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Abstract

The climate crisis demands revolutionary catalysts for CO5 reduction, yet materials
discovery remains bottlenecked by 10-20 year development cycles requiring deep
domain expertise. This paper demonstrates how large language models can signifi-
cantly accelerate and enhance the catalyst discovery process by assisting researchers
in exploring vast chemical spaces and interpreting complex results when augmented
with retrieval-based grounding. We introduce a retrieval-augmented generation
framework that enables GPT-4 to navigate chemical space by accessing a database
of 50,000+ known materials, transforming general-purpose language understanding
into a powerful tool for high-throughput materials design. Our approach generated
over 250 catalyst candidates with an unprecedented 82% thermodynamic stability
rate while addressing multi-objective constraints: 68% achieved <$100/kg cost
with metallic conductivity (band gap<0.1eV) and mechanical stability (B/G>1.75).
The best-performing Fey 2Cog 2Nig 2Irg.1Rug 3 achieves 0.285V limiting poten-
tial (25% improvement over II'OQ), while CI'(),QFG()_2C00,3Ni0_2M0(),1 optimally
balances performance-cost trade-offs at $18/kg. Volcano plot analysis confirms
that 78% of LLM-generated catalysts cluster near the theoretical activity optimum,
while our system achieves 200x computational efficiency compared to traditional
high-throughput screening. By demonstrating that retrieval-augmented generation
can ground Al creativity in physical constraints without sacrificing exploration, this
work establishes a new paradigm where natural language interfaces streamline ma-
terials discovery workflows, enabling researchers to explore chemical spaces more
efficiently while the LLM assists in result interpretation and hypothesis generation.

1 Introduction

The escalating climate crisis demands immediate technological breakthroughs to mitigate atmospheric
COs concentrations, which have reached unprecedented levels exceeding 420 ppm [1]]. Electrochem-
ical conversion of CO; into value-added chemicals and fuels represents a critical pathway toward
carbon neutrality, with catalysts serving as the cornerstone of this transformation [2, 3]. The oxygen
evolution reaction (OER), as the anodic counterpart in water splitting and CO» reduction systems, re-
mains the primary bottleneck due to its sluggish four-electron transfer kinetics and high overpotential
requirements. Current state-of-the-art catalysts, predominantly based on precious metals like [rO4
and RuO,, achieve overpotentials of 320-370 mV but suffer from scarcity, high cost, and limited
long-term stability under operational conditions. This fundamental challenge has motivated intensive
research into alternative catalyst architectures, particularly high-entropy alloys (HEAs) that leverage
synergistic interactions among multiple metallic elements to enhance both activity and durability
(4 15].
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The traditional paradigm of materials discovery presents a formidable barrier to rapid catalyst develop-
ment, typically requiring 10-20 years from initial concept to commercial deployment. This protracted
timeline stems from the vast compositional space—estimated at over 10%° possible combinations
for five-component HEAs alone—and the complex interplay between composition, structure, and
catalytic properties. Computational screening methods have accelerated the initial exploration phase,
yet they demand deep domain expertise in density functional theory, thermodynamic modeling, and
electrochemistry. Even with high-throughput computational approaches, researchers can only explore
a minuscule fraction of the available chemical space, potentially missing breakthrough compositions
that lie outside conventional design heuristics. The bottleneck intensifies when considering synthesis
feasibility, stability under operating conditions, and scalability for industrial applications, creating
a multidimensional optimization challenge that has historically limited progress to incremental
improvements rather than transformative discoveries.

The emergence of large language models (LLMs) presents an unprecedented opportunity to enhance
and accelerate materials discovery workflows. Pre-trained models like GPT-4 have demonstrated
remarkable capabilities in understanding and generating human language, encoding implicit knowl-
edge from their vast training corpora that spans scientific literature [6l [7]. While these models are not
explicitly trained in materials science, they excel at pattern recognition, hypothesis generation, and
assisting researchers in exploring complex parameter spaces. The key challenge lies in effectively
grounding their outputs in physical and chemical constraints while leveraging their ability to identify
non-obvious patterns and connections. Initial attempts to apply LLMs directly to materials design
have shown that proper integration with domain knowledge and validation frameworks is essential
for producing chemically meaningful results.

Our work demonstrates that retrieval-augmented generation (RAG) provides the critical bridge
between LLM capabilities and materials science requirements, enabling researchers to leverage
LLMs as powerful assistants for high-throughput catalyst discovery and result interpretation. The
RAG framework grounds LLM outputs in a curated database of 50,000+ validated materials, providing
chemical context while preserving the model’s creative exploration capabilities [8]. By retrieving
relevant examples of successful catalysts and their properties, the system guides the LLM toward
physically realistic compositions while allowing it to identify non-obvious elemental combinations
and stoichiometries. This approach fundamentally differs from traditional machine learning methods
that require extensive training on labeled datasets; instead, it leverages the LLM’s pre-existing
knowledge representation and pattern recognition capabilities, augmented with real-time access to
materials data. The integration of structured prompt engineering further refines the generation process,
encoding chemical constraints such as Pauling’s electronegativity rules and Hume-Rothery criteria as
natural language instructions that the model interprets and applies during catalyst design.

This paper makes the following key contributions to the field of Al-driven materials discovery:

1. We present the first demonstration of LLM-driven catalyst discovery without fine-tuning, suc-
cessfully generating over 250 novel HEA compositions with an 82% thermodynamic stability rate,
validated through comprehensive density functional theory calculations.

2. We introduce a novel integration of retrieval-augmented generation with computational screening
that enables LLMs to navigate the vast HEA compositional space efficiently, achieving a 200x
reduction in computational resources compared to traditional high-throughput screening approaches.

3. We validate our approach through rigorous DFT calculations showing that LLM-generated catalysts
achieve 15-20% improvement in limiting potentials compared to commercial IrO5 baselines, with the
best composition Fey 2Cog oNig 2Irg.1 Rug 3 reaching 0.285 V overpotential.

4. We demonstrate that the system maintains an 82% stability rate for generated candidates while dis-
covering synergistic elemental combinations, such as Fe-Co pairs that enhance *OH binding beyond
linear mixing predictions, revealing the LLM’s ability to capture complex chemical relationships.

Together, these contributions establish a new paradigm for accelerated materials discovery that
enhances research efficiency and throughput, enabling researchers to leverage Al assistance for
exploring larger chemical spaces, interpreting complex results, and identifying promising research
directions, thereby accelerating the development of solutions to the climate crisis through more
efficient materials innovation workflows.
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The remainder of this paper is organized as follows. Section 2 reviews related work in traditional
catalyst design, machine learning approaches to materials discovery, and the emerging role of LLMs
in scientific applications, positioning our RAG-based approach within the broader landscape of
computational materials science. Section 3 presents our methodology in detail, describing the RAG
architecture, prompt engineering strategies, and DFT validation pipeline that together enable LLM-
driven catalyst discovery. Section 4 reports comprehensive experimental results, including stability
screening outcomes, volcano plot analysis demonstrating optimal adsorption energies, and ablation
studies that isolate the contributions of each system component. Section 5 discusses the implications
of our findings for the future of Al-assisted materials discovery, addressing both the transformative
potential and current limitations of the approach. Finally, Section 6 concludes with a summary
of achievements and outlines directions for future research, including paths toward experimental
validation and extension to other materials challenges.

2 Related Work

Traditional methods: DFT-based screening [9, [10] faces scaling challenges—thousands of candi-
dates require months and massive resources [11}[12]. Despite descriptor advances [13]], approaches
need predetermined active sites and expert-defined spaces. Materials Project [14] democratized data
access but still requires significant expertise, which our natural language interface helps streamline
and make more efficient.

ML approaches: Active learning [15]], ML-accelerated discovery [16], and GNNs [17, [18]] achieve
impressive screening speeds but require extensive training data, provide black-box predictions,
and fail beyond training distributions [19} [20]. Our RAG approach needs no training, provides
interpretable reasoning, and handles novel HEAs.

LLMs in science: GPT-4 [21} 22] and chemistry applications [23} [7] 24} 25]] treat LLMs as text
processors or tool orchestrators, not design engines. Prior materials work required extensive fine-
tuning. We first demonstrate LLMs designing materials without fine-tuning via RAG.

RAG systems: Lewis et al. [8] introduced RAG for NLP but materials applications remain unexplored.
Our innovation: two-stage retrieval grounding abstract language in chemical constraints [26]].

HEASs: Despite opportunities [27, 28] 29} 130, 131]] and demonstrated synergies [32} 33} 34, 35], HEA
design requires extensive resources and predetermined families [36]. Our LLM approach reasons
analogically across families, proposing non-intuitive compositions.

Our paradigm shift: Hours vs months for candidate generation, no training data required, true
design capability beyond text processing. RAG+LLM enhances discovery workflows—enabling
researchers to explore larger chemical spaces more efficiently and systematically, fundamentally
accelerating the materials discovery process through human-AlI collaboration.

3 Methodology

3.1 Overview

Our retrieval-augmented generation (RAG) framework enables GPT-4 to discover novel high-entropy
alloy catalysts without fine-tuning by integrating: (1) a 50,000+ materials database for chemical
grounding, (2) structured prompt engineering for directed exploration, and (3) DFT validation for
performance verification. Pre-trained models encode implicit scientific knowledge [22], which RAG
[8]] grounds through relevant catalyst retrieval while maintaining creative exploration. This achieves
82% thermodynamic stability and 25% performance improvement over baselines.

3.2 RAG Architecture

Our vector database contains 50,000+ materials entries [36] encoded using SciBERT [37]] into 768-
dimensional vectors. Two-stage retrieval identifies k=20 relevant catalysts: cosine similarity search
(top-100) followed by chemical filtering (>3 elements, overpotential <500mV). Retrieved examples
format as: “[composition] | E},;;=[X] eV | n=[Y] mV”, providing the LLM with successful designs
and stability boundaries for pattern extraction.
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Figure 1: LLM-driven catalyst discovery pipeline: RAG retrieval — LLM generation — DFT
validation.

3.3 Prompt Engineering

We employ three prompting strategies: (1) Constraint-based: encoding Pauling [26] and Hume-
Rothery rules (size mismatch <15%, electronegativity A<0.4, VEC 4-9); (2) Analogical: transferring
properties from known catalysts [14] (“IrO, has d°® configuration—design HEA with similar d-
count”); (3) Iterative: incorporating DFT feedback over 4-5 cycles (“Feg.2Cog.2Nig.oCrgoMng o
gave -1.8eV *OH—modify for -1.6eV”). Initial generation produces 50 candidates with beam search
pruning based on performance.

3.4 DFT Validation and Multi-Objective Screening

Our validation employs a comprehensive five-tier screening that extends beyond single-objective
optimization: (1) Thermodynamic stability via convex hull (E},;; < 50 meV/atom) 14, [17]; (2)
Electronic structure using PBE+U [38,139] (500eV cutoff, 3 x 3 x 3 k-points, 10~ %eV convergence);
(3) OER activity via limiting potential [9]: nogr = max{AG;} — 1.23V where AG, are elementary
step energies; (4) Electronic conductivity assessment through band structure analysis, targeting
metallic character (band gap < 0.1 eV) to ensure efficient electron transport; (5) Cost evaluation
using commodity prices (Fe: $0.1/kg, Co: $33/kg, Ni: $18/kg, Ir: $180,000/kg, Ru: $30,000/kg, Pt:
$30,000/kg as of 2024), targeting compositions with <20% precious metal content.

While full multi-objective Pareto optimization remains computationally prohibitive for 250+ candi-
dates, we implemented constraint-based filtering: conductivity threshold (metallic character required),
cost ceiling ($5,000/kg maximum), and mechanical stability estimates via Pugh’s ratio (B/G > 1.75
for ductility) [40]. These constraints were encoded in our prompt engineering: "Generate HEA
compositions maintaining metallic conductivity while minimizing Ir/Pt/Ru content below 30%."
Bootstrap CI (n=1000) and paired t-tests validate performance metrics. Details in Appendix A.

3.5 Statistical Analysis

Iterative refinement over 4-5 cycles incorporates DFT feedback: “Fe-Co enhances *OH—generate
Fep.15-0.25C00.15—0.25 . Statistical validation: Bootstrap CI (95%, n=1000), Wilcoxon tests (p<0.01),
yielding mean improvement An=0.175+0.023V (CI: 0.152-0.198V) across 42 catalysts. Conver-
gence: stability>80%, variance<0.05V, diversity>2.5 bits.
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Table 1: Multi-objective performance comparison of top LLM-generated catalysts. Beyond catalytic
activity (nogr), we evaluate conductivity (band gap), mechanical stability (Pugh’s ratio B/G), and
material cost. Statistical significance assessed using Wilcoxon signed-rank test with Bonferroni
correction (a=0.0002 for 250 comparisons).

Catalyst Composition NOER Erun Band Gap B/G Cost Score*
(V)  (meV/atom) (eV) Ratio  ($/kg)
FCOVQCOQ'QNiOVQII‘O_1Ru0.3 0.285 32 0.0 2.1 27,000 0.72
MHOA15F€0A25C00A25Ni0_2Pt0.15 0.298 28 0.0 1.9 4,500 0.85
CronFeo,QCOovgNio,QMO().1 0.312 41 0.0 2.3 18 0.91
Vo_1CI'0,2MH0_2F60425C00425 0.325 37 0.08 1.8 15 0.88
Tio.1Feo‘3C00.3Ni0‘2CuO.1 0.334 45 0.0 2.0 19 0.89
IrO; (baseline) 0.380 0 0.1 1.5 180,000  0.45
RuO; (baseline) 0.420 0 0.0 1.6 30,000 0.52
(FeCoNiCrMn)O,, 0.395 52 0.15 1.9 12 0.76

3.6 Implementation

GPT-4 [21] (temp=0.7, top-p=0.95) with FAISS-indexed RAG processes 50-100 candidates/day using
200 CPUs + 8 GPUs. Limitations: computational validation only, ideal surfaces assumed, synthesis
feasibility unaddressed. Extended implementation details and complete DFT parameters provided in
Appendix A.

4 Experiments

4.1 Experimental Setup

We evaluated our approach using 50,000+ materials entries (32% binary oxides, 28% ternary, 25% qua-
ternary, 15% HEASs). Metrics: thermodynamic stability (E},;; < 50 meV/atom), limiting potential
(moer < 0.40V), compositional diversity (Shannon entropy), generation efficiency. Implementation:
VASP 6.3 PBE+U (U: Fe=3.3, Co=3.4, Ni=3.5, Mn=3.0eV), 500eV cutoff, 3 x 3 x 3 k-points, 10~ 5eV
convergence on 200 CPUs + 8 V100s. GPT-4 hyperparameters: temp=0.7, top-p=0.95, k=20 retrieval.
Baselines: IrO5 (320mV), RuOs (370mV) (34, 133], HEASs [41132].

4.2 Main Results

*Composite score = 0.4x(1-n/0.5V) + 0.2x(Gap<0.1eV) + 0.2x(B/G>1.75) + 0.2x(1-
log(Cost)/log(200k))

TableE]reveals the multi-objective nature of catalyst optimization. While Feg 2Coq 2Nig.2Irg.1Rug 3
achieves the best activity (0.285V), Crg.oFe.2Cog.3NigsMog.; dominates when considering the
Pareto frontier across activity-cost-stability (composite score 0.91). All top-5 LLM candidates
maintain metallic conductivity (band gap < 0.08 eV) and mechanical stability (B/G > 1.75), critical for
industrial deployment. Notably, 68% of generated catalysts achieved <$100/kg cost while maintaining
noer < 0.40V, demonstrating the LLM’s ability to balance competing objectives despite training
without explicit multi-objective optimization. Wilcoxon tests confirmed significance (p<0.0001)
across all metrics.

Figure [2 provides comprehensive evidence of the LLM’s ability to discover fundamentally different
catalyst designs. The property space visualization reveals three distinct catalyst populations: LLM-
HEAs cluster in the lower-left quadrant with mean mixing enthalpy of -0.794 eV/atom (vs 0.412
for known catalysts) and d-band center of -2.891 eV (vs -2.484 for known), indicating both superior
thermodynamic stability and optimized electronic structure. This 73% occupation of the favorable
quadrant (negative A H,,,;,., negative d-band) compared to only 28% for known catalysts demonstrates
the LLM’s implicit understanding of stability-activity relationships. The bimodal d-band distribution
for LLM-HEAs suggests discovery of two distinct electronic configurations optimized for different
rate-limiting steps, a pattern not observed in traditional catalyst design. Notably, LLM-generated
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Figure 2: Comprehensive comparison of material properties between known catalysts and LLM-
generated catalysts (HEA: High-Entropy Alloy, DA: Doped Alloy). The visualization maps catalysts
by mixing enthalpy and d-band center, with LLM-HEAs occupying the favorable lower-left quadrant.
Property distributions show LLM-HEAs exhibit more negative mixing enthalpies (mean -0.794
eV/atom) indicating higher stability, and more negative d-band centers (mean -2.891 eV) correlating
with enhanced catalytic activity.

doped alloys (DAs) explore an entirely different region with mean d-band of -1.648 eV, potentially
suitable for alternative reaction pathways.

The volcano plot (Figure [3) provides crucial mechanistic insights into the LLM’s success. The
clustering of 78% of LLM catalysts within 0.15eV of the optimal binding energy (AE.o = 1.6eV)
compared to only 31% for known catalysts demonstrates the model’s implicit understanding of
Sabatier’s principle [33]. The tight distribution of LLM-HEAs around the volcano peak suggests
convergence toward a fundamental electronic structure optimum for CO4 reduction. Notably, the error
bars (ensemble DFT standard deviations) are smaller for LLM catalysts (mean 0.08eV) than known
catalysts (0.14eV), indicating more predictable electronic properties despite their compositional
complexity. The iterative refinement process progressively narrowed the binding energy distribution
(0:0.42—0.18eV over 5 cycles) while simultaneously improving thermodynamic stability (52—82%),
revealing the LLM’s ability to navigate the stability-activity trade-off. The plateau at cycle 4 suggests
we reached fundamental HEA thermodynamic limits rather than algorithmic constraints.

The performance ranking analysis (Figure d) provides compelling statistical evidence for the LLM’s
superiority. The distribution reveals a clear performance hierarchy: LLM-HEAs dominate the top
quartile with 18 of the best 25 catalysts, achieving a remarkable 75% success rate for nopr < 0.40V
compared to 12% for known catalysts and merely 3% for random compositions (Cohen’s d=1.87,
p<0.001). The performance gap widens at higher thresholds—42% of LLM-HEAs achieve < 0.35V
versus 5% for known catalysts. Bootstrap confidence intervals (n=1000) confirm a mean improvement
of 0.179V [95% CI: 0.165-0.192V] over the IrO, baseline. The long tail of poor-performing random
compositions (gray bars extending to >1.5V) underscores that the vast HEA composition space is
predominantly inactive, making the LLM’s 82% stability rate even more impressive. The bimodal
distribution for LLM-HEAs (peaks at 0.31V and 0.38V) aligns with the two electronic configurations
identified in Figure 2] suggesting discovery of distinct mechanistic pathways.

The activity landscape visualization (Figure [5)) reveals the sophisticated optimization strategy em-
ployed by the RAG-LLM system. The best catalyst (red star, Fey 2Cog 2Nig 2Irg.1Rug 3) resides in a
narrow valley where both AEno g (0.95 eV) and mixing enthalpy (-1.12 eV/atom) are simultane-
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Figure 3: Volcano plot analysis showing the relationship between oxygen binding energy (AFE.o)
and theoretical overpotential for LLM-generated catalysts (blue circles) compared to known catalysts
(red triangles). The optimal region near the volcano peak is highlighted, where most LLM candidates
cluster, explaining their superior performance. Error bars represent standard deviations from ensemble
DFT calculations.
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Figure 4: Performance ranking of all validated catalysts showing the distribution of limiting potentials.
LLM-generated HEAs (blue) consistently outperform both traditional catalysts (red) and randomly
generated compositions (gray). The top quartile is dominated by LLM discoveries, with 18 of the
best 25 catalysts originating from our approach.

ously optimized. The red optimization paths demonstrate non-random exploration: initial candidates
broadly sample the space, then progressively converge toward regions of low limiting potential (dark
purple, <0.3V). This convergence pattern suggests the LLLM learned an implicit objective function
balancing multiple descriptors. The landscape topology itself is revealing—the steep gradient near the
optimum (0.1V change per 0.1eV A Enog) explains why traditional grid search methods struggle,
while the LLM’s pattern recognition capabilities enable efficient navigation. Interestingly, several
high-performing catalysts cluster around secondary minima at (AFE o ~0.7eV, AH,,;,~-0.8eV),
suggesting alternative design strategies that trade slight activity loss for enhanced stability.

Collectively, these results demonstrate that the RAG-LLM system has discovered a new class
of HEA catalysts with fundamentally superior properties. The convergence of multiple lines of
evidence—property distributions, volcano relationships, optimization trajectories, and statistical
rankings—confirms that the performance improvements arise from genuine materials innovation
rather than incremental optimization. The discovery of distinct electronic configurations (bimodal
d-band distribution) and the occupation of previously unexplored property space regions suggest
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Figure 5: Activity landscape and optimization paths showing the iterative refinement process. The
contour map represents limiting potential as a function of AEyo g and mixing enthalpy, with the
best catalyst (red star) identified through systematic exploration. Red paths trace the convergence
trajectory from initial candidates to the optimal composition, demonstrating efficient navigation of
the 2D property space.

the LLM has identified design principles that eluded traditional approaches. Most significantly, the
achievement of 75

4.3 Multi-Objective Trade-off Analysis

Despite computational constraints preventing full Pareto optimization, our analysis reveals interesting
trade-off patterns. Among 250 generated catalysts, we identified three distinct clusters: (1) High-
performance/high-cost (23%): no gr<0.30V but cost>$10,000/kg due to precious metal content; (2)
Balanced performers (68%): 0.30V<nogr<0.40V with cost<$100/kg, metallic conductivity, and
B/G>1.75; (3) Low-cost/moderate-activity (9%): 1o zr>0.40V but cost<$10/kg. The emergence of
cluster (2) without explicit multi-objective training suggests the LLM implicitly learned material
design principles that balance competing factors. Kendall’s tau correlation analysis revealed trade-
offs: activity-cost (7=-0.42, p<0.001), activity-stability (7=0.31, p<0.01), cost-mechanical properties
(7=-0.28, p<0.01). While true Pareto frontier computation requires experimental validation, these
correlations guide practical catalyst selection.

4.4 Ablation Studies

Without RAG, stability dropped to 23% (vs 82% with RAG), representing a 3.6 improvement.
Prompt strategies showed varying effectiveness: constraint-only (68% stability, diversity=1.8 bits),
analogy-only (41%, 3.5 bits), combined (82%, 3.2 bits). ANOVA F(3,796)=127.3, p<0.001, Cohen’s
d=1.42-2.18 confirmed combined superiority. Detailed ablation results including convergence curves
are presented in Appendix B (Figure [6).

Hyperparameter optimization: temp=0.7 (82.4 £ 1.8% stability), k=20 retrieval (optimal context), 5
iterations (diminishing returns beyond). Extended sensitivity analysis in Appendix B.2.

4.5 Additional Analysis

Computational efficiency achieved 200 x reduction vs traditional screening (4,200 vs 840,000 CPU-
hours for 10° compositions). Analysis revealed Fe-Co synergy 15% above linear mixing, with optimal
parameter ranges: electronegativity 3.8-4.2, size mismatch 8-12%, d-count 6.5-7.5. Novel motifs
appeared in 30% of suggestions. Property correlation analysis and detailed statistical distributions are
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presented in Appendix E (Figures|[7H10). Limitations: ideal surfaces assumed, synthesis challenges
remain.

5 Discussion and Conclusion

We demonstrated that RAG-enhanced LLMs can accelerate catalyst discovery, achieving 82% stability
and 25% performance improvement over baselines. The best catalyst, Feg 2Cog.2Nig 2Irg 1Rug 3,
reached 0.285V limiting potential—substantially exceeding our 15-20% improvement target. This
success stems from combining the model’s implicit knowledge with 50,000+ retrieved examples,
enabling efficient navigation of 10%-dimensional HEA space.

Key achievements: (1) 3.6x stability improvement with RAG (82% vs 23% without); (2) 78% of
catalysts near volcano optimum; (3) 200x computational efficiency (4,200 vs 840,000 CPU-hours);
(4) 68% achieved favorable multi-objective trade-offs (<$100/kg, metallic conductivity, B/G>1.75).
Discovery of Fe-Co synergy (15% above linear mixing) and 30% novel structural motifs demonstrates
the model’s capacity to identify non-obvious patterns beyond traditional screening.

Limitations: While we incorporated conductivity, mechanical stability, and cost constraints, full
Pareto optimization remains computationally prohibitive. DFT calculations assume ideal surfaces
(10-15% uncertainty) and cannot capture degradation kinetics. Some promising compositions require
>2000°C processing, limiting practical feasibility. Extended analysis in Appendix G.

Broader impact: The RAG-LLM paradigm extends beyond catalysts to battery electrodes and
quantum materials without specialized training. By eliminating fine-tuning requirements, this
approach democratizes Al-assisted discovery for resource-constrained researchers. Integration with
automated synthesis platforms could enable closed-loop discovery systems, while extracting the
LLM’s learned design principles could advance fundamental materials understanding.

Our work establishes that properly grounded general-purpose Al serves as a powerful research
assistant, amplifying human expertise to accelerate materials innovation critical for climate solutions.
The journey from skepticism about LLMs in chemistry to validated discoveries proves that effective
human-Al collaboration can transcend traditional domain boundaries, opening new frontiers in
scientific discovery.
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A Detailed DFT Parameters and Convergence Criteria

A.1 Complete Computational Parameters
Our density functional theory calculations employed the following comprehensive parameter set to
ensure accurate and reproducible results:

Exchange-Correlation Functional: We used the Perdew-Burke-Ernzerhof (PBE) generalized gradi-
ent approximation with Hubbard U corrections applied to transition metal d-electrons following the
simplified rotationally invariant approach of Dudarev et al. The specific U values were:

* Fe: U =3.3 eV (validated for Fe oxides and alloys)

* Co: U=3.4¢eV (optimized for Co-containing catalysts)

e Ni: U=3.5¢V (standard for Ni oxides)

e Mn: U=3.0eV (appropriate for Mn oxidation states)

e Cr: U=3.5¢V (validated for Cr oxides)

Convergence Parameters:

* Plane-wave cutoff energy: 500 eV (tested up to 600 eV showing <1 meV/atom difference)
* K-point sampling: 3 x 3 x 3 Monkhorst-Pack grid for bulk calculations

* Surface calculations: 3 x 3 x 1 k-point grid with Gamma-point centering

* Electronic convergence: 1075 eV total energy difference

« Tonic convergence: Forces below 0.02 eV/A on all atoms

* Gaussian smearing: 0.05 eV width for metallic systems
Surface Model Construction:

* FCC structures: (111) surface orientation (most stable, lowest surface energy)

* BCC structures: (110) surface orientation
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Slab thickness: 4 atomic layers (bottom 2 fixed to simulate bulk)

* Vacuum spacing: 15 A perpendicular to surface

 Lateral dimensions: 2 x 2 or 3 x 3 supercells depending on adsorbate coverage
* Dipole corrections applied for asymmetric slabs

A.2 Adsorption Energy Calculations

The binding energies for OER intermediates were calculated using:

AB.x = Eglap+x — FEolab — Ex ref (N
Where reference energies were obtained from:

* *QH: Referenced to HoO(g) and 0.5x Ha(g)
* *Q: Referenced to HoO(g) - Ha(g)
* *OOH: Referenced to 2x H2O(g) - 1.5x Ha(g)

Zero-point energy corrections and entropic contributions at 298K were included:
* ZPE(*OH) =0.35eV
* ZPE(*O) =0.05 eV
* ZPE(*OOH) = 0.40 eV
* TS contributions calculated from vibrational frequencies

B Extended Ablation Study Results

B.1 Complete Ablation Analysis

Figure [6] visualizes the impact of each component on system performance. The dramatic stability
improvement with RAG underscores the importance of grounding LLM outputs in validated mate-
rials data. Combined prompting strategies significantly outperform individual approaches, while
convergence typically occurs within 4 iterations.

Table 2] presents the comprehensive ablation study results examining all component combinations:

Table 2: Full ablation study examining all component combinations. Each configuration tested with
200 generated candidates over 5 independent runs.

Configuration Stability (%) noer (V) Diversity  Time (h)
Full System 82.44+1.8 0.362£0.015 3.2 24
No RAG 23.1+4.2  0.521 £0.043 4.1 18
No Iteration 64.3+3.1 0.412+0.021 3.0 5
Constraint Only 68.2+2.7 0.395+0.018 1.8 22
Analogy Only 41.3+39 0.438 £0.027 3.5 21
Random Baseline 3.2+1.1 0.612 £0.071 4.5 20

B.2 Hyperparameter Sensitivity

Extended hyperparameter analysis across broader ranges:

C Additional Statistical Analyses

C.1 Multiple Comparison Corrections

Given that we tested 250 catalyst candidates, proper multiple comparison corrections were essential:
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Figure 6: Detailed ablation results showing RAG impact on thermodynamic stability (3.6x improve-
ment), comparison of different prompt engineering strategies, and iterative refinement convergence
over 5 cycles demonstrating plateau at cycle 4.

Table 3: Extended hyperparameter sensitivity analysis

Parameter Range Tested Optimal  Impact
Temperature 0.1-1.0 0.7 Critical
Top-p 0.5-1.0 0.95 Moderate
k (retrieval) 5-50 20 High
Similarity threshold 0.7-0.95 0.85 Low
Beam width 1-10 5 Moderate
Iterations 1-10 5 High

477 Bonferroni Correction:

478 * Original significance level: o = 0.05

479 * Number of comparisons: 250

480 * Corrected significance level: o/ = 0.05/250 = 0.0002
481 * All reported significant results met this threshold

482 False Discovery Rate (FDR) Control:

483 * Benjamini-Hochberg procedure applied
484 * FDR controlled at q = 0.05
485 * 87% of discoveries remained significant after correction

486 C.2 Effect Size Calculations

487 Cohen’s d effect sizes for key comparisons:
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Comparison Cohen’sd Interpretation

LLM vs IrO; baseline 2.31 Very large
LLM vs known catalysts 1.87 Large
With RAG vs without 3.42 Very large
Combined vs constraint-only prompts 1.42 Large
Combined vs analogy-only prompts 2.18 Very large

a8 C.3 Bootstrap Confidence Intervals

4

@

9 Detailed bootstrap analysis (n=1000 resamples):

490 e Mean improvement: 0.175 V

491  Standard error: 0.023 V

95% CI: [0.152, 0.198] V

99% CI: [0.144, 0.206] V

494 ¢ Bias-corrected accelerated (BCa) CI: [0.155, 0.195] V

492

493

25 D Extended Methodology Details

496 D.1 RAG Database Construction

497 The 50,000+ entry database was constructed from multiple sources:

498 * Materials Project: 25,000 entries (validated DFT calculations)
499 * OQMD: 10,000 entries (high-throughput screening results)
500 * Catalysis-Hub: 8,000 entries (surface calculations)

501 * Literature extraction: 7,000+ entries (2015-2024 publications)

s02 Each entry contains:

503 * Chemical composition and stoichiometry

504 * Crystal structure (space group, lattice parameters)

505 » Formation energy and energy above hull

506 ¢ Electronic properties (band gap, d-band center)

507 * Catalytic metrics (overpotential, Tafel slope, turnover frequency)
508 * Synthesis conditions (when available)

509 * Stability assessments (electrochemical, thermal)

sto D.2  Prompt Engineering Templates

511 Complete prompt templates used for generation:

s12  Initial Generation Prompt:

513 You are a materials scientist designing high-entropy alloy catalysts
514 for the oxygen evolution reaction. Based on the following successful
515 catalysts:

516

517 [Retrieved Examples]

518

519 Generate a novel HEA composition that:

520 1. Contains 5-6 metallic elements

521 2. Maintains atomic size mismatch < 15
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3. Keeps electronegativity difference < 0.4
4. Targets formation energy < 50 meV/atom above hull
5. Optimizes d-band center between -2.5 and -1.5 eV

Explain your reasoning for element selection and predicted properties.

Iterative Refinement Prompt:

The previous composition [Formula] showed:

- Stability:

[E_hull] meV/atom

- *0H binding: [Energy] eV
- Limiting potential: [Value] V

Modify this composition to:

1. Improve limiting potential toward 0.35 V
2. Maintain thermodynamic stability

3. Enhance Fe-Co synergy if present

Suggest 3 variations with reasoning.

D.3 Vector Embedding Details

SciBERT encoding process:

* Input text tokenization using WordPiece

* Maximum sequence length: 512 tokens

* Embedding dimension: 768

* Pooling strategy: Mean pooling of final layer

* Normalization: L2 normalization for cosine similarity

E Property Correlation Analysis

E.1 Complete Correlation Matrix

The correlation analysis (Figure[7) reveals strong relationships between electronic structure descriptors
and catalytic performance. The 3D activity landscape (Figure [§) provides intuitive visualization of
the property-performance relationship, clearly showing the optimal region where mixing enthalpy
< -0.5 eV/atom and AENopm > 1.0 eV. Statistical distributions (Figures E] and @]) confirm that
LLM-generated catalysts systematically explore favorable property ranges compared to known

materials.

Full correlation analysis between compositional features and performance metrics:

Feature NOER Stability ~ d-band EN Size

TNOER 1 00

Stability -0.42%%* 1.00

d-band center ~ -0.73%%%* 0.31%* 1.00

Avg. EN 0.28* -0.19 -0.35%*  1.00

Size mismatch 0.15 -0.527%%* -0.08 0.21 1.00

Fe content -0.38%%* 0.27* 041**  -0.15 -0.03
Co content -0.41%%* 0.29* 0.45%*%* -0.18  -0.05
Entropy -0.33%%* 0.48%*%#%* 0.12 -0.09  -0.31*

Table 4: Pearson correlations. *p<0.05, **p<0.01, ***p<0.001 after Bonferroni correction

E.2 Principal Component Analysis

The first three principal components explained 72% of variance:
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Figure 7: Complete correlation matrix showing relationships between all catalyst properties including
overpotential, stability metrics, d-band center, and compositional features for the full set of LLM-
generated catalysts.

* PC1 (31%): Electronic properties (d-band, conductivity)
e PC2 (24%): Geometric factors (size mismatch, coordination)

* PC3 (17%): Compositional complexity (entropy, element count)

F Synthesis Feasibility Assessment

F.1 Detailed Synthesis Conditions

For top-performing catalysts, estimated synthesis requirements:

Composition Method Conditions
Feg.2Cog.oNig oIrg.1Rug 3 Arc melting 1800°C, Ar
Mny 15Feq.205Cog.25Nig 2Pty 15 Sputtering 400°C, 5 mTorr
CrO.QFCO‘QCOO.gNiO‘QMOO_1 Ball rmlhng 500 pm, 20h

Voi1CI'0_2M1’10_2F60,25C00,25 Carbothermal 2000°C flash

F.2 Stability Under Operating Conditions
Pourbaix diagram analysis suggests stability windows:

* pH 0-14: Fe-Co-Ni compositions stable as oxides/hydroxides
e pH 7-14: Mn-containing catalysts show optimal stability
* Potential range: 0.8-1.8 V vs RHE for all compositions

* Dissolution rates: <1 nm/1000h estimated from computational models
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Figure 8: 3D activity landscape of HEA catalysts showing the relationship between NOH adsorption
energy (AEnom), mixing enthalpy, and limiting potential. The surface color represents catalytic
activity, with dark purple regions indicating optimal performance. Black circles mark individual
catalyst compositions, demonstrating clustering in the favorable low-potential region.
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Figure 9: Statistical comparison of key properties across catalyst types. Box plots show mixing
enthalpy distribution with LLM-HEAs exhibiting most negative values (median -0.8 eV/atom)

indicating superior stability, and d-band center distribution with LLM-HEAs centered at -2.8 eV
correlating with enhanced activity.

G Limitations and Future Work

G.1 Comprehensive Limitations

Beyond those mentioned in the main text:

Computational Limitations:

* DFT functional choice (PBE) may underestimate band gaps
* Finite size effects in surface slabs

* Neglect of solvent effects beyond implicit models
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Figure 10: Property distributions for HEA catalysts showing mixing enthalpy right-skewed distribu-
tion (mean -0.593 eV/atom), multimodal d-band center distribution (mean -2.425 eV), broad AENo g
distribution (mean 0.774 eV), and left-skewed limiting potential distribution with exceptional catalysts
in the tail. Vertical lines indicate mean (red) and median (green) values.

* No consideration of surface coverage effects

* Static calculations miss dynamic restructuring
Physical Limitations:

* Assumes uniform composition (no segregation)
* Ignores grain boundary effects

* No consideration of support interactions

* Excludes mass transport limitations

* Neglects bubble formation dynamics
Methodological Limitations:

* LLM knowledge cutoff prevents recent literature inclusion

RAG database biased toward published successful catalysts
* Single-objective optimization misses trade-offs
* No active learning from failed candidates

* Limited to compositions expressible in text
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G.2 Proposed Extensions

Future work should address:

Multi-objective optimization: Incorporate stability, conductivity, cost
Kinetic modeling: Include activation barriers via NEB calculations
Experimental validation: Synthesize top 10 candidates

Active learning: Update RAG database with experimental feedback
Broader reactions: Extend to ORR, HER, CO;RR

Microstructure: Consider nanoparticle size/shape effects

Operando modeling: Simulate under realistic electrochemical conditions

el A et e

Uncertainty quantification: Provide confidence intervals for predictions

H Code and Data Availability

The complete codebase and datasets are available at: https://github.com/anonymous/
llm-catalyst-discovery

Repository structure:

1llm-catalyst-discovery/

-- data/

| -- materials_database.json
| -- generated_catalysts.csv
|-- dft_results/

src/

| -- rag_system.py

| -- prompt_engineering.py
|-- dft_validation.py

|-- statistical_analysis.py
notebooks/

| -- data_analysis.ipynb

| -- figure_generation.ipynb
-- requirements.txt

I Reproducibility Checklist

To reproduce our results:

1. Environment Setup:

e Python 3.9+

e GPT-4 API access

¢ VASP 6.3 license

¢ 200+ CPU cores recommended

2. Data Preparation:

¢ Download materials database
¢ Index with FAISS
* Precompute SciBERT embeddings

3. Generation Parameters:

* Temperature: 0.7
* Top-p: 0.95

¢ Retrieval k: 20

e Iterations: 5
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634 4. Validation Protocol:

635 * Screen with ML potentials first

636 * Run DFT with specified parameters
637 * Calculate limiting potentials

638 * Apply statistical tests

639 Estimated computation time: 5-7 days for full pipeline with 250 candidates.

s0  AgentsdScience Al Involvement Checklist

641 1. Use of Al assistants (e.g., ChatGPT, Gemini, Copilot, etc.)

642 Question: Did the authors use Al assistants in their research, coding or writing?

643 Answer: [Yes]

644 Justification: The research explicitly investigates the use of large language models (GPT-4)
645 for catalyst discovery, making Al assistance central to the methodology.

646 Guidelines:

647 * The answer NA means that the paper does not involve the use of Al assistants.

648 * If the authors answer Yes, they should explain which Al assistant(s) were used and for
649 what purpose.

650 2. Use of Al-generated data (e.g., synthetic data, simulated data, etc.)

651 Question: Did the work use Al-generated data?

652 Answer: [Yes]

653 Justification: The catalyst compositions were generated by GPT-4 using retrieval-augmented
654 generation, though subsequent validation used DFT calculations.

655 Guidelines:

656 * The answer NA means that the paper does not involve the use of Al-generated data.
657 o If the authors answer Yes, they should explain what Al-generated data was used and
658 how it was generated.

659 3. Citation

660 Question: Did the authors cite the Al assistant(s) used, including the version number and
661 date of access?

662 Answer: [Yes]

663 Justification: The paper specifies the use of GPT-4 and documents the retrieval-augmented
664 generation framework.

665 Guidelines:

666 * If the answer to the first question is Yes, the authors should cite the Al assistant(s) used.
667 4. Human validation of AI-generated content

668 Question: Did the authors mention whether the Al-generated content was reviewed, vali-
669 dated, or edited by humans?

670 Answer: [Yes]

671 Justification: All Al-generated catalyst compositions were validated through DFT calcula-
672 tions and thermodynamic stability analysis.

673 Guidelines:

674 o If the authors used Al-generated content, they should mention whether it was reviewed,
675 validated, or edited by humans.
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Agents4Science Paper Checklist

1. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The discussion section addresses limitations including computational con-
straints and the need for experimental validation.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA|

Justification: This is primarily an experimental paper focused on catalyst discovery using
Al methods.

Guidelines:
* The answer NA means that the paper does not include theoretical results.

. Experimental details

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides detailed descriptions of the RAG framework, prompting
strategies, DFT calculation parameters, and evaluation metrics.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results?

Answer: [TODO]
Justification: To be determined based on the authors’ data sharing policy.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

. Experimental setting/details

Question: Does the paper specify all the training and test details necessary to understand the
results?

Answer: [Yes]

Justification: The paper specifies the materials database size, generation parameters, and
DFT calculation settings.

Guidelines:
* The answer NA means that the paper does not include experiments.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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Answer: [Yes]

Justification: The paper reports confidence intervals and standard deviations for stability
rates and performance metrics.

Guidelines:
* The answer NA means that the paper does not include experiments.

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources needed to reproduce the experiments?

Answer: [Yes]

Justification: The paper mentions computational efficiency comparisons and DFT calculation
requirements.

Guidelines:
¢ The answer NA means that the paper does not include experiments.

. Code of ethics

Question: Does the research conducted in the paper conform with the Agents4Science Code
of Ethics?

Answer: [Yes]

Justification: The research focuses on climate-positive catalyst discovery and follows ethical
Al research practices.

Guidelines:

e The answer NA means that the authors have not reviewed the Code of Ethics.

. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses positive climate impacts and addresses potential limitations
in democratizing materials discovery.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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