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Multi-task Attention for Doped Thermoelectric Properties Prediction
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1. Introduction

Given the potential of thermoelectric (TE) materi-
als in sustainable energy generation, waste heat re-
covery and refrigerant-free cooling, improving their
transport properties is critical for their widespread
adoption [1, 2, 3, 4, 5]. A common technique is im-
purity doping, which is defined as the intentional
introduction of small concentrations of foreign ele-
ments into the host material. Given the diversity of TE
families, exhaustive experimental synthesis and char-
acterization are impractical, especially when multi-
ple dopants are introduced [6, 7]. Similarly, numer-
ical simulations such as Density Functional Theory
(DFT) [8] are expensive when modeling doped sys-
tems, which require large supercells to model dilute
dopant concentrations.

To resolve this, machine learning (ML) can com-
plement existing simulation and experimental frame-
works as an initial screening tool due to its computa-
tional efficiency. ML models can be trained on exist-
ing experimental data, which typically contain com-
positional information but largely lack structural or
processing conditions [9, 10]. This fundamentally lim-
its ML model performance, particularly when applied
to doped materials. Typical composition-based fea-
tures, such as average atomic mass [11, 12], are based
on elemental prevalence statistics. Since impurities
are introduced in small amounts, doped and undoped
materials have nearly identical features, limiting the
model’s ability to capture doping effects on transport
properties [13, 14].

Several approaches have been attempted to ad-
dress these limitations. Na et al. introduced DopNet
[13], a deep learning model that separately featur-
izes doping elements and host materials using a pre-
defined atomic fraction threshold. However, to our
knowledge, no formal threshold separates dopants
from alloys, which means this parameter requires
dataset-specific tuning. Antunes et al. [15] devel-
oped a multi-output model inspired by CrabNet [14] ,
trained on DFT data [16] to predict S, o, and PF. How-
ever, this approach has limited experimental appli-
cability as it is trained on DFT datasets that do not
specify doping elements and is constrained to pre-
dictions at discrete temperatures and doping levels
[17].

To improve doped materials prediction, we in-
troduce multi-task CrabNet (MT-CrabNet), a direct
modification of CrabNet. First, we incorporate tem-
perature as a continuous input to enable the atten-
tion mechanism to focus on doping elements despite

their small concentrations, allowing the model to im-
plicitly learn complex dopant-host interactions and
temperature-dependent effects on specific elements.
Second, we implement multi-task learning (MTL) to
simultaneously predict seven transport properties:
the total, electronic, and lattice thermal conductivi-
ties (k, k., and k;, respectively), electrical conductiv-
ity (o), Seebeck coefficient (S), power factor (PF), and
thermoelectric figure of merit (zT). As these proper-
ties are interrelated, MTL allows the model to lever-
age insights from one property to improve predic-
tions of others, leading to overall performance gains.

2. Substantial section
2.1 Methods Overview

MT-CrabNet was compared with its single task vari-
ant (ST-CrabNet), DopNet and Random Forest (RF).
All models were trained on the Systematically Veri-
fied Thermoelectric (sysTEm) dataset, which contains
over 8,000 data points and more than 1,400 unique
compositions, developed from a previous work [18].
A 5-fold cross validation over five different seeds was
performed to evaluate model performance, with each
fold performed along mutually exclusive composition
splits, which we termed CompositionKFold. This is
essential to ensure the test set compositions remain
unseen and to evaluate how well the models screen
for new compositions. Three different methods to
incorporate external features like temperature were
explored, two of which were passed to the attention
input heads by concatenation (concat_at_input) or
tiling (tile_at_input), while another was concate-
nated to the residual block (concat_at_output) after
the transformer layers. This allowed us to compare
whether temperature has separate effects on each el-
ement, which likely necessitates the attention mecha-
nism, or whether an overall effect on the entire com-
position is sufficient. For MTL, we used a selector
vector approach inspired by previous works [19, 20].
Specifically, we perform one-hot encoding for each
property and add the corresponding vector to either
each attention head or one of the residual layers. This
allows us to handle data points with partially missing
transport properties while introducing minimal ar-
chitectural changes. To ensure a fair comparison, we
also performed hyperparameter optimization on the
baseline DopNet and RF models.
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2.2 Primary Results

MT-CrabNet showed consistent top performance
across all properties, in particular for the electronic
thermal conductivity (x.) and the electrical conductiv-
ity (o), depicted in terms of R? in Figure 1. For k., base-
line models achieved R? scores of 0.43-0.44, whereas
all MT-CrabNet variants achieved approximately 0.60.
Between the two baselines, RF and DopNet showed
similar performance for most properties, with the
exceptions of k and o. For o, RF exhibited particu-
larly poor performance. It was found that RF severely
overestimated many o values. This highlights the fun-
damental difficulty decision tree models face when
extrapolating to unseen compositions.
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Fig. 1: Average R? scores of MT-CrabNet versus base-
line DopNet and Random Forest. The MAE scores
for the concat_at_input variant are annotated
above the plots. The error bars represent the stan-
dard error.

Comparing MT-CrabNet with ST-CrabNet in Fig-
ure 2, it is evident that the performance improve-
ment for «, is largely due to MTL, where the R? of MT-
CrabNet (average 0.60) is roughly 1.5 times greater
than that of ST-CrabNet models (average 0.39). We
note that there is a general scarcity of k. and k; data
points (numbering around 2,000 values), which is
around one-quarter the size of other transport prop-
erty datasets. This limited training data typically
results in lower model performance. However, for
ke, MTL enables significant performance gains by
leveraging its close correlation with ¢ through the
Wiedemann-Franz Law, where L is the Lorenz num-
ber:

Ke = LoT 4))

This relationship enables positive transfer, where
insights from the more abundant o data are used to
better inform predictions for .. Additionally, the re-
sults indicate that the three different methods used
to encode temperature perform comparably. While
concatenating temperature information to the output
of the attention block shows a slight decrease in mean
R? for several properties (x, k;, o, S, and PF), these
differences are typically within the standard errors
and thus not statistically significant. This suggests
that the choice of temperature encoding strategy has
minimal practical impact on model performance for

this dataset and that learning the overall effect of tem-
perature on composition is sufficient for predicting
TE properties.
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Fig. 2: Performance comparison between MT-
CrabNet and ST-CrabNet, its single-task variant.
There is significant performance improvement for
k. when multi-task learning is used.

2.3 Supporting Results

Analyzing the weights of the first attention layer
(Figure 3) relative to the most common element
in the dataset, Te, we observe that despite each
head learning a distinct mapping between elements,
certain heads show stronger attention weights be-
tween Te and doping elements (heads 1 and 2 in this
case). Head 2 is more focused on lanthanides, which
form doped compounds such as GegggSco.Te and
LugBi; gTes. This supports the finding that CrabNet
can learn dopant-host interactions more successfully
than typical composition-based methods.
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Fig. 3: Normalized attention weights at the first atten-
tion layer, using the concat_at_input variant of
MT-CrabNet. Each figure represents the weights of
one of the four attention heads (a-d).

Overall, this work supports the finding that self-
attention mechanisms can implicitly learn dopant-
host interactions and that MTL of related properties
leads to improvements in performance despite us-
ing only simple compositional information. Beyond
TE, MT-CrabNet can also be used for other dopant
property prediction tasks.
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Appendix A. Code Availability

The data and code that support the findings are
openly available at the following link: https://gith
ub.com/tankylz/multi-task_crabnet. The general
nature of MT-CrabNet allows researchers of different
domains to utilize the model for their specific prop-
erty prediction and screening tasks.
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