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ABSTRACT

Materials discovery pipelines rely on the availability of high-quality datasets, ac-
curate predictive models, and exploration tools for searching through published
experimental and simulation-based findings. The number of documents contain-
ing valuable data (e.g., peer-reviewed research papers, patents, and handbooks) is
quite high, making manual compilation of datasets a challenging task. Further, de-
veloping reliable machine learning models for predicting material properties with
uncertainty estimates and explanations is highly desirable for rational experimen-
tal planning. Therefore, we propose an agentic approach for materials discovery
that combines (a) information extraction from research papers to create machine-
readable materials composition–property datasets, (b) training uncertainty-aware
property prediction models, (c) delineating the effect of input features on material
properties through explainable AI techniques, and (d) materials selection charts
to assist in identifying potential compositions of interest required to push existing
material–property frontiers.

1 INTRODUCTION
Developing materials for target applications is a challenging task (Jain et al. (2020); Venugopal
et al. (2021)). First, existing materials data are scattered across structured (tables) and unstructured
(text and images) parts of scientific documents, making search difficult (Venugopal et al. (2021);
Venugopal & Olivetti (2024); Olivetti et al. (2020)). Further, the tools required to extract meaningful
insights from a large number of scientific documents are either non-interoperable or difficult to use.
To address these issues, several researchers have proposed using large language models (LLMs) to
facilitate information extraction (IE) with minimal or no supervision (Dagdelen et al. (2024); Lee
et al. (2025); Yuan et al. (2026)).

Considering the significant computational resources required to develop LLMs for IE at large scale,
Hira et al. (2025) adapted a hybrid pipeline of materials-science domain-specific IE rules, graph neu-
ral networks, and small language models (Gupta et al. (2023; 2022)) to create accurate, high-speed
composition and property extraction tools. Further, to obtain actionable insights from the output
of IE tools, understanding the effect of composition, structure, processing and testing methods on
materials properties is highly important (Zaki et al. (2022); Olivier et al. (2021)). Additionally, this
understanding should also encompass the effect of uncertainties to guide rational experimentation
and simulation campaigns for targeted materials development. Hence, an easy-to-use, interactive,
open-source tool that is capable of extracting information from a large number of research papers,
understanding composition–property relationships and associated uncertainties, would be beneficial
for materials science researchers. To this end, we propose the Materials Research Agent (MATRA),
which is a collection of state-of-the-art tools for IE and uncertainty quantification.

To demonstrate the capabilities of MATRA, we use it to create a database of materials used in ex-
treme environments (Fahrenholtz & Hilmas (2017)). The database is then used to develop Bayesian
neural networks to model composition–property relationships, followed by visualizing uncertainty-
aware materials selection charts (MSCs). In the following sections, we provide a brief description of
all tools, followed by results on corpus development, ML model training, prediction explanations,
and MSC construction. We also discuss limitations of the proposed system and directions for future
work to improve the functionality of MATRA.
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2 METHODOLOGY

MatRA comprises specialized tools for each task, as shown in Fig. 1. The GitHub repository pro-
vides further details about MATRA. The description of each tool is as follows:

2.1 CORPUS PREPARATION

The capability of AI agents to drive autonomous materials research depends on underlying
databases. In this section, we describe how different tools are used to prepare the corpus according
to user inputs. Note that the access to research papers that can be used to create the database depends
on the institutional/user subscriptions.

2.1.1 QUERY SEARCH

This tool utilizes the CrossRef API to retrieve research paper DOIs according to search queries. The
list of keywords for creating search queries can either be provided by the user, or the agent generates
it based on the natural language description provided as input. The API can be configured to retrieve
research papers from a specific journal based on publication dates, author names, affiliations, etc.
Readers can refer to the following GitHub repository to learn more about the CrossRef API.

2.1.2 XML DOWNLOADING

Once the paper DOIs are provided by the query search tool, they are now utilized by the research
paper downloading tool to obtain the XML of each paper. The XML for research papers published
after 1999 is available through the ScienceDirect API (els). This tool first creates the folder for each
journal, and then retrieves the XML using the API. The XML is parsed to obtain the PII of the paper
which is then used to name the subfolder where the XML is stored. Overall, this tool stores the paper
XML in sub-folders of respective journal folders. The sub-folders are named using the PII and the
XML is also stored with the same name inside respective sub-folders.

2.1.3 MATSKRAFT

Since IE using LLMs from a large number of research papers is computationally and economically
prohibitive, we use the state-of-the-art materials-science-specific framework MATSKRAFT (Hira
et al. (2025)). It combines a materials science language model (MatSciBERT; Gupta et al. (2022)),
graph neural network (GNN) models, and rule-based systems to extract and store material compo-
sitions and properties in machine-readable format. It takes as input tables and text from materials
science research papers. Specifically, the XML files downloaded in the previous step are used as
input to this tool. First, the text is extracred from different paper sections and stored in JSON for-
mat. Next, the tables are extracted from each paper and stored as a list of dictionaries, where each
dictionary uses the PII as a key and stores the list of tables. Tables are stored in a list-of-lists format,
where each row is converted to a list. MATSKRAFT then processes these data to compile material
compositions and properties. Note that the preparation of input files for MATSKRAFT can be done
in parallel, depending on the number of available CPU cores. The GNNs in MATSKRAFT can be
run on an NVIDIA V100 32GB GPU.
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Figure 1: Functionalities available in MATRA and its application

2.2 MACHINE LEARNING MODEL DEVELOPMENT AND EXPLAINABILITY

Rational experimental planning requires information about uncertainty in predicted values of ma-
terial properties. Therefore, this tool is responsible for training a Bayesian neural network (BNN)
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implemented using the UQpy library (Krill et al. (2025); Olivier et al. (2020)). The hyperparame-
ters made available for tuning include the number of hidden layers, neurons in each layer, learning
rate, regularization parameter (weight decay), beta, batch size, and number of epochs. Given the
large hyperparameter optimization space, MATRA uses Optuna (Akiba et al. (2019)) to obtain the
best ML model. Optuna provides a scalable define-by-run framework with efficient sampling and
pruning strategies. A set of hyperparameters (trial) is treated as input, and the validation score is
treated as output; Optuna attempts to maximize this score to obtain the best model. Since the BNN
is based on PyTorch, MATRA uses the DeepExplainer algorithm in SHAP (Lundberg & Lee (2017);
Shrikumar et al. (2017)). It approximates the conditional expectations of SHAP values by inte-
grating over background samples. The resulting SHAP values for an input feature sum up to the
difference between the expected model output on the passed background samples and the current
model output.

2.3 MATERIAL SELECTION CHARTS

Functional materials for real-world applications are expected to satisfy multiple property constraints,
which can be difficult to meet simultaneously. Therefore, MSCs, proposed by Ashby & Cebon
(1993), are important for visualizing the existing Pareto front between desired material properties
and planning experimental campaigns. This tool takes as input CSV files containing composition
data and corresponding properties. It generates scatter plots that show clusters based on the elements
present in the material compositions and plots material indices in the background. Further, the
predicted material properties can be used to visualize uncertainty-aware MSCs, where the scatter
points are associated with error bars for each property.

3 RESULTS AND DISCUSSION

The tools in MATRA can be used independently to perform each task, or they can be driven by
LLMs. In this work, we demonstrate the application of MATRA to study materials used in extreme
environments. The first step involves searching for related research papers through query-based
search using the CrossRef API tool. Since carbides are a popular family of materials used in extreme
environments, the search queries include the word carbide followed by symbols of elements from
Group 4, 5, and 6 of the periodic table. The search returned millions of DOIs, but we considered
only papers published in nineteen popular Elsevier journals in the domain. The XMLs of these
papers were downloaded using the corpus preparation tool and provided as input to MATSKRAFT.
These steps resulted in a database of 9,639 research papers, which contributed to the composition–
property database. The elements present in the extracted compositions are shown in Fig. 2(a), and
the frequency of each property in the extracted entries is shown in Fig. 2(b).

To demonstrate the functionality of the ML model development tool, we chose to predict density as
a function of material composition. The extracted dataset is arranged into a CSV file, where each
feature column represents an element. For a given row representing a material, if an element is
present, its percentage is used as the feature value, while zero is assigned to features for elements
that are absent. Fig. 2(c) shows actual versus predicted values from the trained ML models, followed
by Fig. 2(d), which shows the effect of individual elements on the predicted values. In Fig. 2(d),
the points in front of each element represent material compositions, and the point color indicates the
relative abundance of that element in each material.

Fig. 2(e) shows a materials selection chart for identifying materials based on Young’s modulus and
density. The error bars associated with each point are obtained by sampling the parameters of the
trained BNNs. The point color indicates the material family, defined by the names of the constituent
elements.

4 LIMITATIONS AND FUTURE WORK

The current implementation of MATRA has been tested only in single-user, sequential mode. Since
the tools can run independently when the required inputs are available, the agent can be extended
to support multiple users and enable shared corpora and databases. Property extraction is currently
limited to 18 properties, as shown in Fig. 2(b), due to the non-generative nature of the underlying
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Figure 2: Visualizing the output of different tools available in MATRA

model. However, given its performance and computational advantages over LLM-based information
extraction, there is a need to tailor it to extract additional properties.

Several open-source and proprietary AI agents can perform tasks essential for materials discovery.
However, there is a lack of benchmarks to evaluate each step of the process, from information
extraction to processing, synthesis, and testing. Further, agents should be evaluated based on their
ability to plan tool use correctly and create new tools when required. Currently, we do not provide
a facility to explicitly chat with the LLM driving MATRA, but this will be added in a future release
after proper benchmarking.
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