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Large language models (LLMs) are general-purpose tools with wide-ranging applications, including in
materials science. In this work, we introduce alL.LoyM, a fine-tuned LLM specifically trained on alloy
compositions, temperatures, and their corresponding phase information. To develop aLLoyM, we
curated question-and-answer (Q&A) pairs for binary and ternary phase diagrams using the open-
source Computational Phase Diagram Database (CPDDB) and assessments based on CALPHAD
(CALculation of PHAse Diagrams). We fine-tuned Mistral, an open-source pre-trained LLM, for two
distinct Q&A formats: multiple-choice and short-answer. Benchmark evaluations demonstrate that
fine-tuning substantially enhances performance on multiple-choice phase diagram questions.
Moreover, the short-answer model of aLLoyM can generate novel phase diagrams from its
components alone, suggesting that it may aid the discovery of new materials systems. To promote
further research and adoption, we have publicly released the short-answer fine-tuned version of
alLLoyM, along with the complete benchmarking Q&A dataset, on Hugging Face.

Phase diagrams serve as fundamental roadmaps in materials science, pro-
viding critical insights into material behavior across varying thermo-
dynamic conditions. The ability to accurately predict and interpret these
diagrams represents a cornerstone of efficient materials design, with
experienced practitioners often relying on accumulated expertise to
anticipate phase relationships. While large experimental databases'™ and
computational repositories’” have established valuable reference collec-
tions, the experimental determination of phase diagrams remains resource-
intensive and prohibitively time-consuming for comprehensive materials
exploration.

Recent advances in machine learning methodologies have demon-
strated promising capabilities for phase diagram prediction, with conven-
tional approaches including neural networks, support vector machines,
random forests, and label propagation algorithms showing measurable
success®”. Concurrently, the emergence of large language models (LLMs)
such as GPT-4, LLaMA, and Mistral has opened novel avenues for materials
science applications'®’. Unlike specialized machine learning models that
operate on isolated datasets, LLMs represent general-purpose architectures
capable of leveraging broader scientific knowledge, such as thermodynamic
principles and elementary properties encoded during pre-training, into
phase diagram predictions. Preliminary investigations have explored LLM
applications in phase diagram analysis, including system-specific training

on Mg-Al-Zn data® and experimental diagram annotation®, suggesting
substantial potential for phase diagram analysis.

In this study, we introduce aLLoyM, an LLM fine-tuned for phase
diagram generation (Fig. 1). Due to computational resource constraints, we
adopted low-rank adaptation (LoRA) instead of full fine-tuning. The effi-
cacy of LoRA in domain-specific fine-tuning scenarios has been sub-
stantiated in prior studies” . Our approach leverages the Computational
Phase Diagram Database (CPDDB), a comprehensive open-source repo-
sitory published by the National Institute for Materials Science (NIMS), as
the primary training corpus. From the CPDDB, thermodynamic database
(TDB) files for 389 binary and 38 ternary phase diagrams were obtained,
with the distribution of constituent elements illustrated in Figs. S1 and S2.
Each TDB file contains Gibbs free energy functions for individual phases,
enabling the construction of phase diagrams through CALPHAD assess-
ments. Phase diagram calculations were performed across systematic
compositional and temperature grids using Pandat software”. For com-
positional variables, elemental fractions were sampled from 0% to 100% in
2% increments. For binaries, temperature was varied from 200 K to 5000 K
in 50 K intervals, while for ternaries, the temperature was fixed at 800 K due
to the computational cost. There are two main reasons why the temperature
was fixed at 800 K for the ternary systems: (1) it is close to typical annealing
temperatures for high-entropy alloys, and (2) it is comparable to annealing
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Fig. 1 | Schematic of fine-tuned LLM for phase diagram generation: aLLoyM. Q&As were generated from CPDDB using CALPHAD assessments, and Mistral was fine-

tuned on these pairs.

temperatures for steel as well as the aging treatment of Ni superalloys.
Consequently, phase diagrams at this temperature are of particular interest
from the perspective of phase diagram determination. This systematic
sampling approach generated 837,475 data points, each defining the rela-
tionship between elemental composition, temperature, and corresponding
phase names. From these data points, we constructed question-and-answer
(Q&A) pairs. For example, a question might include information about the
composition and temperature, and the answer would be the associated
phase name. One of the important features of LLMs is their ability to handle
multiple tasks within a single model. Thus, in this study, we developed a
model capable of performing three different Q&A tasks using a unified
architecture. We then fine-tuned Mistral, an open-source pre-trained LLM,
on these Q&As to incorporate domain-specific knowledge through selective
parameter updates.

The aLLoyM model was comprehensively benchmarked using two
distinct Q&A formats: multiple-choice and short-answer. The multiple-
choice Q&As facilitated direct comparative analysis between baseline
and fine-tuned model performance, with results demonstrating that
fine-tuning yielded substantial improvements in predictive accuracy
relative to the baseline LLM. In contrast, the short-answer Q&As operate
independently of multiple-choice constraints, rendering it particularly
suitable for predicting previously unexplored phase diagrams without
requiring additional domain knowledge. The implementation of short-
answer Q&As with aLLoyM can be employed to generate novel phase
diagrams, as exemplified in Fig. 1, and facilitated the generation of
illustrative examples. The aLLoyM model optimized for short-answer
applications is publicly accessible through the Hugging Face platform
(https://huggingface.co/Playingyoyo/aLLoyM).
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Fig. 2 | Accuracies of the baseline model (Mistral)
and the fine-tuned model (aLLoyM) on multiple-
choice Q&As. Results are reported separately for
interpolation and extrapolation settings, and cover
all three Q&A task types: full phase information
inference, phase name prediction, and experimental
condition inference. Performance is also dis-
tinguished between binary and ternary systems.
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Results

Multiple choice Q&As

We conducted a benchmark evaluation using multiple-choice questions to
compare the performance of aLLoyM against a baseline LLM. Each question
required the model to choose the correct answer from four options, where
three distractors were randomly selected from answers related to the same
systems (Fig. 2). To assess the model’s generalization capability, the dataset,
comprising binary and ternary systems, was split into training and test sets
using an 8:2 ratio. Two distinct data splitting strategies were implemented to
evaluate model performance under different generalization scenarios (see
Fig. 2). Interpolation split: data points were randomly distributed across all
available systems, allowing assessment of model performance on familiar
systems with varying compositional and thermal conditions. Extrapolation
split: systems in the test set were completely excluded from the training set,

enabling evaluation of the model’s ability to generalize to previously unseen
systems.

We considered three types of Q&A tasks. Full phase information: given
the input composition and temperature, the model predicts the complete
phase information, including phase names and their corresponding frac-
tions and compositions. An example of this Q&A task is presented in Fig. 1.
Phase name: the model predicts only the phase names based on the input
composition and temperature. The output is the phase domain without
specifying phase fractions or compositions for full phase information.
Experimental condition: given the constitutive elements and a specific phase
domain, the model predicts a possible composition and temperature. This
task serves as the inverse of the phase name prediction. The examples of each
Q&A are summarized in Table S1. These three Q&A tasks were trained
within a single LLM.
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The accuracies of all Q&A tasks in the multiple-choice are shown in
Fig. 2, with performance evaluated separately for binary and ternary systems
across the three task types. As a baseline, we employed the Mistral-Nemo-
Instruct-2407-bnb-4bit model using Hugging Face’s causal language
modeling interface’. The baseline model’s performance remained close to
random guessing in both interpolation and extrapolation settings, with
accuracy only slightly above the level expected by chance. These findings
indicate that the baseline language model struggled to produce correct
answers to phase diagram questions. Ideally, predictions obtained from
conventional machine learning methods should also have been considered
as an additional baseline. However, constructing prediction models with
such approaches presents a major challenge in numerically encoding phase
labels. The phase names appearing in different phase diagrams vary con-
siderably, making it difficult to standardize them or to convert them into
numerical representations. Consequently, applying conventional machine
learning methods to the present dataset is not straightforward. In contrast, a
key advantage of LLMs lies in their ability to handle phase names directly.

In contrast to the baseline, the fine-tuned models exhibited substantial
performance improvements across all tasks. For both interpolation and
extrapolation settings, individual models were fine-tuned on the complete
ensemble of three Q&A tasks. In all cases, the fine-tuned models out-
performed the baseline. As anticipated, performance was generally higher
on interpolation tasks compared to extrapolation tasks. Furthermore, pre-
dictions for ternary systems proved more challenging than those for binary
systems, while performance differences among the three Q&A tasks were
relatively minor. These results demonstrate that, when provided with sui-
table training data, LLMs are capable of accurately predicting phase diagram

information. Notably, the model’s success on extrapolation setting suggests
an ability to generalize knowledge from known systems to make informed
predictions for previously unseen combinations.

We evaluated the average accuracy for ternary systems as a function of
the number of constituent binary pairs included in the training dataset. The
results of phase name prediction for the extrapolation split are shown in Fig.
S3. Although the average accuracy generally improved with an increasing
number of constituent binary pairs, the variability remained substantial. The
training was performed using a mixture of binary and ternary data, albeit
with an imbalanced distribution. To assess the impact of this imbalance, we
constructed a model trained exclusively on ternary data and compared its
accuracy (see Fig. $4). The results demonstrated that excluding binary data
reduced the prediction accuracy for ternary phase diagrams. These findings
suggest that, in the present case, distributional imbalance does not inher-
ently impair the prediction performance of LLMs.

Short answer Q&As
Adopting the short-answer questions allows the model to generate responses
without relying on predefined multiple-choice options. Consistent with the
multiple-choice Q&As, the fine-tuned models were trained using the full data
corresponding to all three Q&A tasks. To evaluate the alignment between the
ground-truth answers and those generated by aLLoyM, we introduced a
scoring metric described in the “Methods” section depending on the Q&A
task. The score ranges from 0 to 100%, with higher values indicating greater
agreement between the generated and ground-truth answers.

Figure 3 presents the average scores for each task. As anticipated,
performance was superior on interpolation settings relative to extrapolation
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Fig. 4 | Representative binary phase diagrams exhibiting varying predictive performance, as generated by aLLoyM for the phase name prediction task. The ground-
truth phase diagrams are also shown. Lower scores denote greater discrepancies between generated and ground-truth phase diagrams.

settings. Among the three Q&A task categories, predicting complete phase
information proved most challenging. Nevertheless, the model demon-
strated robust performance in predicting phase names, even under extra-
polation conditions. Furthermore, it successfully generated appropriate
experimental conditions from specified phase information in extrapolation
settings, suggesting that when a target phase is designated, aLLoyM pos-
sesses the capacity to reliably propose suitable experimental parameters.
Across all tasks, predictions for ternary systems were consistently more
challenging than those for binary systems. Note that Supplementary Note A
was prepared to analyze the sources of prediction errors, such as missing
phases or inaccurate temperatures. In addition, the effect of jointly fine-
tuning all three Q&A tasks, as opposed to fine-tuning them separately, is of
particular relevance for evaluating the capabilities of LLMs. In the binary
prediction task, we compared these two training strategies and observed that
the resulting accuracies were nearly identical (see Fig. S5). These results
demonstrate that LLMs are capable of effectively learning multiple tasks
within a single model.

Based on the phase names predicted by aLLoyM, we reconstructed the
phase diagrams for the element sets in the extrapolated test set. Figures
4 and 5 present representative binary and ternary phase diagrams exhibiting
varying levels of predictive performance. The scores represent averages
across each complete phase diagram, with corresponding ground-truth
phase diagrams provided for comparison. Across all cases, predictive per-
formance remains consistently higher in regions proximate to pure

elements and diminishes progressively as compositions approach inter-
mediate regions. When the intermediate compositional range exhibits
relatively simple phase behavior, the generated phase diagrams demonstrate
greater accuracy, yielding elevated scores as observed in the Co-Th and Mg-
Si-Cu systems. Conversely, systems characterized by more complex inter-
mediate phase behavior frequently produce lower scores, as exemplified by
the Co-Ti and Cr-Ni-Al systems. These findings indicate that the inherent
complexity of intermediate compositional regions is a key factor con-
tributing to the difficulty of phase diagram generation for aLLoyM.

To check the training-testing data division dependence of accuracy,
five-fold cross-validation on the full phase information task for the short
answer Q&As was performed (see Fig. S6). It was confirmed that the
accuracy fluctuates significantly across each fold, suggesting that the accu-
racy of the answers varies depending on the chemical distance reflected in
the data split.

Novel phase diagram generation

aLLoyM enables the generation of entirely novel phase diagrams, including
those that are currently unknown or extremely difficult to construct
experimentally. Figure 6 presents examples of such phase diagrams for both
binary and ternary systems, generated using aLLoyM with the short-answer
Q&A format. We first examine the results for binary systems. Phase dia-
grams were generated for the Th-Ac (thorium-actinium) and U-Nh (ura-
nium-nihonium) systems. In the case of Th-Ac, pure thorium was
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Fig. 7 | Reliability analysis of phase diagram gen-
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incorporated within the training dataset, whereas actinium was omitted
owing to its short half-life. aLLoyM predicted the melting point of actinium
to be approximately 1400 °C, which is consistent with the experimental
value of approximately 1050 °C*’. However, while the stable crystal structure
of actinium is known to be face-centered cubic (FCC)™, the model incor-
rectly predicted it as hexagonal close-packed (HCP). For the U-Nh system,
neither uranium nor nihonium was included in the training data, making
this an entirely extrapolative prediction. The predicted melting point for
uranium was approximately 900 °C, compared to the known value of
1135°C", indicating only a moderate deviation. However, aLLoyM erro-
neously predicted HCP as the stable structure, while uranium’s actual stable
structure is body-centered cubic (BCC)™. For nihonium, no experimental
data on melting point or crystal structure are currently available. Never-
theless, the model was able to generate phase diagram outputs, illustrating its
potential to make predictions in domains where experimental data are
scarce or nonexistent. It should be noted that the pre-trained Mistral model
correctly predicted the stable low-temperature structures of actinium and
uranium. However, after fine-tuning, aLLoyM generated incorrect crystal
structures, indicating that catastrophic forgetting occurred even when RoLA
fine-tuning was applied.

We subsequently examine the results for ternary systems. tungsten
(W), tantalum (Ta), and osmium (Os) are all elements characterized by
exceptionally high melting points, rendering experimental investigation of
their ternary phase diagram particularly challenging. To date, no ternary
phase diagrams have been established for this system, although all three
constituent elements are present in the training data for binary systems.
Using aLLoyM, we reconstructed the ternary phase diagram for this system
at 800 K. In the intermediate compositional region, the model predicts the
emergence of three-phase coexistence. Notably, aLLoyM also predicts the
existence of phases designated with “WOLF” nomenclature that are absent
from the training data. These may reflect latent knowledge embedded
within the pre-trained Mistral model. Finally, we generated a ternary phase
diagram for nihonium, uranium, and actinium at 800 K, representing an
entirely hypothetical system that cannot be experimentally realized. Here as
well, the model predicts three-phase coexistence in the intermediate com-
positional region as well as the W-Ta-Os system.

Since the phase diagrams generated above remain beyond experi-
mental validation, they should be regarded only as illustrative examples. As
the next step of this research, it is important to predict realistic novel phase
diagrams that can be experimentally tested and to carry out their experi-
mental evaluation.

Reliability assessment
Evaluating the reliability of generated answers is crucial for demonstrating
the accuracy of the predictions. Here, we address methods for assessing the
reliability of aLLoyM’s output using both temperature-based evaluation and
confidence-based evaluation.

Temperature-based evaluation: aLLoyM occasionally produces novel
phase-name predictions in response to short-answer Q&As, such as a phase

name containing “WOLF.” To assess the reliability of such predictions, we
perform a temperature-based evaluation. For each question where a phase
name containing “WOLF” was generated at sampling temperature T'=0, we
generated 100 responses per temperature setting, increasing the tempera-
ture in increments of 0.3. The proportion of generated phase names that
contained the keyword “WOLF” at each temperature is shown in Fig. 7a. For
comparison, we conducted the same analysis for a question whose ground-
truth answer is a phase name containing “FCC.” We observed that the
proportion of FCC-containing predictions remained stable even as the
temperature increased, whereas WOLF-containing predictions disappeared
rapidly. This indicates that “WOLF” corresponds to a low-reliability pre-
diction. Such analyses are therefore essential whenever a novel phase-name
prediction is obtained, to evaluate the robustness of the model’s output.

Confidence-based evaluation: we next examined a confidence-based
method for assessing prediction reliability. Because confidence can be
evaluated at the token level, we focused on multiple-choice Q&As in which
all answers share a uniform length. For each question, we estimated con-
fidence by computing the model’s log-likelihood of generating each can-
didate option label (a, b, ¢, or d) as the next token, applying a softmax over
these scores, and taking the probability assigned to the most likely label. We
then compared the resulting confidence distributions for correct versus
incorrect predictions in the full phase prediction task, as shown in Fig. 7b.
The confidence associated with incorrect predictions is clearly lower than
that of correct predictions. This indicates that, for multiple-choice Q&As,
inspecting the model’s confidence provides an effective means of evaluating
the reliability of its answers.

Discussion

In this work, we developed aLLoyM, a fine-tuned Large Language Model
specialized for relations between alloy compositions, temperatures, and
phase information. The model was fine-tuned on Q&As for binary and
ternary phase diagrams constructed from the open-source Computational
Phase Diagram Database (CPDDB) using CALculation of PHAse Diagrams
(CALPHAD) assessments. Our benchmark results demonstrated that fine-
tuning significantly improves the accuracy of the model in selecting the
correct responses to multiple-choice questions concerning phase diagrams.
Furthermore, the short-answer model of aLLoyM can be used to generate
phase diagrams for previously unreported systems. These results indicate
that aLLoyM provides a potentially useful framework for phase diagram
prediction, with some capacity for extrapolation to novel systems. Its ability
to infer phase behavior in previously unexplored compositional spaces
could facilitate the design and discovery of new materials.

The consistently stronger performance on binary systems compared to
ternary systems across all evaluations can be attributed to the relatively
limited availability of ternary training data. Moreover, the absence of
temperature-dependent training data for ternary systems prevents aLLoyM
from making reliable predictions across different temperatures, particularly
below 800 K. Future work should therefore prioritize expanding the training
data for ternary and higher-order systems with explicit temperature
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dependence to enable more robust predictions of multi-component phase
diagrams. In addition, the integration of experimental phase diagrams using
LLMs represents an important future perspective, where phase diagram
annotation techniques based on LLMs can be leveraged.

A key advantage of aLLoyM’s natural language framework lies in its
ability to utilize the virtually unlimited vocabulary of elements and phase
names acquired during pretraining, thus supporting broad generalization to
diverse chemical systems. While the current implementation tends to
generate phase names seen during training, this limitation opens promising
opportunities for improvement through advanced prompt engineering. In
particular, incorporating thermodynamics-aware prompts may help guide
the model toward applying physically meaningful reasoning during infer-
ence, thereby enhancing prediction accuracy. aLLoyM’s training utilized a
standardized prompt template, which means its prediction quality may be
sensitive to variations in how prompts are phrased or input formats are
changed. We encourage users to experiment with various prompting
approaches and share successful strategies, as the field of prompt engi-
neering is constantly evolving to optimize LLM performance through input
design™*. To advance phase diagram prediction, integrating thermo-
dynamic information, particularly Gibbs energy, will be essential. As Gibbs
energy data are available in TDB files, future models should be trained to
incorporate this information directly. Another current limitation of
aLLoyM is the absence of uncertainty quantification, which restricts it to
deterministic outputs. Embedding mechanisms for uncertainty estimation
will be critical for enabling reliable predictions in materials design. In this
study, we examined the generation of phase diagrams through discrete Q&A
as a proof of concept. Nevertheless, we recognize the importance of devel-
oping approaches that can handle phase boundaries in a continuous
manner. One promising direction is the use of Q&A grounded in graph-
based representations, along with the development of strategies for con-
structing Q&A datasets that are better tailored to phase diagram generation.
Collectively, these directions represent important pathways for future
research toward developing more capable LLMs specifically tailored to
phase diagram prediction and materials discovery.

Methods

Fine-tuning

We fine-tuned the Mistral-Nemo-Instruct-2407 model using LoRA (Low-
Rank Adaptation) with rank 16 and alpha 16, targeting attention and feed-
forward projections. These hyperparameter values correspond to the default
LoRA adapters in the pretrained model’s official demo https://colab.
research.google.com/github/unslothai/studio/blob/main/colabs/mistral_
nemo_12b.ipynb. We confirmed that modifying these values does not
substantially affect the accuracies (see Fig. S7). Training data was formatted
using a structured prompt template with Instruction, Input, and Output
sections (see Table S1). The model was trained for 15,000 steps with a
learning rate of 2 x 107*, batch size of 16 per device, and 4 gradient accu-
mulation steps using the AdamW optimizer with bfloatl6 precision.
Training of the full-aLLoyM required 32 h on a NVIDIA A100 GPU (80GB
PCle). The training was conducted using Python 3.10.10 in a Linux envir-
onment (6.8.0-55-generic). On the same GPU, generation required
approximately 1s per question. We confirmed that general-purpose lan-
guage tasks can indeed be performed even after LoRA-based fine-tuning,
indicating that knowledge retention is maintained.

Scoring criteria for generated answers

For the short answer Q&As, the scoring criteria for generated answers
depend on the specific Qe>A task, as both the answer format and the target
subject vary across tasks. The definition of the scores for each task is shown
below. All of the following scores are defined with a maximum value of
100%. The details are summarized in Supplementary Note B. Full phase
information: the exact match between the generated answer and the ground-
truth answer was used. Phase name: the score was evaluated using the
Jaccard similarity of perfectly matching phase names. Experimental condi-
tion: the scoring of experimental conditions evaluates how well the element

compositions and temperature match one of the ground-truths by com-
paring composition accuracy and temperature accuracy.

Data availability

All Q&A data used in this study are publicly available at: https://
huggingface.co/datasets/Playingyoyo/aLLoyM-dataset. The short-answer
version of aLLoyM, fine-tuned on the full dataset, can be accessed at: https://
huggingface.co/Playingyoyo/aLLoyM.

Code availability
Code for aLLoyM is available at https://github.com/tsudalab/aLLoyM/
tree/main.
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