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1. Introduction
The discovery of advanced alloy materials in-

creasingly depends on reliable and interpretable
knowledge extracted from the scientific literature
to guide data-driven composition–property optimiza-
tion. While large language models (LLMs) have en-
abled automated database construction, existing ap-
proaches typically separate data extraction from re-
lational scientific knowledge mining, limiting inter-
pretability and physical grounding in materials de-
sign. Herewe presentMatSeek, an LLM-based frame-
work that unifies structured alloy data and literature-
derived scientific knowledge. MatSeek combines an
automated pipeline for building high-quality alloy
databases with a knowledge extraction module cap-
turing empirical trends, mechanistic insights, and
composition design principles. This knowledge can
effectively accelerate machine-learning–driven alloy
discovery by constraining exploration of composition
space, while providing mechanistic explanations for
model predictions. Applying MatSeek to 10,240 high-
entropy alloy publications, we construct a database
of 27,438 records and demonstrate efficient, inter-
pretable identification of promising alloy composi-
tions. Further experiments verified the lightweight
alloy that breaks through the existing Pareto frontier.
MatSeek establishes a unified, literature-grounded
paradigm for knowledge-driven materials discovery.

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 mechanis-
tic 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 trainingML predictors of
alloy properties. In parallel, MatSeek extracts high-
level scientific knowledge from the literature, includ-
ing relational knowledge, material trends, and design
principles. The trained predictors are then coupled
with optimization algorithms, where the search over
the vast composition space is explicitly guided and
constrained by the extracted scientific knowledge.
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Fig. 1: Overall workflow of MatSeek: a, a data
pipeline extracts key attributes (Composition, pro-
cessing, 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 AI predictor is
trained with the extracted database and searches
within the generated component space to recom-
mend top-k compositions. d, thermodynamic sim-
ulations (e.g., Thermo-Calc) validate the recom-
mended compositions and produce simulation re-
sults. e, extracted knowledge relations are merged
into a unified knowledge graph to support inter-
pretation and downstream discovery for human
experts.

To validate the reliability of the ML model predic-
tions, the resulting candidate compositions are as-
sessed using thermodynamic simulation software,
such as Thermo-Calc [1]. Then, the compositions
are interpreted using a LLM operating over the con-
structed knowledge graph. Overall, MatSeek unifies
structured data and scientific knowledge within a sin-
gle workflow, enabling efficient, interpretable, and
knowledge-grounded identification of alloy composi-
tions 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 struc-
tured task decomposition rather than single-step
end-to-end (End2End) prompting. As shown in Fig-
ure 2a, the pipeline integrates literature filtering, at-
tribute identification and extraction, cross-section in-
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Fig. 2: Illustration of our Auto-Data pipeline and
performanceevaluation. (a) TheworkflowofAuto-
Data Pipeline. (b) These figures illustrate the per-
formance of Auto-Data Pipeline on the extracted
data records. We evaluate the common LLMs, in-
cluding closed-sourced and open-sourced.

formation integration, and attribute standardization
within a unified workflow. Moreover, the Auto-Data
Pipeline constructs a structured, literature-derived
database that systematically integrates alloy compo-
sitions, processing routes, testing types, and exper-
imental conditions. Each reported measurement is
explicitly linked to its corresponding testing method-
ology and conditions, forming complete composi-
tion–processing–testing–property records.
To rigorously assess the performance of Auto-

Data Pipeline, wemanually 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 out-
performs an end-to-end (End2End) prompting base-
line [2, 3]. In particular, when integrated with our
pipeline, GPT-5 achieves a precision of 96.49% and a
recall of 83.47% for yield strength, representing the
balanced overall performance among the evaluated
LLMs. While End2End attains comparable recall, it
exhibits substantially lower precision due to spuri-
ous extractions. These results indicate that End2End
prompting strategies struggle to reliably extract com-
plex, structured materials data. We further evaluate
the computational cost of different language mod-
els. The extraction performance of the leading LLMs
is generally similar. Given its favorable balance be-
tween precision and cost efficiency, GPT-5 is cho-
sen for large-scale data extraction, resulting in 27,438
structured records from 10,240 HEA publications.

2.3 Auto-data pipeline
The Auto-Data Pipeline is designed to construct a

structured, literature-derived materials database by
systematically extracting and normalizing composi-
tion–processing–property information from hetero-
geneous scientific publications. The pipeline empha-
sizes document-level context integration and stan-

dardized 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 converted
into structured plain-text representations prior to ex-
traction. During this preprocessing stage, textual con-
tent and tables are preserved, while figures are omit-
ted, as quantitative materials information is consis-
tently reported in the text or tabulated data. This uni-
fied text representation enables robust downstream
interpretation by LLMs. The Auto-Data Pipeline con-
sists of three stages (see Figure 2). First, literature fil-
tering is applied to exclude publications that lack rele-
vant experimental results, thereby reducing noise in-
troduced 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 his-
torywithin eachmaterial record. Third, for each com-
position–processing pair, all reported target proper-
ties are extracted together with their corresponding
testing methodologies and experimental conditions,
enabling the construction of well-defined and inter-
nally consistent performance records.
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