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Abstract

Recent breakthroughs in machine learning and artificial intelligence, fueled by sci-
entific data, are revolutionizing the discovery of new materials. Despite the wealth
of existing scientific literature, the availability of both structured experimental
data and chemical domain knowledge that can be easily integrated into data-driven
workflows is limited. The motivation to integrate this information, as well as addi-
tional context from first-principle calculations and physics-informed deep learning
surrogate models, is to enable efficient exploration of the relevant chemical space
and to predict structure-property relationships of new materials a priori. Ultimately,
such a framework could replicate the expertise of human subject-matter experts.
In this work, we present dZiner, a chemist AI agent, powered by large language
models (LLMs), that discovers new compounds with desired properties via inverse
design (property-to-structure). In specific, the agent leverages domain-specific
insights from foundational scientific literature to propose new materials with en-
hanced chemical properties, iteratively evaluating them using relevant surrogate
models in a rational design process, while accounting for design constraints. The
model supports both closed-loop and human-in-the-loop feedback cycles enabling
human-AI collaboration in molecular design with real-time property inference, and
uncertainty and chemical feasibility assessment. We demonstrate the flexibility of
this agent by applying it to various materials target properties including surfactants,
ligand and drug candidates, and metal-organic frameworks. Our approach holds
promise to both accelerate the discovery of new materials and enable the targeted
design of materials with desired functionalities. The methodology is available as
an open-source software on https://github.com/mehradans92/dZiner.

1 Introduction

The discovery of new molecules and materials with advanced properties is essential for tackling
significant challenges, ranging from therapeutic discovery to addressing climate change. The evolution
of materials innovation has gone through four distinct paradigms [1]. Initially, it primarily relied on
empirical trial and error. And then, as disciplines like mathematics, chemistry, and physics advanced,
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Figure 1: dZiner workflow overview. The model starts by inputting the material’s initial structure as
a textual representation. The AI agent dynamically retrieves domain-knowledge (design guidelines)
for Property X from scientific literature, the Internet or other resources. Based on these guidelines, and
any additional design constraints provided in natural language, the agent proposes a new candidate
and assesses its chemical feasibility in real-time. Next, it estimates Property X for the new candidate,
incorporating epistemic uncertainty, using a cost-efficient surrogate model. Optionally, as part
of a human-in-the-loop process, the human chemist can review the agent’s new candidates and
chain-of-thoughts, providing feedback and suggesting further modifications or constraints, creating
an opportunity for human-AI collaboration to guide the exploration process. The agent continues
exploring the chemical space, guided by chemistry-informed rules, until it meets the convergence
criteria.

materials innovation began to follow scientific laws. The third paradigm emerged with the advent of
computational chemistry, illustrated by tools such as Gaussian 70 for ab initio calculations and density
functional theory (DFT) [2, 3]. Currently, the fourth paradigm integrates theoretical, experimental,
and computational methodologies using data-driven techniques including data mining, cluster analysis,
predictive analytics, machine learning (ML), and materials informatics altogether [4, 5].

One major drawback of the traditional materials discovery methods is that it often involves extensive
screening through laboratory experiments or in silico simulations, which are both time-consuming
and resource-intensive [6, 7]. On the other hand, the promising data-driven approaches that use
machine learning surrogate models to predict material structures and properties [8–10] or suggest
novel materials [11, 12] rely heavily on extensive training datasets. However, these models face
challenges when such data is unavailable or when there is only a limited budget for conducting
experiments or simulations. In contrast, a human expert would be much more effective in such cases,
by leveraging their domain knowledge and reasoning from limited examples. This underscores the
need for a new materials design paradigm, where models are built to replicate and/or integrate the
expertise of human domain experts.

The emergence of large language models (LLMs), which excel at understanding and processing
natural language text, presents a promising opportunity to integrate primary sources from complex
scientific literature, diverse datasets, and human expertise toward the acceleration of scientific
discoveries. LLMs have excelled at various tasks, even those they are not explicitly trained for,
which has led to increasing interest in creating LLM-based agents with abilities including human-
mimicking reasoning, self-reflection, and decision-making [13–15]. These autonomous agents can
be augmented with external tools or action modules, enabling them to surpass conventional text
processing and directly interact with the physical world (i.e. robotic manipulation [16–18] and
scientific experimentation [19, 20]). By integrating tools such as plugins specific to domain expertise,
these agents can overcome the inherent deficiencies of LLMs in specific domains and enhance their
overall applicability, performance, and interpretability [21, 22]. For instance, recent studies have
demonstrated the use of LLM agents to extract materials datasets and scientific research [23–27],
chemical innovation [28], experiment planning [29] and predicting experimental outcomes [30],
hypothesis generation [31, 32], and closed-loop or human-in-the-loop molecular discovery [33, 34],
among many other applications. An excellent overview of LLM-based autonomous agents in
chemistry and materials can be found in reference [35].

In this work, we present dZiner, an agent-based framework for rational inverse design of materials,
powered by the state-of-the-art LLMs (Figure 1). Leveraging both human expertise and the existing
knowledge contained in scientific publications, dZiner acts as an intelligent chemist research assis-
tant [36], providing feedback on every step of the iterative inverse design process. Our agent starts
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by inputting the initial molecule as a textual representation, SMILES (Simplified Molecular Input
Line-Entry System) or a sequence string, along with a brief description of the property optimization
task (e.g., increase binding affinity, decrease critical micelle concentration (CMC), or increase CO2

adsorption), all in natural language. The agent then interprets human-provided instructions or any
design constraints, along with retrieving chemical knowledge from relevant scientific literature, the
Internet or other resources to identify possible chemical modifications that could potentially improve
the target molecular property. Following these modulation guidelines, the agent generates a new
candidate molecule. However, since SMILES strings generated by LLMs may sometimes deviate
from proper SMILES grammar, resulting in invalid structures or potential hallucinations, we imple-
ment a validation step. This step serves as a quick check to assess the chemical feasibility, and score
synthesizability of the newly generated molecule. After this validation process, the effectiveness of
the molecule modulation is assessed using a domain-expert model, potentially physics-based. How-
ever, to reduce the computational cost of the framework, we limit our study to use more affordable
surrogate data-driven models for evaluation rather than expensive DFT or Free Energy Perturbation
calculations. The agent then iteratively reviews the modified materials and the entire modification
history, stopping the generation of new candidates once the convergence criteria are met. Optionally,
in a human-in-the-loop process, a chemist can review the agent’s proposed candidates and reasoning,
offering feedback and suggesting additional modifications or constraints. This enables human-AI
collaboration, allowing the chemist to better guide and refine the exploration process.

This manuscript is structured as follows: Section 2 presents the benchmarking and evaluation of the
model’s performance across three distinct materials inverse design tasks. Section 3 follows with a
discussion on the implications of our findings, the strengths of our approach, and potential directions
for future research. The Supplementary Information (section 4) provides model limitations, details
of our methodology, including the agent’s toolkits, domain-expert knowledge, and synthesizability
assessment. Information on the domain-expert surrogate models used in this study, along with the
visualization for the 600 AI-generated molecules, are available in the Supplementary Information
(section 4).

2 Results

2.1 Surfactant Design and Critical Micelle Concentration Inference

Surfactant molecules play important roles in a wide variety of disciplines of study, from lubricants
and coating to pharmaceuticals and drug delivery systems [37]. This wide applicability of study is due
to the role of surfactant molecules which act as compatibilizers between dissimilar materials phases.
While there are many metrics that are used to characterize surfactant molecules, the most common
is the critical micelle concentration (CMC). CMC is traditionally the experimentally determined
concentration at which individual surfactant molecules will self-assemble into larger aggregates
(micelles). This value is critically important as the desirable properties of surfactants (solubilizing
differing phases, enabling biocompatibility etc.) are typically only enabled when the solution
concentration of the surfactant is above the CMC [38]. To design surfactant molecules with a desired
CMC, the task is often challenging and relies heavily on domain-knowledge based expertise. Hence,
the design task of minimizing CMC is both well-suited for an LLM agent, and a desirable objective
to reduce the reliance on domain expertise for chemical synthesis.

Given these considerations, we apply dZiner to the rational design of surfactant molecules, with
the objective of generating synthesizable molecules that minimize their expected CMC in water at
room temperature. The agent was provided with an initial candidate surfactant-like molecule, for
these experiments N-(2-oxotetrahydrofuran-3-yl) decanamide, and was tasked with making additions,
substitutions or deletions to reduce CMC. The expected CMC with uncertainty is evaluated via a
surrogate model as outlined in the methods (section 4.2.2.2). The design guidelines were determined
by the agent via providing exemplary journal articles [39–46] on surfactant design. These general
guidelines include; 1. hydrophobic tail length and structure; increasing the length of the tail generally
reduced CMC while increasing branching reduces CMC, 2. hydrophilic head group size and polarity;
larger and more polar head groups generally increase CMC by increasing aqueous solubility, 3.
functionalization with heteroatoms, aromatic moieties or other functional groups; modifications to
add silicons, fluorines or other groups such as ethylene oxides to the tail or head respectively, reduces
CMC. Additionally, the model is asked to keep the molecular weight of the generated candidates
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Figure 2: dZiner's chain-of-thoughts in the closed-loop inverse design of surfactants with
lower CMC. The agent is powered by Claude 3.5 Sonnet. The design guidelines are retrieved from
references [39–46], and the model is asked to keep the molecular weight lower than 600 (g/mol) in
natural language text. CMC is reduced by two orders of magnitude via iterative agent-suggested
chemical modi�cations.

lower than 600 (g/mol) in natural language text. With this information, the agent was applied to
the inverse design task. The resulting iterations of surfactant design powered by Claude 3.5 Sonnet
(Figure 2) demonstrated the introduction of several modi�cations to the initial SMILES structure,
that ultimately reduced the expected CMC by roughly two orders of magnitude. In the resulting
benchmarking, Sonnet 3.5 agent generally performed better than the one using GPT-4o, generating a
larger proportion of chemically valid surfactant molecules (Table 1). The associated chain-of-thoughts
analysis for GPT-4o generated surfactants is discussed in detail in the supplementary information
(see Figure S1). In analyzing the Sonnet 3.5 agent generated iterations, the agent was able to
initially reduce the log(CMC) by �rst extending the hydrophobic tail of the initial molecule. After
this initial improvement, the agent attempts to make a series of modi�cations to the head group
(iterations 2-5) which are rejected. Iterations 5 and 6 yield the largest reduction to the log(CMC)
(improvement by 1.618) with the introduction of �uorine heteroatoms to the tail and head of the
surfactant molecule, respectively. Notably, during this heteroatom addition Claude 3.5 Sonnet is able
to identify potentially invalid molecular structures due to ambiguity in the learned design rules (add
heteroatoms to the end of the tail group), and successfully generates molecules that are valid while
applying an equivalent modi�cation (in this case, modifying the terminal carbon on the tail group).
This behavior was exclusively observed in Claude 3.5 Sonnet agents, and was not reproduced by
GPT-4o, likely contributing to the increased performance of 3.5 Sonnet models. Another noteworthy
behavior is that the suggested changes from iteration 6 were ultimately reverted, as the addition of
head group �uorination dramatically increased the SA score, which the model believed was indicative
of a synthetic pathway that would not yield further improvement. Afterwards, additional modi�cations
including the introduction of sulfur heteroatoms and addition groups to the hydrophobic section are
able to make modest improvements. Iteration 17 further increased the length of the hydrophobic
tail which reduced the log(CMC) to the ultimate value of -1.257, yielding a total improvement of
roughly two orders of magnitude over the campaign. The Tanimoto similarity between the initial
surfactant molecule and the �nal molecule was 0.41, demonstrating that for this design task, dZiner is
able to make signi�cant and creative changes to the initial molecule over the course of an experiment.
Throughout the iterations, the SA score ranged from 2.80 to 3.93, where the candidate molecule with
the lowest CMC achieved an SA score of 3.33, only slightly more synthetically complex than the
initial candidate molecule. Visualization of the 200 AI-generated molecules in our experiments can
be found in Figures S2 and S3 in the Supporting Information.

4




	Introduction
	Results
	Surfactant Design and Critical Micelle Concentration Inference
	Drug Design and Targeted Docking Inference
	Human-in-the-loop Design

	MOF Organic Linker Design and CO2 Adsorption Capacity Inference

	Discussion
	Supplementary Information
	Limitations and Future Work
	Methods
	AI Agent
	Agent Toolkits


	Surfactant Design and Critical Micelle Concentration Inference with GPT-4o
	Drug Design and Targeted Docking Inference with GPT-4o
	Human-in-the-loop design with GPT-4o

	MOF Organic Linker Design and CO2 Adsorption Capacity Inference with GPT-4o

