
vation laws to predict complex flow patterns with
reasonable fidelity [4]. In tightly controlled scenar-
ios, their predictions closely match real-world be-
haviour, providing a reliable reference. However,
their limitations are significant in robotics. They
are computationally intensive and often impracti-
cal for real-time use [5]. Complex scenarios (like
turbulence or phase changes) require extremely fine
meshes and small time-steps, causing long solve
times. Each method also has reliability issues in
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mixed domains [6] and the set-up complexity is
substantial [4].

Hybrid models seek to combine the fidelity of
physics-based solvers with enhanced computa-
tional e"ciency. A prominent example is Physics-
Informed Neural Networks (PINNs), which em-
bed governing equations (e.g. di!erential equation
residuals or conservation laws) into the loss func-
tion of a neural network [7]. The network acts as
a surrogate solver, forced to satisfy known physics
during training. Once trained, PINNs can produce
continuous solutions which are consistent with the
physics, and much faster at runtime than classi-
cal solvers. Another strategy is to build Reduced-
Order Models (ROMs): the principle is to take a
high-dimensional physics system and project it into
a low-dimensional space that captures the domi-
nant dynamics. This typically involves collecting
solution snapshots, constructing a reduced basis
(e.g., via Proper Orthogonal Decomposition), and
projecting the governing equations onto this basis.
The resulting reduced system enables fast simula-
tions while preserving the essential features of the
original model [8].

However, these methods present limitations.
PINNs can be prone to poor convergence and the
solutions are not robust outside the data enve-
lope [9][10]. ROMs are limited by their depen-
dence on representative training data and poor ex-
trapolation capability [11]. More broadly, hybrid
models lack generality—models trained for specific
tasks cannot easily transfer to new settings without
costly retraining or resetting.

The third paradigm leverages large-scale foun-
dation models, such as Large Language Mod-
els and Vision-Language Models (VLMs), to pro-
vide robots with physical-world knowledge. In-
stead of programming physics explicitly or train-
ing task-specific models, these approaches exploit
pretrained models’ internal knowledge as a short-
cut to common-sense reasoning. Modern founda-
tion models encode factual and causal information
enabling predictions of physical outcomes without
formal simulation [12].

Key strengths of LLMs include generality and
adaptability. Indeed, a single pretrained model can
be applied to many di!erent tasks and domains
with minimal or no fine-tuning. Besides the ca-
pabilities for physical reasoning tasks, the internal
knowledge enables semantic and a!ordance under-
standing, which is particularly valuable for grasp-

ing tasks.

Despite increasing interest in using large language
models for physical reasoning, there is limited
quantitative evidence of their ability to make for-
ward predictions for physics tasks relevant to online
robotics, without access to domain-specific simu-
lators or task-specific training. During the thesis,
numerous experiments put LLM capabilities to the
test on di!erent physics domains.

Therefore, this work aims to systematically evalu-
ate when and how an o!-the-shelf LLM can predict
physical outcomes. Concretely, we study whether
LLMs can (i) produce quantitative predictions for
simple classical mechanics scenarios and (ii) obtain
su"cient accuracy across distinct physics domains.

We implemented a closed-loop framework that
turns LLM outputs into discrete subactions for a
robot arm to complete tasks from raw images. The
framework requires no complex installation or set-
up, making it simple to reproduce and adaptable
for future studies exploring LLM prediction capa-
bilities in other domains. Then, we designed a set
of experiments spanning classical mechanics and
simplified fluid dynamics.

This work has demonstrated the capabilities of
LLMs in domains of classical mechanics such as
(a) predicting the maximum height after the first
bounce of a ball and
(b) assessing block-stacking stability.
It also extends to fluid dynamics, enabling
(c) the control of flow behaviour across di!erent
viscosities.
Finally, it characterizes the ability of LLMs to
address tasks that enhance specific physical chal-
lenges, thereby
(d) providing a benchmark within each tested do-
main.

We report task-level success rates and quantitative
results relative to the ground truth, and we analyse
failure modes and conditions for success.

In the following section, we describe the framework
and methodology developed to evaluate the physics
prediction capabilities of LLMs.

2 Methods

2.1 Set-up

In order to connect the LLM’s understanding to the
physical world, we developed a framework to link
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the LLM to a robot arm. The robot arm used is a
Universal Robots UR3, with a 3D-printed gripper
at its end actuated by a Dynamixel XL430-W250-T
servo motor. The gripper is connected to a moni-
toring computer via a U2D2 Power Hub Board. A
standard video camera is used to capture images
of the scene and various objects have been used
throughout the experiments.

Figure 1: Experimental set-up: Universal Robots UR3
robotic arm equipped with a gripper used to perform
tasks

In the experiments presented, the LLM employed
is GPT-5, accessed via its API. It includes the pa-
rameter reasoning.effort which can be specified
as minimal, low, medium, or high. We observed no
notable di!erences between the low, medium, and
high settings, whereas the minimal setting consis-
tently led to worse results. Hence, for all the ex-
periments, this parameter was set to low.

2.2 Framework

During the course of this thesis, the framework was
extended with new functionalities, leading to im-
proved predictive performance of the LLM. The
main components are presented in the following
sections.

2.2.1 Core Framework

We evaluate the physical capabilities of LLMs by
controlling a UR3 manipulator through discrete,
low-level actions derived from camera observa-
tions. The system comprises three main modules,
Task_Router, Task_Detector, and Executor, that
interact with the LLM through an API.

Perception and task identification:

At the start of each trial, the Task_Router acquires
an RGB image of the workspace and forwards it
to the Task_Detector. The Task_Detector first

queries the LLM with this image and a set of refer-
ence scene descriptions predefined in the prompt.
The LLM performs a matching step:

If the current scene matches one of the prede-
fined cases, the LLM returns the corresponding
task label. If no match is found, the LLM returns
Unknown.

Prompt selection and generation:

When a match is returned, the Task_Detector se-
lects a prewritten execution prompt corresponding
to that task and passes it to the Executor. Each
prewritten prompt specifies (i) the task goal and
(ii) the discrete set of subactions available to the
LLM at each iteration. These subactions are el-
ementary moves that the robot can undertake in
order to perform the task (e.g., Up_1 cm, Down_1
cm, Left_1 cm, Right_1 cm, Tilt_3°, OpenGrip,
CloseGrip...).

If the LLM replies Unknown, the Task_Detector is-
sues a second query consisting of the current image
and a generator prompt. The generator prompt
asks the LLM to synthesize a task-specific execu-
tion prompt tailored to the observed scene. The
generated prompt must explicitly state the task
goal and list the same fixed library of subactions in
order to achieve the task. The Task_Detector then
forwards this generated prompt to the Executor.

Closed-loop execution:

When receiving either a prewritten or a generated
prompt, the Executor enters a while-loop that re-
peatedly:

• sends the current image and the execution
prompt to the LLM;

• receives the corresponding subaction re-
sponse from the LLM;

• converts the chosen subaction into low-level
commands via the ur_rtde library and exe-
cutes them on the UR3;

• captures a new image and continues.

The loop terminates when the LLM returns
Success, at which point the Executor closes logs
and subprocesses and commands the robot to re-
turn to its home configuration.
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Figure 2: Framework in the matched-task case: The
Task_Detector matches the scene to a predefined task
and sends the corresponding prewritten prompt to the
Executor. The Executor then iteratively queries the
LLM for low-level actions, executes them on the UR3
robot, and stops when the LLM signals Success.

The choice of two paths, using either a prewrit-
ten or a generated prompt, enables rigorous exper-
imental control and targeted generalisation. First,
the prewritten path makes it possible to hard-code
the instruction that enters the executor loop; re-
peated runs of the same experiment therefore use
an identical prompt and action set, maximizing re-
peatability. Moreover, the prewritten path pro-
vides the option to hard-code the task goal and
its decomposition when needed, meaning that we
are not forced to rely on the LLM’s own interpre-
tation of what the task is and how it should be
achieved. Second, the prompt-generation module
confers scalability: it enables the automatic cre-
ation of task-specific execution prompts directly
from the observed scene, allowing the framework to
generalise to a wide variety of manipulation tasks
without a tedious, task-by-task prompt authoring.

2.2.2 Bringing Memory

The LLM used with the API is stateless: each API
call is conditionally independent of the past so the
model has no built-in access to previous observa-
tions or actions. In manipulation, this can degrade
logical continuity (e.g., oscillatory or contradictory
commands). To mitigate this limitation, we there-
fore introduce two complementary memory mech-
anisms.

First, the Short-Term Memory (STM) module
is introduced. Specifically, instead of providing
only the current frame and the execution prompt,
we also append the last n frames along with the cor-
responding subactions previously selected by the
LLM. This sliding-window context provides the
model with temporal coherence and a notion of

progression within the task. For all the experi-
ments, the short-term memory sliding window size
was fixed to n = 5. Therefore, the input at each
iteration becomes

Ct = {(It, prompt), (It→1, at→1), . . . , (It→n, at→n)}.

where:

t current timestep
It frame at timestep t
prompt execution prompt provided to the LLM
at subaction decided by the LLM at timestep t
n size of the sliding window in short-term memory
Ct input query to the LLM API at timestep t

Figure 3: Short-term memory (STM) provides the LLM
with the last n frame–action pairs in addition to the
current frame, ensuring temporal continuity during ex-
ecution.

In addition, a Long-Term Memory (LTM)
mechanism has been introduced to provide the
LLM with a contextual history of the task from
its beginning. The LTM is stored as a text file
that describes the progress of the task and is con-
tinuously updated. To achieve this, the LTM loop
is triggered every n iterations (n corresponding to
the size of the STM sliding window). At each trig-
ger, the LLM receives as input a bundle of contex-
tual information composed of the current frame,
the STM, the previous LTM file (if it exists), and
the execution prompt. Based on this input, the
LLM condenses the new information with the pre-
vious LTM file and generates an updated version.
This updated LTM file is then included in every it-
eration of the while-loop, providing the LLM with
a higher-level contextual overview to guide subac-
tion selection.
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2.2.3 Redundant Safety and Robustness

Mechanism

Finally, we introduce a Corrector Unit as an ad-
ditional safety mechanism. This module can be
triggered when certain conditions are met, such as
the detection of oscillatory movements or when the
number of iterations exceeds a predefined thresh-
old. The Corrector Unit receives as input the full
contextual information available: the short-term
memory, the current frame, the execution prompt,
and the log file containing all past states of the
LTM. Based on this input, it can intervene in sev-
eral ways to prevent undesirable situations. For in-
stance, it may refine the execution prompt to make
it more precise with the actual subtask undertaken
(especially if the goal is almost reached), provide a
short sequence of corrective actions to be executed
by the Executor, or abort the task entirely if it con-
siders the task unrecoverable. The Corrector Unit
therefore adds an additional layer of safety: while
the Executor already has built-in mechanisms to
escape from such situations, the Corrector pro-
vides a redundant and more fine-grained safeguard.

In addition to the core components, several auxil-
iary modules complement the framework to facili-
tate monitoring, traceability, and post-hoc analy-
sis. These include (i) video recording of the entire
scene, (ii) systematic logging of each frame pro-
vided to the LLM together with the correspond-
ing predicted action and the model’s justification,
(iii) storage of all log files, including the succes-
sive states of the LTM, and (iv) visualisation pan-
els that display the current state of the LTM.
Together, these modules provide a comprehensive
record of the experiments, enabling fine-grained
analysis of the LLM’s decision-making process and
improving the transparency of the overall frame-
work.

To systematically assess the e!ectiveness of this
framework, we next introduce our evaluation met-
rics, designed to quantify the ability of the LLM to
successfully achieve physical tasks.

2.3 Evaluation Metrics

In order to evaluate the ability of the LLM to per-
form the task while accounting for the underlying
physics, a straightforward evaluation system was
implemented. Each specific task is independently
assessed ten times under identical conditions. For
each run, it is determined whether the task has
been successfully completed or not. The success

criterion is task-dependent and predefined. Based
on the outcomes of the ten runs, a success rate is
calculated, providing an assessment of the LLM’s
capability to accomplish the task.

3 Experiments

In order to test the physical prediction capabilities
of LLMs, various experiments were conducted to
evaluate specific domains of physics. The selection
of these experiments was primarily guided by the
particular area of physics they highlight. Further-
more, the experiments were designed to be carried
out in a simple and standardised laboratory envi-
ronment, facilitating high reproducibility.

The di!erent experiments are divided into two
main categories. On the one hand, some require
an action in order to demonstrate the LLM’s un-
derstanding of the physical scene. These experi-
ments therefore rely on the previously presented
framework, using the UR3 robotic arm to perform
the task. On the other hand, some experiments do
not require any action and instead put the LLM’s
physical prediction capabilities to the test through
specific queries, involving either real-domain or
synthetic-domain images. For these action-free ex-
periments, the expected outcomes can be either
qualitative or quantitative.

In this manuscript, one experiment from each cat-
egory will be presented in detail.

3.1 Structural Stability

First, the LLM’s capabilities in classical mechan-
ics are evaluated. The LLM is provided with an
image of a stacked-block configuration. For each
configuration, the LLM must determine whether
it is stable or not according to the laws of physics.
This task primarily probes rigid-body statics under
gravity, including centre-of-mass reasoning, con-
tact modeling, and Coulomb friction limits.
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Figure 4: Set of block configurations individually pre-
sented to the LLM. The top six images show stable con-
figurations, while the bottom six show unstable ones.

3.2 Height of Bouncing Ball

Next, the LLM’s predictive capabilities in mechan-
ics and its internal reasoning are analysed through
an experiment in which the model is provided with
an image of a ball held at a known height by the
robotic arm. The LLM must then predict, based
on what it observes in the image, the maximum
height reached by the ball after the first bounce.
This height is measured from the rebound surface
to the bottom of the ball. This experiment probes
classical mechanics, specifically impact dynamics
and energy dissipation.

For each query, the LLM is required to provide
a justification, and the reasoning.summary pa-
rameter is set to auto, which enables access to
the recorded history of the LLM’s chain-of-thought
process.

3.3 Filling a Glass

The third experiment aims to demonstrate the
LLM’s predictive capabilities for tasks related to
fluid dynamics. To this end, a bottle containing liq-
uid can be tilted by rotating the robot’s sixth joint,
thereby pouring the liquid at a controlled rate. The
subactions available to the LLM for regulating the
flow consist of tilting the bottle downward or up-
ward by 3°, tilting it upward by 10°, or taking no
action to maintain the current configuration.

The container into which the liquid is poured varies
among a standard glass, a stemmed glass, a glass
jar, and a beer glass. The viscosity of the liquids
also di!ers. At an average temperature of 24 °C,
the tested liquids are: water (0.001 Pa·s), dish soap
(1.5 Pa·s), cooking olive oil (0.085 Pa·s), and stan-
dard commercial liquid honey (10 Pa·s). These vis-
cosity values, as well as the identity of the liquids,
are not communicated to the LLM.

Figure 5: Runs of the filling task for four container ge-
ometries (glass jar, standard glass, stemmed glass, beer
glass) and liquids spanning a wide range of viscosities.

The execution prompt specifies to the LLM that
the mission is to fill the glass without exceeding its
level. No other information about the scene is pro-
vided. The task is considered successful if the con-
tainer is filled with liquid to at least three-quarters
of its volume and no overflow or spillage occurs.

3.4 Additional Experiments

Additional experiments were conducted to investi-
gate other physical domains such as:

• Elasticity, by stretching a rubber band
to its maximum length without breaking,
thereby probing the elastic limit.

• Thermodynamics and heat transfer, by
heating a piece of chocolate with a candle to
melt it without burning, thus involving con-
duction, phase change, and temperature con-
trol.

• Rigid-body mechanics and object

placement, by inserting a pen into a holder,
placing an orange on a plate, putting a peach
into a fruit basket, or dropping a chocolate-
bar wrapper into a small trash bin, all requir-
ing stability assessment and spatial place-
ment under gravity.

• Fluid mechanics and capillarity, by ap-
plying a sponge to absorb a water spill, in-
volving porous absorption and liquid–solid
interactions.
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Figure 6: Examples of physical prediction tasks per-
formed with the UR3 manipulator, including object
placement (pen in holder, orange on plate, peach in
fruit basket, wrapper in trash bin), thermodynamics
(melting chocolate with a candle), and fluid mechanics
(pouring water and absorbing a spill with a sponge).

4 Results

The results of the experiments are presented in the
current section.

4.1 Structural Stability Result

The outcomes for each configuration are detailed
below. For the stable configurations shown in the
top row, a success rate of 1 indicates that the
LLM classified the configuration as stable for all
ten queries. Similarly, for the unstable configura-
tions in the bottom row, a score of 1 indicates that
the LLM classified the structure as unstable for all
ten queries.

The configurations are numbered from 1 to 12 in
Figure 4, left to right and top to bottom, with
stable configurations numbered 1–6 and unstable
configurations numbered 7–12. The results are pre-
sented in the table below.

Table 1: Success rate per configuration: 1–6 stable,
7–12 unstable.

Configuration 1 2 3 4 5 6

Success Rate 1 0.1 1 0.8 1 0.4
Configuration 7 8 9 10 11 12

Success Rate 1 0.1 0.8 0.3 1 0.9

The LLM achieved high accuracy on stable config-
urations, with the exception of cases 2 and 6, where
misinterpretation of the yellow block (treated as a
cube rather than a parallelepiped, and perceived as
unsupported) led to errors. For unstable configura-
tions, performance was also strong except for cases
8 and 10, where failures arose from perspective-
related ambiguities in transitioning from 2D to 3D.

Notably, configuration 8 without the yellow block
(structurally identical to configuration 7 but ren-
dered from configuration 8’s viewpoint) achieved
0.3 (vs. 1.0 for configuration 7), solely due to a
slightly di!erent viewing angle. The failure cases
therefore arose from a misinterpretation of the vi-
sual scene rather than from an incorrect under-
standing of the underlying physics.

Figure 7: Impact of perspective on LLM predictions:
the same block configuration achieves a perfect score
when viewed frontally (left, configuration 7, 10/10), but
lower scores when viewed from a three-quarter angle
(middle, 3/10; right, configuration 8, 1/10).

4.2 Bouncing Ball Result

The LLM’s outputs for each request regarding the
maximum height of the ball after the first bounce
are presented below.

Figure 8: Histogram showing the 10 predicted values by
the LLM about the maximum height of the ball after
the first bounce

The data obtained from the chain-of-thought his-
tory and the request justifications make it possible
to trace the LLM’s physical reasoning process and
to understand how its knowledge is applied. First,
the LLM identifies the type of ball involved (a ten-
nis ball in the presented experiment). It then re-
lies on its internal physical knowledge to relate the
initial drop height to the rebound height. For this
purpose, it applies the formula e2 = h1

h0
, which links

the two heights through the coe"cient of restitu-
tion. Finally, it uses its raw internal knowledge to
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(a) Honey (success)

(b) Oil (success)

(c) Tennis ball drop(success)

(d) Plum drop (failure) due to semantic bias

Figure 9: Sequences of nine consecutive frames for di!erent tasks. Honey, Oil pouring and Tennis ball dropping show
successful outcomes, while Plum dropping leads to failure.

determine the appropriate value of the coe"cient
of restitution for the observed ball.

Through this reasoning process, the LLM produces
results that closely match the ground truth, with
a mean prediction of 29.95 cm over 10 trials com-
pared to the measured value of 31 cm. The out-
comes are consistent, as indicated by a small sam-
ple standard deviation (2.73 cm), with a median of
30.50 cm, first quartile (Q1) at 28.13 cm, and third
quartile (Q3) at 32.00 cm.

Figure 10: Box-and-whisker plot of the results of the
maximum height of the ball after the first bounce.

4.3 Filling a Glass Result

We obtain a high score on liquid pouring tasks,
with an overall performance of 0.84 across dif-
ferent liquids and receptacles. Detailed results

for each specific liquid–receptacle combination are
provided in Table 3. The LLM achieves consis-
tently high results despite variations in viscosity
and container type, demonstrating its ability to
adapt the inclination angle to maintain controlled
flow without any prior task-specific training.

In the initial experiments, the LLM sometimes con-
sidered the task successful before it was actually
completed. At that stage, the Short-Term Memory
(STM) module had not yet been integrated. This
premature success detection was caused by a vi-
sual misinterpretation of the water surface line: as
shown in Figure 13, the shape of the glass and the
background created a misleading horizontal line.
This issue was resolved with the implementation
of STM, which enabled the LLM to maintain logi-
cal continuity of the scene and thus achieve better
results.

4.4 Additional Experiments Results

The table below summarizes the results of the ad-
ditional experiments.
Task Success condition Score (n = 10)

Fill glass to the limit ± 15 mm 0.5
Fill carafe to the limit ± 15 mm 0.4
Fill glass At least 3/4 filled and no spillage 0.9
Melt chocolate Last 2 min without dripping and continuously above 25 °C 0.3
Stretch elastic Reach the lower boundary of the confidence interval (35 cm) 0.1
Drop orange (vertical) Onto the plate 0.9
Drop orange (horizontal) Onto the plate 0.7
Drop peach (right receptacle) Into the basket 0.6
Drop pen Into the receptacle 1.0
Drop trash Into the bin 0.9
Wipe table Absorb water over at least the area of the sponge 0.0

Table 2: Tasks, success conditions, and scores (n = 10).
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Some experiments yield low scores and highlight
the current limitations of LLMs, revealing common
failure modes.

Placing a plum in a box: Errors are induced by
semantic bias. As shown in Figure 9, while the
LLM has no di"culty dropping a ball into the box,
when asked to place a fruit, it tends to deposit it
more gently, causing frequent collapse of the box
and overall task failure.

Wiping a water spill: This task was never com-
pleted successfully. The error originates from com-
puter vision: when the sponge is near the spill, the
LLM prematurely infers contact and triggers the
success condition, even though absorption has not
occurred.

Melting chocolate without dripping: Failures pri-
marily arise from the experimental set-up itself.
Once the chocolate begins to drip, the flow cannot
be stopped—even by timely corrective action—due
to the inherent thermal inertia of the melting pro-
cess. As a result, the LLM may react appropriately
but still fail to prevent dripping, which lowers the
success rate.

Stretching an elastic band: The success criterion
was defined as achieving a minimum stretch thresh-
old without causing rupture of the band. A sys-
tematic scale bias was observed: the input image
format had a strong influence on the LLM’s reason-
ing. With portrait images, the robot terminated
the task after approximately 22 iterations, whereas
with landscape images (where the band appears
smaller relative to the overall frame), it continued
up to about 37 iterations on average. This indi-
cates that the perceived image scale significantly
a!ects the LLM’s decision-making process.

5 Discussion and Conclusion

A single o!-the-shelf LLM can produce useful
physical predictions and control decisions across
distinct domains (rigid-body stability, impact/re-
bound, container filling) without a dedicated sim-
ulator. For action-tasks, performance arises from
physical commonsense priors and incremental ac-
tion with visual feedback rather than precise metric
estimation.

LLMs exhibit latent physical priors that are ex-
ploitable when scenes are unambiguous; most er-
rors come from visual misinterpretation, not miss-
ing physical laws. The principal failure modes are:

(i) perspective/scale ambiguity that yields incon-
sistent stability judgments or stopping criteria; (ii)
semantic bias from task phrasing; and (iii) visual
artefacts (reflections, background lines) misread as
physical cues.

This thesis reviewed contemporary physics-
simulation methods relevant to embodied intel-
ligence. Building on this review, we introduced
a framework that exposes and tests the physics
knowledge of a large language model through a
perception–action loop, applicable across a broad
range of tasks without prior task-specific prepara-
tion. The framework o!ers a reproducible protocol
and transparent logging.

Promising results were obtained in specific domains
such as classical mechanics, for instance the ac-
curate prediction of a ball’s height after its first
bounce or the assessment of structural stability.
Strong performance was also observed in fluid dy-
namics tasks where the LLM successfully filled con-
tainers of varying geometry and viscosity while
controlling flow. More broadly, this work high-
lights the model’s capacity to handle other tasks
requiring physical scene understanding.

At the same time, it revealed current limitations
of LLMs, largely arising from visual misinterpre-
tations that impact task performance. Additional
issues were identified in semantic understanding as
well as from artefacts induced by input image scal-
ing.

Overall, the framework paves the way for broader
use cases and deeper research on LLM physical rea-
soning, leveraging its logging system to guide LLM-
driven actions while lowering the barrier for non-
expert users to deploy robotic systems e"ciently
with minimal set-up across diverse applications.
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6 Appendix

All experimental data, logs, and code scripts are available at this link.

Scheme Representing the Main Units of the Framework

Figure 11: Overview of the framework showing task detection, execution, correction, and memory modules interact-
ing through the LLM.

Image input for the LLM for Maximum Height of the ball Prediction

Figure 12: Image provided to the LLM, from which it must predict the maximum rebound height, measured between
the bottom of the ball and the rebound surface after the first bounce.

https://drive.google.com/drive/folders/15hH_y0j7H1wGMx9fPgy8r6hLcZatLg2H?usp=drive_link
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Table Representing the Success Rates of the di!erent Liquid-Container Experiments

Experiment Title Success Rate

Water in a standard glass 0.9
Water in a glass jar 0.9
Water in a beer glass 0.9
Water in a stemmed glass 0.8
Oil in a standard glass 0.9
Oil in a glass jar 0.9
Oil in a beer glass 0.8
Oil in a stemmed glass 0.8
Dish soap in a standard glass 0.9
Dish soap in a glass jar 0.8
Dish soap in a beer glass 0.9
Dish soap in a stemmed glass 0.8
Honey in a standard glass 0.8
Honey in a glass jar 0.8
Honey in a beer glass 0.8
Honey in a stemmed glass 0.7

Table 3: Success rates of various liquid–container experiments

Visual Misinterpretation of the LLM concerning the Water Level

Figure 13: Visual misinterpretation by the LLM: it considers the water level to be more than half full due to the
visual e!ect produced by the glass and the background (highlighted in the picture).
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Scale Bias Example: Input format influences the LLM’s behaviour

Figure 14: Scale bias resulting from the input image format: in portrait orientation (left picture), the LLM stretches
the rubber band for an average of 22 iterations, compared to 37 in landscape orientation (right picture).

(a) Fill a glass to the limit (success)

(b) Fill a carafe to the limit (success)

(c) Oil in a standard glass (success)

(d) Soap in glass jar (success)

(e) Honey in a stemmed glass (success)

(f) Melt chocolate (success)

Figure 15: Sequences of tasks undertaken by the robot (1/2).
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(g) Melt chocolate (failure)

(h) Stretch elastic (failure)

(i) Drop orange (vertical) (success)

(j) Drop orange horizontal (success)

(k) Drop tennis ball (success)

(l) Drop peach (success)

(m) Drop plum (failure)

(n) Drop pen (success)

(o) Drop trash (success)

(p) Choose the appropriate receptacle (success)

(q) Wipe table (failure)

Figure 15: Sequences of tasks undertaken by the robot (2/2).
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