
Evaluating Large Language Models for Inverse

Semiconductor Design

Muhammed Nur Talha Kilic1, Daniel Wines2*,
Kamal Choudhary2,3,4*, Vishu Gupta5, 6, 7, Youjia Li5,

Sayak Chakrabarty1, Wei-Keng Liao5, Alok Choudhary5,
Ankit Agrawal5*

1Department of Computer Science, Northwestern University, Evanston,
IL, 60201, USA.

2Material Measurement Laboratory, National Institute of Standards
and Technology, Gaithersburg, MD, USA.

3Department of Materials Science and Engineering, Whiting School of
Engineering, The Johns Hopkins University, Baltimore, MD 21218, USA.
4Department of Electrical and Computer Engineering, Whiting School of
Engineering, The Johns Hopkins University, Baltimore, MD 21218, USA.

5Department of Electrical and Computer Engineering, Northwestern
University, Evanston, IL, 60201, USA.

6Lewis-Sigler Institute for Integrative Genomics, Princeton University,
Princeton, NJ, USA.

7Ludwig Institute for Cancer Research, Princeton University, Princeton,
NJ, USA.

*Corresponding author(s). E-mail(s): daniel.wines@nist.gov;
kamal.choudhary@nist.gov; ankit-agrawal@northwestern.edu;

Abstract

Large Language Models (LLMs) with generative capabilities have garnered
significant attention in various domains, including materials science. How-
ever, systematically evaluating their performance for structure generation tasks
remains a major challenge. In this study, we fine-tune multiple LLMs on various
density functional theory (DFT) datasets (including superconducting and semi-
conducting materials at different levels of DFT theory) and apply quantitative
metrics to benchmark their effectiveness. Among the models evaluated, the Mis-
tral 7 billion parameter model demonstrated excellent performance across several
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metrics. Leveraging this model, we generated candidate semiconductors and fur-
ther screened them using a graph neural network property prediction model and
validated them with DFT. Starting from nearly 100 000 generated candidates, we
identified six semiconductor materials near the convex hull with DFT that were
not present in any known datasets, one of which was found to be dynamically
stable (Na3S2). This study demonstrates the effectiveness of a pipeline spanning
fine-tuning, evaluation, generation, and validation for accelerating inverse design
and discovery in computational materials science.

1 Introduction

Semiconductors are foundational to the digital age, powering technologies from smart-
phones and laptops to advanced sensors and quantum processors. Unlike metals, which
are relatively abundant and functional in their natural state, semiconductors are rare
in nature due to the precise electronic band alignments required for their performance.
Designing new semiconducting materials with tailored bandgap properties remains
one of the most challenging problems in materials science [1–3].

In recent years, the surge in data availability, fueled by initiatives such as the
Materials Genome Initiative [4] and advances in computational tools [5, 6], has cre-
ated fertile ground for accelerating materials discovery. AI-driven generative models
such as generative adversarial networks (GANs), variational autoencoders (VAEs),
and diffusion models have shown strong potential in proposing chemically valid mate-
rial candidates far more efficiently than traditional random sampling methods [7, 8].
Specifically, GANs generate samples by mapping noise from a prior distribution, while
VAEs encode high-dimensional inputs into a lower-dimensional latent space, which is
then used to reconstruct or generate new samples. Diffusion models [9], on the other
hand, progressively denoise samples from a noise distribution to generate new struc-
tures. While these approaches have demonstrated success in materials generation, they
require specific input-output formats and often struggle with variable-length or highly
diverse representations [10]. In contrast, LLMs can naturally handle textualized rep-
resentations of chemical formulas and crystal structures, allowing flexible encoding of
composition, structural, and property information in a single sequence. This makes
them particularly suitable for generative tasks in materials discovery where data may
vary significantly in complexity and format. However, LLM-based approaches also have
limitations, including reliance on accurate tokenization and the need for sufficiently
large datasets to capture complex structural patterns effectively [11, 12]. Neverthe-
less, representing complex material systems for modeling remains difficult. This has
led to the exploration of advanced data representations[13], including graph neural
networks and atomistic image-based approaches, to better capture structure-property
relationships [14–16]. Traditional methods such as Density Functional Theory (DFT)
[17, 18], though reasonably accurate, are computationally intensive. To overcome this
bottleneck, various diffusion, transformer-based, and large language models (LLMs)
have been employed to accelerate inverse design workflows [9, 19–21]. Enhancing the
efficiency of inverse design-particularly for material generation, not only expedites
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scientific discovery [22] but also shortens innovation cycles [23, 24] and significantly
reduces the costs associated with traditional trial-and-error experimentation and
material synthesis [24].

Among these, Large Language Models (LLMs) have shown particular promise.
Originally developed for natural language tasks, LLMs are now being repurposed
for scientific domains, including materials science [25–28]. They excel at integrating
heterogeneous data, ranging from text to tabular values and time series, and have
improved tasks such as data extraction, annotation, and materials validity assessments
[29–33].

Beyond text mining, LLMs are revolutionizing property prediction and inverse
design applications. Recent research shows that fine-tuned LLMs can not only match
but often exceed traditional machine learning models in predicting material prop-
erties, such as formation energy and bandgap [34, 35]. Additionally, hybrid models
that integrate LLMs with graph neural networks significantly enhance performance
in materials property prediction [36]. Notable foundation models tailored for chem-
istry include Simplified Molecular Input Line Entry System BERT (SMILES-BERT)
[37], a BERT-style encoder pretrained on large collections of SMILES [38] strings to
predict masked tokens and learn chemical context, and Molecular Language Trans-
former (MoLFormer) [39], a Transformer-based chemical language model that captures
molecular structure–property relationships directly from SMILES sequences. Both
models have demonstrated strong performance in encoding molecular representa-
tions for downstream regression tasks, such as property prediction. In parallel, LLMs
are making substantial contributions to inverse design applications, aiming to cre-
ate innovative materials with targeted properties. For instance, Atomistic Generative
Pre-trained Transformer (AtomGPT) [40] is a Large Language Model built on GPT-2
[41] and Mistral [42] architectures, designed to perform both forward modeling, pre-
dicting material properties from atomic structures, and inverse design, where target
properties are used to generate plausible atomic structures. By leveraging the genera-
tive and contextual capabilities of LLMs, AtomGPT bridges property prediction and
structure generation within a unified framework for materials discovery. Remarkably,
the model of Wei, Lai, et al. [8] that uses LLM-based discovery pipelines shows that
the proposed structures can achieve up to 90% chemical neutrality, compared to only
20%–25% for pseudo-random generation [8], highlighting their potential to generate
high-quality, plausible candidates. Moreover, Metal-Organic Framework Generative
Pre-trained Transformer (MOFGPT) [43] utilizes a Transformer architecture adapted
from GPT-2 to generate metal-organic frameworks (MOFs) based on specific property
constraints while integrating reinforcement learning for property optimization. It com-
prises of 12 Transformer decoder layers, each with an embedding dimension of 768, 12
attention heads, and a feed-forward network with a dimensionality of 3072. Together,
these advancements highlight the growing power of LLMs not only to interpret and
extract scientific knowledge, but also to actively generate novel functional materials,
fundamentally transforming the traditional design-make-test cycle in materials science.

Despite these gains, challenges remain. Materials datasets are often sparse, incon-
sistent, and diverse in format, limiting the performance of traditional machine learning
(ML) approaches [20, 44]. This is primarily because traditional ML models typically
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assume that input data is well-structured, uniform, and of fixed length, which limits
their ability to handle the diverse and irregular formats often found in materials science
datasets [45]. In contrast, LLMs can learn from contextually encoded representations,
making them more adaptable to such variability with minimal domain specific fea-
ture engineering. They have demonstrated a remarkable capacity to generalize across
domains capable of generating executable code [46], integrating multimodal data such
as text and images for grounded reasoning tasks [47], and solving complex mathe-
matical problems through multi-step reasoning [48]. This adaptability across varied
data modalities and problem types makes LLMs particularly promising for addressing
inverse design challenges in materials science.

Fig. 1 a) Overview of the full workflow, from data extraction to candidate discovery. Key
inputs, chemical formula, structure, and target values (e.g., superconducting transition temperature,
bandgaps), are processed by an LLM using next-token prediction. Prompts follow an Alpaca format
with instruction, input, and response sections. After fine-tuning, the model completes the response to
generate structures, which are evaluated using the Atomistic Line Graph Neural Network (ALIGNN).
The highest-performing LLM (among 12 models) is then used to generate and validate new candi-
dates. b) Flowchart of the discovery (inverse design) process, including ALIGNN screening, database
cross-referencing and DFT validation. c) Example of a text-encoded structure (e.g., V2O5) show-
ing lattice and atomic details separated by ’\n’. d) Color-coded Alpaca prompt format, with fixed
instructions and variable input/response sections for fine-tuning and generation.

In this study, we investigate the potential of fine-tuned LLMs for inverse mate-
rials design. The overall workflow is depicted in Fig. 1. Using Alpaca-style prompts,
composed of instructions, inputs, and responses, we train several LLMs on three dis-
tinct datasets to generate crystal structures, including lattice constants, angles, and
atomic coordinates. Through a rigorous benchmarking process on test datasets, com-
prising 12 models evaluated across three datasets with four LLM variants each, we
identify the highest-performing model and use it to generate new candidate mate-
rials by giving randomly generated prompts. These candidates are further screened
using the Atomistic Line Graph Neural Network (ALIGNN) model [49] to predict
material properties and stability. Final validation is performed via density functional
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theory (DFT) calculations. This end-to-end workflow, spanning fine-tuning, genera-
tion, prediction, and validation, offers a robust framework for accelerating data-driven
discovery of functional materials.

2 Methods

String Formatting: Crystals obtained from the JARVIS-DFT database [50–52] are
represented as periodically repeating unit cells, defined by lattice constants (l1, l2, l3)
and angles (�1, �2, �3). The number of atoms in each cell depends on the chemical
formula.

Assuming there are n atoms (ei), each with fractional coordinates (xi, yi, zi), the
structure can be represented as:

C = (l1; l2; l3; �1; �2; �3; e1; x1; y1; z1; : : : ; en; xn; yn; zn) : (1)

This numerical representation is converted into a text format suitable for LLMs,
as illustrated in Fig. 1d. Coordinates are space-separated, while different atoms are
listed on new lines. There is no restriction on the number of atomic entries, allowing
for flexible structural complexity.

Prompt Design: During fine-tuning, we employ the Alpaca prompt format, which
consists of three sections: instruction, input, and response. The response is structured
as a bulk crystal format string, containing all relevant lattice and atomic details, as
shown in Fig. 1c.

LLM Models: We used four LLMs from the Unsloth project on
Hugging Face [53]: unsloth/tinyllama-chat, unsloth/mistral-7b-bnb-4bit,
unsloth/gemma-7b-bnb-4bit, and unsloth/llama-3-8b-bnb-4bit. Parameter-
Efficient Fine-Tuning (PEFT) [54] was applied to reduce the number of trainable
parameters, thereby accelerating training while preserving model generalizability. The
learning rate, 2e-4, and number of epochs, 8, were determined empirically based
on extensive experimentation with the Unsloth models, providing the best bal-
ance between training efficiency and the ability of the models to generate correctly
formatted structures.

Screening and Validation: To assess material properties, we used the ALIGNN
model [49], which is a graph neural network-based model trained on DFT calculations
that predicts material properties directly from crystal structures. In our benchmarking
calculations, we tested the impact of relaxing the LLM generated structures with the
ALIGNN-FF universal machine learning force field [55]. This force field was used as a
calculator along with the atomic simulation environment (ASE) [56], where the Fast
Inertial Relaxation Engine (FIRE) algorithm [57], with a maximum of 250 optimiza-
tion steps and a force convergence threshold of 0.1 eV/Å, was applied to perform full
geometry optimization of the structures (lattice paramters and atomic positions). If a
structure did not reach convergence after 250 steps, the final structure was used for
evaluation. In our inverse design (discovery) workflow (Fig 1b)), we performed DFT
calculations with the Vienna Ab initio Simulation Package (VASP) using the projector
augmented wave (PAW) method [58, 59]. We used JARVIS-Tools to facilitate these
VASP calculations with automated k-point and kinetic energy cutoff convergence [60].
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We primarily used the OptB88vdW [61] functional for all DFT calculations, which is
a Generalized Gradient Approximation (GGA) functional that includes van der Waals
(vdW) e�ects. We also used the Tran-Blaha Modi�ed Becke-Johnson (TB-MBJ) [62{
65] meta-GGA functional to compute the bandgap at a degree of higher accuracy (to
correct for bandgap underestimation). Phonon calculations were carried out using the
�nite displacement method [66] along with the phonopy [67, 68] package. Prior to the
DFT calculations, we pre-relaxed the LLM generated structures with the Mattersim
[69] universal machine learning force �eld (in order to accelerate convergence at the
DFT level). We used the Open Databases Integration for Materials Design (OPTI-
MADE) [70{72] infrastructure to compare our LLM generated structures to materials
in several other databases. The DFT data (including input and output �les) is included
with this manuscript for full reproducibility.

3 Results and Discussion

The performance of each model is assessed through various metrics within an inverse
design framework. The top-performing LLM is used to generate candidate struc-
tures, which are further re�ned using ALIGNN predictions to reduce the search space.
Finally, top candidates are validated with DFT after searching if they exist in other
materials databases.

Fig. 2 Histogram plots of material property values for three datasets: Superconducting Critical
Temperature ( Tc Superconductor) (K), OptB88vdW functional (OPT) bandgap (eV), and Tran-Blaha
modi�ed Becke Johnson potential (MBJ) bandgap (eV), shown from left to right. Each histogram is
accompanied by a Kernel Density Estimate (KDE) curve to provide a smoother and more interpretable
view of the distributions.

The data used in this study was obtained from the JARVIS-DFT database [50,
51], uploaded in 2022-12-12, which includes a total of 75 993 materials. We focused
on three speci�c subsets: theTc Superconductor dataset, which includes materials
labeled with their critical temperatures (1 058 entries), and two bandgap datasets.
One bandgap dataset at the OptB88vdW level of theory (23 061 entries) and the other
at the TB-MBJ (meta-GGA) level of theory (19 805 entries). For the OptB88vdW
dataset, entries with bandgap values greater than 0 eV were selected. Speci�cally,
52 932 entries with a bandgap of 0 eV were removed from the OptB88vdW subset,
resulting in the �nal dataset of 23 061 entries. The dataset was split into a training
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