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Abstract
Organic semiconductors (OSCs) are promising for next-generation
electronics, but polymorphism complicates accurate property pre-
diction andmakes traditionalmethods costly.We investigate transformer-
based large language models (LLMs) for predicting energy gaps
in polymorphic OSC crystals. A Pegasus-managed workflow is
deployed across heterogeneous hardware (PSC Bridges-2 and Neo-
cortex Cerebras CS-2) to evaluate three crystal text encodings: Ma-
terials String, SLICES, and SLICES-PLUS against a baseline XGBoost
Regressor model. The results show that the LLM-analyzedMaterials
String achieves the highest accuracy, particularly in polymorph-rich
datasets, outperforming other representations in both pretraining
efficiency and downstream tasks, as well as the baseline XGBoost
results. These findings highlight the potential of LLM-driven crystal
encodings to accelerate materials discovery and enable the scalable,
data-driven design of organic semiconductors.
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1 Problem Statement and Proposed Solution
Organic semiconductors combine the electronic properties of semi-
conductors with the versatility of organic compounds, enabling
low-cost, sustainable electronics. Accurate property prediction is
essential but is hindered by polymorphism,making traditionalmeth-
ods costly and inefficient. We investigate transformer-based LLMs
to predict energy gaps of polymorphic OSC crystals, developing
a Pegasus-compatible workflow across heterogeneous hardware
(PSC Bridges-2, Neocortex CS-2). The workflow integrates tok-
enizer training, LLM pretraining, and regression tasks, establishing
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Figure 1: A scientific workflow with Pegasus running across
heterogeneous hardware (PSC Bridges-2 + PSC Neocortex
Cerebras CS-2)

baselines for crystal text encodings and supporting future model
comparisons.

2 Dataset &Models
We work with a curated polymorph-rich dataset containing ex-
perimental and computational crystal structures (see [1, 2]) with
energy bandgaps as target properties. We also evaluate against un-
seen polymorphic-rich datasets such as PAH101[4] and ROY (highly
polymorphic 5-methyl-2-[(2-nitrophenyl)amino]-3- thiophenecar-
bonitrile).

We investigate three different crystal text representations:

• Materials String [5]
• SLICES [8]
• SLICES-PLUS [7]

we applied the RoBERTa approach [6], which performs unsu-
pervised mask-language modeling pretraining for the BERT Base
model with dynamic masking, to analyze the crystal text representa-
tion. We also compare the performance with a traditional machine
learning approach, which applies XGBoost regressor with TD-IDF
generated feature from crystal text representations.

3 Workflow
We integrate our workflow with Pegasus[3], which is an open
scientific workflow management software. It helps in orchestrating
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Figure 2: Predicted Energy bandgaps versus the DFT calcu-
lated bandgaps.

the various Slurm jobs and data management across the Bridges-
2 and Neocortex systems. Pegasus executes a sequence of jobs,
combining with parallel data processing steps, starting from data
preprocessing through model pretraining to downstream tasks.
Pegasus helps identify job dependency and track the workflow:

• Data preprocessing: we encode the crystal structure with
four text representations and trained individual custom tok-
enizers for each text representation.

• PretrainingRoBERTa:We applied RoBERTa [6], which pre-
trains BERT Base via unsupervised masked-language model-
ing with dynamic masking.

• Downstream Tasks: we deploy a regression task to predict
the energy bandgap with pretrained model weights derived
from the previous step.

4 Result

Table 1: Next Token Prediction Accuracy of RoBERTa Pre-
trained Models

Text Representation Next Token Prediction Accuracy [%]
Materials String 95.3

SLICES 91.9
SLICES-PLUS 86.1

Table 2: Regression Task Performance of XGBoost &
RoBERTa Models
Text Representation TF-IDF + XGBoost (MAE/𝑅2) RoBERTa (MAE/𝑅2)

Materials String 0.41/0.09 0.25/0.52
SLICES 0.40/0.18 0.39/0.21

SLICES-PLUS 0.40/0.18 0.39/0.19

Table 1 reports the accuracy of the next-token prediction ob-
tained from RoBERTa after pretraining. Among the evaluated text
representations, the materials string achieves the highest accuracy,
reaching 95.3%. In Table 2 amd Figure 2 we show the comparison of
mean absolute error (MAE) and 𝑅2 for the XGBoost baseline and our
RoBERTa results. The Materials String consistently demonstrates
superior performance on downstream tasks (MAE = 0.25, 𝑅2 = 0.52)
compared to SLICES and SLICES PLUS(MAE = 0.39, 𝑅2 = 0.19-0.21).
Noticeably, the polymorphs, which are marked in yellow, exhibit
markedly improved prediction accuracy for Materials String, which
achieves MAE = 0.18 and 𝑅2 = 0.72, relative to non-polymorphic
crystals. However, when evaluated on unseen validation datasets

such as ROY and PAH101, the models fail to generalize effectively,
yielding substantially worse MAE and 𝑅2 values for both XGBoost
regressor baseline and the RoBERTa models.

5 Conclusion and Future Work
We developed a scientific workflow using Pegasus to orchestrate
execution across heterogeneous hardware resources, including PSC
Bridges-2 and PSC Neocortex, for a materials science application.
Our results demonstrate that the materials string outperforms
other crystal text encodings, achieving higher pretraining efficiency
and accuracy, and effectively capture polymorphic properties. Our
transformer-based approach outperforms the XGBoost baseline,
demonstrating the applicability of large language models for mate-
rials, and highlighting potential for generalizable representations
of crystal structure data.

We will extend our benchmark by adding Robocrys, optimize hy-
perparameters and target normalization to improve generalization
on datasets such as ROY and PAH101, and broaden applications
to properties like charge-carrier mobility and thermodynamic sta-
bility, ultimately advancing inverse design of high-performance
materials.
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