'.) Available online at www.keaipublishing.com/en/journals/journal-of-magnesium-and-alloys/

ScienceDirect

Check for
updates

KeAi

CHINESE ROOTS
GLOBAL IMPACT

Journal of Magnesium and Alloys 14 (2026) 101858
www.elsevier.com/locate/jma

Full Length Article
From LLM to Agent: A large-language-model-driven machine learning
framework for catalyst design of MgH, dehydrogenation

“b Yang Yang®, Jianghao Cai®", Rui Liu¢, Zhaoyan Dong®, Xiaotian Tang®",

a,b,*

Tongao Yao
Xugiang Shao®, Zhengyang Gao™’, Guangyao An®"* Weijie Yang

2 Department of Power Engineering, North China Electric Power University, Baoding, 071003, Hebei, China
Y Hebei Key Laboratory of Energy Storage Technology and Integrated Energy Utilization, North China Electric Power University, Baoding, 071003, Hebei,
China
¢ Department of Computer Science, North China Electric Power University, Baoding, 071003, Hebei, China

Received 1 June 2025; received in revised form 3 August 2025; accepted 13 August 2025
Available online 22 October 2025

Abstract

Magnesium hydride (MgH,), a promising high-capacity hydrogen storage material, is hindered by slow dehydrogenation kinetics. Al-
driven catalyst discovery to address this is often hampered by the laborious extraction of data from unstructured literature. To overcome this,
we introduce a transformative “LLM to Agent” framework that synergistically integrates Large Language Models (LLMs) for automated data
curation with Machine Learning (ML) for predictive design. We automatically constructed a comprehensive database of 809 MgH, catalysts
(6555 data rows) with high fidelity and an ~40-fold acceleration over manual methods. The resulting ML models achieved high accuracy
(average R* > 0.91) in predicting dehydrogenation temperature and activation energy, subsequently guiding a Genetic Algorithm (GA) in
an exploratory inverse design that autonomously uncovered key design principles for high-performance catalysts. Encouragingly, a strong
alignment was found between these Al-discovered principles and the design strategies of recently reported, state-of-the-art experimental
systems, providing substantial evidence for the validity of our approach. The framework culminates in Cat-Advisor, a novel, domain-adapted
multi-agent system. Cat-Advisor translates ML predictions and retrieval-augmented knowledge into actionable design guidance, demonstrating
capabilities that surpass those of general-purpose LLMs in this specialized domain. This work delivers a practical Al toolkit for accelerated
materials discovery and advances the emerging Agent-based paradigm for designing next-generation energy technologies.
© 2026 Chongqing University. Publishing services provided by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
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1. Introduction storage remains a critical bottleneck for widespread adoption.

Solid-state hydrogen storage, particularly magnesium hydride

Hydrogen, with its exceptional energy density (142 MJ/kg
[1]) and clean water byproduct upon combustion [2], is in-
creasingly vital as a sustainable energy vector. Its remarkable
versatility in conversion to both electricity and heat renders
it an ideal medium for large-scale renewable energy inte-
gration and flexible energy deployment [3]. As the hydro-
gen economy advances, efficient and cost-effective hydrogen
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(MgH,), stands out as a promising solution due to its inher-
ent safety and high volumetric capacity. MgH,, characterized
by a high theoretical gravimetric capacity (7.6 wt%), earth-
abundant constituents, and low cost [4], is compelling for
practical hydrogen storage applications.

However, the practical utilization of MgH, is significantly
limited by thermodynamic and kinetic barriers. High dehy-
drogenation temperatures (typically >300 °C) and sluggish
hydrogen absorption/desorption kinetics impede its opera-
tion under ambient conditions [5]. Catalytic modification has
emerged as an effective strategy to overcome these limitations
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by reducing the dehydrogenation temperature and enhancing
sorption kinetics [6]. Nevertheless, rational catalyst design re-
mains a formidable challenge due to an ever-expanding pa-
rameter space. This space encompasses not only traditional
catalyst compositions, structures, and morphologies, but also
novel material systems at the frontier of materials science.
Furthermore, catalyst activity (i.e., kinetics) is not the sole
determinant of practical viability; achieving long-term cycling
stability is an equally critical challenge. However, modeling
this aspect is notoriously difficult, largely due to the hetero-
geneous and often qualitative nature of stability data reported
in the literature.

For instance, the development of Mg-based high-entropy
alloys (HEAs) offers exciting new possibilities for catalysis.
As explored in publications such as the Journal of Magne-
sium and Alloys, these materials, often synthesized via high-
energy mechanical milling, can form unique structures like
amorphous or complex intermetallic phases, providing abun-
dant active sites and enhanced structural stability [7]. Under-
standing the fundamental principles of Mg-containing HEAs
is crucial for designing new catalysts [8]. The sheer complex-
ity of these emerging systems, combined with recent work in
JMA highlighting the use of machine learning to accelerate
advanced magnesium alloy design [9], underscores the urgent
need for powerful, data-driven design strategies like the one
we propose.

Machine learning (ML) has rapidly emerged as a transfor-
mative, data-driven strategy to accelerate materials discovery,
revolutionizing the design and optimization of advanced ma-
terials for energy applications and offering a powerful alterna-
tive to traditional trial-and-error approaches. Early ML studies
have demonstrated their potential in predicting hydrogen stor-
age properties for metal hydrides and alloys [10,11], but its
application has since expanded dramatically. Today, ML is in-
strumental across the entire materials science landscape, for
example, in the rational design of novel high-entropy alloys
[12] and high-performance titanium alloys [13]; the predic-
tion of mechanical properties in advanced composites [14,15];
and the optimization of advanced manufacturing techniques,
such as laser powder bed fusion [16] and other material pro-
cessing parameters [17]. Within the energy sector specifically,
these techniques have been equally impactful. For instance,
in hydrogen storage, ML has identified critical features like
MeanlonicChar and Fe content to guide the development of
high-performance materials [18]. Similarly, neural networks
have facilitated the design of highly conductive alkaline an-
ion exchange membranes (AEMs) by optimizing molecular
structures for fuel cells and water electrolyzers [19,20]. Be-
yond hydrogen energy, ML has accelerated electrocatalyst
development for hydrogen evolution reactions [21], enabled
efficient material screening for perovskite solar cells [21],
and streamlined the discovery of multimetallic catalysts for
oxygen evolution reactions [22]. These advancements under-
score the broad applicability and transformative potential of
ML in materials science. However, the efficacy of conven-
tional ML models is often limited by the availability of large,
high-quality, and structured datasets, particularly for catalytic

materials like those needed for MgH,. While computational
databases are growing, capturing the complexities of catalytic
systems necessitates experimental data, and traditional ML
methods struggle to fully utilize the wealth of unstructured
knowledge embedded in the scientific literature. This data and
knowledge gap currently restricts the full potential of ML to
expedite catalyst discovery, especially for MgH,, where cur-
rent datasets remain limited in size and scope, hindering the
development of robust, predictive models.

Recent advancements in Artificial Intelligence (Al), par-
ticularly Large Language Models (LLMs), offer transforma-
tive tools for scientific inquiry. LLMs, exemplified by models
like ChatGPT [23], Claude [24], Gemini [25], Deepseek [26],
and Qwen [27], exhibit remarkable capabilities in natural lan-
guage processing, knowledge extraction, and pattern recogni-
tion from extensive textual data. These capabilities are excep-
tionally relevant to data-driven materials science, where LLMs
can be leveraged for large-scale literature mining [28-34],
novel materials design [32,35-43], and experimental workflow
optimization [32-35, 44-48]. Specifically within the field of
magnesium alloys, recent studies have demonstrated this po-
tential by developing domain-specific models like MagBERT
for extracting material properties from text [49], and expert
systems such as PDGPT to streamline the retrieval of phase
diagram information [50].

While the synergy of LLMs and machine learning (ML)
is emerging as a promising paradigm in materials informat-
ics [51], a critical bottleneck persists: the gap between un-
structured scientific literature and the high-quality, structured
datasets required for robust predictive modeling. This is espe-
cially true for MgH, catalyst design, where decades of exper-
imental data are locked in varied textual formats, hindering
accelerated, Al-driven discovery. To bridge this gap, this study
proposes a structured “LLM to Agent” framework. The pro-
cess begins with LLM1 (Data Curation), where a state-of-the-
art model (GPT-40) performs automated, high-fidelity extrac-
tion of a comprehensive database from the scientific literature.
This structured data then serves as the foundation for our pre-
dictive ML models and a genetic algorithm. The framework
culminates in LLM?2 (Expert Advisory), a multi-agent system
named Cat-Advisor. Powered by a domain-adapted, fine-tuned
LLM, Cat-Advisor functions as an interactive Al Agent by in-
tegrating ML predictions with a retrieval-augmented knowl-
edge base to deliver context-aware recommendations. This
end-to-end framework is characterized by its functional in-
tegration of data extraction, predictive modeling, and an in-
teractive multi-agent advisory system, offering a methodologi-
cal template for addressing data-driven challenges in materials
science.

2. Methods
2.1. Data collection and processing
The construction of our dataset began with a systematic

literature search on the Web of Science using the keywords
“catalyst” and “MgH,,” which yielded 759 relevant publica-
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Fig. 1. Schematic of a Large Language Model (LLM)-Driven Machine Learning Framework for MgH, Dehydrogenation Catalyst Design. a) Data Preprocessing
Pipeline Employing LLM Technology. This panel depicts the data preprocessing pipeline, where P1 (catalyst and performance data), P2 (catalyst category),
P3 (extracted Question & Answer [Q&A] pairs), and P4 (Chain-of-Thought [CoT] Q&A pairs) represent information types extracted using prompts (see Figs.
S2-S5 in the Supporting Information for prompt details). These labels (P1-P4) also correspond to the prompt engineering steps outlined in panel (b). b) Prompt
Engineering. This panel details the prompt engineering stages: Pl—extraction of catalyst experimental parameters from publications; P2—classification of
extracted catalysts; P3—extraction of Q&A pairs from publications; and P4—addition of a Chain-of-Thought (CoT) process to Q & A pairs. ¢c) Multi-Agent
System Development using Fine-Tuned LLMs and ML. Panel (c) shows the development of a multi-agent system integrating: machine learning models (Agentl,
ML) trained on the processed dataset from panel (a), utilizing a Genetic Algorithm and prediction validation for candidate identification; and a fine-tuned
LLM (Agent2, LLM?2) incorporating Chain-of-Thought (CoT) datasets (P3 & P4) and a Retrieval-Augmented Generation (RAG)-enhanced knowledge base
(P1 & P2). Function-calling techniques connect Agentl and Agent2 to create the multi-agent system for magnesium-based dehydrogenation catalysts (MDCs).

tions. These publications form the corpus for our data extrac-
tion workflow, which proceeds in four key steps:

1. PDF to markdown conversion: to optimize the source
text for LLM parsing, all 759 publications were first con-
verted from PDF to a structured Markdown format using
the Nougat [52] package. This step enhances the ability of
the model to recognize document structure, such as tables
and sections.

2. Prompt-Driven data extraction: we developed a series
of highly specific prompts to instruct the GPT-40 model
to act as a domain expert [53]. As illustrated in Fig. 1b,
these prompts fall into four categories (P1-P4). The full de-
tails and exemplary prompts for each category are provided
in the Supporting Information (Figs. S2-S5). The primary
data extraction prompt (P1) commanded the model to read
each Markdown file and extract 16 predefined experimen-
tal parameters. Crucially, the prompt enforced the output
to be a structured JSON object, a critical step for ensuring
data consistency and facilitating automated processing.

3. Data aggregation: the individual JSON files generated for
each publication were then programmatically parsed and
aggregated into a single master database.

4. Validation and curation: finally, this raw database was
subjected to the comprehensive, semi-automated validation

process detailed below to correct errors and ensure the
highest possible data fidelity for model training.

We acknowledge that automated data extraction from com-
plex scientific texts presents challenges, such as LLM “hallu-
cinations” causing unit inconsistencies (e.g., extracting tem-
perature in Kelvin instead of Celsius) or parsing complex no-
tations (e.g., “1.3 wt% at 300 °C, 3.7 wt% at 350 °C”). To
address these issues robustly and ensure scalability, we devel-
oped a semi-automated validation workflow instead of relying
on purely manual correction.

First, after the initial LLM extraction, an automated post-
processing script performs a series of sanity checks. For in-
stance, it flags temperature values outside a physically plausi-
ble range for MgH, dehydrogenation (e.g., >500), presumes
them to be in Kelvin, and performs an automatic conversion to
Celsius. This script also standardizes varied notations where
possible.

Second, all automatically flagged or modified data points
are then passed to an expert-in-the-loop verification stage. In
this step, a domain expert performs a final, rapid review to
confirm the corrections, ensuring the high data fidelity re-
quired for model training. This two-step process significantly
enhances the efficiency and reliability of our data curation
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pipeline, making it more robust and scalable for future appli-
cations.

2.2. Text mining evaluation

To assess the performance of this method for extracting
parameters from catalyst literature, we utilized precision, re-
call, and Fl-score as our primary metrics. Precision quanti-
fies the accuracy of the extracted information, confirming that
the identified data points accurately represent the intended
parameters. Recall evaluates the completeness of the extrac-
tion process, measuring the proportion of relevant data points
successfully retrieved. The F1-score offers a balanced metric
combining precision and recall, providing a comprehensive
evaluation of the effectiveness of the method.

Our evaluation demonstrates the robustness of the text min-
ing approach while identifying areas for improvement in man-
aging complex or inconsistently formatted data. This thorough
assessment is essential for refining the extraction methodol-
ogy, thus improving the reliability and utility of the resulting
dataset for subsequent analyses. The insights derived from this
evaluation will inform ongoing efforts to enhance the integra-
tion of machine learning models with domain-specific knowl-
edge, ultimately advancing the field of magnesium-based hy-
drogen storage catalysts.

TP

Precision = —— (1)
TP + FP
TP
Recall = —— )
TP + FN

2 X Precision x Recall
Fl =

Precision + Recall )
In the text mining task aimed at extracting design param-
eters for catalysts, each retrieved parameter is classified into
one of three categories: True Positives (TP), indicating accu-
rately extracted parameters; False Positives (FP), representing
incorrectly extracted parameters or irrelevant information; and
False Negatives (FN), denoting parameters that were not suc-
cessfully retrieved. Precision quantifies the accuracy of the
method in retrieving catalyst parameters, confirming that the
identified data points accurately reflect the intended parame-
ters. Recall evaluates the completeness of the extraction pro-
cess, measuring the proportion of relevant parameters suc-
cessfully retrieved. The F1-score, which balances precision
and recall, provides a comprehensive measure of the overall
performance of the method.

2.3. GPT APIs and machine learning models

In this study, we employed the GPT API provided by
OpenAl for multiple tasks, with all operations performed
in a Python 3.9.19 environment using the openai package,
version 1.55.0. For converting PDF documents into Mark-
down format, we utilized the Nougat package from Meta,

version 0.1.17. Data extraction and classification were con-
ducted using the GPT-40 model, ensuring thorough and accu-
rate information retrieval. All parameter settings conformed
to the default configurations specified in the openai Python
package. For predictive modeling, we implemented an Ex-
treme Gradient Boosting (XGBoost) model from the xgboost
package, version 2.1.3, alongside other machine learning al-
gorithms using the scikit-learn package, version 1.5.2. All
relevant code is publicly available in the GitHub repository
(https://github.com/Weijie- Yang/cat_advisor).

2.4. Predictive modeling framework

We developed four machine learning regression models:
Random Forest (RF), Gradient Boosting (GB), Decision Tree
(DT), and Extreme Gradient Boosting (XGBoost) to pre-
dict two interdependent target properties: the onset dehydro-
genation temperature (7,,,;) and activation energy (E,) of
MDCs(MgH, dehydrogenation catalysts). These models were
implemented within a MultiOutputRegressor framework from
the scikit-learn package (version 1.5.2) in Python 3.9.19,
enabling simultaneous prediction of both targets while ac-
counting for potential correlations. The MultiOutputRegressor
treats each target as an independent regression task, fitting a
separate base estimator (e.g., RF, XGBoost) to Ty and E,,
with predictions defined as:

Y= Do VE | = [Froma X1 f£,(X)]) “)

where X is the input feature matrix, and fr,  and fg, are
the trained regression functions for each target. To ensure
balanced learning across both properties, we introduced an
implicit multi-objective loss function within the MultiOutpu-
tRegressor framework. For a given base estimator, the total

loss Ly is computed as a weighted sum of individual losses:

Liotar = wr - L1y (Pnes Vo) + We - Li, (V5. YE,) &)

where Ly, and Lg, are the mean squared error (MSE) losses
for Tpuser and E,, respectively, yz, ., and yg, are the true val-
ues, and wy and wg are weights (set to 0.5 each) to enforce
equal contribution of both targets during optimization. This
approach mitigates bias toward one property and enhances

overall predictive accuracy.

2.5. Machine learning model training and inverse design via
genetic algorithm

The dataset was split into 80% training and 20% test-
ing sets. Hyperparameter optimization was conducted using
GridSearchCV and RandomizedSearchCV, paired with five-
fold cross-validation (=5), to ensure model generalization.
For example, in the XGBoost model (xgboost package, ver-
sion 2.1.4), key hyperparameters such as learning rate, maxi-
mum depth, and number of estimators were tuned systemati-
cally. Cross-validation provided robust performance estimates
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by averaging the loss across folds:

k
1
Lev =7 ;Lm,i (6)

Following model training, we employed a guided Ge-
netic Algorithm (GA) to perform exploratory inverse design,
leveraging the trained XGBoost model as a fitness evalua-
tor to identify novel catalyst compositions with optimal per-
formance. The algorithm explores a high-dimensional feature
space including a constrained set of high-potential elements,
hierarchical catalyst architecture, and process parameters. The
detailed implementation of the GA, including its non-linear,
Gaussian-based reward function and evolutionary operations,
are provided in the Supporting Information (Supplemental
Notes 1, Supporting Information).

2.6. LLM optimization and fine-tuning

As introduced earlier, the second stage of our frame-
work involved creating the Cat Advisor multi-agent sys-
tem. To power this agent, we optimized the open-source
DeepSeek-R1-Distill-Llama-8B model for the specific re-
quirements of catalyst research using parameter-efficient fine-
tuning through the optimized Low-Rank Adaptation (LoRA)
methodology from the Unsloth framework. This method, ap-
plied to improve task-specific performance, selectively up-
dates rank-decomposed weight matrices, reducing trainable
parameters by >90% while maintaining the inherent gener-
alization capabilities of the base mode. Importantly, we in-
corporated the R1 reasoning module during fine-tuning to
enhance the structured logical inference and multi-hop rea-
soning capabilities of the model, which are essential for it-
erative analysis and knowledge synthesis in complex sci-
entific contexts. Fine-tuning was performed using an RTX
A6000 Ada graphics card in an Ubuntu 22.04.5 LTS envi-
ronment. All operations were conducted in Python 3.10, us-
ing Unsloth (version 2025.3.1), CUDA (version 12.4), Py-
Torch (version 2.6.0 + cul24), and Triton (version 2.2.0).
Additionally, four-bit quantization was applied to reduce
the GPU memory footprint to 7 GB, enabling efficient ex-
perimentation. The Chain-of-Thought (CoT) dataset (https:
//huggingface.co/datasets/Yy245/cot_2000) was used as the
training corpus for fine-tuning. The fine-tuned DeepSeek-
R1-Distill-Llama-8B model weights are publicly available on
Hugging Face at https://huggingface.co/Yy245/Cat- Advisor.
All relevant code is publicly available in the GitHub reposi-
tory (https://github.com/Weijie- Yang/cat_advisor).

3. Results and discussion

3.1. LLM-Enhanced data acquisition and processing for
mghy dehydrogenation catalysts

Developing robust machine learning models for predicting
magnesium hydride dehydrogenation catalyst (MDC) perfor-
mance critically depends on readily accessible, high-quality,

structured experimental data. Manual extraction of such data
from scientific literature is laborious and inefficient, especially
for MDC research where performance is intricately linked to
numerous experimental parameters across diverse publications
(Fig. S1, Supporting Information). To address this, we devel-
oped an LLM-enhanced framework to systematically and ef-
ficiently acquire experimental data from 759 Web of Science
publications concerning “catalyst” and “MgH,.”

Our framework uses a multi-stage preprocessing pipeline
(Fig. la) to optimize data extraction. Initially, Nougat [52]
converted PDFs to Markdown. This Markdown conversion,
with its simplified syntax and enhanced structural clarity com-
pared to PDFs, significantly improved LLM parsing and com-
prehension of scientific text, particularly facilitating accurate
identification of key experimental parameters and their re-
lationships. Subsequently, iterative prompt [53] optimization
(Fig. 1b), combining domain expertise with GPT-40 natural
language processing, progressively enhanced the accuracy of
targeted parameter extraction (see Figs. S2-S5 in the Sup-
porting Information for prompt details). This iterative, human-
machine collaborative approach refined prompts and yielded
valuable insights for optimizing LLM performance in materi-
als science literature processing.

Batch processing of 759 Markdown publications using the
GPT-40 API and optimized prompts systematically extracted
a dataset containing 2360 valid experimental data points for
MDCs, derived from 809 unique catalyst entries. This dataset
includes 16 critical experimental parameters (Table S1, Sup-
porting Information) characterizing catalyst composition, syn-
thesis, conditions, and key performance metrics like onset
dehydrogenation temperature and activation energy. To en-
sure data consistency and enrich the dataset, facilitating both
machine learning and multi-modal analysis, we constrained
the LLM output to JSON and integrated materials property
data from the Materials Project database [54] (Table S2, Sup-
porting Information), along with publication metadata (DOI,
year). This resulting structured database, with 6555 total data
rows, significantly advances data availability for MgH, dehy-
drogenation catalyst research, dramatically accelerating data
acquisition compared to manual methods while maintaining
comparable accuracy.

Building on this comprehensive, high-fidelity dataset,
which accelerates data availability for MgH, dehydrogenation
catalyst research and greatly improves data acquisition effi-
ciency over manual methods while maintaining comparable
accuracy, we demonstrated its utility by developing advanced
computational tools for MDC design. Specifically, to fully uti-
lize this extensive MDCs database for computational catalyst
design, we constructed machine learning models (Agentl) us-
ing extracted catalyst parameters (P1), catalyst classifications
(P2), and Materials Project data. Agentl employs a MultiOut-
putRegressor framework with a multi-objective loss function
to optimize onset dehydrogenation temperature and activation
energy concurrently, and incorporates a Genetic Algorithm
for efficient candidate identification. Furthermore, to create
a more interactive and knowledge-rich system, we fine-tuned
a Large Language Model (LLM2) using Chain-of-Thought
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Fig. 2. Data Characterization and Performance Evaluation of Our Workflow. a) Journal Distribution of Publications. Distribution of retrieved publications
across leading journals in hydrogen energy and materials science. b) LLM Performance Comparison for Information Retrieval. Comparative evaluation of
mean precision, recall, and Fl-score for DeepSeek, Qwen-max, and some other models, assessed using 78 randomly selected publications. Axes indicate recall
and precision; node size represents dataset size rank. ¢) Comparison of the automated pipeline method vs. average manual execution time for 759 publications.
d) GPT-40 Performance for Parameter Extraction. Mean precision, recall, and Fl-score for each of the 16 extracted parameters, based on comparison with

human annotations.

datasets (P3 & P4), while incorporating an external Retrieval-
Augmented Generation (RAG)-enhanced knowledge base (P1
& P2). Function-calling techniques then integrated the ma-
chine learning models (Agentl) with the knowledge-enhanced
LLM?2 (Agent2), resulting in a robust multi-agent system for
magnesium-based dehydrogenation catalysts (MDCs), whose
functionalities and applications are detailed in subsequent sec-
tions.

3.2. Performance benchmarking of LLM-Driven text mining

To provide a bibliometric context for magnesium-based hy-
drogen storage catalyst research, an initial analysis of journal
distributions over the past 2 decades (Fig. 2a) indicated a
notable concentration of publications in preeminent hydrogen
energy and materials science journals, notably the Interna-
tional Journal of Hydrogen Energy and the Journal of Alloys

and Compounds (full titles provided in Table S3, Supporting
Information). This distribution underscores the role of these
journals as critical platforms for disseminating substantial ad-
vancements in this field.

To rigorously benchmark our LLM-driven text mining ap-
proach, we established a test set of 78 randomly selected
publications from our corpus of 759. Performance was eval-
uated by comparing information retrieval from DeepSeek,
Qwen-max, GPT-40 and other models (model versions are
listed in Table S4, Supporting Information), using consis-
tent prompts, against a human-annotated gold standard. Stan-
dard metrics,precision, recall, and F1-score,were calculated.
As shown in Fig. 2b, GPT-40 exhibited superior performance,
achieving the highest Fl-score and thus was selected as our
primary information retrieval model.

Further comprehensive validation, involving manual as-
sessment of 2360 catalyst data entries (~10,000 parameters),
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confirmed the high accuracy of GPT-40 across the full dataset
(Fig. 2d). Consistently achieving F1-scores above 0.83 for all
16 key parameters (detailed metrics in Table S5, Supporting
Information), GPT-40 demonstrated robust and reliable infor-
mation extraction.

To further validate our methodology, we quantitatively
compared its efficiency to manual parameter extraction by ex-
perienced researchers. Our automated approach achieved ap-
proximately a 40-fold acceleration in data extraction speed
(Fig. 2c¢), reducing the estimated manual extraction time for
759 publications from approximately 253 h to just 6.3 h (A
detailed breakdown of this efficiency comparison is provided
in Fig. S6 and Supplemental Notes 3, Supporting Informa-
tion). This dramatic reduction in time (from over a month of
full-time work to less than a day of computation) highlights
the transformative potential of our approach.

Building on the demonstrated efficiency, we next evalu-
ated LLM performance for catalyst classification, a related
task crucial for broader applicability and research trend anal-
ysis. Using prompt engineering (exemplary prompts in Fig.
S3, Supporting Information), we employed GPT-40 to auto-
matically categorize catalysts in our database into 12 cate-
gories [55] (Table S6, Supporting Information). Comparison
against human-annotated classifications revealed high accu-
racy for LLM-driven catalyst categorization (Fig. S7, Sup-
porting Information). Following manual verification, we inte-
grated this classification data into our database, providing a
robust foundation for subsequent research trend analysis.

3.3.1. Evolution of catalyst material trends and performance
landscapes

To wunderstand the evolving research landscape in
magnesium-based hydrogen storage catalysts (MDCs), we an-
alyzed publication trends from 759 relevant articles over 2
decades, charting publication year against catalyst material
categories (Fig. 3a). The temporal distribution reveals fluc-
tuating growth in MDC publications since the early 2000s,
with a recent peak around 2024, likely reflecting the cycli-
cal nature of research interest and stages of technological
advancement. Notably, early research (pre-2019) predomi-
nantly focused on binary and multi-metallic alloys, along with
metal oxides, indicating initial efforts centered on conven-
tional metal catalysts for MgH, dehydrogenation. However,
in recent years, research has diversified significantly, with an
increasing emphasis on composite, metal-carbon composite,
and transition metal-based catalysts. This diversification, vi-
sualized in Fig. 3a, suggests an evolving trend towards more
complex catalytic systems, including multi-component syner-
gistic catalysis, nanocomposite materials, and strategies for
precise active site modulation to enhance performance. Metal
oxides, however, remain a consistently investigated category,
likely due to their cost-effectiveness, facile synthesis, and
chemical tunability [56].

This observed evolution in catalyst material trends, cou-
pled with the persistent challenge of data scarcity in the
field (as highlighted in the Introduction), directly motivated
the construction of a comprehensive and high-quality dataset

for machine learning applications. Building upon established
methodologies, we assembled a dataset by integrating two
distinct sources: (1) experimental parameters for 809 unique
catalyst compositions extracted from 759 publications via our
LLM pipeline, and (2) relevant computational materials prop-
erties (e.g., formation energy, band gap) retrieved from the
Materials Project database [54] for these compositions.

To enhance model robustness and account for chemical
reality where a single composition can exhibit multiple crys-
tal structures, we implemented a data augmentation strategy.
For each of the 809 compositions, we queried the Materials
Project for all corresponding stable crystal structures (poly-
morphs). This one-to-many mapping resulted in a total of
6555 unique structure-property data rows. To simulate minor
experimental variations and prevent overfitting on repeated
performance values, a small random perturbation (£5%) was
applied to the T, and E, for these augmented entries.

This fusion of experimental performance data with
structure-specific computational properties creates a rich,
high-dimensional feature set for robust model training. As de-
picted in Fig. 3b, the resulting size of our dataset substantially
surpasses those reported in comparable studies, addressing a
critical limitation for data-driven catalyst design. The over-
all performance landscape captured by our dataset reveals a
median onset dehydrogenation temperature of 240.00 °C and
a median activation energy of 93.06 kJ/mol, with significant
variance that highlights the complexity of the catalytic system
(see Figs. S8 and S9, Supporting Information).

To further explore the performance landscape and the re-
lationship between catalyst material type, onset dehydrogena-
tion temperature (7,,s;), and activation energy (E,), we de-
veloped a Sankey diagram (Fig. 3c). This diagram effectively
visualizes the distribution of catalyst categories across 10 dis-
crete intervals for both 7,,., and E,, balancing data granu-
larity with sufficient sample sizes within each interval. The
Sankey diagram (Fig. 3c) reveals a complex interplay between
catalyst material, T}, and E,. While the distribution of most
catalyst types spans multiple 7, and E, ranges—confirming
that material type alone is not a deterministic predictor of
performance and highlighting the critical influence of factors
such as microstructure, component synergy, and preparation
methods—discernible trends still emerge. Specifically, metal-
carbon composite catalysts (MCCs) and, to a lesser extent,
metal oxides (MOx), show a notably higher proportion within
the lower E, (<75.72 kJ/mol) and T, ranges. For catalysts
exhibiting T,,s; below 250 °C, the counts are: MCC (46),
MOx (36), and bimetallic/multimetallic alloys (BMA, 20).
Similarly, for catalysts with E, below 75.72 kJ/mol, the counts
are: MOx (17), MCC (16), and BMA (13). These data, visu-
alized in Fig. 3c, suggest that both MCCs and MOx demon-
strate enhanced potential for achieving lower dehydrogena-
tion temperatures and activation energies, although this trend
appears more pronounced for MCCs, particularly regarding
activation energy reduction.

For MCCs, this enhanced performance is plausibly at-
tributable to the high surface area of carbon supports, which
facilitates active component dispersion, improves electron
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transport within MgH,, and mitigates MgH, agglomeration
[55]. Analogous to MCCs, metal oxides are also believed to
enhance MgH, dehydrogenation kinetics through a combina-
tion of mechanisms, including reducing the activation energy,
optimizing interfacial reactions, forming new catalytic phases,
and enhancing hydrogen diffusion [57,58].

The superior performance of these two catalyst families is
quantitatively supported by the detailed distribution analysis
presented in the raincloud plots (Figs. S10 and S11, Support-
ing Information). These plots clearly show that Metal-Carbon
Composites (MCCs) and Metal Oxides (MOXx) possess some
of the lowest median onset temperatures and activation en-
ergies among all categories. For instance, the median T,
for MCCs is visibly lower than that for categories like Metal
Halides (MHal) or Bimetallic Alloys (BMA). Similarly, the
distribution of E, for MCCs and MOx is skewed towards
lower values, confirming their catalytic advantage. This obser-
vation is also consistent with the reported high performance
of specific MCC examples like nanocrystalline Mg, Ni/carbon
and Mg,NiHy/carbon [59], further strengthening the evidence
for the beneficial role of carbon supports in MgH, dehy-
drogenation catalysts, and highlighting the diverse catalytic

mechanisms through which metal oxides, such as Nb,Os,
Ce0,, Fe;0,4, and Co30y4, can also contribute to enhanced
performance [57,58].

In conclusion, while catalyst material significantly impacts
dehydrogenation, the broad T, and E, distributions within
material types (Fig. 3c) emphasizes that effective catalyst
design requires a holistic approach beyond material selec-
tion alone. Synergistic optimization of parameters like par-
ticle size, milling ratio, and catalyst loading is crucial for ra-
tionally designing and precisely controlling high-performance
magnesium-based hydrogen storage catalysts. Future research
should prioritize such multi-parameter optimization strategies.

3.3.2. Model performance prediction and feature engineering

To enable accurate and efficient prediction of MgH, dehy-
drogenation catalyst (MDC) performance, we integrated cata-
lyst material descriptors from the Materials Project with cat-
alyst design parameters and experimental data from LLM-
based text mining (prompt engineering and validation details
in Figs. S2 and S3, Supporting Information). This integration
yielded a comprehensive dataset (6555 samples, 61 raw de-
scriptors). To imbue the model with chemical intuition and
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Table 1
Performance Comparison of Machine Learning Models With Hierarchical
Features.

Model XGBoost GB RF DT

Average R? 0.916 0.915 0.909 0.899
Average MAE 0.032 0.032 0.034 0.033
Average RMSE 0.082 0.082 0.086 0.089

enhance its interpretability, we developed a novel hierarchical
feature engineering strategy. This approach deconstructs the
identity of the catalyst into three distinct, chemically mean-
ingful categories: 1) the active component (e.g., Metal Oxide,
Bimetallic Alloy), 2) the support material (e.g., Carbon-based,
MXene), and 3) the synthesis form (e.g., Supported, Core-
Shell). These were combined with elemental presence fea-
tures derived from the catalyst formula (e.g., Elem_Ti), key
process parameters, and calculated physicochemical proper-
ties, resulting in a robust feature set for model training (see
feature engineering details in Supplemental Notes 4, Support-
ing Information).

Using an 80:20 training-test split, the data was prepro-
cessed to handle missing values, which were prevalent due
to unreported parameters in the literature. We employed a K-
Nearest Neighbors (KNN) imputer, an advanced method that
estimates missing values based on the most similar data points
in the feature space. Following imputation, the features were
scaled using a RobustScaler to handle outliers effectively. We
then developed and compared four established machine learn-
ing regression models (with detailed explanations provided
in Supplemental Notes 2, Supporting Information), namely
Random Forest (RF), Gradient Boosting (GB), Decision Tree
(DT), and Extreme Gradient Boosting (XGBoost), within a
MultiOutputRegressor framework to simultaneously predict
MDC onset dehydrogenation temperature and activation en-
ergy, accounting for potential interdependencies. To ensure
balanced learning, we employed an implicit multi-objective
loss function [60]. GridSearchCV and RandomizedSearchCV,
with five-fold cross-validation, systematically optimized hy-
perparameters [01], enhancing model generalization and reli-
ability.

Performance benchmarking of the four models, now
trained on the rich hierarchical feature set, is summarized
in Table 1. To provide a comprehensive assessment of both
model fit to the training data and generalization to unseen
data, the metrics were averaged across both the training
and test sets. The results indicate that all ensemble models
achieved excellent overall performance, with XGBoost ex-
hibiting the highest Overall Average R? of 0.916, marginally
outperforming Gradient Boosting (R?>= 0.915). The consis-
tently high performance across the top models highlights the
effectiveness of our hierarchical feature engineering in cre-
ating a highly predictive feature space. Given its leading R>
score, the XGBoost model was selected for all subsequent
inverse design tasks. Detailed performance metrics for the
training and test sets are provided separately in the Support-
ing Information (Table S7) for a granular analysis of model

generalization. For a comprehensive visual evaluation, the pre-
diction performance plots for the GB, DT, and RF models are
also available in the Supporting Information (Figs. S12-S17).

To rigorously assess model generalization and diagnose po-
tential overfitting, we generated learning curves for all four
models (see Figs. S18-S25 in the Supporting Information).
The learning curves for our best-performing model, XGBoost,
are representative (see Figs. S18-S19 in the Supporting In-
formation). They show that as the training set size increases,
the R? score on the test set consistently improves and begins
to plateau, while the gap between the training (R* = 0.964)
and test (R2=0.867) scores narrows. This behavior is char-
acteristic of a well-generalized model that is benefiting from
more data and not suffering from high variance (overfitting).
It suggests that while a small generalization gap exists: typ-
ical for complex datasets, the performance of the model is
robust and predictive.

Furthermore, SHAP (SHapley Additive exPlanations) anal-
ysis and feature importance assessments (Fig. 4c—d, Figs.
S26-S32, Supporting Information) provided mechanistic in-
sights and improved model interpretability. This analysis, now
empowered by our hierarchical feature engineering, high-
lights not just catalyst composition in general, but specific
elemental contributions (e.g., the crucial role of Titanium),
catalyst architecture (e.g., the encoded active component),
and process parameters (e.g., particle size and ball milling)
as critical descriptors influencing MDC performance. This
aligns with fundamental materials science principles and of-
fers more granular, actionable guidance for targeted catalyst
design.

To elucidate the underlying chemical and physical drivers
of performance, we employed SHAP analysis [62] on the
trained XGBoost model. The results (Fig. 4c—d) provide un-
precedented, fine-grained insights thanks to our hierarchical
feature engineering.

For onset temperature (Fig. 4c), process parameters like
ball milling speed (BM_Speed) and time (BM_Time) remain
critically important, underscoring the role of nanostructuring.
Crucially, the elemental feature Elem_Ti (presence of Tita-
nium) emerges as a top-ranking descriptor, with its presence
(high feature value, red dots) strongly pushing the SHAP
value to the left, indicating a significant contribution to low-
ering the onset temperature. Furthermore, the encoded active
component (Active_Comp_Enc) is identified as a key factor,
confirming that the intrinsic nature of the catalyst class is
vital.

For activation energy (Fig. 4d), a similar trend is ob-
served. The presence of Titanium (Elem_Ti) is again the
most impactful feature, consistently driving the activa-
tion energy down. This provides strong, data-driven ev-
idence for the exceptional catalytic role of Titanium in
MgH, systems. Other important factors include process
parameters (BM_Time, BM_Speed) and catalyst loading
(Cat_MassFrac). The SHAP analysis indicates that our hi-
erarchical and elemental features capture key patterns, trans-
forming the model into a more interpretable tool for scientific
inquiry.
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3.3.3. Inverse design and prospective validation of
next-generation catalysts

Having established a highly accurate and interpretable pre-
dictive model, we proceeded to the ultimate test of our data-
driven framework: its ability to perform inverse design and
its predictive power on completely unseen materials. To this
end, we implemented a comprehensive, multi-faceted valida-
tion strategy using a curated set of 8 diverse, state-of-the-art
catalyst systems from very recent literature (2025) [63-70].
These materials, including complex composites, high-entropy
alloys, and LDH-derivatives, were entirely absent from our
training data.

First, we assessed the forward predictive power of the
trained model. The results, presented in Fig. 4e and f, com-
pare the direct predictions from the model against the exper-
imental values for the unseen catalysts. This excellent pre-
dictive capability across a challenging set of novel materials
confirms that the model has learned the fundamental structure-
property relationships and can accurately extrapolate to new
regions of the chemical space, establishing a solid foundation
for its use in inverse design.

Next, to guide the inverse design process towards chem-
ically fertile and relevant spaces, we performed a statisti-
cal analysis to identify key elemental drivers of performance
(Fig. 5a and b). This analysis revealed a core set of “effec-
tive elements” (e.g., Ti, V, Ni, Mn, C) consistently associ-
ated with improved performance. To bridge the knowledge of
the model with the rapidly evolving experimental frontier, we
augmented this data-driven element pool with additional ele-
ments featured prominently in the 2025 literature (e.g., Fe,
Nb, Mo, Zr, La). This combined set of 16 high-potential
elements formed the constrained chemical search space for
our GA, ensuring a focused yet exploratory search (see Sup-
plemental Notes 1 for the full list of elements, Supporting
Information).

We then employed this guided GA to perform exploratory
inverse design, aiming to identify novel catalyst composi-
tions with optimal performance. The GA iteratively evolves a
population of candidate catalysts, leveraging the trained XG-
Boost model as a fitness evaluator. To guide the search to-
ward promising and physically realistic candidates, a non-
linear fitness function was implemented to reward catalyst
designs with lower predicted 7,5, and E, (see Table S8 and
Supplemental Notes 1 for details, Supporting Information).
The evolution of the mean T,,,, and E, of the population
over the generations is visualized in Fig. 5¢ and d, respec-
tively. These plots demonstrate the effectiveness of the GA,
showing a clear convergence towards lower temperatures and
activation energies as the optimization progresses. The in-
terquartile range (shaded area) also narrows, indicating the
population is consistently evolving towards high-performance
regions.

To validate the rationality of the search process, we visu-
alized the high-dimensional feature space using t-distributed
Stochastic Neighbor Embedding (t-SNE), as shown in Fig. Se.
The plot confirms that the GA-identified solutions are not out-
liers but are well-embedded within the data-supported mani-

fold of the training set, alongside the literature targets. A com-
parative t-SNE visualization highlighting the feature space
overlap is provided in the Supporting Information (Fig S33).
The final performance distribution of the top 20 GA-identified
candidates is compared against the training set in Fig. 5f. This
plot vividly shows that the GA has successfully navigated the
performance landscape to identify a cluster of candidates in
the highly desirable low- T, low- E, region.

The results of this exploratory inverse design are presented
in Table 2, which details the top 20 highest-performing cata-
lyst design blueprints discovered by the GA. Each blueprint
consists of a predicted architecture (active component, sup-
port, form) and an associated elemental base. For use in the
ML model, these three categorical architectural features were
converted into numerical format using one-hot encoding, as
detailed in the feature engineering section of the Supporting
Information (Supplemental Notes 4, Supporting Information).
This list showcases a diverse range of promising designs.
A recurring theme is the prevalence of multi-metallic sys-
tems, often combined with advanced supports like MXenes
or carbon-based materials.

The most powerful validation of our framework lies in
demonstrating the alignment of these computationally gener-
ated blueprints with the forefront of experimental research. To
this end, we conducted a systematic comparison between the
findings in Table 2 and our curated set of state-of-the-art cata-
lysts. Remarkably, the elemental bases and, in many cases, the
predicted architectures of the six top-ranked GA-discovered
blueprints show a strong correspondence to six distinct, high-
performance catalyst families from our 2025 validation set.
For instance, the top-ranked candidate (a blueprint for a Metal
Oxide on a Carbon-based support with a C-Fe-O-V elemen-
tal base) corresponds precisely to the conceptual recipe for
the FeVO4/CNT catalyst. Similarly, the third-ranked candi-
date perfectly matches the architectural and elemental profile
of a TiCrVFeCo high-entropy alloy. A detailed, side-by-side
comparison of these six successfully aligned systems is pro-
vided in the Supporting Information (Table S9).

This successful “rediscovery” of multiple, diverse, and top-
performing catalyst systems serves as a robust, data-driven
alternative to direct experimental synthesis for validating our
computational framework. Crucially, the remaining 14 top-
ranked candidates, which do not correspond to any known
systems in our validation set, represent novel, high-potential
design hypotheses. These computationally-derived blueprints,
marked as “Unreported” in Table 2, offer new avenues for fu-
ture research and provide concrete, actionable insights for ex-
perimentalists aiming to synthesize next-generation catalysts.
While the GA-predicted performances represent theoretical
optima, the fact that the GA independently identified and pri-
oritized the exact chemical combinations at the forefront of
experimental research is a powerful testament to the ability of
the framework to learn underlying chemical principles. This
suggests that our framework is more than a fitting tool and
can provide valuable insights to guide rational materials de-
sign , thereby supporting the credibility of the GA-generated
hypotheses.
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Table 2
Top 20 Catalyst Candidates Identified by the Guided Genetic Algorithm.
Number GA-Identified optimum GA-Discovered Predicted active component  Predicted support Predicted Notes
elemental base material synthesis form
Tonser E,
(°0) (kJ/mol)
1 114.01 82.79 C-Fe-O-V Metal oxide Carbon-based Supported Reported [70]
2 168.06 72.87 Co-Cr-Fe-Ti-V Composite/Mixture No support Alloyed Reported [66]
3 174.61 74.41 C-Nb-O-Ti Composite/Mixture MXene Supported Reported [65]
4 166.25 78.4 C-Fe-Mo-N-O Metal oxide Carbon-based Supported Reported [63]
5 197.18 67.08 C-O-Ti-Zr Composite/Mixture No support Self-supported Reported [69]
6 161.62 83.97 La-O-V Metal oxide No support Self-supported Reported [67]
7 108.54 71.89 C-Cr-Fe-O-V Metal oxide Carbon-based Supported Unreported
8 99.56 86.18 C-Fe-Nb-O-V Metal oxide Carbon-based Supported Unreported
9 113.05 67.28 C-Fe-Mn-O-V Metal oxide Carbon-based Supported Unreported
10 98.09 75.09 C-Fe-O-V-Zr Metal oxide Carbon-based Supported Unreported
11 123.06 74.04 C-Fe-O-Ti-V Metal oxide Carbon-based Supported Unreported
12 141.35 58.72 C-Ca-Fe-O-V Composite/Mixture MXene Supported Unreported
13 98.25 76.5 C-Fe-Mg-O-V Transition metal elements Carbon-based Supported Unreported
14 109.78 81.16 C-Fe-O-Ts-V Metal oxide Carbon-based Supported Unreported
15 92.55 76.52 C-Fe-La-O-V Metal oxide Carbon-based Core-shell Unreported
16 108.65 74.32 C-Fe-K-O-V Transition metal elements Others Supported Unreported
17 106 84.09 C-Fe-Ni-O-V Bimetallic/Multimetallic MOF Self-supported Unreported
alloy
18 92.92 71.24 C-Fe-V Others Carbon-based Supported Unreported
19 144.3 74.36 C-Nb-O-Ti-V Composite/Mixture No support Core-shell Unreported
20 137.16 79.4 C-Fe-O-Se-V Metal oxide Carbon-based Supported Unreported

3.3.4. Cat-advisor: a multi-agent system for mgh,
dehydrogenation catalyst design

While LLMs demonstrate broad text comprehension, their
generalist nature can limit efficacy in specialized scientific
domains like catalyst design, which demand deep domain
expertise and high factual accuracy, often leading to is-
sues like ‘“hallucinations” [71]. To overcome these limita-
tions and accelerate MgH, dehydrogenation catalyst research,
we developed Cat-Advisor (https://cat-advisor.cpolar.top/chat/
share?shareld=w{z7t90zohng7vaej6bldxgd) (Fig. 6a), a multi-
agent system specifically tailored for this field. Cat-Advisor
integrates predictive modeling, knowledge retrieval, and ad-
vanced LLM reasoning capabilities to provide specialized
guidance for catalyst design.

The architecture of Cat-Advisor comprises two primary
agents:

o Agent 1 (Predictor): employs ML models trained on a
structured database. This database combines P1 (catalyst
and performance data) and P2 (catalyst category) extracted
using Prompts 1 & 2 with information from the Materials
Project. Agent 1 predicts key performance metrics, namely
the onset dehydrogenation temperature and activation en-
ergy, for diverse catalysts. The applicability of these pre-
dictions is supported by t-SNE visualization, which con-
firms that the input feature combinations lie within the
distribution density of the training data.

Agent 2 (Advisor): leverages Retrieval-Augmented Gen-
eration (RAG) for context-aware literature retrieval
and utilizes advanced reasoning capabilities. Its core
LLM functionality integrates a specifically fine-tuned

DeepSeek/Llama-architecture = model  (DeepSeek-R1-
Distill-Llama-8B) with GPT-4, employing a multi-routing
strategy to optimize performance across different tasks
[72], such as recommendation generation and complex
Q&A. The fine-tuning corpus included P3 (extracted
question-answer (Q&A) pairs) and P4 (Chain-of-Thought
[CoT] Q&A pairs) extracted using Prompts 3 & 4. Agent
2 utilizes function-calling to interact dynamically with
Agent 1 (for predictive data) and external knowledge
bases, enabling it to generate targeted experimental design
recommendations and provide informed scientific answers.

The development involved domain-specific fine-tuning of
the open-source DeepSeek-R1-Distill-Llama-8B model (8B
parameters), selected considering factors like performance and
adaptability. Fine-tuning was performed using the Unsloth
framework with Low-Rank Adaptation (LoRA) (details in
Supplemental Notes 1 and Figs. S34-S38, Supporting Infor-
mation). The fine-tuning dataset was derived from a corpus
of 759 MgH, dehydrogenation publications, generating a CoT
dataset (2225 instances) and a self-awareness Q&A dataset
(25 pairs; prompt details in Figs. S4 and S5, Supporting In-
formation). This process significantly enhanced the domain-
specific question-answering capabilities of the model (Fig. 6b;
further details in Figs. S39 and S40, Supporting Information),
bolstering its advisory functions.

To further enhance reliability and mitigate potential LLM
hallucinations, Cat-Advisor incorporates a multi-layered RAG
strategy [73] (details in Fig. S41, Supporting Information). A
hybrid retrieval approach combining semantic vector search
with full-text search identifies relevant literature passages.
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These passages are then prioritized using Reciprocal Rank
Fusion (RRF) and a re-ranking model before being integrated
into the context of the LLM for generating informed re-
sponses.

The seamless integration between the predictive power
of Agent 1 and the reasoning of Agent 2 is enabled by a
function-calling mechanism. This allows Agent 2, during a
conversation with a user, to programmatically invoke Agent
1 as if it were an external tool. For example, when a user
requests a performance prediction for a specific catalyst, the
reasoning process of Agent 2 identifies the need for a quan-
titative prediction. It then formats the user input into the fea-
ture vector required by the machine learning model in Agent
1 and executes the predict performance function call. Agent
1 runs the prediction and returns the numerical output (e.g.,

“Tonser = 90 °C, E, = 77 kJ/mol”). Agent 2 subsequently
receives this output and dynamically embeds it into its nat-
ural language response to the user. This real-time integra-
tion of predictive data into the generative process is what al-
lows Cat-Advisor to provide quantitatively grounded advice.
As our evaluations demonstrate, this integrated system signif-
icantly enhances accuracy and contextual relevance, allowing
Cat-Advisor to outperform general-purpose LLMs like native
GPT-4 on domain-specific tasks (Fig. 6b).

Cat-Advisor offers researchers three primary functionalities
(Practical usage illustrated in Fig. S42 and Video, Supporting
Information):

« Catalyst recommendation: suggests potential catalysts or
composite materials tailored to user-defined performance
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criteria (e.g., target ranges for 7, and E,). Agent 2

utilizes its specialized knowledge and RAG capabilities

to identify promising candidates and associated synthe-
sis strategies. These suggestions can then be evaluated by
Agent 1 for predicted performance.

o lllustrative Example: a user specifies a target of T,
<100 °C (373 K) and E, <80 kJ/mol. Agent 2 might
propose Mg(AlH4), based on its domain knowledge
about complex hydrides potentially acting as catalysts
[74]. Agent 1 then predicts the performance for this
material under specified conditions (e.g., predicting
Tonser = 90 °C and E, = 77 kJ/mol based on its ML
model). This predicted performance meets the criteria
specified by the user. (Note: The reliability of the pre-
diction by Agent 1 is implicitly supported by the vali-
dation methods, including t-SNE, described previously).

Catalyst performance prediction: predicts 7,,,, and E,
for a specific catalyst based on user-provided properties
and preparation conditions. Input can be supplied through
structured input fields or natural language descriptions.
Agent 1 performs the prediction using its trained ML mod-
els. (Note: As above, the reliability of the prediction is
supported by prior validation).

o Example Natural Language Input: “Predict the on-
set dehydrogenation temperature and activation en-
ergy for a TiO, catalyst (5 wt%) prepared by ball
milling (400 rpm, 600 min) with known proper-
ties: CBM = 2.754 eV, VBM = 1.0357 eV, den-
sity = 3.428 g/cm?.”

Catalyst-Related Q&A: addresses scientific inquiries re-

garding MgH, dehydrogenation catalysts, covering aspects

like reaction mechanisms, structure-property relationships,
and the impact of synthesis parameters or additives, lever-

aging the RAG-enhanced LLM capabilities of Agent 2.

o Example User Query: “how does the carbon shell struc-
ture influence the catalytic activity of Ni nanoparticles
in MgH, composites?”

In summary, Cat-Advisor, as a multi-agent system, repre-
sents a notable advance in applying Al to the complex chal-
lenge of catalyst discovery. This hybrid predictive-advisory
approach can accelerate the screening process and help
streamline experimental workflows. The underlying multi-
agent framework offers potential as a generalizable Al re-
search platform adaptable to other scientific domains requir-
ing integrated prediction and knowledge synthesis.

3.4. Framework limitations and future outlook

While our “LLM to Agent” framework demonstrates a
powerful new paradigm for materials discovery, it is crucial
to acknowledge its current limitations, which in turn define
clear avenues for future enhancement.

A primary methodological concern is the inherent risk of
LLM “hallucination,” that is, the generation of factually incor-
rect information. To ensure data integrity across the pipeline,

we implemented a multi-layered mitigation strategy includ-
ing: (i) Strict Prompt Engineering with a predefined JSON
output format; (ii) Automated Post-Processing for validation
and unit conversion; and (iii) Expert-in-the-Loop Validation
of a significant data subset. For the Cat-Advisor multi-agent
system, these principles were further strengthened by its RAG
architecture.

From a scientific scope perspective, another significant
limitation of the framework is its current focus on catalyst
activity(T,,s. and E,), while neglecting the equally critical as-
pect of catalyst stability and recyclability. This omission was
a deliberate and carefully considered choice, driven by the
profound challenges associated with the available literature
data for these metrics. Unlike temperature and activation en-
ergy, which are typically reported as precise numerical values,
our comprehensive literature survey revealed that stability data
are often presented in: (i) non-standardized formats (e.g., “ca-
pacity loss of 5% after 20 cycles” vs. “retains 90% capacity
after 10 h at 300 °C”); (ii) qualitative descriptions (e.g., “good
stability,” “excellent recyclability”); and (iii) highly variable
experimental conditions that hinder direct comparison. This
heterogeneity makes it extremely challenging to reliably ex-
tract and structure these metrics into a consistent, machine-
learnable format without introducing significant noise and un-
certainty.

These limitations, however, point directly to exciting
future research directions and highlight the potential of our
framework. A key goal is to develop more sophisticated
LLM extraction techniques, leveraging the advanced parsing
capabilities of models like GPT-40 to interpret, parse, and
standardize these complex, often narrative-based stability
reports. Successfully curating a reliable stability dataset
would, in turn, enable a true multi-objective optimization that
simultaneously targets high activity and long-term durability,
a critical step towards designing practically viable catalysts.

Furthermore, the robustness of the framework could be sig-
nificantly enhanced by exploring more advanced methodolo-
gies. One key direction is LLM ensembling, where outputs
from multiple top-performing models (e.g., GPT-40, Claude
4, Gemini 2.5) are systematically compared. By developing
a sophisticated consensus algorithm to resolve discrepancies,
this approach could further mitigate model-specific biases and
create a more reliable “self-correcting” data pipeline, building
upon the strong, expert-validated baseline established in this
work.

Finally, the greatest potential of the framework lies in its
generalizability. Its modular design, which encompasses data
extraction, predictive modeling, and agent-based reasoning,
is not specific to magnesium hydride and can be readily
adapted to accelerate discovery in other data-rich chemical
domains. This includes creating new databases and predictive
models for challenges such as designing electrocatalysts,
screening next-generation battery materials, or discovering
novel high-performance polymers. This would extend the
impact of our work far beyond the specific system studied
here, establishing a versatile and powerful template for
Al-driven materials science.
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4. Conclusion

This study establishes an Al-driven framework, embody-
ing an “LLM to Agent” paradigm, for catalyst discovery in
magnesium-based hydrogen storage. By leveraging a founda-
tional LLM (GPT-40) for the automated curation of an exten-
sive chemical dataset, we constructed a robust foundation for
data-driven design. High-fidelity ML models, built upon this
dataset, subsequently enabled accurate performance prediction
and served as the core of a guided Genetic Algorithm.

A key finding of this work is that the framework can move
beyond performance prediction to generate scientific insights.
The GA-driven inverse design process identified a set of
promising design principles for next-generation catalysts, such
as the importance of multi-metallic synergy and the strategic
use of advanced supports. The credibility of these computa-
tionally derived principles was supported by their alignment
with the design strategies employed in recent (2025) exper-
imental literature. This demonstrates that the framework has
the potential to provide useful, high-level guidance by gen-
erating viable catalyst design blueprints, each comprising an
elemental base and a hierarchical architecture.

A notable component of this framework is Cat-Advisor, a
domain-adapted multi-agent system. This system represents
an approach to translate static predictions into an interac-
tive format. Fine-tuned with a purpose-built Chain-of-Thought
(CoT) dataset, Cat-Advisor synergizes ML predictions with
a RAG-enhanced knowledge base to deliver context-aware
chemical design recommendations. This work explores the
potential of specialized Al Agents to assist in complex scien-
tific reasoning, aiming to reduce reliance on empirical trial-
and-error and aid in intelligent chemical interpretation.

In summary, our integrated “LLM to Agent” framework
presents a systematic approach to how chemical knowledge
can be extracted, understood, and utilized for discovery. This
work provides a practical blueprint for developing Al tools
that can navigate the complex chemical literature and data
landscape. We believe this approach holds potential to cat-
alyze innovation not only in MgH, catalyst development but
also in broader fields such as electrocatalysis and advanced
battery materials, contributing to the overall pace of scientific
research and development.

Data Availability

The comprehensive dataset supporting the findings of this
study is publicly available through the repository at Digital
Hydrogen-S (http://digital-hydrogen.com/storage/). Addition-
ally, supplementary information relevant to this study, en-
compassing detailed methodologies and additional analytical
data, is provided in the Supporting Information. The asso-
ciated CoT dataset is publicly available on Hugging Face
at https://huggingface.co/datasets/Yy245/cot_2000. The fine-
tuned DeepSeek-R1-Distill-Llama-8B model weights are pub-
licly available on Hugging Face at https://huggingface.co/
Yy245/Cat-Advisor. All relevant code is publicly available
in the GitHub repository (https://github.com/Weijie- Yang/cat_

advisor). An online web application demo of Cat-Advisor is
available at (https://cat-advisor.cpolar.top/chat/share?shareld=
wfz7t90zohng7vaejob1dxgd).
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