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agents for coarse-grained bead-
spring topological polymer simulations

Lijie Ding, *a Jan-Michael Carrillo b and Changwoo Do *a

We introduce ToPolyAgent, a multi-agent AI framework for performing coarse-grainedmolecular dynamics

(MD) simulations of topological polymers through natural language instructions. By integrating large

language models (LLMs) with domain-specific computational tools, ToPolyAgent supports both

interactive and autonomous simulation workflows across diverse polymer architectures, including linear,

ring, brush, and star polymers, as well as dendrimers. The system consists of four LLM-powered agents:

a Config Agent for generating initial polymer–solvent configurations, a Simulation Agent for executing

LAMMPS-based MD simulations and conformational analyses, a Report Agent for compiling markdown

reports, and a Workflow Agent for streamlined autonomous operations. Interactive mode incorporates

user feedback loops for iterative refinements, while autonomous mode enables end-to-end task

execution from detailed prompts. We demonstrate ToPolyAgent's versatility through case studies

involving diverse polymer architectures under varying solvent conditions, thermostats, and simulation

lengths. Furthermore, we highlight its potential as a research assistant by directing it to investigate the

effect of interaction parameters on the linear polymer conformation, and the influence of grafting

density on the persistence length of the brush polymer. By coupling natural language interfaces with

rigorous simulation tools, ToPolyAgent lowers barriers to complex computational workflows and

advances AI-driven materials discovery in polymer science. It lays the foundation for autonomous and

extensible multi-agent scientific research ecosystems.
1 Introduction

Topological polymers,1–3 characterized by their diverse archi-
tectures such as linear,4,5 ring,6,7 brush,8–11 star,12,13 and den-
drimer14 structures, exhibit unique physical properties that
make them critical in applications ranging from drug
delivery15–19 to advanced materials.20,21 These properties arise
from their complex molecular congurations, which inuence
their conformational dynamics, phase behavior, and interac-
tions with solvent.22–27 Understanding these behaviors oen
requires molecular dynamics (MD) simulations,3,28–30 which
provide detailed insights into the polymer structure and
dynamics at scales from atomistic to coarse-grained.31–34

However, despite the development of professional simulation
soware such as LAMMPS,35 GROMACS,36 AMBER,37 and Des-
mond,38 the computational complexity of simulating topolog-
ical polymers, even in coarse-grained models, still demands
signicant expertise, limiting their accessibility to researchers
without extensive computational backgrounds.
tional Laboratory, Oak Ridge, TN 37831,

ov

ak Ridge National Laboratory, Oak Ridge,

the Royal Society of Chemistry
Recent advances in large language models (LLMs)39–41 and
agentic AI42,43 have opened new avenues for automating and
simplifying complex scientic workows.44 LLMs, with their
ability to process and generate natural language, can interpret
user instructions, orchestrate tasks, and integrate domain-
specic tools to perform specialized computations.45,46 Agentic
AI systems, composed of multiple AI agents with distinct roles,
further enhance this capability by enabling collaborative and
autonomous task execution. These developments have the
potential to transform computational materials science by
making advanced simulations more intuitive and efficient,
while greatly lowering the barrier to using professional
computational tools like MD soware. The application of AI
agent started with soware development,47,48 and has been
quickly expanding to various areas of scientic research.49–51

Recent efforts have begun to apply AI agents to molecular
dynamics workows. For example, LUNAR52 automates
LAMMPS input generation and post-processing for reactive
simulations using traditional scripting tools, while ne-tuned
large language models53 are used for iterative script genera-
tion and renement, primarily targeting thermodynamic
parameter exploration in all-atom and coarse-grained systems.
These approaches signicantly reduce the effort required to
produce valid simulation inputs. However, they focus predom-
inantly on code and script generation and do not provide fully
Digital Discovery, 2026, 5, 901–909 | 901
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Fig. 1 Overview of the ToPolyAgent workflow. The system operates in
two modes: interactive and autonomous. Four sets of tools are
assigned to four distinct agents. These agents execute molecular
dynamics simulations of various topological polymers under different
conditions based on user instructions.
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autonomous or interactive execution of the complete work-
ow—from topology-specic initial conguration generation,
through simulation running and trajectory analysis, to nal
reporting.

In this work, we address the aforementioned challenges by
introducing ToPolyAgent, a multi-agent AI framework designed
to perform coarse-grained molecular dynamics (MD) simula-
tions of topological polymers through natural language inter-
faces. The coarse-grained MD simulation workow is based on
a tutorial supported by the U.S. National Science Foundation
(NSF).54,55 ToPolyAgent integrates large language models (LLMs)
with domain-specic computational tools to support simula-
tions of diverse polymer architectures under varying solvent
conditions and simulation parameters. The system operates in
two modes: an interactive mode, which incorporates user
feedback for iterative renement, and an autonomous mode,
which performs end-to-end simulations from detailed prompts.

We demonstrate ToPolyAgent's capabilities through case
studies that highlight its potential as a research assistant,
including investigations of the effect of solvent quality on linear
polymer conformation and the inuence of graing density on
the persistence length of brush polymer backbones. By bridging
natural language processing with rigorous computational
methods, ToPolyAgent lowers the barrier to performing
complex polymer simulations and establishes a foundation for
scalable, AI-driven materials research.

The rest of this paper is organized as follows: in Section 2, we
describe the system design of ToPolyAgent, and provide details
on the tools been used and technical detail on the MD simu-
lation. Section 3 presents a series of examples and use cases of
the ToPolyAgent simulating different types of topological poly-
mer under various conditions, while demonstrating the capa-
bility of ToPolyAgent as a research assistant. Finally, we
summarize this work and discuss potential future directions in
Section 4.

2 Method
2.1 System design

ToPolyAgent is designed not only to perform coarse-grained MD
simulations for various types of topological polymers directly
from detailed prompts but also able to interact with users and
adjust simulation settings based on their feedback. We imple-
ment this as a multi-agent system with two operational modes:
interactive mode and autonomous mode. Fig. 1 illustrates the
overall system design. Four distinct agents support these two
modes in conducting MD simulations for topological polymers.
The interactive mode is supported by the Cong Agent, Simu-
lation Agent, and Report Agent, while the autonomous mode
relies on the Workow Agent and Report Agent.

In the interactive mode, the rst agent to interact with the
user is the Cong Agent, whose task is to generate the initial
conguration data le containing the positions and connectiv-
ities of all polymer beads, as well as the initial positions of all
solvent particles. The Cong Agent employs six different tools to
perform its tasks. Five of these tools are dedicated to generating
ve types of topological polymers—linear, ring, brush, star, and
902 | Digital Discovery, 2026, 5, 901–909
dendrimer—each with specic input parameters that control
properties such as size, shape, and solvent concentration. The
remaining tool, known as the human tool, prompts the user for
additional feedback so that the Cong Agent can iteratively
modify the system conguration until the user is satised and
agrees to proceed to the next phase.

The second phase of the interactive mode is handled by the
Simulation Agent, which interprets user prompts and runs
molecular dynamics (MD) simulations for the previously
generated polymer congurations using appropriate parame-
ters. In addition, the Simulation Agent performs data analysis
on the simulation output and presents gures for user evalua-
tion. Similar to the Cong Agent, the Simulation Agent also has
access to the human tool and will request user feedback to
adjust and rerun simulations as needed.

Once the user approves the simulation results, the interac-
tive mode proceeds to the third phase, in which all results—
including simulation data, parameters, and interaction logs—
are compiled by the Report Agent. The Report Agent uses tools
to read logs and les, then generates a comprehensive simula-
tion report in markdown format.

In the autonomous mode, the agents expect the user to
provide more detailed prompts so that the simulations can be
carried out with greater specicity. The main difference
between the autonomous and interactive modes is the absence
of a human feedback loop in the former. In this mode, the
Workow Agent is responsible for generating the initial system
conguration, performing the MD simulation of the polymer–
solvent system, and conducting data analysis. The resulting
outputs are then passed to the same Report Agent, which
compiles them into a nal report.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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In practice, we use CrewAI to orchastrate the multi-agent
system and facilitate agent-to-agent collaboration, as well as
to maintain the agents' memory systems. The LLM is powered
by OpenRouter's API, which enables exible selection of the
underlying model. And without loss of generality, we use
OpenAI's GPT-4o-mini56 for the results presented in this study.
2.2 Tools for agents

To enable the different agents to accomplish their designated
tasks, we develope toolsets tailored to each agent's tasks. The
conguration generation toolset creates the initial congura-
tions for LAMMPS to read, simulate, and visualize through
plots. The simulation toolset runs the MD simulations and
performs conformational analysis using the dump les
produced by LAMMPS. The human tool connects the agents to
the user via command-line inputs. Finally, the report toolset
allows agents to read the les generated during the simulations
and compile reports in markdown format.

For system conguration generation, ve tools were devel-
oped, each corresponding to a specic type of topological
polymer. These tools read predened input parameters from
docstrings, generate the polymer congurations based on user
instructions, add solvent to the simulation box, save the
resulting LAMMPS data le, and visualize the congurations.
All tools require the simulation box size B and solvent density ns
as inputs, with additional topology-specic parameters. Gene-
rateLinearPolymer and GenerateRingPolymer require the chain
length N. GenerateBrushPolymer requires the backbone length
Nb, graing density sg, and side chain length Ns. Gene-
rateStarPolymer requires the arm length Na and number of arms
m. GenerateDendrimer requires the number of generations G,
branching factor b, and spacer length Ns.

For the simulation tools set, the runLAMMPS tool executes
theMD simulation using the LAMMPS data le generated by the
Cong Agent. It takes as input the interaction parameters:
polymer–polymer 3pp, solvent–solvent 3ss, and polymer–solvent
3sp, along with the thermostat type (Langevin or Nose–Hoover)
and the number of simulation steps. Details of the MD simu-
lations are provided in the following subsection. Additionally,
the ComformationAnalysis tool analyzes the dump les produced
by the LAMMPS simulations.

The following characteristic variables of polymer conforma-
tion are calculated:57,58 the square of the radius of gyration, Rg

2

= h(ri − rc)
2ii, where h.ii denotes the average over all beads on

the polymer, and rc = hriii is the center of mass of the polymer.
Themean square displacement (MSD) curve is given byMSD(Dt)
= ijrc(t + Dt)− rc(t)j2ht, where i.ht denotes the time average, and
the diffusion coefficient D is obtained from the relation MSD =

6DDt.
We also calculate the end-to-end distance, Ree = jrN − r1j,

dened as the distance between the rst and last beads on the
polymer chain, and the persistence length lp, obtained from the
bond–bond correlation function icos q(s)h = e−s/lp, where q(s) is
the angle between tangent vectors of the chain separated by
contour length s. The persistence length and end-to-end
distance are not calculated for dendrimers, as these quantities
© 2026 The Author(s). Published by the Royal Society of Chemistry
are not well dened, and are evaluated only for the backbone in
brush polymers and for a single arm in star polymers. The end-
to-end distance is also not calculated for ring polymers.

Additionally, we calculate the polymer form factor and the
radial distribution function. The form factor is given by the
isotropic intra-polymer structure factor:59,60

PðqÞ ¼
�
sin
�
q
��ri � rj

���
q
��ri � rj

��
�

i;j

(1)

where q is the magnitude of the scattering vector, and h.ii,j
denotes the average over all bead pairs on the polymer. The
radial distribution function is dened as

g(r) = hd(jri − rjj − r)ii,j (2)

where d is the Dirac delta function.
Finally, the human tool and report tool set are straightfor-

ward: the human tool allows the agent to receive natural-
language feedback from the user, while the report tool reads
and writes markdown les to the local directory.

2.3 Molecular dynamics

The main functionality of ToPolyAgent is to perform MD
simulations of coarse-grained polymer models, in which the
polymer is represented by a number of beads connected in
different congurations. The simulations are carried out using
LAMMPS. A truncated and shied Lennard-Jones (LJ) potential
is applied between every pair of beads:28

Uab
LJ ðrÞ ¼ 43ab

"�s
r

�12
�
�s
r

�
�
	
s

rc


12

þ
	
s

rc


6

; r# rc
6

#
(3)

where r is the distance between the two beads, rc = 2.5s is the
cutoff distance, s is the Lennard-Jones characteristic length,
and 3ab is the interaction parameter that depends on the bead
types. In our simulations of polymer–solvent mixture systems,
3pp, 3ss, and 3sp correspond to polymer–polymer, solvent–
solvent, and polymer–solvent interactions, respectively.

We use the nite extensible nonlinear elastic (FENE) bond
potential for the connected beads on the polymer, given by:61

UFENEðrÞ ¼ �1

2
KR0

2ln

"
1�

	
r

R0


2
#
þ 43

��s
r

�12
�
�s
r

�6�
þ 3

(4)

where K is the spring constant, R0 is the maximum bond
extension, 3 is the interaction strength, and s is the Lennard-
Jones characteristic length. In the simulations, we x K = 30,
R0 = 1.5, and 3 = 1.0 without loss of generality, thereby main-
taining a manageable number of tuning parameters.

We implement both the Langevin and Nosé–Hoover ther-
mostats in the simulations. The equation of motion for the
Langevin thermostat is given by:62,63

mi

d2ri

dt2
¼ Fi � gmi

dri

dt
þ RiðtÞ (5)

where mi, ri, and Fi denote the mass, position, and interaction
force of particle i, respectively. g is the friction coefficient, and
Digital Discovery, 2026, 5, 901–909 | 903
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Ri(t) is a Gaussian-distributed random force with zero mean and
variance iRi(t)$Ri(t0)h = 6migkBTd(t − t0), where kBT is the target
temperature and d is the Dirac delta function. In our simula-
tions, we set mi = 1 for all particles, with a friction coefficient g
= 1 and target temperature T = 1 when using the Langevin
thermostat.

The Nosé–Hoover thermostat maintains a constant temper-
ature by introducing a ctitious degree of freedom that couples
the system to a heat bath, thereby generating an NVT ensemble.
The equations of motion are given by:64,65

mi

d2ri

dt2
¼ Fi � xmi

dri

dt
;

dx

dt
¼ 1

Q

 X
i

mi

	
dri

dt


2

� gkBT

! (6)

where x is the time-dependent friction coefficient, Q is the
ctitiousmass of the thermostat, and g is the number of degrees
of freedom. In our simulations, the Nosé–Hoover thermostat is
implemented using LAMMPS’ x nvt command, with Q = 0.1 g.
Simulations are conducted using reduced L–J units, where
length is expressed in units of s, energy in 3, mass in m,
temperature in 3/kB.
3 Results

We begin by demonstrating examples of using ToPolyAgent to
perform MD simulations of topological polymers with various
architectures, including the interactive mode, which allows
revisions during the process, and the autonomous mode, which
executes the workow to completion. We then showcase ToP-
olyAgent as a research assistant, capable of running multiple
MD simulations through natural language interaction and
compiling research ndings for two representative cases: linear
polymers and brush polymers.
Fig. 2 Example of ToPolyAgent assisting in a brush polymer simulatio
omitted for brevity. (a) The Config Agent and the user discuss the system c
presents the final system configuration and analysis results. (c) The user r
Agent compiles and presents a comprehensive report.

904 | Digital Discovery, 2026, 5, 901–909
3.1 Interactive mode

In the interactive mode, ToPolyAgent engages with the user
throughout the entire simulation process. We present two
examples: one for a brush polymer, where multiple revisions are
made based on user requests, and another for a star polymer,
where the simulation proceeds in a streamlined manner.

Fig. 2 illustrates the workow of the dialogue between the
user and ToPolyAgent during the simulation of a brush polymer
in solvent. Beginning with the generation of the brush polymer
conguration and solvent packing shown in Fig. 2(a), the Cong
Agent rst produces a brush polymer using default settings. The
user then provides feedback requesting an increase in graing
density. The Cong Agent interprets this feedback, retrieves the
previously used parameters for brush polymer generation from
memory, and re-runs the conguration tool to adjust only the
graing density while keeping other parameters unchanged.

Aer the user approves the generated system conguration,
the Simulation Agent takes over, as shown in Fig. 2(b). It begins
by asking the user for additional specications of the simulation
parameters, then performs the MD simulation and correspond-
ing polymer conformation analysis using the simulation tools,
presenting the nal system conguration and analysis results to
the user. Subsequently, as shown in Fig. 2(c), the user requests
the Simulation Agent to extend the simulation to a longer run,
which the agent executes accordingly. Upon nal approval from
the user, the Report Agent compiles a comprehensive report
containing the simulation context, parameters, and conforma-
tion analysis results, with plots embedded in a markdown le.

The nal simulation corresponds to a brush polymer with
backbone length Nb= 20, graing density sg= 0.6, and side chain
length Ns = 5, within a simulation box of size B = 20 and solvent
number density ns= 0.3. The interaction parameters are 3pp= 3ss=

0.3 and 3sp = 1.5. The system is simulated using a Langevin ther-
mostat for 90 000 steps with a time step of dt= 0.01. The complete
conformation analysis results for the nal run are shown in Fig. 3.
n under interactive mode. Detailed text outputs from the agents are
onfiguration. (b) The Simulation Agent performs theMD simulation and
equests the Simulation Agent to extend the simulation, and the Report

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Conformation analysis of a brush polymer generated by ToP-
olyAgent. The system parameters are Nb = 20, sg = 0.6, Ns = 5, ns =
0.3, 3pp = 3ss = 0.3, and 3sp = 1.5, with a simulation length of 100 000
steps under a Langevin thermostat. (a) Radius of gyration analysis. (b)
Mean square displacement (MSD) analysis for diffusivity D fitting. (c)
Scattering function, or form factor P(q). (d) Pair distribution function
g(r) with a snapshot of the polymer configuration inset. (e) Persistence
length analysis. (f) End-to-end distance analysis. MSD, P(q), and g(r), as
well as the mean values of Rg2, lp, and Ree, are calculated using the
second half of the simulation data.

Fig. 4 Example of ToPolyAgent assisting in a star polymer simulation
under interactive mode.
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Finally, in Fig. 4, we present an example of agent–user
communication in which the user does not request any revi-
sions during the process. The Cong Agent selects its own
parameters according to the system prompt dened in the tool's
docstring and generates a system consisting of a star polymer
with arm length Na and number of arms m = 6 in a simulation
box of size B= 20, lled with solvent at a number density of ns=
0.2. The Simulation Agent then takes over and runs the simu-
lation using user-specied parameters, including 3pp= 0.5, 3ss=
0.7, and 3sp = 1.0, for 40 000 steps under a Langevin thermostat.
Finally, the Report Agent compiles the results and generates
a markdown report.
3.2 Autonomous mode

In the autonomous mode, ToPolyAgent automatically performs
all stages of the topological polymer simulation and provides
© 2026 The Author(s). Published by the Royal Society of Chemistry
the user with the nal reports. Compared with the interactive
mode, which allows for detailed user tuning throughout the
process, the autonomous mode streamlines the entire workow
and benets from amore detailed initial prompt, enabling both
the conguration generation andMD simulation steps to reect
user-specied parameters.

Fig. 5 shows three examples of ToPolyAgent operating in
autonomous mode, demonstrating simulations of a linear
polymer, a ring polymer, and a dendrimer. In Fig. 5(a), the user
instructs ToPolyAgent to simulate a linear polymer, specifying
the polymer length, thermostat type (Nosé–Hoover), and a run
length of 50 000 steps. ToPolyAgent correctly applies the user-
specied parameters, performs the simulation, and provides
the corresponding analysis results. In Fig. 5(b), the user
requests a ring polymer simulation, specifying the polymer size,
solvent density, three interaction parameters for polymer–
solvent interactions, and the total number of simulation steps.
The agent accurately assigns these parameters and executes the
simulation. The conformation analysis excludes the end-to-end
distance, as it is not dened for ring polymers. Finally, in
Fig. 5(c), the agent receives detailed instructions for generating
a dendrimer conguration, including solvent properties,
simulation box size, and simulation length, and successfully
performs the simulation using the correct parameter values. For
dendrimers, since both the end-to-end distance Ree and
persistence length lp are not well dened, only the other
conformational characteristics are presented.

With the autonomous mode, ToPolyAgent can serve as a self-
contained module within a larger system in which individual
components communicate with one another through natural
language, similar to human interaction. Despite relying on
language-based inputs and outputs, ToPolyAgent employs
rigorous scientic tools internally, producing more reliable and
reproducible results than commercially available, general-
purpose AI chatbots.
Digital Discovery, 2026, 5, 901–909 | 905
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Fig. 5 Examples of ToPolyAgent operating in autonomous mode. (a)
Simulation of a linear polymer using the Nosé–Hoover thermostat. (b)
Simulation of a ring polymer with specified interaction parameters. (c)
Simulation of a dendrimer with a specified simulation box size.
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3.3 ToPolyAgent as research assistant

Similar to a research assistant who conducts experiments and
compiles reports based on instructions from an advisor, ToP-
olyAgent can play the same role—translating natural-language
instructions into simulation results and reporting them back
to the instructor. These results can then contribute to new
research ndings. Fig. 6 illustrates this process. More impor-
tantly, because ToPolyAgent accepts natural-language input, the
instructor does not necessarily have to be human—it could also
be another AI agent. To demonstrate the potential of ToPoly-
Agent as an AI research assistant, we present two example use
cases: one involving a linear polymer and another involving
a brush polymer.
Fig. 6 Illustration of ToPolyAgent acting as a research assistant
specialized in coarse-grained simulations of topological polymers. The
instructor can be either a human or another AI agent.

906 | Digital Discovery, 2026, 5, 901–909
For the linear polymer, we use ToPolyAgent to study the
effect of solvent quality on conformational changes, particularly
on the polymer's radius of gyration. Although the simulation
module supports explicit solvent particles, we simplify the study
by using an implicit solvent model, where solvent effects are
represented by the polymer–polymer interaction parameter 3pp,
and the explicit solvent particle density is set to zero. We then
provide ToPolyAgent with a series of prompt variations to
perform simulations of linear polymers with different values of
3pp.

Prompt:Simulate a linear polymer consisting of 40 beads
without solvent, using a polymer–polymer interaction parameter
pp = {epsilon_pp}. Set the box size to 40, apply a Langevin
thermostat, and run the simulation for 100 000 steps.
We then compile all simulation results to investigate the

effect of solvent quality—quantied by the polymer–polymer
interaction parameter 3pp—on the size of the polymer chain. As
shown in Fig. 7, the polymer chain collapses as the interaction
strength increases. Fig. 7(a) shows the squared radius of gyra-
tion Rg

2 as a function of 3pp. As expected, increasing attractive
interactions lead to a reduction in overall chain size, resulting
in smaller Rg2 values. Moreover, Fig. 7(b) characterizes the
chain conformation through the slope of the form factor P(q).
The slope of P(q) versus q in the log–log scale increases with 3pp,
indicating a transition from a self-avoiding walk at low 3pp, to an
ideal randomwalk at intermediate 3pp, and nally to a collapsed
globule at high 3pp, resembling a fuzzy sphere. A small-angle
neutron scattering (SANS) data for polystyrene solution is
added for comparison. The SANS data is normalized using
contour length 32.3 nm based on exible cylinder model tting.
The SANS data is representative for good solvent with low 3pp.

For the brush polymer, we use ToPolyAgent to study the
effect of graing density on the bending stiffness, characterized
by the persistence length of the backbone. Similar to the linear
polymer study, we provide ToPolyAgent with a series of
Fig. 7 ToPolyAgent-assisted study (autonomous mode) of linear
polymer conformation with implicit solvent. (a) Radius of gyration as
a function of the polymer–polymer interaction parameter 3pp. (b)
Polymer form factor P(q) for different values of 3pp. Black markers are
the normalized SANS data for polystyrene. Snapshots of polymer
conformations at corresponding 3pp values are shown at the top.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 8 ToPolyAgent-assisted study of the effect of grafting density sg
on brush polymer conformation. (a) Persistence length lp of the
polymer backbone as a function of grafting density. (b) Polymer form
factor P(q) for different values of sg. Snapshots of polymers with
varying grafting densities are shown at the top, with the full system
including solvent displayed for sg = 1.
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variations of the following prompt to simulate brush polymers
in a solvent bath with different graing densities:

Prompt:Simulate a brush polymer with 20 beads on the back-
bone, graing density {graing_density}, and side chain length
5, in a good solvent with number density 0.2. Use a box size of
30, apply a Langevin thermostat, and run the simulation for 100
000 steps.
Fig. 8 shows the effect of graing density sg on the confor-

mation of the brush polymer. As the graing density increases,
the region near the backbone becomes increasingly crowded,
resulting in reduced backbone exibility. As shown in Fig. 8(a),
the persistence length lp of the backbone chain increases with
sg. Meanwhile, the form factor of the entire polymer, shown in
Fig. 8(b), decreases more rapidly at higher graing densities,
indicating a transition from an extended polymer-like structure
to a more compact, sphere-like morphology due to the dense
side chains. This conformational transformation is illustrated
by the snapshots of polymers with different graing densities
shown at the top of Fig. 8.

4 Summary

In this work, we introduce ToPolyAgent, a multi-agent AI system
specialized in MD simulations of coarse-grained topological
polymers. The ToPolyAgent system consists of four LLM-
powered agents, each assigned specic tasks and equipped
with dedicated tools to execute different stages of the simula-
tion workow. These agents are: the Cong Agent, which
generates the initial system conguration including the poly-
mer and solvent; the Simulation Agent, which performs MD
simulations and conducts conformational analyses of the
results; the Report Agent, which collects logs and generated les
from the simulation workow and compiles a report in mark-
down format; and the Workow Agent, which integrates the
functions of the Cong Agent and Simulation Agent.
© 2026 The Author(s). Published by the Royal Society of Chemistry
ToPolyAgent operates in two modes: interactive and auton-
omous. In the interactive mode, the Cong Agent, Simulation
Agent, and Report Agent are activated, with the Cong and
Simulation Agents equipped with a human-interaction tool that
enables real-time communication with the user for revision and
clarication. In the autonomous mode, theWorkow Agent and
Report Agent automatically produce the nal report directly
from the user's initial prompt, providing a more streamlined
simulation process.

We present examples of both interactive and autonomous
modes, covering ve common types of topological polymers:
linear polymers, ring polymers, brush polymers, star polymers,
and dendrimers. Finally, we demonstrate the potential of ToP-
olyAgent as a research assistant capable of handling more
complex research tasks and automating parts of the scientic
discovery process.

Building on the results demonstrated in this work, ToPoly-
Agent represents a new direction in computational materials
science by seamlessly integrating LLM-enabled agentic AI
systems with rigorous simulation tools. This integration not
only extends the capabilities of existing AI frameworks but also
enhances the practical utility of the simulation tools developed.
By enabling researchers to interact with the system through
natural language, ToPolyAgent signicantly lowers the technical
barriers to conguring and executing complex polymer simu-
lations, thereby making advanced computational tools acces-
sible to a broader range of users.

More importantly, ToPolyAgent's potential as a research
assistant paves the way for autonomous scientic research in
computational materials science. By combining ToPolyAgent
with other specialized research agents, it becomes possible to
construct a virtual research group composed entirely of AI
agents with complementary expertise. For example, a discovery
agent could identify research gaps addressable through topo-
logical polymer simulations by reviewing relevant literature;
a planning agent could design a research plan involving specic
sets of simulations, which are then executed by ToPolyAgent;
and a writing agent could compile a well-structured research
paper based on the simulation results. Human researchers
would oversee and rene this process, analogous to ToPoly-
Agent's interactive mode, ensuring alignment with scientic
objectives. By enabling scalable, collaborative, and automated
research workows, ToPolyAgent has the potential to accelerate
discovery in polymer science and beyond, constrained only by
available computational resources.

Looking forward, the development of ToPolyAgent opens
several promising avenues for advancing computational mate-
rials science and AI-driven research. First, the modular design
enables straightforward extensions to more complex polymer
systems, including support for multiple chains in dense melts
(e.g., pure polymer systems without solvent), multiple bead
types with diverse interaction parameters for copolymers, and
alternative potential forms (e.g., 10–12 Lennard-Jones potentials
suitable for protein modeling). Integrating additional molec-
ular simulation tools such as CHARMM66 and CHARMM-GUI,67

which also support coarse-grained modeling, could further
broaden its applicability to real-world materials design
Digital Discovery, 2026, 5, 901–909 | 907
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challenges. These improvements will greatly increase the
capability of the ToPolyAgent. Additionally, incorporating
advanced input-generation capabilities from frameworks such
as LUNAR52 and ne-tuned LLM53 could further enhance exi-
bility of the simulation workow. Second, incorporating
advanced analysis methods, such as machine learning models
for interpreting polymer properties from simulation data via
simulation-based inference,68–75 as well as adding simulation
diagnosis tool to determine whether a system is sufficiently
equilibrated could further streamline the research process by
providing predictive insights alongside simulation results.
Third, integrating LLM-based AI agents with simulation
frameworks supporting Monte Carlo methods such as GOMC,76

SPARKS77 and HOOMD-blue,78 would further enhance the
system's versatility. Finally, expanding ToPolyAgent's interop-
erability within a modular AI research ecosystem represents an
important future direction. For example, coupling ToPolyAgent
with agents specialized in experimental data analysis could
enable direct comparison between simulated and experimental
results, fostering deeper integration between computation and
experiment.
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