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ABSTRACT

The discovery of advanced alloy materials increasingly depends on reliable and in-
terpretable knowledge extracted from the scientific literature to guide data-driven
composition—property optimization. While large language models (LLMs) have
enabled automated database construction, existing approaches typically separate
data extraction from relational scientific knowledge mining, limiting interpretabil-
ity and physical grounding in materials design. Here we present MatSeek, an
LLM-based framework that unifies structured alloy data and literature-derived sci-
entific knowledge. MatSeek combines an automated pipeline for building high-
quality alloy databases with a knowledge extraction module capturing empirical
trends, mechanistic insights, and composition design principles. This knowledge
can effectively accelerate machine-learning—driven alloy discovery by constrain-
ing exploration of composition space, while providing mechanistic explanations
for model predictions. Applying MatSeek to 10,240 high-entropy alloy publica-
tions, we construct a database of 27,438 records and demonstrate efficient, inter-
pretable identification of promising alloy compositions. MatSeek establishes a
unified, literature-grounded paradigm for knowledge-driven materials discovery.

1 INTRODUCTION

Alloys form the foundation of modern materials engineering by providing tunable mechanical, elec-
trical, and durability properties essential to next-generation aircraft and automobiles, energy infras-
tructure, electronics and other diverse technological applications (Pollock, 2016; Han et al., 2024).
Recent artificial intelligence (Al)-driven approaches (Cheng et al., 2026) reshape the landscape of
designing new alloy materials (Tshitoyan et al., 2019; Rickman et al., 2019; Pei et al., 2024; Gruver
et al., 2024; Yang et al., 2025; Deng et al., 2025), advancing the traditional trial-and-error exper-
imentation. In particular, large-scale and well-characterized databases improve the accuracy and
reliability of materials inference based on this Al-driven paradigm. However, existing databases are
predominantly constructed through manual literature curation (Rickman et al., 2019; Gorsse et al.,
2018; Borg et al., 2020) or rule-based (Swain & Cole, 2016; Yan et al., 2022; Pei et al., 2023; Li
et al., 2023; Wang et al., 2022) approaches that are labor-intensive, difficult to generalize across di-
verse alloy systems, and brittle to variations in publication styles. Automated materials information
extraction has increasingly become a necessity.

Recent advances in large language models (LLMs) have provided an opportunity for the automated
extraction of scientific knowledge from the materials literature (Pfeiffer et al., 2022; Dagdelen et al.,
2024; Zhang et al., 2023; Foppiano et al., 2024; Choi & Lee, 2024; Polak & Morgan, 2024). Most
of the existing studies primarily focus on extracting data-centric information, such as alloy compo-
sitions and properties, to construct structured databases. These LLM-derived databases provide a
scalable and low-cost foundation for training machine-learning (ML) models. Beyond data extrac-
tion, growing efforts have explored the use of LLMs to capture relational and conceptual knowledge,
including structure—property relationships and underlying physical principles (Bai et al., 2025; Yang
et al., 2022; Mostafa et al., 2024; Pruyn et al., 2025; Durmaz et al., 2024), enabling powerful Al
assistants for materials discovery. In fact, both structured data information and relational scientific
knowledge are inherently interconnected since they are derived from the same textual sources. How-
ever, existing approaches typically extract and utilize them in isolation, without explicitly modeling
their mutual dependencies. This separation obscures the links between empirical observations and
the underlying scientific reasoning, leaving materials discovery workflows that are hard to interpret,
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rigorously validate, and trust. To address this challenge, this work proposes a unified framework
that integrates structured data extraction with relational knowledge mining from materials litera-
ture, enabling physics-informed guidance of ML—driven optimization while providing mechanistic
explanations for the resulting design recommendations.

Here, we propose MatSeek, an LLM-based materials design framework that unifies structured data
and relational scientific knowledge within a single workflow. Specifially, MatSeek is built around
a data extraction pipeline, termed Auto-Data Pipeline, and a knowledge extraction module, which
together support an ML-driven materials discovery process. The Auto-Data Pipeline automatically
extracts data information from scientific articles, such as compositions, processing procedures, and
reported properties, to construct a structured materials database. In parallel, the Knowledge extrac-
tion module identifies scientific knowledge from the literature, including empirical trends, mecha-
nistic insights, and composition design criteria. Then, the ML-driven materials discovery module
integrates these two outputs: ML predictors are trained on the structured data generated by the
Auto-Data Pipeline, while the search for inverse design is explicitly guided by constraints derived
from the extracted scientific knowledge. Finally, the literature-derived knowledge is used to pro-
vide mechanistic interpretations of the candidate materials. In this way, MatSeek enables efficient
and physically meaningful exploration of composition space, bridging data-centric learning and
knowledge-driven reasoning.

To demonstrate the effectiveness of MatSeek, we first evaluate the performance of its Auto-Data
Pipeline and demonstrate its ability to reliably construct alloy databases. Applying this pipeline to
10,240 publications on high-entropy alloys (HEAs), we assemble a large-scale database comprising
27,438 data records. We train an ML model based on this database for property prediction and
incorporate semantic knowledge to guide efficient exploration of composition space for targeted
alloy design. These case studies illustrate how MatSeek systematically integrates structured data
with relational scientific knowledge extracted from the literature, enabling efficient and interpretable
materials discovery within a unified, literature-grounded framework.

2 RESULTS

2.1 OVERVIEW OF THE MATSEEK FRAMEWORK

Figure 1 presents an overview of MatSeek, from auto-data pipeline and knowledge mining,
knowledge-guided material discovery, to mechanistic interpretation with knowledge graph. The
system first processes scientific publications to extract alloy compositions, processing routes, testing
conditions, and property information, which are consolidated into a structured materials database.
This database provides the foundation for training ML predictors of alloy properties. In parallel,
MatSeek extracts high-level scientific knowledge from the literature, including relational knowledge,
material trends, and design principles. The trained predictors are then coupled with optimization al-
gorithms, where the search over the vast composition space is explicitly guided and constrained
by the extracted scientific knowledge. To validate the reliability of the ML model predictions, the
resulting candidate compositions are assessed using thermodynamic simulation software, such as
Thermo-Calc (Andersson et al., 2002). Then, the compositions are interpreted using a LLM oper-
ating over the constructed knowledge graph. Overall, MatSeek unifies structured data and scien-
tific knowledge within a single workflow, enabling efficient, interpretable, and knowledge-grounded
identification of alloy compositions that satisfy user-defined performance targets.

2.2 BENCHMARKING ON AUTO-DATA PIPELINE

To construct a high-quality materials database, we develop a multi-step data extraction pipeline,
termed Auto-Data Pipeline, which emphasizes structured task decomposition rather than single-
step end-to-end (End2End) prompting. As shown in Figure 2a, the pipeline integrates litera-
ture filtering, attribute identification and extraction, cross-section information integration, and at-
tribute standardization within a unified workflow. Moreover, the Auto-Data Pipeline constructs a
structured, literature-derived database that systematically integrates alloy compositions, process-
ing routes, testing types, and experimental conditions. Each reported measurement is explic-
itly linked to its corresponding testing methodology and conditions, forming complete composi-
tion—processing—testing—property records.
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Figure 1: Overall workflow of MatSeek: a, a data pipeline extracts key attributes (Composi-
tion, processing, testing conditions, and properties) from papers into a structured database. b, a
knowledge-augmented mechanism generates a recommended component space and extracts entity
relations for knowledge construction. c, an Al predictor is trained with the extracted database and
searches within the generated component space to recommend top-k compositions. d, thermody-
namic simulations (e.g., Thermo-Calc) validate the recommended compositions and produce simu-
lation results. e, extracted knowledge relations are merged into a unified knowledge graph to support
interpretation and downstream discovery for human experts.

To rigorously assess the performance of Auto-Data Pipeline, we manually construct a gold-standard
dataset. Extraction performance is assessed in terms of precision and recall, as summarized in
Figure 2b. The results show that our pipeline consistently outperforms an end-to-end (End2End)
prompting baseline (Giorgi et al., 2022; Zheng et al., 2023). In particular, when integrated with
our pipeline, GPT-5 achieves a precision of 96.49% and a recall of 83.47% for yield strength, rep-
resenting the balanced overall performance among the evaluated LLMs. While End2End attains
comparable recall, it exhibits substantially lower precision due to spurious extractions. These re-
sults indicate that End2End prompting strategies struggle to reliably extract complex, structured
materials data. We further evaluate the computational cost of different language models, with the
results summarized in Appendix A. The extraction performance of the leading LLMs is generally
similar. Given its favorable balance between precision and cost efficiency, GPT-5 is chosen for
large-scale data extraction, resulting in 27,438 structured records from 10,240 HEA publications.

2.3  ANALYSIS OF THE DATABASE

Here, we conduct a comprehensive analysis of the extracted database using our Auto-Data Pipeline,
which covers 10,240 papers and yields a total of 27,438 records. Figure 3a presents the temporal
distribution of publications. From 2000 to 2025, the annual number of publications shows a strong
overall upward trend, with rapid growth after 2011. HEAs consistently dominate the literature,
whereas other alloys emerge more frequently in recent years, reflecting increasing diversification.

We further analyze the distributions of ultimate tensile strength (UTS, o) and yield strength (YS,
o ) under tensile testing, shown in Figure 3b. HEAs demonstrate the broadest strength—density
envelope across all material classes, covering a wide density spectrum and achieving comparable
yield and tensile strengths. Moreover, low-density Al- and Mg-based alloys cluster at low strengths,
whereas Ni/Fe/Co-rich alloys populate the high-density region with high strengths. Importantly,
the maximum specific strength (strength/density) points in the plots are attained by HEAs, indicat-
ing that HEAs can access favorable combinations of high strength and reduced density compared
with conventional alloy families. The Sankey diagram in Figure 3c shows the distribution of yield
strength across different alloy systems. High-entropy alloys dominate the dataset and span a wide
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Figure 2: Illustration of our Auto-Data pipeline and performance evaluation. (a) The workflow
of Auto-Data Pipeline. (b) These figures illustrate the performance of Auto-Data Pipeline on the
extracted data records. We evaluate the common LLMs, including closed-sourced and open-sourced.

range of strength levels, with a noticeable fraction reaching the high-strength regime (>1000 MPa).
In contrast, conventional alloys such as Fe-, Al-, and Mg-based systems are mainly concentrated in
the low to medium yield strength categories.

Finally, we construct a knowledge graph based on the publications, where nodes represent material-
related concepts extracted from text and edges indicate their co-occurrence relationships. We design
an ontology (see Figure 8,) comprising eight entity types: composition, process, condition, property,
microstructure, compound, element, and others. This ontology provides a unified schema to orga-
nize heterogeneous knowledge across studies. Node size reflects the relative frequency or salience
of each concept in the literature, while node color encodes its ontology category. From the graph 3d,
it is evident that the knowledge structure of the HEA literature is strongly centered on mechanical
properties. Strength- and ductility-related concepts form the dominant hubs, reflecting the prevail-
ing focus on the strength—ductility trade-off, while mechanistic and microstructural concepts remain
secondary and mainly serve explanatory roles. Overall, the ontology-guided knowledge graph offers
a structured representation of how different materials concepts are connected, forming the founda-
tion for subsequent analysis of knowledge organization within the high-entropy alloy domain.

3 KNOWLEDGE-ASSISTED ALLOY DESIGN

Here, we deploy the extracted dataset on an alloy property prediction task. Specifically, we utilize the
MATALI framework (Deng et al., 2025) based on the extracted dataset to train a deep neural network
(DNN) predicting YS and UTS from alloy compositions. Then, we evaluate our model performance
on the MPEA dataset (Borg et al., 2020). To ensure a fair comparison with this benchmark, we align
the training by filtering and cleaning the data records to retain only as-cast tensile-test measurements
(Figure 4a). Finally, we obtain 1,770 unique training records.

Chronological expansion improves predictive accuracy. Our results show that expanding the
training dataset with newly extracted literature records steadily improves prediction performance on
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Figure 3: Illustration of our Auto-Data pipeline and performance evaluation. (a) The workflow
of Auto-Data Pipeline. (b) These figures illustrate the performance of Auto-Data Pipeline on the
extracted data records. We evaluate the common LLMs, including closed-sourced and open-sourced.

the MPEA benchmark. To understand this trend, we visualize the evolution of the alloy composi-
tion space using two-dimensional t-SNE embeddings (Figure 4b). Early training data (1997-2018)
cover only a limited region of the composition space, whereas incorporating more recent studies pro-
gressively broadens the distribution. In the latest stage, test alloys are embedded within the major
compositional clusters of the training set, indicating substantially improved coverage. Consistently,
we can observe that predictive accuracy for both YS and UTS improves systematically as the dataset
expands (Figure 4c).

Knowledge-Guided Design Spaces Enable More Efficient Inverse Alloy Optimization. We inte-
grate literature-derived knowledge into inverse alloy design by using it to parameterize and constrain
the composition search space, and benchmark the resulting spaces on the task of identifying HEAs
with maximal specific yield strength (SYS, YS/Density). The design space in MATAI is specified
as a JSON schema defining allowable elements, compositional bounds, and hard constraints. Given
a design space, we run an iterative local-search optimizer guided by a DNN-based predictor trained
on the full dataset (1997-2027), and evaluate candidate alloys using Thermo-Calc (Andersson et al.,
2002) (version 2024b). We compare three specifications: (i) a vanilla space including all 27 TCHEA
elements' without any constraints, (ii) an LLM-only space generated without literature grounding,
and (iii) a literature-grounded MatSeek space constructed from extracted relational knowledge. Fig-
ure 4d shows that the best SYS as validated by Thermo-Calc, at each search step. The vanilla com-
position space shows slow improvement due to inefficient exploration over a large domain, while the

!'Thermo-Calc supports 27 elements in the TCHEA database (TCHEAS).


https://thermocalc.com/wp-content/uploads/Documentation/Databases/Thermodynamic/tchea8-technical-info.pdf
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Figure 4: Validation of the DNN-based predictors and semantic knowledge-guided inverse de-
sign. a, Schematic illustration of the data cleaning and filtering procedure used to construct the
training dataset for the DNN-based predictor. b, Two-dimensional t-SNE embedding of all alloy
compositions, colored by publication year, illustrating the temporal expansion of composition space.
¢, Prediction performance of the DNN-based predictors as a function of the progressively expanded
training datasets. d, Optimization trajectories for maximizing specific yield strength.

LLM-only space achieves rapid initial gains but quickly stalls, suggesting overly restrictive or mis-
specified bounds. In contrast, the composition space generated by the knowledge-enhanced LLM
focuses exploration on high-value regions, leading to sustained improvement and consistently supe-
rior final performance. Notably, the best candidate identified by MatSeek is Al126Ti44Zr3,, which
achieves the highest specific yield strength among all evaluated settings. Finally, we employ the
knowledge-graph-based LLM to provide an interpretable explanation for the optimal composition.
Specifically, GPT-5 offers the following mechanistic insights, as summarized below:

1. The addition of Al to Ti-based alloys significantly enhances strength while maintaining a
low density. Notably, many Ti compositions with high Al content achieve top-ranked SYS.

2. Substituting Ti with Zr, or introducing Zr into Ti-based systems, can further improve
strength with only a modest increase in density.

3. Non-equiatomic and Al-rich compositions often promote the formation of dual-phase mi-
crostructures or strengthening phases, which contribute to exceptionally high yield strength
and, consequently, very high SYS.

4  DISCUSSION

This work shows that effective knowledge-driven alloy discovery requires more than accurate pre-
dictors, it also depends on how knowledge from the literature is organized and made actionable.
MatSeek not only automates large-scale extraction of structured alloy records, but also captures
literature-derived scientific relations and converts them into usable priors and constraints for inverse
design. By grounding the composition design space in this knowledge, MatSeek avoids both the
inefficiency of unconstrained searches and the early stagnation of overly restrictive, ungrounded
spaces, leading to consistently improved optimization trajectories. These results highlight that the
literature is not just a source of reported measurements, but also a reusable repository of expert
design knowledge for inverse materials design.
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Our current implementation focuses on single-objective optimization, while practical alloy de-
sign often involves multi-property trade-offs. Future work will extend MatSeek to multi-objective
decision-making and incorporate richer processing- and microstructure-aware models, as well as
experimental or simulation feedback to further close the loop.

4.1 AUTO-DATA PIPELINE

The Auto-Data Pipeline is designed to construct a structured, literature-derived materials database
by systematically extracting and normalizing composition—processing—property information from
heterogeneous scientific publications. The pipeline emphasizes document-level context integration
and standardized data representation to ensure the reliability and comparability of extracted records.

Scientific full-text publications are collected from online sources in PDF or XML formats and con-
verted into structured plain-text representations prior to extraction. During this preprocessing stage,
textual content and tables are preserved, while figures are omitted, as quantitative materials infor-
mation is consistently reported in the text or tabulated data. This unified text representation enables
robust downstream interpretation by LLMs. The Auto-Data Pipeline consists of three stages (see
Figure 2). First, literature filtering is applied to exclude publications that lack relevant experimen-
tal results, thereby reducing noise introduced by keyword-based retrieval and improving extraction
efficiency. Second, alloy compositions and their associated processing procedures are jointly ex-
tracted and standardized, ensuring explicit linkage between chemical composition and fabrication
history within each material record. Third, for each composition—processing pair, all reported target
properties are extracted together with their corresponding testing methodologies and experimental
conditions, enabling the construction of well-defined and internally consistent performance records.

Evaluation Metrics We evaluate the performance of the Auto-Data Pipeline using precision, re-
call, and F1 score. Each material record is uniquely defined by a tuple of two attributes: alloy
composition and test type. Physical property values are compared only between records whose
attribute tuples are determined to be equivalent.

.. True Positive True Positive
Precision := — ——, Recall := — :
True Positive + False Positive True Positive + False Negative

Many publications report multiple compositions but omit mechanical properties for some of them,
resulting in missing values. During evaluation, we handle such cases as follows. If both the extracted
value and the ground-truth value are non-empty and match, the case is counted as a true positive. If
the extracted value is non-empty but the ground-truth value is either empty or does not match, the
case is counted as a false positive. If the ground-truth value is non-empty but the extracted value
is empty, the case is counted as a false negative. Cases in which both the extracted and ground-
truth values are empty are excluded from evaluation, as they do not convey meaningful information.
Under this definition, the number of non-empty extracted values equals the sum of true positives and
false positives. Precision, recall, and F1 score are then computed based on these counts.

4.2 ALLOY PROPERTY PREDICTION

In this work, we train the predictor using only as-cast tensile records. Starting from 27,438 extracted
data entries, we filter to 3,604 as-cast measurements. For duplicate compositions, the minimum
value is retained. After cleaning and outlier removal, the final training dataset contains 1,770 records
(Figure 4a). Then, the DNN-based predictor of MatSeek is built on the MATAI (Deng et al., 2025),
which provides general-purpose, physics-aware models for alloy property prediction and inverse de-
sign. Alloy compositions are represented as elemental atomic-fraction vectors and used as inputs to
train predictors for key mechanical properties, including yield strength and ultimate tensile strength.
Multi-task learning is employed to jointly predict YS and UTS, with an explicit physical constraint,
i.e., UTS > YS, thereby improving model robustness and physical consistency. The trained predic-
tors serve as fast surrogate models for property evaluation and are coupled with a constraint-aware
inverse design engine that formulates alloy discovery as a discrete constrained optimization prob-
lem. To efficiently explore large compositional spaces under hard physical and manufacturability
constraints, MatSeek adopts a bi-level optimization strategy that combines stochastic local search
with symbolic constraint programming. Importantly, the semantic relational knowledge extracted
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from the literature is directly integrated into the definition of design variables, domains, and con-
straints, enabling knowledge-guided exploration of composition space and efficient identification of
high-performance alloy candidates.

4.3 SEMANTIC KNOWLEDGE-ASSISTED MECHANISM

Knowledge-guided alloy design space. To incorporate semantic knowledge into ML-based in-
verse alloy design, we develop a knowledge-guided workflow to construct SYS-oriented alloy design
constraints. The framework consists of two stages. In the first stage, LLMs extract relevant infor-
mation from each publication, including alloy compositions, processing routes, and microstructural
features associated with SYS and yield strength. In the second stage, LLMs leverage the extracted
knowledge to identify composition design principles, distinguish beneficial from detrimental alloy-
ing elements, and infer element combinations frequently linked to improved SYS. Based on these
insights, we construct an SYS-focused design space that provides composition-level guidance for
subsequent inverse optimization.

Knowledge graph generation. To construct a literature-derived knowledge graph (Dagdelen
et al., 2024; Yang et al., 2022; Bai et al., 2025) from heterogeneous HEA publications, we employ
a three-stage pipeline that converts raw Markdown documents into a unified graph representation.
First, we remove non-semantic artifacts, such as references, figure captions, and formatting noise, in
each document and then the cleaned text is segmented into overlapping sentence-level chunks using
a sliding-window strategy, which preserves relations spanning adjacent sentences while maintaining
local semantic coherence. Next, relation extraction is then performed exhaustively over all chunks.
Knowledge extraction is restricted to explicit, text-supported relations, with entities limited to a pre-
defined set of node types (see Figure 8). In this work, we use DeepSeek V3.1 (Liu et al., 2024) to
extract the relations because of its low computational cost. In the final stage, the extracted relations
are unified through a canonicalization and graph consolidation pipeline to produce a semantically
consistent global knowledge graph. Because chunk-level extraction inevitably introduces surface-
form variations (e.g., “strengthening effect,” “enhanced tensile strength,” and “UTS”), we apply a
multilayer normalization strategy that combines rule-based cleaning, domain-specific dictionaries,
and embedding-based similarity matching using SentenceTransformer (Reimers & Gurevych, 2019)
embeddings. After deduplication and noise filtering, semantically equivalent entities are merged
into stable canonical nodes, and the resulting triples are integrated into a global graph. Although
relations are extracted independently at the chunk level, shared canonical entities enable higher-
order relational paths to emerge across documents, yielding a coherent representation of HEAs that
supports downstream retrieval, visualization, and scientific reasoning.
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A COST OF AUTO-DATA PIPELINE

Figure 5 compares the cost of Auto-Data Pipeline and End2End across different LLMs. Although
Auto-Data Pipeline incurs a higher cost, it achieves substantially higher precision, as shown in
Figure 2b.
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Figure 5: Cost and token usage comparison across LLMs. Auto-Data Pipeline vs End2End in
terms of (a) cost, (b) input tokens, and (c) output tokens.

B ANALYSIS OF THE EXTRACTED DATABASE

Figure 6a reveals a clear strength—ductility trade-off across different alloy systems, with high-
entropy alloys exhibiting the broadest performance range and achieving superior combinations of
high ultimate tensile strength and elongation.

Figure 6b further reveal strong co-occurrence patterns among key alloying elements and frequently
adopted processing routes, with casting and heat treatment serving as dominant pathways, highlight-
ing common design and manufacturing strategies in high-performance alloy development.

The left Sankey diagram in Figure 6c¢ illustrates the temporal distribution of processing routes re-
ported in the literature. Casting remains the most frequently adopted method across all years, while
advanced treatments such as heat treatment, quenching, and rolling appear increasingly in more
recent publications, reflecting a growing focus on process optimization for enhanced alloy perfor-
mance. The right Sankey diagram in Figure 6¢ shows the relationship between processing routes
and yield strength categories. Conventional routes such as casting and arc melting are mainly asso-
ciated with low yield strength (<500 MPa), whereas strengthening processes including heat treat-
ment, quenching, and intensive deformation contribute more substantially to the medium and high
strength regimes, highlighting the importance of thermo-mechanical processing in achieving supe-
rior mechanical properties.

C RESULTS OF DNN-BASED PREDICTORS

In this section, we report the R? scores of alloy property predictors trained on chronologically
expanded datasets. As shown in Figure 7, predictive performance improves substantially as newly
extracted literature records are progressively incorporated into the training set. For yield strength,
the model accuracy increases from near-zero performance in the earliest stage to an R? of 0.757
when trained on the full dataset up to 2027, corresponding to an overall improvement of more than
3700%. A similar trend is observed for ultimate tensile strength, where the R? score rises to 0.619
with an improvement exceeding 2600%. These results highlight that continued literature-driven
dataset expansion systematically enhances model generalization on the MPEA benchmark.

D MORE DETAILS OF MATSEEK

Ontology design of the knowledge graph To effectively construct the knowledge graph, we de-
sign a domain-specific ontology to extract key entities from the literature. As shown in Figure 8§,
the ontology defines different node types, including elements, compounds, compositions, process-
ing routes, testing conditions, microstructures, and material properties, as well as their relationships.
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Figure 6: More data analysis of the extracted data.
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Figure 7: R? scores of different predictors trained on chronologically expanded datasets.

Figure 8: The ontology design of the knowledge mining.
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