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Two-stage transfer learning for deep learning-
based prediction of lattice thermal conductivity

Liudmyla Klochko * and Mathieu d’Aquin

Machine learning promises to accelerate material discovery by enabling high-throughput prediction of

desirable macro-properties from atomic-level descriptors or structures. However, the limited data available

about precise values of these properties has been a barrier, leading to predictive models with limited

precision or ability to generalize. This is particularly true of lattice thermal conductivity (LTC): existing

datasets of precise (ab initio, DFT-based) computed values are limited to a few dozen materials with little

variability. Based on such datasets, we study the impact of transfer learning on both the precision and

robustness of a deep learning model (ParAIsite). We start from an existing model (MEGNet 1) and show that

significant improvements in predicting high-quality approximations of LTC are obtained through applying

transfer learning twice: once on the basis of a pre-training of the model on a large number of materials for

a different task (predicting formation energy), and a second time using a medium size dataset (a few

thousand materials) of low-quality approximations of LTC (based on the AGL workflow). In other words,

greater precision and robustness is obtained after a final training (fine-tuning) of the twice pre-trained

model with our high-quality, smaller-scale dataset. We also analyze results obtained from using this

higher-precision deep-learning model to scan large numbers of materials from the Material Project

Database, in search of low-thermal-conductivity compounds.

1 Introduction

Machine learning models have advanced material research in
several fields, including various domains of physics,2–5 quantum
chemistry,6,7 drug discovery,8 and cancer studies.9–11 In particu-
lar, recent studies have proposed various models to predict the
physical properties of materials.1,12,13 These models utilize
diverse datasets, input data, and tuned neural network designs
for specific purposes. However, the applicability of those models,
i.e. their efficacy when applied on large databases, remains
limited by their precision and robustness, which are in turn
dependent on the quality and size of the available training data.
In other words, unsurprisingly, machine learning models trained
on small databases of similar materials do not perform well on
large databases of diverse materials.14

Predicting the low lattice thermal conductivity (LTC) of
crystal compounds on the basis of their structure and physical
properties is one of those tasks that are made challenging by
the lack of quality data. However, it is critical, as the ability to
identify low-LTC materials at a large scale could have profound
implications for the design and optimization of materials in
various applications, from electronics to energy storage,15,16

including the integration of machine learning with molecular

dynamics simulations.5,17,18 The difficulty of this problem lies
in the complexity of the relationship between the structure of a
material and its thermal properties. Although large datasets on
material properties are available through databases such as
AFLOW,19 OQMD,20 Materials Project,21 and JARVIS,22 available
data on LTC is either based on approximate workflow (such as
AGL23,24) and therefore not usable to build precise machine
learning-based predictive models, or rely on ab initio, DFT-
based computations which are too expensive to run at large
scales and are therefore of very small sizes.

With the growing demand for high-throughput screening of
materials with specific properties led to the development of
various predictive AI models.25–27 However, many of these
approaches remain limited in scope, rely on narrowly defined
application domains, or depend on training datasets that are
not publicly available or accessible only upon reasonable
request.28,29 Despite recent advances, including corporate dri-
ven frameworks such as MatterSim30 and EquiFlash,31 these
approaches remain constrained by limited openness, reprodu-
cibility, and generalizability, underscoring the need for alter-
native or complementary methodologies.

In this study, we apply a two-stage transfer learning meth-
odology as a way to take advantage of both small and large
datasets to achieve greater levels of precision and robustness in
deep learning models for predicting LTC. Transfer learning as
applied in this article is a process in which a model trained on a
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first task is reused as a starting point for training on a second
similar task. The idea is that initial patterns can be learned in
larger, relevant data, which will bootstrap the learning on
smaller, more targeted data. The main hypothesis of this work
is therefore that an existing model that has demonstrated good
performance in predicting a property other than LTC is effective
in transfer learning, and that this approach can be further
extended in a second stage of transfer learning by using larger,
low-quality LTC datasets to pre-train models for predicting on
smaller, high-quality datasets. While not solving the complex
problem of predicting low LTC from limited data, our contribu-
tion shows a step in that direction, which could be replicated in
different contexts. It also enables us to explore the predictions
made by such models on a large database of materials, to better
understand their applicability for the discovery of low LTC
materials and the factors that affect those predictions and their
robustness.

2 Methodology

Transfer learning32 involves the use of a machine learning
model that has been pre-trained on a large dataset and subse-
quently fine-tuning it on a smaller domain-specific dataset.
This strategy is particularly effective when working with limited
data, as it allows us to capitalize on the knowledge gained from
broader datasets, as demonstrated in multiple applications for
material properties.33,34 Here, we describe the datasets, model,
and process used to carry out our two-stage transfer learning
process.

2.1 Data

As mentioned above, the accuracy and reliability of any machine
learning model is highly dependent on the quality of the data
used for training and validation. In this work, we rely on two
datasets, each contributing to our analysis. The first one is
derived from calculations of the first principle of anharmonic
lattice dynamics,35,36 looking at a small set of materials with
specific structures. The latter can be seen to represent a larger
dataset that contains low precision values for LTC.

Togo15. This dataset contains 96 materials used in a previous
prediction study35 in the rocksalt, zinc blende, and wurtzite
structures that could be unambiguously identified in the Mate-
rial Project Database. The LTC values are obtained using the
phono3py software package37,38 using the YAML files available
through the PhononDB† repository. Obtaining predictions with
low deviation from those values is the central motivation for
this work.

AFLOW AGL. This ‘‘low precision’’ dataset contains 5578
materials obtained from the AFLOW-LIB repository19 together
with their corresponding thermal conductivity obtained with
the use of a quasi-harmonic Debye-Grüneisen model.23,24

Fig. 1 shows the distributions of the LTC values in these two
datasets. As can be seen, those LTC values were computed

using different techniques on different selections of materials,
and therefore, their distributions are also very different.

In the experiments training deep learning models described
below, for all cases, logarithmic scaling is applied to all values
of LTC, followed by standardization using the parameters of the
corresponding dataset. For validation purposes, each dataset is
split 9 times, keeping 80% for training. In other words, each
dataset is associated with 9 different randomly selected valida-
tion sets that represent each 20% of the total dataset that is not
used for training. Any result shown later in this article is
measured as an average over those 9 validation sets and the
corresponding models for a given dataset.

2.2 Model

Our model for predicting LTC from the properties and structure
of materials (called ParAIsite) is based, as shown in Fig. 2, on the
addition of a multilayer perceptron (MLP, a set of dense, feed-
forward, fully connected layers) on top of an existing, pre-trained
model. The additional MLP layers serves as a task-specific
‘‘head’’ that adapts the general structural representations
learned by MEGNet to the specific task of thermal conductivity
prediction without modifying MEGNet’s core architecture.

For more details regarding the model parameters, see
Section S1 of the SI document. In line with our transfer
learning approach, the idea here is to use an existing model
(the pre-trained model) that has already shown its ability to
predict properties of materials as a foundation to be adapted
for the task of LTC prediction. More concretely, ParAIsite is
based on connecting the last hidden layer of the pre-trained
model to the input of the added MLP.

A first step, therefore, for establishing this model is the
selection of the most appropriate pre-trained model from the
top-performing models cataloged on MatBench.39 We only
considered models based on an unambiguous identification
of the materials as input and on a representation of their
structures (in the form of crystallographic information files,
CIFs). An initial set of tests was carried out with Togo15 using
the model of Fig. 2 with each candidate pre-trained model to
validate the model’s performance and ascertain its suitability
for the specific challenges associated with predicting the ther-
mal conductivity in crystal compounds.

The results are shown in Fig. 3. We chose the model that
combined the best performance (measured by the mean abso-
lute percentage error, MAPE) and was most consistent with the
features of our dataset. Despite the better average performance
of the CrabNet model40 on Togo15, results over multiple runs
showed a lot of variability, demonstrating that this model was
too unstable to be used. That result led us to use the graph-
based neural network model MEGNet,1 which was pre-trained
on the formation energy data of 62 315 compounds from the
Materials Project Database as of the 2018.6.1 version. In the
next section, by fine-tuning MEGNet on our thermal conductiv-
ity data, we aim to improve the prediction accuracy and better
understand the thermal properties of the crystal compounds in
our dataset.† https://github.com/atztogo/phonondb.
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2.3 Model training

As mentioned earlier, we adopted a two-stage pre-training
approach in order to improve the precision of LTC prediction
from our low-size, ‘‘first-principles’’ dataset (see workflow in
Fig. 4). To measure the impact of transfer learning, we compare
the results at each stage with the results obtained from training
MEGNet directly on Togo15. This leads to three different steps
in our training of the ParAIsite model. In summary, those steps
move from no transfer learning at all, to two levels of pre-
training/transfer learning being applied, allowing us to evaluate
how pre-trained models and fine-tuning affect the model’s
ability to precisely and robustly predict LTC.

Step 1 (no pretraining, pure training from scratch). In this
step, we train and test ParAIsite on our two datasets using an
uninitialized MEGNet (and MLP) model. The training is there-
fore done from scratch (with random initial weights), without
any form of transfer learning.

Step 2 (using a pre-trained MEGNet). In this step, we train
and test ParAIsite on our datasets using a pre-trained MEGNet,
that is, where MEGNet is initialized with the weights obtained
through the training carried out by its authors on the task of
predicting formation energy, while MLP model is initialized

randomly. It is important to note that there is no reuse of Step 1
weights here.

Step 3 (transfer-learning over model fine-tuned with
AFLOW). In this step, we train and test ParAIsite on Togo15,
taking as a starting point the best model obtained from fine-
tuning the pretrained MEGNet on the AFLOW AGL dataset. In
other words, we apply two rounds of transfer learning, first
from energy formation to the AFLOW AGL dataset, and second
from the AFLOW AGL dataset to Togo15. By pretraining the
whole model further on a larger, but lower quality dataset, we

Fig. 1 Distribution of LTC values for each selected dataset. To provide a better insight into the datasets’ chemical space coverage (see SI. Fig. S17–S28).

Fig. 2 The ParAIsite model architecture. Crystal structure (CIF file) con-
taining atomic positions and unit cell parameters will serve as the input to
the model. As the pre-trained model architecture, we selected MEGNet
architecture that processes the structure. The output of MEGNet last
hidden layer connects to the input layer of Multi-Layer Perceptron (MLP)
with dense, fully-connected layers. The output property is the lattice
thermal conductivity (LTC). Details of the model are shown in Section S1
of SI.

Fig. 3 Results of validation tests of ParAIsite when using top-performing
models cataloged on MatBench39 as pre-trained models. During our tests,
we considered only models that take crystal structures, represented as CIF
files, as input and provide an unambiguous identification of the materials.
Initial tests on the Togo15 dataset, using the architecture shown in Fig. 2
with each candidate pretrained model, were conducted to evaluate their
suitability for lattice thermal conductivity prediction. The name of the
datasets on which model was pre-trained are indicated inside the box, and
the error variability accross 9 runs (9 division training/validation sets) are
shown in red lines. As can be seen, the MEGNet model1 trained on
formation energy shows better stability compared to the CrabNet
model40 when adapted to Togo15.
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anticipate that training on the other, more precise datasets will
converge to better performance.

At each step, for each model, training is performed for 300
epochs with a fixed random seed of 42, ensuring reproducible
results. The value 42 has no physical significance. It is a
commonly used arbitrary seed value in machine learning to
fix the random number generator for reproducibility. As already
mentioned, each of these steps is repeated 9 times (i.e. for
9 runs) to ensure statistical robustness. The averaged results for
the validation loss across all steps are presented in Fig. 6. For
all training steps, we use MAPE as the loss function, having
applied normalization and scaling. The main objective of this
work being to achieve high-performance predictions on
Togo15, to avoid confusion, in the rest of the article we refer
as Step 1 the model RWTG15, Step 2 the model FETG15, and
Step 3 the model FEAFTG15. An additional verification step is
carried out with the model RWAFTG15 (1 stage transfer learn-
ing with pre-training only on AFLOW).

3 Results and discussion
3.1 Hypothesis validation

A first straightforward conclusion that can be drawn from
training and cross-validating in each step with the considered
datasets is that the double-stage transfer learning process has a
significant effect on the performance of the model on Togo15,
as well as on the robustness of the prediction. In fact, in Fig. 5
we show the distribution of MAPE values (over the 9 runs) of the
models trained on both datasets at each step.

As can be seen from this figure, a model trained on Togo15,
which is considered particularly challenging, achieves low
performance (55% error on average) without any pretraining
(Step 1). Training and testing again using a pre-trained MEGNet
for the task of energy formation (Step 2) falls to 53% on average.
More significantly, at Step 3, the average MAPE falls to 28%
when fine-tuning the model on Togo15, after having first
fine-tuned the pre-trained MEGNet on the AFLOW AGL dataset

Fig. 4 Sketch representing the different model trained for comparison in our methodology. Training datasets are illustrated as cylinders, and the
resulting models after training ParAIsite are represented as cubes. The models are labeled from left to right as follows: Step1 (no pre-training): Random
Weights Togo15 (RWTG15), Random Weights AFLOW (RWAF). Step 2 (using a pre-trained weights of MEGNet on the formation energy): Formation Energy
Togo15 (FETG15), Formation Energy AFLOW (FEAF). Step 3 (transfer learning over model fine-tuned with AFLOW): Formation Energy AFLOW Togo15
(FEAFTG15), Random Weights AFLOW Togo15 (RWAFTG15).

Fig. 5 Comparison of validation loss (MAPE) for different datasets.
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(Step 3). In other words, transfer learning has had a significant
effect, especially taking as starting point a model that has
already been fine-tuned for a similar task (i.e. predicting
approximated LTC through the AFLOW dataset). We can also
see that the distribution of MAPE values on Togo15 at Step 3 is
significantly narrower than at Steps 1 and 2, showing that
models trained with double-stage transfer learning are also
more robust, as their precision is less dependent on the initial
conditions of the model. It could however be argued that this
only shows that relying on a medium-size dataset of higher
relevance (AFLOW) instead of one of larger scale, but lower
relevance, is what leads to better performance. Indeed, as the
results in Fig. 5a show, the performance of RWAFTG15, which
was only pretrained on AFLOW, is significantly improved
compared to that of FETG15 (Step 2), which was trained on
formation energy, thus validating this intuitively valid
hypothesis that AFLOW is a better candidate for transfer
learning towards Togo15. However, the Step 3 model
(FEAFTG15) further improves the performance and robust-
ness of the prediction over that of RWAFTG15, therefore
demonstrating the contribution of our two-stage transfer
learning approach. This effect of the two steps of transfer
learning is particularly visible in Fig. 6, which shows the
evolution of the average MAPE (over 9 runs) in the Togo15
validation subsets during training iterations (epochs). Sepa-
rate plots for each 9 run vs. epoch for each model are shown in
Section S3 of SI. Comparing this evolution between Step 1 and
Step 2 shows that starting from a relevant pre-trained model,
even if made for a different task, enabled the model to
converge faster to slightly lower values of MAPE. We can also
see that the MAPE on the validation subsets does not rise up
in Step 2 as much as it did during the Step 1 training process,
showing that the model was less prone to overfitting in this
case. Looking at the chart for Step 3, we can see a significantly
different behavior, with the MAPE value converging very
quickly to much lower values. To estimate the impact of
transfer learning on model performance, we also provide
various metrics in Section S2 of SI.

3.2 Scan over material project database

To provide concrete validation of the best performing models, we
applied them to obtain predictions for stable materials in the
Material Project Database (E34k materials). LTC for (BaSbO3)2

(mp-9127) was then calculated using a robust ab initio calculation
(with the same parameters as Togo15 dataset), as our models
consistently found that it has a relatively low thermal conductiv-
ity. The result of the computation (7.1 W m�1 K�1) was on the
same order of magnitude as the predictions of our models
(1.23 W m�1 K�1). This agreement underscores the ability of
the model to capture critical trends in LTC prediction, even for
datasets it was not trained directly on. The complete set of
screening results, including all predicted lattice thermal conduc-
tivity values, is provided in the associated GitHub repository.‡

In addition to the direct comparison of results for LTC, we
performed the analysis of the variance in predicted thermal
conductivities, pTC, and predicted mean thermal conductiv-
ities, mTC, for each stable material in the Materials Project
database. Here, mTC is defined as the arithmetic mean of the
predicted TC (pTC) values obtained from the 9 models inde-
pendently trained on a given dataset at a given step. We
scanned 34k stable materials from Materials Project with our
9 models. Each of 34k materials thus had 9 pTC values, over
which we computed the variance (in units of TC, W m�1 K�1),
var(pTC) (see Fig. 8). As shown in Fig. 8, for Togo15 our
methodology results in a reduction in variance, indicating that
the predictions became more stable and consistent in all steps.
For the AFLOW dataset the nearly constant variance between
Steps 1 and 2 reflects stable predictive performance, which was
expected given the relatively large size of the training set.

In addition, Fig. 9 shows that the predictions are clustered
and the trend in the maximum LTC prediction capability of the
models is clearly evident. Looking at Fig. 1 one can clearly see that
models trained on the AFLOW dataset do not produce as large
values of LTC, which is consistent with the fact that the maximum

Fig. 6 Average validation loss for models trained and tested on Togo15 across training epochs.

‡ https://github.com/liudmylaklochko/ParAIsite/tree/main/paper/main/src/
results_scan.
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value of LTC for the AFLOW dataset is 419.73 W m�1 K�1. In other
words, models trained on this dataset do not generalize beyond
the original distribution of values in their training set. Consider-
ing this, it is interesting to see that, the fine-tuned models at Step
3 for Togo15 cover the broader distribution of LTC values avail-
able in that dataset.

In order to better understand the potential value of the
created predictive models when exploring a large database such
as the one of the Material Project, we look at identifying factors
that appear to be related to predicted LTC values and to their
variance. To achieve this, we calculated the Pearson correlation
(r) (see the heatmap representation in Fig. 7) and p-values (the
probability of obtaining such an extreme correlation under the
null hypothesis of no correlation) with a threshold of |r| 4 0.10
between mTC, variances of pTC (i.e., variance per material over
9 model runs), and the selected features of the materials for the
models trained on Togo15 (see Tables 1–4). It is important to
note that the selected features correspond to the relevant
descriptors available for the materials included in the training
dataset.

What can be first seen from Fig. 7 is a strong correlation
between the mTC values and the variances of pTC at each step.
This is naturally expected, since the variance would tend to be
higher in absolute value for larger values of pTC. Strong
correlations can also be observed in the values of mTC across

different steps. This shows that, even though double-stage
pretraining had a significant effect on the precision and robust-
ness of the models, it improved over the capabilities of the
models it fine-tuned, rather than completely changing them.

Let us start with Step 1 (RWTG15 models) by following
results shown in Table 1. As mentioned above, in this step we
use a random initialization of weights for ParAIsite. The results
show that the model captures fundamental geometric proper-
ties from the input CIF files, such as volume, number of sites
(nsites), and atomic density (density_atomic). The relationships
between these features and lattice thermal conductivity (LTC)
are well studied in the literature.41,42 In particular, the strong
correlations with volume (r = 0.44) and nsites (r = 0.41) indicate
that the model identifies the basic thermal conductivity
mechanisms, where larger unit cells and a higher number of
atomic sites increase the complexity of thermal transport. It is
important to note at this step that due to random initialization
of the weights, the variance of the prediction reflects how
differently the models converge from scratch, rather than the
complexity of the material.

However, these effects are less pronounced at Step 2 (FETG15
models) and Step 3 (FEAFTG15 models). The Step 2 models,
which were pre-trained on formation energies, appear to capture
more complex relationships between material properties and
predicted mTC values. The moderate correlations observed with

Fig. 7 Correlation (with threshold 40.25) of selected descriptors between steps and material properties. Correlation matrix with no threshold is shown
in Fig. S12 in SI to save space in the main paper.
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certain descriptors are not indicative of direct physical depen-
dencies but rather reflect patterns learned during the multi-stage
pretraining process, where general chemical and structural
trends were transferred from the broader MEGNet dataset.

In Step 3 (Table 3), it can be seen that the model returns to
structural features, with fundamental properties such as
volume and nsites continuing to influence thermal conductiv-
ity. This step illustrates the benefit of transfer learning: predic-
tions are more robust, variance now reflects physical
complexity rather than random initialization, and prior knowl-
edge from Step 2 improves performance.

4 Conclusion

In this work, we tested using multiple steps of transfer learning
(pre-training and fine-tuning) a machine learning model that
we developed to predict the thermal conductivity of crystal
compounds. Despite the availability of large datasets for gen-
eral material properties, databases specifically focused on
thermal conductivity are limited, which introduced a challenge
to our task. For this reason, the model was trained and

Fig. 8 The variance of the pTC values for models trained on AFLOW and
Togo15. Here, the variance refers to the variance of the values of predicted
thermal conductivities, pTC, obtained from 9 independent model runs for
each of 34k stable material of Material. The dashed line above the box plots
indicates the variance of the LTC values in the original dataset. The units of
variance are the units of TC (W m�1 K�1).

Fig. 9 Group distribution of various predicted thermal conductivities for
each models at 3 steps.

Table 1 Correlation analysis at Step 1 (RWTG15 models)

(a) mTC vs. material features

Feature r-Value p-Value

Energy_per_atom 0.468 1.38 � 10�06

Volume 0.444 5.27 � 10�06

nsites 0.412 2.70 � 10�05

Density_atomic 0.343 5.89 � 10�04

Density 0.178 8.03 � 10�02

Theoretical 0.154 1.31 � 10�01

(b) Variance of pTC vs. material features

Feature r-Value p-Value

Density_atomic 0.370 1.90 � 10�04

Energy_per_atom 0.250 1.34 � 10�02

nelements �0.216 3.34 � 10�02

Volume 0.187 6.66 � 10�02

Uncorrected_energy_per_atom �0.177 8.32 � 10�02

Density 0.144 1.59 � 10�01

nsites 0.114 2.66 � 10�01

Table 2 Correlation analysis at Step 2 (FETG15 models)

(a) mTC vs. material features

Feature r-Value p-Value

Formation_energy_per_atom �0.232 2.20 � 10�02

Uncorrected_energy_per_atom 0.190 6.18 � 10�02

nelements 0.163 1.12 � 10�01

nsites 0.155 1.30 � 10�01

Energy_per_atom 0.119 2.46 � 10�01

Is_stable 0.108 2.90 � 10�01

Density_atomic �0.103 3.15 � 10�01

Volume 0.103 3.15 � 10�01

(b) variance of pTC vs. material features

Feature r-Value p-Value

Formation_energy_per_atom �0.260 1.02 � 10�02

Density_atomic �0.182 7.38 � 10�02

nelements 0.134 1.92 � 10�01

Volume �0.127 2.14 � 10�01
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validated on three different ‘‘first-principles’’ datasets, one
being a mixture of the other two. We also used a less precise,
but larger dataset as part of one of the transfer learning steps.

Through a series of experiments involving different training
configurations, we found that double stage transfer learning,
which includes an additional phase of training on external
data, proved to be effective in reaching not only better precision
but also greater robustness and reduced overfitting. This is true
for our dataset that includes a broader range of values for LTC,
and some diversity in the type of material included. For this
dataset, the error rate (MAPE) decreased consistently as we
progressed through the steps, particularly in Step 3. This

indicates that transfer learning, when applied judiciously, can
enhance model performance on small datasets.

The results presented in this article would need to be
generalized to other datasets with possibly different character-
istics. For example, we include as SI tests carried out with a
dataset containing a much narrower interval of values for LTC,
for a very specific family of materials. In this case, results were
mixed. In other words, while double-stage transfer learning
shows great promise in improving model accuracy and robust-
ness, its success heavily depends on the dataset’s diversity and
scope. The results obtained are very promising but also demon-
strate that the choice of dataset and training approach is crucial
when predicting thermal conductivity. A greater availability of a
broader range of datasets of LTC, whether of high precision for
training or of approximate precision for pre-training, is there-
fore expected to enable us to reach better results in the future.
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