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ABSTRACT ARTICLE HISTORY
Pristine GeTe is an archetypal mid-temperature thermoelectric, but its full potential is obscured Received 16 April 2025
by an eleven-dimensional process space. We combine active learning with Bayesian optimisa- Revised 29 July 2025

tion (ALBO) to traverse this landscape, encompassing melt-annealing and spark-plasma- Accepted 4 August 2025
sintering conditions. Starting from five random experiments, ALBO iteratively proposes batches  keyworbs

of five new recipes by maximising the expected improvement in the figure-of-merit zT; each Material process; bayesian
batch is synthesised, characterised, and used to retrain the surrogate. After only 24 experi- optimisation; active learning;
ments - four orders of magnitude fewer than an exhaustive search - we raise the 700 K zT of chalcogenides;
undoped GeTe from 0.86 to 1.14, a 25% gain over the best conventional two-step route and thermoelectrics
comparable to multi-day three-step protocols. Post-hoc analysis reveals that melt-cooling rate

and SPS dwell/cooling profiles dominate performance by controlling the Ge-vacancy popula-

tion and microstructure. ALBO therefore provides a time- and energy-efficient path to process

optimisation while simultaneously exposing the key levers that govern transport in GeTe, and

the strategy is readily transferable to other materials where processing, rather than chemistry,

limits performance.
Active Learning with Bayezian Enhanced thermoelectric
Optimization (ALBO) efficiency
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IMPACT STATEMENT

This study pioneers Al-assisted full-process optimisation of bulk materials, improving the
targeted property while reducing experimentation from billion of possibilities to 24 trials,
highlighting our method transformative potential in materials processing.

1. Introduction . _
(V K1), T is the absolute temperature (K), and « is

Germanium telluride (GeTe) is one of the most  the thermal conductivity (W m~! K™'), close to

promising IV-VI  chalcogenides for mid-  unity. Its favourable electronic term (cS?) stems
temperature power generation (~500-800 K) from an intrinsically high hole concentration
because it can reach a dimensionless figure-of-  (102°-10*! ¢cm™3) created by Ge vacancies, which

merit of zT = 0S*T/«k, where o is the electrical  persists across the rhombohedral-to-cubic transi-
conductivity (S m™!), S is the Seebeck coefficient  tion that occurs at about 700 K [1,2]. Above this
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temperature, the slight trigonal distortion vanishes
and the lattice becomes an ideal rocksalt, but the
defect chemistry, and hence the p-type conductiv-
ity, remains essentially unchanged.

The main obstacle to further increasing the thermo-
electric figure-of-merit 2T is the lattice’s relatively large
thermal conductivity (k~3 -4 W.m 1K' [3]),
which suppresses zT. Conventional approaches there-
fore focus on (i) tuning carrier concentration by Sb/Bi
alloying to raise S without sacrificing o [4,5]; and (ii)
introducing point defects, secondary phases, or nanos-
tructures to scatter phonons and lower « [6]. Despite
these efforts, pristine GeTe still struggles with the com-
peting requirements of low x and high o, with simulta-
neously a reasonably large Seebeck coefficient S to keep
the power factor PF = ¢S? high [7].

Over the past decade, artificial-intelligence work-
flows, chiefly active learning combined with Bayesian
optimisation (ALBO), have transformed the pace at
which new functional materials are discovered and
refined [8,9]. In a typical ALBO loop, an initial data
set is used to train a surrogate model that predicts
target physicochemical properties; an acquisition
function then nominates the next experiments to be
performed in the laboratory; the resulting data are
added to the training set; and the cycle is repeated,
progressively guiding the search through a high-
dimensional design space toward an optimum mate-
rial possessing targeted properties [10]. Because each
cycle exploits what is already known while exploring
the most informative unknowns, ALBO can pinpoint
favourable process windows with an order of magni-
tude fewer experiments than conventional design-of-
experiments protocols [11].

Pristine GeTe provides an ideal test bed for this
strategy. The compound is normally fabricated
either by a two-step or a three-step route. In the
shorter two-step process, a Ge-Te melt (1000-1300
K for 1-12h) is quenched, after which the ingot is
densified by spark-plasma sintering or hot pressing
(750-900 K for 5-60 min under 30-85 MPa) [12-
18]. The longer three-step protocol inserts an addi-
tional 900 K anneal of 3-5 days before densification
[19-25]. Our goal is to raise the figure-of-merit zT
of undoped GeTe by optimising only the two-step
parameters, thereby avoiding chemical alloying or
deliberately engineered nanostructures. To that end
we define an eleven-dimensional search space com-
prising all process variables accessible in a standard
laboratory. Bayesian optimisation proposes the most
informative combination for each new run, while
active learning retrains the surrogate model after
every batch, so the campaign rapidly alternates
between probing completely new regions (explora-
tion) and fine-tuning the most promising ones
(exploitation) [26]. Similar ALBO protocols have
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already proved effective for catalysts [27], battery
electrolytes [28], and, most pertinently, a sulfide
thermoelectric in which the figure-of-merit was
boosted from 0.27 to 0.36 at 675 K in only four
cycles of ALBO, each cycle comprised of 6-7 newly
proposed experiments [29]. By transferring this fra-
mework to GeTe we target the concurrent enhance-
ment of the power factor PF=0S$* and the
suppression of the thermal conductivity «, thereby
maximising zT. The results presented below confirm
that ALBO can navigate the 11-parameter landscape
with just a few dozen experiments and deliver swift,
data-efficient gains in pristine GeTe, underscoring
the broad applicability of Al-assisted process opti-
misation across thermoelectric materials.

2. Methods
2.1. Synthesis and process

High-purity Ge ingots (99.999%) and Te shots (99.999%,
Rare Metallic Co. Ltd.) were weighed to a nominal 1:1
atomic ratio, loaded into 12 mm-diameter quartz
ampoules and flame-sealed under primary vacuum
(=~ 107° mbar). Fach ampoule was heated to the
a selected temperature, Taupeating (1000-1300 K), for a
tauration (1-12h) at a programmable heating rate,
heating rate (10-150 K.h™!), held, and either furnace-
cooled or water-quenched according to the scheduled
cooling rate cooling_rate (25-150 Kh™1).

The solidified ingots were ground manually in an
agate mortar for a time t,ijine.1 (2-15 min) and a mass
of powder, mass_powder (4-6g), were loaded into
a 10 mm graphite die lined with graphite paper to
avoid sticking and carbon pick-up during sintering
[30]. Densification was carried out by spark-plasma sin-
tering (SPS, Dr. Sinter 1080) at a temperature Taupealing.1
(700-950 K) for a duration tg,sion.1 (0-30 min), under
an axial pressure P (40-70 MPa), and at a heating and
cooling rate, heating,,.1 and cooling,...; (25-200 K.
min1), respectively. The chamber was back-filled with
Ar to 0.05 MPa for the entire run.

Figure la summarises the melting and SPS phases
of synthesis and process of GeTe samples.
Additionally, the full set of process parameters con-
sidered for optimisation of the zT under ALBO,
together with their discretisation, is compiled in
Table 1.

2.2. Characterisation

Cylindrical compacts were sectioned into bars
(=2 x 2 x 8 mm?) and discs () ~ 10 mm, 2 mm
thick) and polished to a 1 pm finish prior to measure-
ment. Phase purity was verified by powder X-ray dif-
fraction (Rigaku MiniFlex 3, Cu K« radiation) over
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Figure 1. (a) process scheme with the associated process parameters (see table 1 for discretisation). (b) active learning scheme for
optimisation of process parameters for improving zT values using Bayesian optimisation. The first cycle (starting point represented
by the dotted line) consisted of 5 random proposals of process parameters (see table 1) constrained within the discretised domain
C. The following cycles were performed on process parameters proposed via BO based on the dataset built from all the previous
ALBO cycles.

Table 1. Discretisation of domain C with the associated resolution A.

Process parameter min max A unit
T annealing 1023 1473 25 K

t duration 0.1 24 2 h
heating rate 10 150 10 Kh™
cooling rate 25 150 25 Kh™
milling time.1 2 15 1 min
mass powder 4 6 0.25 g

T annealing.1 700 950 50 K

t duration. 0 30 5 min
heating rate.1 25 200 25 K.min™
cooling rate.1 25 200 25 K.min™

P 40 70 5 MPa
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10° < 26 < 90° (step 0.02°, 10° min~!). Le Bail refine-
ments were performed with FULLPROF/WinPLOTR
[31] using a pseudo-Voigt profile and Legendre
background.

Electrical resistivity and Seebeck coefficient were
measured simultaneously between 300 K and 700
K on a ULVAC-Riko ZEM-3 following the round-
robin protocol of Bochmann et al. [32]. Thermal diffu-
sivity D(T) was determined on graphite-coated discs
with a Netzsch LFA-467 HyperFlash, and the specific
heat C,(T) obtained by comparison with a Pyroceram-
9060 standard. The thermal conductivity was then
calculated as «(T) = pC,(T)D(T), where p is the
geometric density corrected by the relative density d,
measured via Archimedes’ method (ISO 5017:2013); all
specimens exhibited d, > 97.

2.3. Active-learning assisted by Bayesian
optimisation

In the optimisation stage, active learning assisted by
Bayesian optimisation (ALBO) was used to maximise
the thermoelectric figure-of-merit zT. A Gaussian-
process (GP) regressor acted as a surrogate model
that interpolates zT over the discrete domain C
spanned by the eleven process variables (see Table 1).
At each ALBO iteration the GP was refitted to the
current data set and the expected-improvement (EI)
acquisition function [33,34] was used to propose
a batch of neq, =5 new process conditions, con-
strained to the domain C, that balance exploration
(high predictive uncertainty) and exploitation (high
predicted zT). The corresponding GeTe samples
were synthesised, processed, and characterised, as
described in sections 2.1 and 2.2, and the resulting

(202)
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(c € C,zT) pairs were appended to the data set before
the next iteration.

The initial GP was trained on five randomly chosen
set of process parameters, Crndom € C. All process
parameters were scaled to [0,1] with the
MinMaxScaler function from the Python package
Scikit-learn [35]. Optimisation loops were implemen-
ted with the Python package GPyOpt 1.2.0 [36] using
default hyper-parameter priors and without additional
manual tuning.

The ALBO cycle was terminated when two conse-
cutive iterations produced EI values smaller than 1%
of the best observed zT, indicating convergence of the
surrogate model.

3. Results and discussion

The initiation of the ALBO process, illustrated in
Figure 1b, consisted of five random sets of process
conditions constrained within the discretised domain
C (see Table 1). The next series of process parameters
were proposed via BO with the objective of maximis-
ing zT values. Based on these proposals, bulk GeTe
samples are synthesised, processed and characterised
as depicted in sections 2.1 and 2.2. The process para-
meters of each sample are listed in Table 1. At each
cycle, the results were added to the dataset and the
ALBO cycle was repeated until the optimised zT value
was achieved. The whole list of concatenated sets of
process parameters is available in Table SI.

All samples crystallised in a trigonal cell with space
group R3m (#160) as illustrated by PXRD patterns in
Figure 2. Consistently with GeTe tendency for Ge
vacancies, an impurity identified as cubic elemental
Ge is observed in ~71% of the samples. It is worth
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Figure 2. X-ray diffraction patterns for the first cycle associated with the Bragg peak positions of trigonal GeTe (R3m) and cubic Ge
(Fd 3m). The * denotes the presence of elemental Ge. All the XRD patterns are available in the SI fi.
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mentioning that the detection limit of PXRD prevents
the assessment of the presence of the impurity in
a very low amount in the other samples. The average
lattice parameters calculated from Le Bail refinements,
based on the trigonal primitive cell, were a = 8.331(3)
A, and ¢ = 10.677(3) A, in excellent agreement with
previous reports [37]. All the PXRD patterns and Le
Bail refinement parameters are available in Figure S1
and Table S2, respectively. The PXRD patterns reveal
subtle shifts in peak positions that reflect slight
changes in lattice parameters, likely arising from var-
iations in Ge vacancy. As mentioned previously, Ge
vacancies are intrinsic to GeTe and form readily due to
their low formation energy, significantly altering the
electronic structure [38]. They increase hole concen-
tration (p-type carriers), which enhances electrical
conductivity but which can also strongly decrease the
Seebeck coefficient, S, if not optimally balanced.
Simultaneously, these vacancies and Ge phase inclu-
sions introduce phonon scattering centers, which
reduce lattice thermal conductivity, included in k
with its electronic counterpart, and consequently
improve zT. Therefore, differences observed in the
PXRD profiles hint at microstructural and defect-
level tuning that directly influence thermoelectric
properties by modulating carrier transport and ther-
mal conductivity. These subtle crystallographic varia-
tions, though chemically minor, can drive substantial
performance differences in zT across similarly pro-
cessed samples.

Figure 3 illustrates the progression of the thermo-

F. PAWULA et al.

(see Figure S2 for the temperature-dependent proper-
ties). The electrical conductivity exhibits a steady
increase, reaching approximately 20x10* S.m™! for
cycle 5, indicating enhanced charge carrier transport.
Consistently, the Seebeck coefficient, S, decreases
slightly, stabilising around 150 uV.K™'. This inverse
relationship between electrical conductivity, s, and S is
expected due to the trade-off inherent in optimising
thermoelectric materials. The power factor, PF, which
combines both properties, shows a slight improve-
ment, narrowing around 4.65 mW.m~ . K~ for cycles
4 and 5 (see Figure S3). The thermal conductivity
remains relatively stable, averaging between 3 and 3.5
W.m 'K}, with no clear trend emerging over the
cycles. Despite the intrinsic measurement uncertain-
ties associated with zT components [39], the figure-of-
merit increases rapidly and appears to plateau, as seen
in the cycle-averaged zT values (Figure 3f). The
accompanying drop in standard deviation is expected
due to the progressive saturation of BO-generated
suggestions, although its precise origin remains
under investigation. Overall, the average zT value
rises by approximately 18%, from 0.86 to 1.01, demon-
strating the effectiveness of the ALBO methodology.
This suggests that, on average, the optimisation pri-
marily enhances electronic transport properties rather
than phonon scattering. Given that one of the main
common strategies for improving thermoelectric
materials typically involves either increasing the
Seebeck coefficient (due to its quadratic impact on

. ; the power factor) or reducing the thermal
electric properties at 700 K across the five ALBO cycles P ) 8
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® Cylcel ® Cylcel
3 c\y/c\e 2 170 ¥ Cycle2 55
@ Cycle3 @® Cycle3
24 @ Cycled @ Cycled T
_ & Cycles 160 s cyces 50
722 T e X *
E ° % 45 ol T
o« . S 150 oTT E
5 20 = =
S = E 4.0
b % I 1 L
18 140 o $ Cylcel
‘[ 35 @ Cycle2
11 @ Cycle3
® Cyclea
46 130 3.0 ® Czcle5
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Sample # Sample # Sample #
d e f
) 4.50 @ Cylcel ) )
@ Cycle2
425r 3 Czc\e 3 . 1.05
Cycle 4 El
4.00 czzw; L R 1.00
e 3
s 375 - sl £0.95
< £1.0 ’ N
' 3.50 % pE ) ¢ 0.90
: ) N 1 ©
2325 08 1 2 0.85
X B
1 ® Cylcel @ Cyclel
3.00 3 ci;:z 0.80 ® ciilZz
2.75 @ Cycle3 @ Cycle3
: 0.6 $ Cycled 0.75 ® Cycles
2.50 @ Cycles HE @ Cycles
’ 0 5 10 15 20 0 5 10 15 20 1 2 3 4 5
Sample # Sample # Set #

Figure 3. a-e) values of the thermoelectric properties at 700 K as a function of the number of samples along the cycles. The error
bars represent the systematic error [39]. f) average of the measured zT values as function of the number of cycles. The error bars
represent the standard deviation for each cycle. Figures of the average of the other properties are available in SI.
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conductivity, this result is somewhat unexpected and
should be considered together with the analysis of the
influence of the process parameters.

To clarify which of the eleven process parameters
mainly impact the zT, we analysed the final GP surro-
gate (see Figure S4) with a model-agnostic permutation
importance test (Python package Scikit-learn [35]). In
brief, the values of one parameter are randomly shuffled
(permuted) while all others are kept unchanged; the
surrogate is then asked to predict zT for this corrupted
data set. The larger the drop in predictive coefficient of
determination R?, the more the model must have relied
on that parameter. Because each variable is perturbed
independently, permutation importance cleanly disen-
tangles the dense web of correlations that might exist in
an eleven-dimensional process space and ranks the
parameters on a single, comparable scale. The resulting
hierarchy is shown in Figure 4, with the partial depen-
dence plots of zT relative to each of the process para-
meters individually are shown in Figure S5 and S6. The
ranking by permutation importance is unambiguous.
The melt-cooling rate cooling_rate is, by a wide margin,
the single most influential variable. Roughly half as
powerful is the melt dwell time t,41i0n> followed closely
by the initial annealing temperature Tuealing and the
uniaxial pressure P applied during SPS. A second tier,

cooling_rate

t_duration
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o
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comprising ball-milling time, the melt heating rate, the
SPS annealing temperature, the SPS heating rate and the
SPS dwell time, exerts a noticeable but clearly smaller
effect. Finally, powder mass and the SPS cooling rate
alter the predicted zT only marginally within the ranges
explored.

From a chemistry viewpoint, this ranking makes
intuitive sense. Fast quenching locks-in a high con-
centration of Ge vacancies that set the hole density;
the duration of the high-temperature melt stage
determines how far those vacancies can re-
equilibrate before the quench; and the annealing
temperature fixes the defect-equilibrium ceiling
itself. During densification, the axial pressure
chiefly controls porosity and grain-boundary den-
sity, feeding directly into both electronic and lattice
transport. Down-stream parameters, milling time,
heating ramps, secondary SPS factors, fine-tune
grain size or defect mobility but cannot rival the
dominant levers above.

In short, permutation importance quantifies and
rationalises the empirical observation that pristine
GeTe performance is governed first by how quickly,
how long and at what temperature the melt is cooled,
and only secondarily by the details of the subsequent
SPS schedule.

0.871£0.183

0.424 £ 0.116

0.362 £0.125

0.8 1.0 1.2

Permutation Importance

Figure 4. Permutation importance ranking of the 11 process parameters for the GP-fitted zT at 700 K. The parameters are sorted by
their importance, with the most important one at the top. The horizontal error bars represent the mean standard deviation on the
importances after 30 random permutations for each process parameter.
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Figure 5. Reproducibility of the two best zT values (squares) along with references of the 3-step process (triangles) and 2-step
process (crosses). The zT values at ~ 700 K for #18, Reprod.#18 and #6, Reprod.#6 are 1.14, 1.16, and 1.06, 1.08, respectively.

Additionally, comparing from sample to sample,
the figure-of-merit zT shows a substantial increase,
with values ranging from 0.67 in cycle 1 (#0) to 1.14
in cycle 4 (#18), marking a 70% improvement. The
sets of process parameters of the two samples with
the highest zT value (#6 and #18) were used in
subsequent syntheses to evaluate the reproducibility
of the figure-of-merit. They were successfully repro-
duced, ensuring the reliability of the 2-step process
and of the optimisation approach (Figure 5). At an
equivalent 2-step process, involving annealing and
densification, the highest zT values reported at 700
K for pristine GeTe are around 0.90 [13,16]. In
contrast, with a 3-step process that includes an addi-
tional 3-day [25] or 5-day [24] annealing, the high-
est zT' value reaches approximately 1.20. The
detailed study of potential defects, second-phase
inclusions, Ge vacancy level, nanostructuration in
the best samples is the topic of a second article
focused on chemical aspects. Therefore, the ALBO-
based methodology we used for optimising all pro-
cess parameters enables an improvement of zT by
about 25% over the equivalent 2-step process, and
achieves nearly the same efficiency as a 3-step pro-
cess (within 5%), while drastically reducing process
time by over 90% (considering the extra 3-day
annealing), and the cost through energy-savings.
Overall, the present ALBO-based approach proves
to be highly effective into dealing with complex
relationships, which are intuitively challenging to
grasp, and into achieving a targeted objective, i.e.
here, the enhancement of zT of an undoped GeTe.

4. Conclusion

This study has demonstrated the efficiency of the
application of an active learning pipeline coupled
to Bayesian optimisation, ALBO, as a guiding
approach to identify the optimal set of parameters
for the synthesis and process of pristine GeTe
together with an enhanced thermoelectric effi-
ciency. On average, the targeted property zT was
increased by 18%, from 0.86 to 1.01 between cycle
1 and cycle 5 of ALBO, respectively, illustrating the
incremental improvement from cycle to cycle. More
specifically, this approach allowed the discovery of
a set of process parameters leading to a very effi-
cient thermoelectric pristine GeTe. Indeed, a high
zT value of 1.14 can be achieved through the 2-step
process, comparable to values generally obtained
from a more time-consuming 3-step process,
which would require an additional 72-hour anneal-
ing step. Interestingly, this AL-driven approach
thus accelerates the process by a factor of 14 at
least, with nearly identical performance (within
5%). The ability to achieve a 25% improvement
over similar 2-step process with only 24 experi-
ments, out of more than ~18.2 billion possible
parameter combinations, underscores the substan-
tial potential of this method in saving time, energy,
and costs. Moreover, this approach effectively navi-
gates the extremely large process parameters space,
concomitantly with the complexity of the complex
relationships between process parameters and
desired material properties, retrieving evidence of
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the most influential parameters. Overall, the appli-
cation of an ALBO methodology offers a powerful
and efficient strategy for optimising performance in
materials. Notably, this data-driven strategy, devel-
oped here for thermoelectric pristine GeTe as
a typical example, is versatile enough to be applied
to any kind of materials process.
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