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The inference of physical laws has traditionally relied on human intuition, analytical reason-
ing, and experimental observation. However, modern physics research is increasingly constrained
by challenges such as high specialization, fragmented workflows, and limited computational re-
sources, which impede scientific progress. To address these issues, we introduce PhysAgent, a
novel multi-agent system powered by large language models (LLMs), designed to execute end-to-
end scientific workflows—from hypothesis generation and computational modeling to data analysis
and reporting. PhysAgent’s innovation lies in its specialized agent collaboration: a Mentor Agent
guides scientific reasoning through Socratic questioning, a Student Agent handles technical execu-
tion (e.g., code implementation, DFT calculations), and a Leader Agent dynamically optimizes task
scheduling and resource allocation. Integrating domain-specific tools like first-principles simulations
(e.g., Quantum ESPRESSO, VASP), PhysAgent aims to improve reproducibility while maintaining
human-in-the-loop refinement. We demonstrate PhysAgent as a proof-of-concept framework for re-
covering known physical relations from controlled data, including Kepler-law recovery from orbital
trajectories and Newton-law recovery from force-motion data. Furthermore, it extends to ab ini-
tio materials modeling, automating electronic structure workflows (e.g., GaAs band-structure and
density-of-states calculations). In addition, PhysAgent simulates complex real-world phenomena,
such as raindrop flow on train windows. By harmonizing LLM-driven planning with domain-specific
tools, PhysAgent provides a reproducible multi-agent workflow for physics data analysis and simu-
lation. We provide a demonstration video of PhysAgent to illustrate its workflow and capabilities:
https://b23.tv/emOilkC.
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INTRODUCTION

Physics plays a central role across diverse domains, in-
cluding energy [1], materials [2–5], information [6], and
life sciences [7]. In recent years, advances in experi-
mental techniques and computational capabilities have
led to an unprecedented surge in data volume [8–11],
model complexity [12–14], and interdisciplinary chal-
lenges [15]. However, the progress of physics research
is increasingly constrained by high specialization, frag-
mented workflows, and limitations in computational re-
sources. From theoretical model development and nu-
merical simulation [16–18] to experimental validation,
modern physics research demands the integration of mul-
tidisciplinary knowledge [19–21], the orchestration of in-
tricate workflows [22–24], and exhaustive exploration of
vast parameter spaces. The growing disparity between
the complexity of physical systems [25] and the limited
cognitive and computational bandwidth available to re-
searchers highlights the urgent need for a new research
paradigm—an intelligent system capable of integrating

knowledge, autonomously exploring models, and acceler-
ating scientific inference.

In recent years, the rapid advancement of large
language models (LLMs), such as GPT-4 [6] and
DeepSeek [26], has led to the emergence of AI agents [27–
30]—autonomous or semi-autonomous systems powered
by LLMs as their central reasoning engines. Represen-
tative frameworks include MetaGPT [28], which model
software engineering processes through role-based agent
collaboration; AutoGen [29], which enables customizable
multi-agent conversations with enhanced reasoning capa-
bilities; and LangChain [30], a widely adopted toolkit for
building LLM-based agents that can interact with tools,
APIs, and memory. These AI agents are profoundly
transforming multiple scientific and engineering domains.
In particular, fields such as law [31], biomedicine [32],
software engineering [28, 33], and materials science [34]
have witnessed significant progress, as these agents auto-
mate repetitive tasks, greatly enhance research efficiency,
and enable breakthroughs that were previously consid-
ered unattainable. As a result, AI agents are becom-
ing indispensable tools for accelerating scientific discov-
ery and engineering innovation.

However, existing agent frameworks (such as
MetaGPT [28] and AutoGen [29]) face significant
limitations in the context of physics research. They lack
deep causal reasoning capabilities grounded in physical
theory [35, 36], are unable to natively integrate special-
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ized tools like first-principles simulations, and struggle
with dynamic task scheduling across multiple scales [37].
Specifically, these systems often rely on predefined
operation sequences (e.g., parameter sweeps [38, 39]),
making it difficult to construct goal-oriented problem-
solving workflows dynamically. Moreover, their limited
integration with the physics computing ecosystem
(e.g., Linux/Python/MPI) hinders seamless execution
from electronic structure [22] calculations to molecular
dynamics [37, 40, 41]. Critically, most frameworks lack
built-in mechanisms for enforcing physical consistency,
such as energy conservation checks, which may lead to
unphysical results. Overcoming these challenges requires
the integration of three key capabilities: scientific agents
with causal reasoning, execution frameworks natively
compatible with domain-specific computing platforms,
and safety mechanisms that enforce physical consistency.

In this work, we introduce PhysAgent, a multi-agent
system powered by LLMs [6, 26, 42], designed to ex-
ecute end-to-end scientific workflows—from hypothesis
generation and computational modeling to data anal-
ysis and reporting. PhysAgent’s core innovation lies
in its specialized agent collaboration: a Mentor Agent
guides scientific reasoning via Socratic questioning, a
Student Agent handles technical execution (e.g., code
implementation, density functional theory (DFT) cal-
culations), and a Leader Agent dynamically optimizes
task scheduling and resource allocation. This triad op-
erates within a physics-grounded paradigm, integrating
first-principles simulations (e.g., Quantum ESPRESSO,
VASP) and data-driven validation to improve repro-
ducibility. In the present work, PhysAgent is evaluated
as a proof-of-concept framework for controlled law re-
covery rather than as proof of de novo discovery of un-
known physical laws. We demonstrate Kepler-law recov-
ery from orbital data (Figure 2) and Newton-law recovery
from force-motion data (Figure 3), extend the workflow
to ab initio materials modeling (e.g., GaAs electronic-
structure calculations, Figure 4), and simulate raindrop
flow on train windows (Figure 5). By harmonizing LLM-
driven planning with domain-specific tools, PhysAgent
provides a reproducible multi-agent workflow for physics
data analysis and simulation.

METHODS

Architecture and Workflow of the PhysAgent
System

As depicted in Figure 1, the PhysAgent system is pow-
ered by an LLM that serves as the agent’s brain, enabling
capabilities such as experimental planning, tool usage,
and action execution. This brain is implemented through
direct API calls, supporting a range of LLMs, including
GPT-4, Kimi, Doubao, Llama, and DeepSeek. Similar
to existing agents [27], PhysAgent is also equipped with
capabilities such as learning [44, 45], reasoning [46, 47],

memory [48, 49], reward [50], perception [51], and ac-
tion [52].
At the initiation of a task, PhysAgent autonomously

manages project planning, tool installation, and action
execution. These actions encompass operating Linux sys-
tems, writing and executing Python scripts, performing
web searches and downloads, debugging code, conducting
data analysis, invoking software packages such as Quan-
tum ESPRESSO or VASP for electronic structure cal-
culations of materials, and drafting experimental reports
and academic papers. The PhysAgent multi-agent sys-
tem integrates human users and specialized agents, each
tasked with distinct responsibilities within the scientific
workflow, the detail of these prompt can be see in Sup-
plementary Materials.

• Human User: Provides experimental data and
defines scientific problems

• Mentor Agent: Guides hypothesis formation us-
ing Socratic questioning and bias mitigation strate-
gies

• Student Agent: Performs numerical computa-
tion, code implementation, and technical problem-
solving

• Leader Agent: Optimizes task scheduling via dy-
namic resource allocation

In the scientific workflow of PhysAgent, collaboration
among multiple agents enables task completion. The
Human user defines the scientific objective and research
question, generates simulated experimental data, and
provides feedback at key stages. The Mentor Agent
guides the analytical process using heuristic strategies,
formulates hypotheses, and offers feedback to the Student
Agent to facilitate autonomous pattern inferring while
avoiding prior biases. The Student Agent is responsible
for building analysis pipelines, implementing and verify-
ing code, performing numerical simulations, processing
and visualizing data, and drafting reports and research
papers. As illustrated in Figure 1, the Mentor Agent
and Student Agent engage in multiple rounds of feed-
back and iterative refinement throughout the analytical
process, ensuring continual hypothesis improvement and
enhanced data interpretation. The Leader Agent man-
ages system resources and orchestrates agent collabora-
tion to ensure efficiency and order. With a closed-loop
design encompassing problem formulation, data genera-
tion, analysis execution, manuscript writing, and work-
flow coordination, PhysAgent provides an end-to-end in-
telligent framework for scientific inferring, offering a new
paradigm for solving complex scientific problems.
Here, Figure 1 illustrates an example of materi-

als electronic structure calculations (GaAs) collabora-
tively completed by PhysAgent. Compared to tradi-
tional single-agent models and general multi-agent sys-
tems, PhysAgent demonstrates advantages in handling
complex, multi-step, cross-scale physics research tasks
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FIG. 1. Architecture and Workflow of the PhysAgent System. Schematic of the PhysAgent system, powered by an
LLM acting as the agent’s brain, enabling experimental planning, tool usage, and action execution via API calls to models
like GPT-4 [6], KIMI [42], Doubao, Llama [43], and DeepSeek [26]. The multi-agent system integrates human users, who
provide data and define problems, with specialized agents: the Mentor Agent guides hypothesis formation, the Student Agent
handles computation and coding, and the Leader Agent optimizes task scheduling. The figure illustrates a material’s electronic
structure calculation script completed through multi-round agent collaboration.

through clear role division, effective knowledge sharing,
and efficient strategy coordination. Experimental results
show that the system can dynamically construct com-
plete problem-solving workflows—from structure model-
ing to final property analysis—seamlessly integrate spe-
cialized toolchains such as ASE and DFT software, and
produce key scientific outputs that meet research stan-
dards, including structural models, convergence curves,
charge density distributions, and band structure/density
of states plots.

To enable the autonomous execution of complex scien-
tific workflows, PhysAgent is equipped with a set of core
cognitive functions that emulate fundamental aspects of
human intelligence. These capabilities include learning,
reasoning, memory, reward processing, perception, and
action execution. Each function plays a distinct role in
enhancing the agent’s adaptability, decision-making, and
interaction with dynamic environments. The following
provides a detailed explanation of these components.

• Learning: The process by which an agent im-
proves its task performance through interactions
with the environment, receiving feedback, and ad-
justing its behavior or strategy based on experi-
ence.

• Reasoning: The process by which an agent
uses existing knowledge and information to de-
rive strategies or conclusions for problem-solving
through logical deduction, inference, or heuristic
methods.

• Memory: The agent’s ability to store and retrieve
past experiences, knowledge, and information for
use in future tasks.

• Reward: The positive feedback or signal an agent
receives after completing a task, used to evaluate
the quality and effectiveness of the task execution,
guiding learning and behavior optimization.
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• Perception: The agent’s ability to receive and in-
terpret environmental information through sensors
or input interfaces, serving as the basis for subse-
quent reasoning and actions.

• Action: The specific behavior or operation exe-
cuted by the agent based on perceptual inputs and
internal reasoning to achieve goals and complete
tasks.

In the context of multi-agent systems, automated plat-
forms demonstrate significant potential in task planning,
code generation, and API development. As shown in
Supplementary Materials, conventional frameworks such
as AutoGPT and LangChain primarily focus on general-
purpose task execution and code processing, lacking
domain-specific capabilities for scientific or engineering
applications. In contrast, MetaGPT supports automatic
generation of product requirement documents (PRDs),
technical design plans, and API interfaces, along with
comprehensive code generation, precompilation execu-
tion, and role-based task management [28]. Building
upon these general capabilities, PhysAgent further in-
tegrates domain-specific toolkits, hypothesis generation,
data analysis, physical-law recovery, and complex sim-
ulations (e.g., raindrop flow), demonstrating end-to-end
autonomous reasoning and experimental planning from
theoretical hypotheses to numerical validation.

To further clarify the novelty of PhysAgent, we com-
pare it with a representative multi-agent framework,
MetaGPT. The comparison in Supplementary highlights
the key differences between the MetaGPT framework for
software development and our PhysAgent framework for
scientific reasoning in physics. While MetaGPT relies on
roles such as product manager, architect, and engineer
to coordinate software engineering workflows, PhysAgent
introduces domain-specialized agents (mentor, student,
leader) to enable hypothesis-driven reasoning, technical
execution, and dynamic task optimization. Moreover,
the workflow evolves from sequential task decomposition
to one that integrates Socratic questioning and domain-
specific tools (e.g., Quantum ESPRESSO, VASP). Con-
sequently, the outputs shift from conventional software
artifacts to physics workflow outputs, including con-
trolled physical-law recovery and complex simulations.
This comparison demonstrates the adaptability of multi-
agent systems and highlights their potential to extend
beyond software engineering into scientific research.

RESULTS

PhysAgent recovers Kepler-law relations.

To demonstrate the capability of PhysAgent in con-
trolled physical-law recovery, we selected a task based on
Kepler’s laws of planetary motion. PhysAgent is required
to analyze simulated trajectory data and recover regular-
ities, but the task should not be interpreted as discovery

of unknown laws without prior knowledge. As shown in
Figure 2(a), the task is initiated by a human user who
numerically simulates the time-series three-dimensional
trajectories of five planets in the solar system (Mercury,
Venus, Earth, Mars, and Jupiter) under the gravitational
influence of the Sun. The user then poses a scientific ob-
jective: Can the known Kepler-law relations be recovered
from these controlled data?

In the PhysAgent multi-agent system, multiple agents
collaboratively recovered Kepler’s laws of planetary mo-
tion. As shown in Figure 2 (a), the mentor agent em-
ployed heuristic questioning to guide the student agent
in exploring planetary motion from various perspectives.
For instance, in analyzing orbit shapes, the mentor agent
asked, “What is the shape of planetary orbits around
the Sun? Circular or elliptical?” In examining velocity
variations, it inquired, “Is the orbital speed of a planet
constant? Is it faster when closer to the Sun or when
farther away?” In recovering the relationship between
period and distance, it posed, “Do planets farther from
the Sun, such as Jupiter, require more time to complete
an orbit?” These questions stimulated critical thinking in
the student agent. Based on exploratory analysis of the
provided trajectories and general physical reasoning, the
student agent formulated hypotheses: stronger gravita-
tional forces near the Sun lead to greater acceleration and
higher planetary velocities; weaker forces farther from the
Sun result in slower velocities; and planets with larger or-
bital radii, such as Jupiter, have longer orbital paths and
thus extended periods. Using Python tools, the student
agent designed experiments to analyze time and posi-
tion data (time, x, y, z) from the dataset, computing
orbital shapes, velocity variations, and orbital periods to
test these hypotheses. During the experiments, the stu-
dent agent addressed challenges such as data noise and
numerical computation errors and utilized visualization
tools to generate orbital plots, areal velocity curves, and
period-radius relationship graphs.

As shown in Figure 2 (c), the orbits of Mercury, Venus,
Earth, Mars, and Jupiter are elliptical, with the Sun at
one focus, confirming Kepler’s First Law. To make the
recovered relations quantitatively explicit, we annotated
the fitted metrics directly in Fig. 2(c–e). For the orbit-
shape analysis in Fig. 2(c), each trajectory was fitted
using a Sun-focused elliptical model. The maximum ra-
dial normalized root-mean-square error (NRMSE) across
the five planets is only 0.171%, indicating that the sim-
ulated trajectories are accurately described by ellipses.
The corresponding orbit-fit coefficients of determination
are high for all planets, with R2 = 0.9998 for Mercury,
0.9670 for Venus, 0.9965 for Earth, 0.9999 for Mars, and
0.9999 for Jupiter. The relatively lower R2 for Venus
arises from its nearly circular orbit, where the radial vari-
ation is small and therefore more sensitive to coordinate
noise. As depicted in Figure 2 (d), the areal velocity
of each planet is approximately constant, indicating that
the line connecting a planet to the Sun sweeps equal ar-
eas in equal times, consistent with Kepler’s Second Law.
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FIG. 2. PhysAgent recovers Kepler-law relations of planetary motion. (a) Collaborative workflow of PhysAgent
recovering Kepler’s planetary motion laws: Human-generated time-series three-dimensional trajectory data for five solar sys-
tem planets (Mercury, Venus, Earth, Mars, and Jupiter) were analyzed through mentor-student agent collaboration in the
PhysAgent system. The mentor agent provided heuristic questions to guide the student agent in exploring orbit shapes, ve-
locity variations, and period-radius relationships, while the student agent implemented code and resolved technical challenges,
producing publication-quality visualizations. (b) Planetary Motion Trajectories (Human User): Time-series 3D trajectories
of five planets in the solar system—Mercury, Venus, Earth, Mars, and Jupiter—generated by human users using numerical
methods. (c) Orbit Shape Visualization (Student Agent): Projections of the orbits of Mercury, Venus, Earth, Mars, and Jupiter
in the XY plane, distinguished by colors (gray, orange, blue, red, brown). The orbits are elliptical with the Sun at one focus,
confirming Kepler’s First Law. (d) Areal Velocity Analysis (Collaborative Result): Areal velocity variations over time for each
planet, using the same color scheme. The approximately constant areal velocity indicates that the line connecting a planet to
the Sun sweeps equal areas in equal times, consistent with Kepler’s Second Law. (e) Period-Radius Relationship (Collaborative
Result): Relationship between the square of the orbital period (T 2) and the cube of the semi-major axis (a3), with planets
distinguished by the same color scheme. A linear fit demonstrates T 2 ∝ a3, validating Kepler’s Third Law.

In the released demo artifacts, the maximum coefficient
of variation of areal velocity is 2.44 × 10−5. As illus-
trated in Figure 2 (e), the square of a planet’s orbital
period is proportional to the cube of its semi-major axis,
validating Kepler’s Third Law. Fitting T 2 against a3

gives T 2 = (2.9738× 10−19 s2 m−3)a3 with R2 = 0.9999.
Equivalently, in astronomical units and years, the nor-
malized relation is (T/yr)2 = 0.9997(a/AU)3, and the
log-log fitted exponent is α = 0.9999. A through-origin
fit of T 2 versus a3 gives slope 1.000 with R2 = 1.000,
quantitatively supporting the recovered Kepler third-law
scaling. Throughout the collaborative process, the men-
tor agent engaged in multiple rounds of interaction with
the student agent, providing feedback to refine hypothe-
ses (e.g., adjusting from circular to elliptical orbits), op-

timize analytical methods (e.g., enhancing the precision
of areal velocity calculations), and improve visualiza-
tion designs to clearly highlight scientific patterns. Ulti-
mately, the PhysAgent system recovered the Kepler-law
relations in this controlled synthetic benchmark, thereby
demonstrating the efficiency and exploratory capability
of multi-agent collaboration for reproducible analysis.

PhysAgent recovers Newton-law scaling.

To further evaluate the capability of the multi-agent
system PhysAgent in controlled law recovery, we de-
signed a classical mechanics task that challenges the
system to recover the quantitative relationship between
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FIG. 3. PhysAgent recovers Newton-law scaling. (a) Collaborative workflow of PhysAgent recovering Newton’s second-
law relation: Human-generated position-time data of a cart under controlled force-mass conditions were analyzed through
mentor-student agent collaboration. The mentor provided analysis strategies while the student implemented code and resolved
technical challenges. Final visualizations were refined for publication standards. (b) Position-time visualization (Student agent):
Position s versus time t under varying force-mass conditions. Distinct markers/colors represent different (F,m) pairs. Each
trajectory was fitted by s(t) = s0 + v0t+

1
2
afitt

2 to estimate acceleration and residuals; the position-fit residual RMSE ranges
from 0.0239 to 0.0529 m. (c) Acceleration-force relationship (Collaborative result): Linear a-F dependence estimated through
trajectory-level acceleration fitting. Color-coded masses demonstrate proportionality a ∝ F at constant m. Through-origin
fits give a = βFF , with βFm = 1.003–1.045 and R2 ≥ 0.9938. (d) Acceleration-inverse mass relationship (Collaborative
result): Linear a-1/m relationship established via agent collaboration. Color-coded forces verify proportionality a ∝ 1/m
at constant F . Through-origin fits give a = βm(1/m), with βm/F = 1.004–1.019 and R2 ≥ 0.9946. The global fit gives
a = (1.0054± 0.0034)F/m with R2 = 0.9998.

force and motion from controlled data. Because the data
are synthetic and the underlying LLMs may already be
familiar with Newton’s second law, this task evaluates
workflow orchestration and quantitative recovery rather
than de novo law discovery. As shown in Figure 3 (a), the
task begins with a human user who generates simulated
position-time data of a cart moving on an inclined plane,
followed by posing the question: can one recover how
force influences motion from these data? Subsequently,
multiple agents within the PhysAgent system collabora-

tively engaged in the task. The mentor agent proposed
scientific strategies and guided the student agent in un-
covering patterns from the data, emphasizing that the
target formula should not be directly supplied to the
analysis workflow. Next, the student agent constructed
the analysis workflow from scratch, including designing
the data collection scheme, formulating reasonable hy-
potheses, processing the experimental data, and con-
ducting visualization and curve fitting using Python and
standard scientific libraries such as NumPy, Pandas, and
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Matplotlib. The human user provided iterative feedback
at key stages, particularly with respect to visualization
standards, graphical presentation, and scientific writing
norms. Throughout this collaborative process, the men-
tor and student agents engaged in multiple rounds of
interaction, continuously refining their hypotheses and
improving the analysis workflow. Ultimately, the agents
recovered Newton-law scaling from the simulated data,
completing a reproducible law-recovery workflow from
data generation to fitting and reporting.

Figure 3 (b) illustrates the trajectories of a cart under
six different combinations of applied force F and mass
m: (F = 0.1 N, m = 2.0 kg), (F = 0.2 N, m = 0.6 kg),
(F = 0.3 N, m = 0.2 kg), (F = 0.4 N, m = 0.8 kg),
(F = 0.4 N, m = 2.0 kg), and (F = 0.5 N, m = 0.6
kg). The cart’s position s exhibits an approximately
parabolic dependence on time t, indicating uniformly ac-
celerated motion. To better mimic experimental condi-
tions, small amounts of measurement noise were added
to the data. For each force-mass condition, acceleration
was estimated by fitting the raw position-time trajectory
to s(t) = s0 + v0t +

1
2afitt

2. This fit provides both the
fitted acceleration and its uncertainty, with trajectory-
level position residual RMSE values ranging from 0.0239
to 0.0529 m and a maximum 95% confidence interval of
±0.0202 m s−2 for afit.
Under the guidance of the mentor agent, the student

agent computed the acceleration a from these quadratic
trajectory fits, rather than relying only on numerical dif-
ferentiation of noisy data. As shown in Figure 3 (c), the
acceleration of the cart under varying forces is plotted
for fixed mass values. Each color represents a different
mass (m = 0.2, 0.4, 0.6, 0.8, 1.0, and 2.0 kg). Within
each group, a clear linear relationship between accelera-
tion and force is observed, confirming that a ∝ F when
mass is held constant. Through-origin fits of the form
a = βFF give βFm = 1.003–1.045, with R2 ≥ 0.9938,
showing that the fitted slopes are consistent with the ex-
pected 1/m dependence.

Furthermore, Figure 3 (d) presents the variation of ac-
celeration under fixed external force conditions, plotted
against the inverse of mass 1/m. Different colors corre-
spond to different force values (F = 0.1, 0.2, 0.3, 0.4,
0.5, and 1.0 N). The results exhibit a strong linear de-
pendence of a on 1/m, supporting the hypothesis that
a ∝ 1/m. Through-origin fits of the form a = βm(1/m)
give βm/F = 1.004–1.019, with R2 ≥ 0.9946, confirming
that the fitted slopes recover the applied force scale.

By integrating these two key relationships, PhysAgent
recovered the quantitative relation:

a ∝ F

m
⇒ F = kma.

Using all 36 force-mass conditions, the global through-
origin acceleration-form fit gives a = (1.0054 ±
0.0034)F/m with R2 = 0.9998 and acceleration resid-
ual RMSE 0.0125 m s−2. Equivalently, fitting in force
form gives F = (0.9860 ± 0.0096)ma with R2 =

0.9975. These fitted proportionality constants are close
to unity in SI units, quantitatively validating the re-
covered Newton-law scaling. This controlled example
shows that PhysAgent can recover the mathematical scal-
ing of Newton’s second law and document the evidence
trail from data generation to fitting and visualization.
From problem formulation, data acquisition, visualiza-
tion, hypothesis construction, and data analysis to law
recovery, the process mirrors key elements of scientific
inquiry. This demonstrates PhysAgent’s capability for
interpretable and verifiable analysis in addressing funda-
mental problems in science.

PhysAgent performs quantum calculations.

In addition to the controlled recovery of classical me-
chanics relations, PhysAgent also enables fully auto-
mated quantum mechanical calculations for materials.
To demonstrate its capability, we consider the case of gal-
lium arsenide (GaAs), a direct band gap semiconductor
with a zinc blende structure. As shown in Figure 4(a),
the task begins with a human user uploading the CIF
file of GaAs and requesting an analysis of its electronic
structure. The objective is further clarified as: “perform
electronic structure calculations of GaAs based on DFT.”
Once the goal is established, the mentor agent searches

for DFT workflows and requires online tools, then for-
wards this information to the student agent. The stu-
dent agent then autonomously plans and executes a com-
plete first-principles DFT workflow to study the elec-
tronic properties of GaAs. As illustrated in Figure 4(a),
the workflow starts with setting up the computational
environment. The student agent installs and config-
ures the Atomic Simulation Environment (ASE), Quan-
tum ESPRESSO (QE), Python, and relevant visualiza-
tion packages. It also sets the paths for pseudopoten-
tial files and necessary environment variables. During
the structure modeling phase (Figure 4(b)), ASE is used
to parse the user-provided CIF file and construct the
GaAs crystal structure. In the calculation phase, a self-
consistent field (SCF) calculation is performed to obtain
the ground-state charge density, with the energy conver-
gence process shown in Figure 4(c). This is followed by
band structure calculations along high-symmetry paths
in the Brillouin zone (Γ–X–W–K–Γ–L–U–W–L–K), and
a non-self-consistent field (NSCF) calculation to gener-
ate wavefunctions on a dense k-point mesh for density of
states (DOS) analysis. The student agent invokes dos.x
and projwfc.x to compute the total density of states
(DOS) and the projected density of states (PDOS), re-
spectively.
In the visualization stage, the student agent uses pp.x

to convert the SCF-derived charge density into CUBE
format. Figure 4(e) shows a logarithmic color-mapped
slice in the XY plane, while Figure 4(d) illustrates 3D
isosurfaces overlaid with atomic positions and lattice vec-
tors. Furthermore, the agent constructs a combined
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Formula: GaAs  

Crystal System: Cubic  

Symbol: F4̅3m  

International Number: 216

(b) (c)

Planning and executing 
DFT calculations:

"Learn relevant knowledge 

about DFT calculations, such as 

the installation and usage of the 

QE package."

Perform electronic structure 

calculations of GaAs based on 

DFT.

I'll provide chart specs and 

final visualization suggestions.

(a)

Obtain the crystal structure 

of GaAs and study its 

electronic structure.

(d) (e)

(f)

Energy Zero: EF = 7.091 eV

VBM: EVBM - EF = -0.245 eV

CBM: ECBM - EF = 0.204 eV

Eg = 0.449 eV

FIG. 4. PhysAgent performs quantum calculations. (a) Collaborative workflow of PhysAgent performing DFT electronic
structure calculations for GaAs: A human user initiates the task by uploading the CIF structure file of GaAs and requesting a
DFT-based electronic structure calculation. The mentor agent retrieves necessary workflows and tools, while the student agent
autonomously configures the environment and executes the full DFT workflow using Quantum ESPRESSO and ASE, producing
scientifically accurate results. (b) Structure Modeling (Student Agent): The crystal structure of GaAs is parsed from the CIF
file and reconstructed using ASE, visualized here as a ball-and-stick model. This step prepares the input for first-principles
calculations. (c) SCF Energy Convergence (Collaborative Result): Energy convergence behavior during the self-consistent
field (SCF) calculation is plotted, showing systematic reduction of total energy over iterations, confirming convergence to the
ground-state charge density. (d) Charge Density Isosurface Visualization (Collaborative Result): 3D isosurfaces of the SCF
charge density are rendered, overlaid with atomic positions and lattice vectors. The distribution reflects electronic localization
around atomic sites. (e) Logarithmic Charge Density Slice (Collaborative Result): A 2D log-scale slice of the charge density in
the XY plane, illustrating fine variations in electron distribution and bonding characteristics. (f) Band Structure and Density
of States (Collaborative Result): The left panel shows the band structure of GaAs along high-symmetry paths (Γ–X–W–K–
Γ–L–U–W–L–K), and the right panel displays the total DOS and projected DOS onto Ga- and As-centered pseudo-atomic
orbitals. The energy zero is defined as the Fermi level (E −EF = 0, with EF = 7.091 eV in the band-structure XML output).
The VBM and CBM both occur at Γ, with EVBM − EF = −0.245 eV and ECBM − EF = 0.204 eV, giving a direct PBE band
gap of Eg = 0.449 eV. The DOS is reported in states eV−1 per primitive cell, and the PDOS curves represent projections of
Kohn–Sham states onto the atomic-like projector channels from the Ga and As pseudopotentials.

band structure and DOS plot (Figure 4(f)), where the
left panel displays energy dispersion with labeled high-
symmetry points and the right panel overlays total and
projected DOS for Ga and As atoms. All band and

DOS energies in Figure 4(f) are plotted relative to the
Fermi level, i.e., E − EF , with EF = 7.091 eV read
from the QE XML band-structure output. From the cal-
culated eigenvalues, the valence-band maximum (VBM)
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and conduction-band minimum (CBM) both occur at Γ.
The VBM is located at EVBM − EF = −0.245 eV and
the CBM at ECBM − EF = 0.204 eV, yielding a direct
band gap of Eg = 0.449 eV. This confirms the direct-
gap character of GaAs within the present PBE calcula-
tion, while the numerical gap is expectedly smaller than
the experimental value because semilocal DFT underes-
timates semiconductor band gaps.

The total DOS was obtained from dos.x and is plot-
ted in units of states eV−1 per primitive cell, without
normalization to unit area. The integrated DOS at the
Fermi level is 18 states per primitive cell, consistent
with the number of valence electrons included by the Ga
and As pseudopotentials. The PDOS was obtained from
projwfc.x; the Ga PDOS curve sums the Ga-centered
s, p, and d projector channels, while the As PDOS curve
sums the As-centered s and p projector channels. These
projected DOS curves therefore indicate the orbital and
atomic character of the Kohn–Sham states, rather than
separate normalized charge populations. Both panels
share a common energy axis for direct comparison. The
fully automated pipeline outputs key physical quantities
such as charge density, band eigenvalues, and orbital-
resolved DOS, enabling a comprehensive theoretical un-
derstanding of the electronic structure of GaAs.

PhysAgent simulates raindrop flow on train
windows.

In this section, we apply PhysAgent to simulate and in-
terpret experimental phenomena (Figure 5(a)). The flow
of raindrops on a window is a typical thin-film flow prob-
lem influenced by gravity, surface tension, viscosity, and
external driving forces such as air shear stress and rain-
drop deposition. When a train is moving at high speed,
rainwater on the window often forms obliquely downward
flow paths, sometimes with meandering trajectories that
branch into tree-like patterns, accompanied by evapora-
tion and dripping (Figure 5(c)-(d)). PhysAgent models
this behavior using the thin-film approximation, employ-
ing a height evolution equation to describe the spatiotem-
poral dynamics of the film thickness, and incorporates
stochastic raindrop deposition, branching mechanisms,
as well as evaporation and dripping effects to reproduce
realistic scenarios.

As show Figure 5(b), the model assumes that the film
thickness h(x, y, t) is much smaller than the flow length
scale (thin-film approximation), that the flow is laminar,
and that inertial effects are negligible. The coordinate
system is defined with the x-axis along the horizontal
length of the window and the y-axis along its vertical
height. The flow is primarily driven by gravity and air
shear stress, moving obliquely downward. The thin-film
flow can be derived from the Navier–Stokes equations un-
der the thin-film approximation. For an incompressible

fluid, the Navier–Stokes equations [53] are given by

ρ

(
∂u

∂t
+ u · ∇u

)
= −∇p+ µ∇2u+ ρg, (1)

where u is the velocity field, p is the pressure, µ is the
viscosity, ρ is the density, and g is the gravitational ac-
celeration. Under the thin-film approximation, assuming
h ≪ L (where L is the characteristic length), the veloc-
ity is mainly along the film plane and inertial terms are
neglected (low Reynolds number). The equations reduce
to

µ
∂2ux

∂z2
=

∂p

∂x
+ ρgx, µ

∂2uy

∂z2
=

∂p

∂y
+ ρgy, (2)

where z is the coordinate normal to the surface, ux and
uy are the velocity components in the x and y direc-
tions, respectively, and the gravitational components are
gx = 0 and gy = −g (downward). The boundary condi-
tions are: no-slip at the bottom (z = 0: ux = uy = 0);
at the free surface (z = h), the tangential stress in-
cludes the air shear τair (negative x-direction, model-
ing wind resistance), and the normal stress includes
the curvature-induced pressure due to surface tension,
p = −σ∇2h(Laplace pressure).
Integrating the velocity across the film thickness gives

the mean velocity profile:

ūx =
h2

3µ

(
−∂p

∂x

)
− hτair

2µ
,

ūy =
h2

3µ

(
−∂p

∂y
− ρgy

)
.

(3)

Substituting p = −σ∇2h and treating τair as a constant,
we obtain

ūx =
h2

3µ
σ

∂

∂x
(∇2h)− hτair

2µ
,

ūy =
h2

3µ

(
σ
∂

∂y
(∇2h)− ρgy

)
.

(4)

The film height evolves according to mass conservation:

∂h

∂t
+∇ · (hū) = 0, (5)

which expands to the thin-film equation:

∂h

∂t
= −∇ ·

(
h3

3µ
∇(σ∇2h− ρgy)− h2τair

2µ
ex

)
, (6)

where ex is the unit vector in the x-direction. To mitigate
numerical instability in resolving the fourth-order surface

tension term∇·
(

σh3

3µ ∇∇2h
)
, approximate it as ασh3

µ ∇2h

(where α is a dimensionless damping coefficient), sacrific-
ing some physical fidelity for computational robustness.
As show Figure 5(e)-(f), to more realistically simulate

the flow of raindrops on a window, the model incorpo-
rates several additional physical mechanisms. First, the



10

(b)

Plan experiments and simulation 
schemes.

"Search for relevant theories and 

possible causes, identifying the 

required theoretical frameworks 

and simulation tools."

Simulate and interpret the 

flow paths of rainwater on a 

window.

(a)

Observe the natural 

phenomenon of raindrops on 

a window.

(c)

(d)

(e) (f)

FIG. 5. PhysAgent simulates raindrop flow on train windows. (a) Collaborative workflow of PhysAgent simulating
raindrop flow on train windows: A human user observes the natural phenomenon of raindrops on a window and defines the
research objective as simulating and interpreting the flow paths of rainwater on the window. The mentor agent searches
for relevant theories and possible causes, identifying the necessary theoretical frameworks and simulation tools, while the
student agent plans and executes the simulation process. (b) Thin-Film Evolution Simulation workflow by the student agent:
The process begins with the input of the initial film thickness and simulation parameters, followed by thin-film dynamics
calculations solved using numerical methods such as finite differences, sparse Laplacians, and central differences. Stochastic
and physical effects, including branching, random raindrop impacts, dripping, and evaporation, are then incorporated. Finally,
the simulation outputs the time evolution of the film thickness and the flow trajectories. (c)–(d) Real-world observations: On a
high-speed train window during rainfall, large streams of water are seen flowing in the opposite direction of travel, along with
branched, tree-like flow paths oriented diagonally downward. (e)–(f) Thin-Film Evolution Simulation results: The simulation
reproduces the flow trajectories as the collaborative outcome. The simulations in panels (e)–(f) were performed on a 400× 200
grid over a 1.0 m× 0.5 m window. The main parameters were µ = 1.0× 10−3 Pa s, σ = 0.072 N m−1 for (e) and 0.036 N m−1

for (f), τair = 3.66× 104, branching probability 0.85, evaporation rate 1.0× 10−4, and time steps 5.0× 10−4 s and 2.0× 10−4 s.

main raindrop flow follows a slanted, meandering path,
with the trajectory modulated by random fluctuations
to generate wave-like variations, while liquid is continu-
ously supplied along the main flow. Second, the film can
branch from the main path, forming multiple secondary
streams with random deviations in direction and length,

and some branches may further generate tertiary sub-
branches. Third, intermittent raindrops are randomly
added to simulate uneven rainfall. To capture gravity-
driven dripping, liquid is partially removed when the film
thickness exceeds a threshold. Finally, evaporation and
film lifetime are included, allowing the film to gradually
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thin and eventually disappear over time. Throughout all
processes, the film thickness is maintained non-negative.
The numerical solution is implemented using a finite dif-
ference method on a two-dimensional rectangular grid.
The Laplacian operator is constructed via sparse matri-
ces, and the flux divergence is computed using central dif-
ferences. Boundary conditions are set as either periodic
or zero-flux, implemented implicitly through truncation.
To avoid numerical diffusion, the flow is computed only
in regions where the film thickness exceeds a minimum
threshold. The detailed settings of the Numerical Meth-
ods and Parameters are provided in the Supplementary
Materials.

DISCUSSION

In this work, we introduced PhysAgent, a multi-agent
LLM-driven framework that executes end-to-end scien-
tific workflows—from hypothesis formulation and com-
putational modeling to data analysis and reporting. By
integrating specialized agents (Mentor, Student, and
Leader) within a physics-grounded workflow, PhysAgent
demonstrates a proof-of-concept route for recovering
known physical relations from controlled data, perform-
ing ab initio materials-workflow generation (e.g., GaAs
electronic structures), and simulating real-world physical
phenomena such as raindrop flow on train windows. The
system harmonizes LLM-based planning with domain-
specific tools (e.g., Quantum ESPRESSO, VASP) and
produces reproducibility artifacts including data, scripts,
reports, and transcripts.

Recent frameworks, including Coscientist [54], Chem-
Crow [55], SciAgents [56], and AtomAgents [57], demon-
strate the potential of LLM-based agents for scientific
discovery through tool integration and collaborative rea-
soning. Meanwhile, VASPilot [58] automates end-to-
end VASP workflows, while emerging AI scientist sys-
tems, such as Wang et al. [59] and Sparks [60], explore
autonomous decision-making and iterative optimization.
Together, these advances provide a foundation for in-
tegrating crystal generation, property evaluation, and
feedback-driven optimization to improve the dynamical
stability of generated materials.

Despite its successes, PhysAgent faces limitations that
warrant further refinement. These examples should not
be interpreted as evidence that the system discovers un-
known physical laws. Because the demonstrations use
synthetic data generated from known models and be-
cause the underlying LLMs may have encountered these
laws during pretraining, the current experiments test
workflow orchestration, quantitative analysis, and repro-
ducible law recovery rather than de novo law discovery.
Future blind tests should hide the data generator from
the agents and include non-Keplerian, non-Newtonian,
and artificially constructed laws. In addition, broader
benchmarks, ablation studies, success/failure statistics,
and uncertainty quantification are needed before mak-

ing strong claims about generality, trustworthiness, or
scalability. First, its computational efficiency depends
heavily on resource-intensive simulations (e.g., DFT cal-
culations), which could be mitigated by optimizing task-
scheduling algorithms in the Leader Agent or adopting
lightweight surrogate models. Second, while effective for
well-defined problems (e.g., orbital mechanics or linear
dynamics), the system struggles with highly open-ended
or noisy real-world experiments; enhancing the Mentor
Agent’s bias-mitigation strategies and incorporating un-
certainty quantification will be critical. Third, human
intervention remains essential for refining outputs (e.g.,
visualization standards, academic writing), suggesting a
need for tighter feedback loops between agents and users.
Finally, reliance on simulated data (e.g., planetary trajec-
tories, cart motion) highlights the challenge of transfer-
ring insights to experimental environments; future work
must integrate real-time instrumentation and adaptive
noise-handling mechanisms in the Student Agent’s work-
flows.

Looking ahead, PhysAgent’s architecture may help ac-
celerate scientific inference by automating labor-intensive
tasks (e.g., code generation, DFT setup, hypothesis test-
ing) and by making computational workflows easier to
audit and reproduce. Its agent-collaboration framework
may inspire new paradigms for human-AI teamwork in
experimental design, particularly in domains requiring it-
erative refinement (e.g., drug discovery or quantum ma-
terial optimization). Furthermore, the controlled law-
recovery examples may be useful in STEM education,
where students can rediscover known relations through
guided AI collaboration. As LLMs and scientific tools
evolve, PhysAgent provides a modular starting point for
more rigorous, benchmarked human-AI scientific work-
flows.

Data & Code availability: The PhysAgent
framework developed in this work is imple-
mented based on the MetaGPT framework:
https://github.com/FoundationAgents/MetaGPT.
A public reproducibility package for the four ex-
amples in this manuscript is available at https:
//github.com/xqh19970407/PhysAgent-release. The
repository contains the executable Python package, role
prompts, input data, generated scripts, analysis JSON
files, figures, reports, command logs, and collaboration
transcripts. The package runs in a deterministic offline
mode by default and can optionally use DeepSeek
through environment variables. We also provide a
demonstration video of PhysAgent to illustrate its
workflow and capabilities: https://b23.tv/emOilkC.
In addition, the Supplementary Materials provide the
detailed prompts and related configurations for the
different agent roles in PhysAgent.
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