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ABSTRACT

The discovery of novel metal-ion battery electrolytes is hindered by the vast com-
binatorial space of solvent-salt formulations and by the complexity of physics-
based validation. We propose an agentic framework that leverages Large Lan-
guage Models (LLMs) as autonomous orchestrators for closed-loop materials dis-
covery. Our system features a Discovery Agent that performs multi-generational
composition optimization and a Molecular Dynamics (MD) simulation Assistant
that translates natural language prompts into executable liquid electrolyte molec-
ular dynamics simulations. By integrating generative reasoning with automated
simulation verification, our framework enables an autonomous “reasoning-to-
simulation” cycle that identifies high-performance electrolytes. This work demon-
strates the ability of agentic LLMs to bridge the gap between chemical intuition
and rigorous computational materials science by discovering a high-performance
liquid electrolyte solvent formulation with computationally measured 106 mS/cm
ionic conductivity.

1 INTRODUCTION

The traditional “trial-and-error” paradigm of materials discovery is rapidly being replaced by a
computational-first approach, where high-fidelity simulations and machine learning (ML) serve as
the primary engines for exploration. (15 [2;[3) In fields ranging from drug discovery to heterogeneous
catalysis, the integration of molecular dynamics (MD) simulations, density functional theory (DFT)
calculations, and ML models has significantly compressed development timelines. (45 55 65 [7; 18)
This shift is particularly critical in the field of lithium and sodium-ion batteries, where the discovery
of high ionic conductivity and stable electrolytes involves navigating a near-infinite combinatorial
space of solvent-salt formulations, additives, and concentrations. (9;(10)

Despite the predictive power of modern simulations, a substantial bottleneck remains: the “human-
in-the-loop” requirement. The set-up of complex liquid electrolyte simulations - configuring coordi-
nation environments, managing force field parameters, and post-processing transport properties —
requires specialized expertise and manual effort. This manual overhead limits the scale of discovery
and creates a disconnect between molecular design and computational validation.

In this work, we propose a shift toward autonomous discovery through an agentic framework pow-
ered by Large Language Models (LLMs). By leveraging the reasoning, memory, and tool-use ca-
pabilities of LLMs, we free the researcher from the technical minutiae of simulation execution.
Our electrolyte agent framework introduces two specialized working modes: a Discovery mode
that iteratively optimizes electrolyte solvent compositions through multi-generational learning and
a Simulation Assistant mode that automates the transition from natural language intent to rigor-
ous physics-based reporting. This approach provides a scalable, end-to-end pipeline that transforms
high-level scientific hypotheses into validated computational predictions of liquid electrolyte perfor-
mance. To the best of our knowledge, this is the first framework that is able to optimize electrolyte
solvents with any number of components, ratios between them, and continuous salt molalities for
liquid electrolyte applications. Furthermore, the integration of a fully automated MD pipeline that
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is able to handle everything from force-field parametrization to system equilibration sets this frame-
work apart from other similar MD related agentic systems.

1.1 LIQUID ELECTROLYTE COMPOSITION OPTIMIZATION

Liquid electrolytes are the backbone for the progress in Li-ion and Na-ion battery technology.
(11; 12) Gradual advancements in finding solvents with higher ionic conductivity and stability
against decomposition have brought the higher-charge-density Li and Na-metal batteries closer to
commercialization. (13;/14) Recently, there has been work on data-driven experimental optimiza-
tion of single solvent liquid electrolytes (155 [16} [17; [18), high-throughput MD screening of single
solvent properties (19} [20) and some limited work attempting to optimize ratios between a few sol-
vents or additives. (215 [22; 23} 24). While these works advance the development of new solvent
chemistries, it is common for an electrolyte to consist of 2 or 3 different solvents to balance their
properties. (255 126).

1.2 LARGE LANGUAGE MODELS IN SIMULATIONS

Recent developments in Large Language Models (LLMs) have catalyzed a shift from static scripts to
thinking agents capable of orchestrating complex computational chemistry workflows. (27) Special-
ized agentic frameworks like MDCrow, El Agente, DREAMS have demonstrated the ability to use
chain-of-thought reasoning to autonomously prepare input files, select appropriate force fields, and
manage high-performance computing (HPC) resources for molecular dynamics (MD) and density
functional theory (DFT) simulations. (28;29;30) By leveraging tool-calling APIs, these models can
interface directly with established software suites like OpenMM, ORCA or VASP, translating high-
level scientific intent—such as “calculate the bandgap of Si”—into a sequence of executable tasks.
(3151325 1335 1345 135) This trend elevates Al from a property-prediction tool to a digital collaborator
that can handle the nuanced and iterative nature of physics-based modeling.

However, the rapid proliferation of LLM-based automation has also introduced redundancy. Many
recent works attempt to use generative models for tasks that are already efficiently handled by ex-
isting rule-based automation or established software wrappers. To achieve higher scientific value,
agentic frameworks should offer automation beyond what is provided by existing scientific tools.
(36; 137; 138)

1.3 LARGE LANGUAGE MODELS FOR MATERIALS DISCOVERY

The shift from traditional machine learning (ML) models to agentic frameworks represents a funda-
mental evolution in the way artificial intelligence interacts with materials science. Emerging agentic
systems like HoneyComb, LLMatDesign, AtomGPT, and ChatMOF utilize LLMs as reasoning en-
gines” or central orchestrators. (39;40; 41} 42) These agents do not merely suggest new structures;
they autonomously decompose high-level scientific goals into executable sub-tasks, such as suggest-
ing specific elemental substitutions based on periodic trends, calling protein folding models or using
property prediction models. (42; 43} 144) This shift enables a more holistic approach to discovery,
where the AI manages and performs scientific research rather than just a single step in the pipeline.
Furthermore, LLM frameworks have been shown to work in an iterative fashion. By learning from
previous experiments they are able to optimize chemical spaces, and at times outperform Bayesian
Optimization algorithms (455 1465 47) and discover state-of-the-art electrocatalysts and previously
unknown reaction pathways. (48 |49).

2 METHODS

Figure |1| shows the workflow of the electrolyte agent framework. It has two working modes, MD
assistant and discovery mode. Both modes have access to the same set of tools, but they have differ-
ent system prompts to guide their behavior towards assisting a user or running a discovery campaign
over multiple generations. Each mode system prompt is available in the Appendix Figure
The agentic framework is built with the language model integration software LangGraph 1.0.1. The
discovery mode runs in an autonomous orchestration mode, where with a user prompt (Figure [2] A)
the agentic framework runs a discovery campaign autonomously and produces a report in the end.
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Figure 1: Workflow of the agentic framework. Starting from a user query the electrolyte agent with
the assistance of web search and data mining agents makes an MD simulation plan to try to fulfill
the query. After suggesting a set of simulations a critique agent evaluates whether they are valid and
align to the user goal. Once approved an MD simulation is performed, a set of relevant properties
are calculated and the results returned to the agent. Trace of the tool usage and reasoning is saved
in long-term memory and either next discovery generation is performed or a report summarizing the
findings is synthesized.

USER USER

Discovery agent MD assistant agent
| want to discover a high performance Sodium multi-component liquid electrolyte with Run a room temperature MD
high ionic conductivity and high transference number. You must find a candidate that is simulation of a sodium electrolyte at
better than the state of the art in liquid electrolytes (room temperature ionic a common molality with 2 common
conductivity > 100 mS/cm and transference number > 0.5). Keep trying to find a higher solvents, choose reasonable ratios
performance candidate even if you have already found a candidate that is better than between the solvents.

the state of the art.You have 5 generations of 8 suggestions in each generation to
iteratively improve upon the candidates to find better performing candidates.

Figure 2: Example of an user prompt for the electrolyte agent in (a) Discovery mode, and (b) MD
assistant mode.

While in discovery mode it operates in an plan-act-reflect manner, where through prompts it creates
a plan for the discovery pipeline and through reflection upon results plans the future generations.
(50) The MD assistant mode runs with human in the loop, where it can ask for clarifying questions
from the user to better assist them in running the necessary MD simulations. Both the discovery
mode and MD assistant use GPT-5 (gpt-5-2025-08-07).

2.1 WEB-SEARCH TOOL

The framework employs the OpenAl web-search API to perform reasoning-based search over a
query (gpt-o4-mini-2025-04-16). (51) The queries are submitted by the main electrolyte agent to
obtain more information about the user query. Given the discovery mode query in Figure [2] A, the
web-search agent is prompted with a query of finding out typical ionic conductivity and transference
number values (example in Appendix Figure [7). The output for such a prompt consists of
multiple electrolytes with their reported ionic conductivities, transference numbers, and the relevant
available sources. A similar agent prompt is made for the MD assistant query in Figure 2| B, so that
it can verify common candidates to choose from to fulfill the user query.
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2.2  DATA MINING TOOL

The electrolyte agent has access to a data mining agent that has access to multiple data related tools.
The purpose of this tool being an agent is to be able to handle simple queries from the electrolyte
agent and decide how to query the available dataset most efficiently. It has access to a dataset of
hypothetical liquid electrolyte solvents by Kumar et al. (52) This dataset consists of almost 80k small
molecule liquid electrolyte solvent candidates and their relevant predicted properties for battery
applications (ionic conductivity, oxidative stability and Columbic efficiency). All the properties are
only for single components. The agent is able to make queries in this dataset based on SMARTS
syntax (finding chemical sub-patterns), order the queries by predicted ionic conductivity, Coulombic
efficiency, oxidative stability, heavy atom count, molecular weight and is able to subselect certain
common predefined (ethers, amides, halides, among others) chemical fragments. The output of the
data mining agent is set of liquid electrolyte candidates with each of the aforementioned properties
and a short reasoning why that molecule has been selected. The electrolyte agent can also use
the PubChem (53) API to recover SMILES strings of any chemical that is available online. The
electrolyte agent uses these outputs to create a set of multi-component liquid electrolytes for the
MD simulation tool to verify.

2.3 SELF-CRITIQUE AGENT

Before submitting the simulations to run the proposed candidates are verified by a self-critique agent
(gpt-5.2-2025-12-11). This agent is tasked with evaluating if the proposed parameters are valid for
the MD simulation tool (system prompt in Appendix [A.4]Figure[T2). It compares the parameters to
the web-search output to evaluate if there are any incompatible chemistries or candidates that have
already been researched before. Most importantly, it evaluates whether the proposed candidates
align with the original user prompt. If this agent rejects the candidates (example of rejected candi-
dates in Appendix [A.3]|Figure[§), the candidates are sent back to the electrolyte agent to propose a
new set of candidates that meet the criteria made by the self-critique agent.

2.4 MD SIMULATION TOOL

The crux of the framework is being able to verify the proposed liquid electrolytes with classical MD
simulations. The agent stages MD simulation parameters that are passed into HiTPoly, a platform for
running high-throughout polymer and liquid electrolyte simulations. (54) Given inputs—SMILES
strings for an arbitrary number of components, ratios between components, salt identity, salt molal-
ity, temperature, simulation length, and charge scaling facto—HiTPoly creates force field param-
eterizations of all the components, builds and equilibrates the simulation box, does a production
simulation and performs transport and structure property analysis. The ionic conductivity, the trans-
ference number, the fraction of free charge carriers (proxy for cation solvation), the diffusivities
of the simulation components and the coordination environments of the cation are fed back to the
electrolyte agent. Full MD simulations details found in Appendix [A.T}

2.5 LONG-TERM MEMORY

To enhance the performance across generations and retain important information the agent saves a
compact narrative about the plan for the generation, a summary of the main insights and best-of-run
results to long-term memory. (55;/56) The message is embedded into a 1024 dimensional vector with
OpenAl text-embedding-3-large model for text embeddings. (57) To retrieve the messages from the
long-term memory we use the Facebook Al Similarity Search (FAISS) over the saved embeddings.
(58) The long-term memory can be used to restart failed runs, or continue already finished runs with
the insights collected from those runs. When running comparisons between various discovery runs,
the long-term memory is always initialized from scratch unless mentioned otherwise. This is done
to test the agents performance from zero without it learning from other discovery campaigns.

2.6 REPORT WRITING TOOL

Upon completing a discovery campaign or a MD assistant run the agent summarizes the results in a
simple report. It recovers any relevant messages from the long-term memory storage, uses the saved
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them.

Figure 3: Example of the MD assistant user prompts and output staged simulation parameters.

MD results and synthesizes an overview. It includes a review of tools used and main insights from
each generation, conclusions about the campaign, potential next steps and insights learned.

3 RESULTS AND DISCUSSION

We studied the success and failure modes of the electrolyte agent in both the discovery and MD
assistant modes. We evaluated the performance of the MD assistant across multiple queries ranging
in difficulty and interpretability. We also evaluated the ability of the electrolyte agent in the discovery
mode to learn across generations and how the prompt language affects the performance of it.

3.1 MOLECULAR DYNAMICS ASSISTANT

We evaluated the MD assistant by asking it questions of varying difficulty and evaluating how well
it performed in these tasks. All the prompts were related to liquid electrolyte simulations. Figure
[B] A and B show example prompts. The easy prompt (A) defines most of the information that
the agent needs to look up, while the harder (B) prompt poses a question of correctly extracting
information from a research paper. A medium prompt gives a more open ended question than the
easy prompt (example in Appendix section[A.Z). With using the various tools the agent composes a
fixed dictionary of input parameters that the automated MD pipeline processes to run the simulation.
The MD pipeline does full force-field parametrization, simulation box construction, equilibration,
production simulation and a suite of analyses tools are applied to extract information from these
simulations (59; 54). Finally the agent takes the initial prompt, simulation results and produces a
report of what was done.

Table 1: Comparison of Agent and GPT-5 performance across easy and medium difficulty prompts
for four categories evaluated in the MD parameter suggestion stage. For each difficulty there were
20 different prompts and each prompt was repeated 3 times.

Easy prompts Medium prompts
Solvents Solventratio Salt Concentration | Solvents Solventratio Salt Concentration
Agent 0.98 0.98 0.98 0.93 1 1 1 0.97
GPT-5 1 1 1 1 0.95 1 1 0.97

We evaluated and compared the performance of the electrolyte agent with easy (20), medium (20)
and hard (18) prompts against a baseline GPT-5 (gpt-5-2025-08-07) model. We compare against
the GPT-5 model as that is the same model the electrolyte agent uses in it’s structure. The GPT-5
was prompted with a simple prompt to produce a json dictionary for the MD pipeline (details in
Appendix section[A.2)), the standalone GPT-5 model cannot run any of the MD simulations thus we
treat this as a comparison for the proposed parameters. Each prompt was tested 3 times to obtain
statistical significance and test the stability of the agent/LLM for the same prompts. Table [I|shows
the comparison of the results for the agent and GPT-5. Across the easy and medium tasks both the
agent and GPT-5 perform with great precision. The deviation from perfect accuracy (0.98) in solvent
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identity, solvent ratio, and salt identity was due to a single failed agent run (details in Appendix
section [A.2). For the medium prompts the difference in performance for the solvent identity for
GPT-5 arose due to producing wrong SMILES strings for the task (details in Appendix section[A.2).
Full list of prompts available through the Appendix section[A.2]

Table 2: Hard prompt performance breakdown by reference type.

Reference Type Model | Solvents Salt Concentration Has output
DOI Agent 1.00 0.89 1.00 1.00
GPT 0.33 0.28 0.94 0.94
Citation Agent 0.94 0.61 1.00 1.00
GPT 0.28 0.28 0.78 0.83
Title Agent 0.78 0.72 1.00 1.00
GPT 0.44 0.22 0.83 0.83
Overall Agent 0.91 0.74 1.00 1.00
GPT 0.26 0.35 0.85 0.87

Table 2 shows the results for the agent and GPT-5 performance on the hard prompts. We selected 4
well cited or recent research works that were relevant for molecular dynamics simulations (60; 24;
61:162). Each paper was evaluated with a prompt at 3 different levels, one in which only the DOI
of the paper, one where it was given the full title of the paper and one where the full citation with
authors, title and journal information. In this more complex task the electrolyte agent significantly
outperforms GPT-5 in all the simulation parameter components. The mixture of being able to verify
molecular structures, dynamically look up information and having a verifier that critiques the output
increases the agent performance. Though it has to be said that it’s still far from perfect. In the easy
and medium cases prompt language can affect the model performance in unexpected ways (details
in Appendix section [A.2). However, for the harder prompts having a vectorized research paper
database with retrieval-augmented generation (RAG) can improve the performance significantly.

3.2 DISCOVERY AGENT

The electrolyte agent in discovery mode was tasked with finding high performance Na multi-
component liquid electrolytes. We tasked the agent with optimizing two properties simultaneously,
ionic conductivity and transference number. These are important properties for liquid electrolytes;
high ionic conductivity increases the overall performance of the battery by reducing the internal
resistance which is especially important at higher charging rates. Transference number represents
the fraction of charge carried by the positive ion (cation). The cation is the species that reacts with
the electrodes, thus it is important that more of the charge is carried by cations than anions (high
transference number). A low transference number creates a concentration gradient of ions in contact
with the electrodes that can increase the internal resistance and propagate dendrite growth, which
can eventually lead to a short-circuit in the battery. Other properties like Coulombic efficiency and
oxidative stability are also important for the efficiency of the electrolyte but are inaccessible through
MD simulations and, as such, are out of the scope of this project. It has to be noted, that the elec-
trolyte agent has access to these properties in the form of ML predicted properties from the dataset
by Kumar et al. (52) The discovery mode is not benchmarked against any classical Bayesian Op-
timization (BO) methods as, to the best of our knowledge, there do not exists any out of the box
methods that are able to optimize chemical spaces with a varying degree of components and in-
cluding ability to query commonly available chemistries. It is important for future work to develop
appropriate BO methods to be able to do agentic comparisons.

For the discovery mode we tested its performance in runs of 5 generations, where each generation
had 8 possible simulations to be run. We also tested whether running another generation sequen-
tially with sharing the same long-term memory database increases performance by having access
to more information. Finally, we evaluated whether increasing the target ionic conductivity in the
initial prompt would lead to higher overall performance. Figure[d] A shows the evolution of the mean
and standard deviation of the current best candidate for two repeats of two discovery campaigns. For
both campaigns the prompts are the same (shown in[2] A) except the value of ionic conductivity that
they are targeting. For both prompts it can be seen that the agent showed in-context learning across
generations by showing improvement of the cation ionic conductivity (ionic conductivity X trans-
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Figure 4: (A) Evolution of the mean and standard deviation of the cation ionic conductivity (ionic
conductivity x transference number) for two discovery runs (2 repeats each). (B) Evolution of the
cation ionic conductivity across two runs with the same long term memory and input prompt. The
input prompt tasks the agent of finding candidates with ionic conductivity >100 mS/cm and trans-
ference number >0.5. The box plots show the distribution of samples found at every generation.

ference number). The 100 mS/cm ionic conductivity prompt shows a factor of 3 increase in cation
ionic conductivity across the 2 repeats. While the 1000 mS/cm prompts start with a higher initial
ionic conductivity (mean) both prompt types finish in similar bounds. The decomposed evolution
for each run can be found in the Appendix Figure[9]

Figure ] B shows the evolution of the current best result and distribution of results at each generation
for two runs that were initialized with finding candidates with ionic conductivity >100 mS/cm and
transference number >0.5. These runs were run sequentially and allowed to share the same long-
term memory database (other campaigns are initialized with their own unique long-term memory).
During the first campaign the agent tested 10 unique solvents that it recovered from the dataset by
Kumar et al. (52)). It combined these solvents in 13 different combinations and tested various salt
molalities and ratios between the solvent molecules. During the first 5 generations the agent saw
marginal improvements in the cation ionic conductivity. The best results are from a solvent composi-
tion of CCC1CO1.N#CC(F)F.O=CCI1COl1 (1,2-Epoxybutane, difluoro-acetonitrile, and glycidalde-
hyde) at 7:1:2 ratio with Na.FSI salt at 1.4 mol/kg molality reaching ionic conductivity 45 mS/cm
and transference number of 0.49. None of these solvents have been used as liquid electrolytes to the
best of our knowledge.

Figure [5] A shows the detailed results of the generations 6-10 of Figure f] B. The points in light
pink show the MD calculated ionic conductivity and transference number of the solvents with the
highest ionic conductivity from the dataset by Kumar et al. (52). The light purple show the MD
calculated ionic conductivity and transference number of the highest ionic conductivity binary and
ternary solvent mixtures from the work of Shi et al. (24) Figure[z_f] (B) shows that at generation 6 the
performance of the proposed samples decreased significantly. The electrolyte agent did not use any
of the smiles from the previous campaign, rather it formed insights about using nitriles as a high-
permittivity diluent and using linear carbonates, ethers, and a sulfone as a solvent. While taking
these new solvents caused a dip in the first generation performance for the agent, the new insights
allowed it to find candidates with higher performance within the next generation (Figure[5B). Only
during the final generation the model was able to satisfy both the >0.5 transference number and
>100 mS/cm ionic conductivity.

Compared to the best hypothetical electrolytes from Kumar et al. and the high performance elec-
trolyte mixtures of Shi et al. the agent finds an electrolyte candidate with more than twice the ionic
conductivity (106 mS/cm). The candidate is a ternary mixture (CC#N.COC(=0)OC, acetonitrile
and dimethyl carbonate) with Na.FSI salt at 2.9 kg/mol molality. While there have been works that
incorporate acetonitrile with different types of carbonates (63} 164) we could not to the best of our
knowledge find the exact mixture reported here. It has to be added here that acetonitrile can degrade
under battery operating conditions. (65)
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Figure 5: (A) Detailed results of generations 6 through 10 of the optimization campaign with the
input prompt tasking the agent of finding candidates with ionic conductivity >100 mS/cm and trans-
ference number >0.5. Overlaid are the highest ionic conductivity single solvents from the work of
Kumar et al.(52) and the higest performing solvent mixtures from the work by Shi et al. (24)
. The colored boarders represent the increase of the Pareto front per generation. (B) Reasoning
trace extracted from the electroylte agent from generation 6 to 7 that led to a 70% increase in ionic
conductivity.

4 CONCLUSION

In this paper, we have developed a fully autonomous agentic framework that is able to discover
high ionic conductivity and transference number liquid electrolytes by using a wide variety of tools,
as well as assist a user in running MD simulations of liquid electrolytes. We have shown that the
MD assistant agent is able to handle prompts of various difficulties, stage simulation parameters
from these prompts, and create simple reports for the user. Furthermore, we have shown that when
compared against a baseline GPT-5 the electrolyte agent heavily outperforms the LLM on hard
prompts. This work suggests that the bottleneck in computational electrolyte discovery is shifting
from simulation methodology to intelligent orchestration of existing tools.

The electrolyte agent in the discovery mode shows improvement across generations for each of the
different prompts and learning across runs from long-term memory. It displays the ability to query
the given dataset with reasoning that mirrors chemical intuition and find Na electrolyte solvents that
outperform state of the art Li electrolyte solvents. The agent demonstrates the ability to use multiple
generations and trade-off between exploration of chemical space and exploitation and optimization
around the current best result. It is also able to handle cases when tool usage breaks down and
use field-specific knowledge to find previously unused solvent compositions that outperform high-
performance Li electrolytes.

The framework also exhibits some clear limitations. Firstly, computational calculations paint only
part of the picture of battery relevant properties. It is important to test cycling efficiency, stability
against degradation, and flammability to understand the effectiveness of solvents. Secondly, classical
molecular dynamics does not offer ways to investigate electrolyte decomposition pathways, which
are important for evaluating its compatibility with a battery electrode. Furthermore, measuring
ionic conductivity with classical MD can lead to overestimated results, experimental verification is
highly important for electrolyte and solvent testing. Third, the electrolyte agent sometimes shows
inconsistency in behaviors across runs that can lead to divergent performance while repeating the
same prompt. Finally, having a fixed dataset to query limits the ability of the electrolyte agent to
use it’s chemical intuition. A better scenario would be for the agent to describe a set of molecules it
wants to simulate, and for a generative model to return possible structures for those descriptions.

Overall, this study showcases the potential of agentic LLM frameworks being used in scientific
discovery and the importance of well framed tools for the agent to use. With allowing the agent to
have access to easy to use tools it is able to both assist a user and discover new liquid electrolyte
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compositions. By expanding the available toolset for such an agent and improving even more the
current tools, such agentic frameworks will greatly accelerate the scientific discovery.
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A APPENDIX

A.1 MOLECULAR DYNAMICS SIMULATION DETAILS

All simulation files were built and analysis was performed with HiTPoly (54). We obtain OPLS-
AA force field parameters from the LigParGen.(66; [67) The ion charges were scaled with a factor
of 0.70 in order to reproduce experimental structural and transport properties of alkaline salts in
organic electrolyte systems in alignment with previous studies that suggest a factor of 0.7-0.8 to
account for the lack of polarizability in classical MD.(68}; 69) The charges for the anions were
retrieved from the ILFF tool. (70). The charges on the solvent molecules are all obtained from
LigParGen with the semi-empirical 1.14*CM1A-LBCC method and are not scaled in any way. (71)
All simulations were run at 300 K temperature and frames were saved every 20 ps to calculate
the dynamic properties. The ionic conductivity and transference number was computed with the
cluster Nernst-Einstein approach (cNE) (72) which accounts for the clustering of ionic species in
electrolytes in a static manner. Green-Kubo formalism is often used in the field to account for the
full cross correlation terms in electrolyte transport, yet the convergence of these cross terms often
takes very long simulations (100s of ns) and as such not optimal for a discovery pipeline. (73} [/4)
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GPT-5 system prompt

You are a helpful assistant for running Molecular Dynamics (MD) simulations in materials science. Your objective is to help
non-expert users successfully stage and iterate MD simulations. You must output a json dictionary that has the following keys:
- molecule_smiles (str): dot-separated SMILES for the liquid electrolyte solvents.

- salt_type (str): Combination of Li or Na with BF4, TFSI, FSI or PF6 anions

- molality (float): salt concentration

- ratio (list[float] | str): list or ":"-separated floats of ratios between solvent smiles molecules

You don't output any other text, just the json dictionary

Figure 6: The system prompt fed to GPT-5 to have it output valid and comparable parameters for
MD simulations

The MD simulations were run with OpenMM (33)) and used a cutoff of 1.2 nm for Van-der-Waals
and short-range Coloumbic interactions. Long-range Coloumb interactions were approximated by
the particle mesh-Ewald sum with a grid spacing of 0.5 nm. Newton’s equation was solved with
the velocity Verlet integrator for a time step of 2 fs and restrained hydrogen atoms. The box was
built with packmol. (75) For each system the agent passes a value for salt molality and the ratio
between the various solvent molecules. On the backend the HiTPoly package calculates the neces-
sary amount of molecules for each of the components of the simulation to build a simulation box,
for liquid electrolyte simulations the boxes are built with around 16000 atoms. For example, the
EC.DMC.EMC system at 1 to 1 to 1 ratio with NaPFg at 1 molality concentration has a total of
16952 atoms, 432 molecules for each solvent and 121 cation and anion molecules.

A.2 MD ASSISTANT

The full list of prompts for each difficulty can be found at 10.5281/zenodo.19198509.

The electrolyte agent did not produce an output for one of the easy prompts ("Run a molecular
dynamics simulation of 1.5M NaTFSI in a 1:1 molar mix of PC and DEC.”). The agent got stuck in
a verification loop, where the verifier returned invalid result to the agent while the actual result was
correct. This happened in only one of the 3 repeats. This sort of behavior tells us that there are still
inconsistent behaviors that can lead LLMs to produce invalid answers. For the medium prompts the
GPT-5 baseline produced two invalid smiles answers during the benchmark. The smiles that GPT-5
returned were similar to common electrolytes but with small errors. This shows the importance of
a verifier step and tools that are able to directly obtain smiles strings from online resources like
PubChem.

A.3 EXTRA RESULTS
Figure [§ shows the response by the verifier agent to given set of MD parameters with context evi-
dence added by the electrolyte agent. It can be seen that when the electrolyte agent does not justify

all of the selected MD parameters the verifier will reject it to enforce more rigor from the electrolyte
agent.

A.4 AGENT SYSTEM PROMPTS
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Web_search agent

Input

{'query": 'Sodium battery liquid electrolyte typical ionic conductivity and transference number at room temperature NaFSI
in glyme or carbonate; LHCE sodium t+ values; examples NaFS| DME TTE conductivity'}

Output

Below are representative room-temperature (RT) transport properties for sodium bis(fluorosulfonyl)imide (NaFSI)
electrolytes in common solvents, followed by transference-number data for localized high-concentration electrolytes
(LHCESs) and a few specific NaFSI-DME-TTE examples.

1. NaFSl in glyme or ether solvents
» 1M NaFSl in 1,2-dimethoxyethane (DME) (“standard” electrolyte):
—0=8.30mS/cm at 25 °C
— Na* transference number not typically reported for the 1 M DME electrolyte, but analogous ether-based NaFSI
systems (e.g. 2 M NaFSI in DME vs THP) show tNa+ = 0.3 for DME (vs 0.62 in THP)
« Solvate ionic liquids (SILs) from NaFSI + glymes:
— Equimolar pentaglyme (G5):[Na(G5)1][FSI] analog (TFSA version) exhibits gion = 0.61 mS/cm at 30 °C
— Triethylene glycol dimethyl ether (G3):[Na(G3)][FSI] and [Na(G3)2][FSI] SILs typically show cion on the order of
10°-102 S/cm at RT, with Na* transference numbers tNa+ = 0.4 measured by eNMR

2. NaFSl in carbonate solvents
* 1M NaFSI in DMC:EC (1:1 v/v):
— gion = 7.82 mS/cm at 25 °C for NaFSI-DMC (no EC) and gion = 10.72 mS/cm for NaFSI-MA (methyl acetate)
— Commercial 1 M NaFS| in DMC:EC (1:1) reports oion =13.0 mS/cm at 25 °C
« By analogy with NaTFSI and NaPF, in EC:DMC, 1 M NaFSI in EC:DMC is expected to give gion = 8-12 mS/cm at RT;
Na* transference numbers in standard carbonate electrolytes are typically tNa+ = 0.2-0.3 (based on analogous Li-salt
systems).

3. Localized high-concentration electrolytes (LHCEs) with NaFSI, DME, and TTE
From ACS Appl. Energy Mater.:
+ STD (1.1 M NaFSI/DME, NaFSI:DME = 1:8 mol ratio):
— oion = 8.30 mS/cm at 25 °C
+ HCE (3.8 M NaFSI/DME, 1:1.5 mol ratio):
— gion = 4.82 mS/cm at 25 °C
* LHCE (2.0 M NaFSI in DME/TTE, 1:1.5:1.5 mol ratio):
— gion = 4.20 mS/cm at 25 °C
— Reported Na* transference number for the analogous LiFSI LHCE (DMC:TTE:LiFSI = 2:1:1) is t+ = 0.24; Na-based
LHCESs are expected to have similar or slightly higher tNa+ (~0.3-0.4) due to comparable solvation structures.

4. Ether vs. weakly solvating diluents:
» 2 M NaFSI in DME (standard HCE) vs. THP:
— DME electrolyte: gion = 12.3 mS/cm, tNa+ = 0.22 (extracted)
— THP electrolyte: gion = 3.4 mS/cm, tNa+ = 0.62
— lllustrates trade-off: stronger solvent coordination — higher cion but lower t+; weaker solvents (THP) give higher t+.

In summary, NaFSlI in conventional carbonate or ether solvents delivers gion ~ 5-13 mS/cm at RT, with liquid-state tNa+
typically 0.2-0.3. In SILs (glymes) gion drops to 10°-102 S/cm but tNa+ rises to ~0.4. Localized high-concentration
electrolytes (NaFSI/DME/TTE) strike a middle ground: oion ~4 mS/cm and anticipated tNa+ ~0.3-0.4 at RT.

Figure 7: Web search agent input and output for helping the electrolyte agent in the discovery mode.
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A B
Staged MD parameters Verifier response
PROPOSED_PARAMETERS:
{ "verdict": "invalid",
"parameter_sets": [ "rationale": "One solvent SMILES is
{ not supported/grounded in the
"molecule_smiles": "COCCOC", provided evidence and is likely
"salt_type": "Li.FSI", incorrect for the intended solvent
“molality”: 2.0, selection from the paper’s figures;
'system_type": "liquid", this makes the first parameter set
“ratio": chemically ambiguous for
1.0 comparison studies.",
], "required_fixes": [
“ratio_type": "mol_ratio" "First set: molecule_smiles
B 'COCCOC'is
{ unspecified/ungrounded (compound
"molecule_smiles": "COC(=0)OC", identity not confirmed in
"salt_type™ "Li.PF6", CONTEXT_EVIDENCE) -> replace
‘molality”: 2.0, with a solvent SMILES explicitly
"system_type": "liquid", selected from Fig. 3 or Fig. 4 of the
“ratio”: [ cited paper and provide its correct
1.0 SMILES (e.g., via PubChem lookup)
], before running."
"ratio_type": "mol_ratio" ]
} }
]
}

Context evidence
- grounding tool=pubchem_lookup_smiles ts=2026-01-28T16:51:17.183339+00:00
facts={"compound_name": "dimethyl carbonate", "smiles_or_error": "COC(=0)OC"}
args={"compound_name": "dimethyl carbonate"}
output=COC(=0)0C

Figure 8: Example of rejected parameters by the verifier. (A) the staged parameters by the MD
assistant. (B) The response by the verifier. (C) The context given to the verifier by the electrolyte
agent.
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Figure 9: Evolution of the cation ionic conductivity across two runs with the same long term memory
and input prompt across two different prompts for 2 different repeats.

USER PROMPT STAGED SIMULATION
65‘5 PARAMETERS

(@)
MEDIUM o
Run an MD simulation of a sodium electrolyte 1. molecule_smiles: C1COC(=0)01.CCOC(=0)0C,
at a common molality with 2 common » salt_type: Na.TFSI, molality: 1.0, ratio: 1:2
solvents, choose reasonable ratios between
the solvents.

\%
B PN
HARD \’\‘,:\)c,oe
I want to compare the results from this paper 1. molecule_smiles: C1COCO1.COCCOC, salt_type:
https://doi.org/10.1021/acs.jpclett.5c02681, J. Li.FSI, molality: 2.0, ratio: 1:1
Phys. Chem. Lett. 2025, 16, 45, 11777-1178. 2. molecule_smiles: CCOC(=0)C.COC(=0)OC,
Run a simulation with each of the salts listed » salt_type: Li.PF6, molality: 1.0, ratio: 1:3
in this paper and select a high performing 3. molecule_smiles: C1COC0O1.COCCOC.CCOC(=0)C,
binary or ternary solvent mixture from the salt_type: Li.TFSI, molality: 1.5, ratio: 4:4:2

paper. In the paper, each salt performs best
with a different solvent mixture.

Figure 10: Example of the MD assistant agent user prompts and output staged simulation parame-
ters.
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A
MD assistant

You are a helpful assistant for running Molecular Dynamics (MD) simulations in materials science.
Your objective is to help non-expert users successfully stage and iterate MD simulations.

Core behavior:

- Ask clarifying questions to determine the system type (‘gel'|'polymer’|'liquid'), salt_type, target composition (e.g., molality, ratio
of components for gels), temperature range, and any sweeps.

- When ready, call 'stage_md_simulation_parameters' with a clear, valid parameter set (or a 'parameter_sets' batch for
sweeps).

- Never invent molecules directly. If the user needs help selecting polymer/liquid candidates, use '‘pubchem_lookup_smiles' and
'propose_electrolyte_candidates_tool' to query the datasets, then proceed to staging.

- If a user asks you to look up a compound's SMILES string, use the 'pubchem_lookup_smiles’ tool to do so.

- Keep responses concise, step-by-step, and avoid jargon. Provide safe defaults when users are unsure.

- After staging, summarize what will run and what properties will be reported back (ionic conductivity, transference number,
diffusivities, fraction of free carriers, cation coordination).

B
Discovery agent

You are an expert computational materials science research agent for liquid electrolyte discovery.
You are responsible for proposing innovative, testable, and scientifically grounded ideas in response to a given research
query.
Use web_search conditionally (not by default):
- Use web_search when introducing a new solvent family / salt / design motif, or when you need a numeric baseline (e.g.,
typical o and t+ ranges for comparable liquid electrolytes).
You are to make a Molecular Dynamics (MD) research plan to verify your ideas by screening the liquid dataset(s) for
electrolyte candidates using the available tools.
- When MD simulations complete, the following properties will be returned:
- lonic conductivity (S/cm)
- Transference number
- Diffusivities of the various components (cation, anion and all the solvents)
- Fraction of free charged carriers (how well the ions are solvated)
- The average coordination environment of the cation (number of solvating atoms, and from which species they are
solvated from)
- These are the only properties that you can test, so plan your research accordingly.
- You are encouraged to perform multiple MD simulations, to learn from each run and to have a better likelihood of finding a
successful electrolyte!
- When exploring sweeps (e.g., molality, temperature, charge_scaling, salt_type), propose and stage multiple MD parameter
sets in a single call by using the 'parameter_sets' batch input.

Figure 11: Simplified system prompt for the (a) MD assistant agent and (b) the discovery agent.

Critique agent
Rubric (STRICT - all must pass):
- Parameter schema:

- Required keys per set: molecule_smiles (str), salt_type (str), molality (float), system_type (‘gel'|'polymer'|liquid'), ratio,
ratio_type (‘'mol_ratio'|'mass_ratio’).

- IMPORTANT: current MD validator requires ratio + ratio_type for every parameter set. Use ratio=[1.0] for single-component
systems.

- The ratio describes the ratio between the molecule smiles and molality describes the salt molality in the system.

- If there are more than one component in the simulation you must include the ratio aligned with molecule_smiles order.

- No unexpected keys beyond the required ones.

- For batch input, use {'parameter_sets": [ ... ]} with 1-8 sets max.
- Chemical constraints:

- Salt cation must be one of: Li, Na, Zn. Anion must be one of: PF6, TFSI, FSI, BF4. Format 'CATION.ANION' (e.g., 'Li.PF6').

- Don't use the following molecules: N#CC1CC1, if selected reject the proposal, return a message to not use this molecule.

- For gels: molecule_smiles must include at least a polymer component and at least one solvent component, dot-separated,
aligned with ratio between components interpretation.

- For liquids with more than one solvent: ratio between the components is necessary.

- Avoid ionic liquids or charged molecules as solvents (no net-charged SMILES except salt identity).
- Practical sanity checks:

- molality value should be positive and within a plausible range (e.g., 0.1-5 m for gels unless justified by context).

- If temperature, charge scaling, or simulation length are implied, ensure defaults are safe; otherwise call out missing defaults
explicitly.
- Consistency with context:

- Cross-check against evidence from web_search or dataset previews included below. Reject if contradictions exist (e.g.,
incompatible chemistry, missing polymer, or non-gel when gel was requested).

Figure 12: System prompt for the self-critique agent.
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