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Highlights

Physics-guided auxiliary multi-task learning for temperature-dependent thermoelectric zT
curve prediction

Jie He, Xiaopeng Lian, Kaiyue Liu, Xuyang Ge

• Predicts temperature-dependent thermoelectric zT curves from composition and temperature.

• Prioritizes zT while learning coupled transport properties.

• Uses progressive physical consistency during multi-task optimization.

• Evaluates transfer across materials with grouped and external validation.
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A B S T R A C T

Temperature-dependent thermoelectric performance is central to materials screening because

the magnitude and position of the zT (T ) maximum determine the useful operating window.

We develop a zT -prioritized, physics-guided auxiliary multi-task framework that predicts

thermoelectric property curves from composition and temperature. The framework combines

Magpie descriptors, Fourier temperature encoding, joint prediction of the Seebeck coefficient

S, electrical conductivity �, thermal conductivity �, power factor PF , and figure of merit zT ,

high-zT reweighting, staged optimization, dynamic physical regularization, and curve smoothing.

The curated dataset contains 4222 observations from 755 formula-defined materials and 270

elemental systems over 275–1275 K. The ten-seed ensemble gives training-set R2 = 0.9563 for

PF and R2 = 0.9405 for zT ; material-grouped out-of-fold evaluation gives R2 = 0.8927 for PF
and R2 = 0.8765 for zT , with zT MAE = 0.0764 and RMSE = 0.1166. The model reproduces

temperature-dependent responses across the measured ranges of representative materials. External

validation on four literature-derived materials and 24 points gives R2 = 0.9755, MAE = 0.0128,

and RMSE = 0.0198. The resulting composition-based workflow supports candidate ranking and

operating-window selection through coupled property prediction and soft physical supervision.

1. Introduction

Thermoelectric materials directly and reversibly con-

vert thermal and electrical energy, supporting waste-heat

recovery, solid-state refrigeration, and thermal manage-

ment [1–3]. Their performance is quantified by the di-

mensionless figure of merit zT = S2�T ∕�, where S is

the Seebeck coefficient, � is the electrical conductivity,

� is the total thermal conductivity, T is the absolute

temperature, and PF = S2� is the power factor. Electrical

and thermal transport are strongly coupled [4, 5]: changes

that enhance carrier transport can alter S, the electronic

contribution to �, and the optimal temperature range. Their

coupled temperature dependence sets the magnitude, posi-

tion, and width of the zT (T ) maximum and the practical

operating window [6–8]. Temperature-resolved prediction

is therefore required for operating-window selection and

composition screening.

Comprehensive experimental characterization of ther-

moelectric transport curves is laborious because S, �,

and � must be measured over dense temperature intervals,

often with different instruments or sample conditions [9,

10]. First-principles calculations and Boltzmann-transport

simulations provide microscopic insight, while their com-

putational cost and structural requirements limit broad

screening across realistic alloying, defects, microstructures,

and carrier concentrations [11, 12]. High-throughput cal-

culations combined with machine learning or Bayesian op-

timization narrow the search for low-thermal-conductivity

candidates [13, 14]. Neural-network interatomic poten-

tials extend atomistic thermal-transport calculations and

require structure-resolved training data [15]. Literature-

derived datasets complement these approaches. Reported

curves use nonuniform temperature grids and differ in

units, interpolation procedures, digitization quality, syn-

thesis routes, and measurement conditions. Interlaboratory

round-robin measurements also quantify uncertainty in

the measured transport quantities and the derived figure

of merit [16]. We therefore retain source provenance

and apply explicit consistency checks when combining

literature records. Recent databases have expanded access

to thermoelectric data [17, 18], and the sysTEm dataset

uses physical relationships among transport properties to

curate and validate literature-derived records [19]. These

developments motivate the curation checks and physical

constraints used in the present study.
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Physics-guided thermoelectric curve prediction

Machine learning provides a route to nonlinear

composition–property relationships and accelerated ther-

moelectric discovery. Artificial neural networks predict

thermoelectric performance from simulated module data

[20], while composition-derived descriptors support predic-

tion and screening of experimentally measured properties

[21, 22]. Composition-only deep learning learns chemical

representations directly from elemental fractions [23], and

dopant-aware representations improve the treatment of

alloyed systems [24]. Public experimental datasets enable

joint analysis of S, �, �, PF , and zT over composition

and temperature. Attention-based models predict multiple

thermoelectric transport quantities across temperature and

doping conditions from chemical composition [25]; veri-

fied experimental data and multi-task architectures further

introduce temperature as an explicit model input [19, 26].

These results establish composition-based learning as a

practical surrogate when detailed crystal structures are

unavailable.

Temperature-dependent zT prediction requires

material-level evaluation because pointwise metrics do

not measure peak location or complete curve shape.

Random pointwise splitting mixes temperatures from the

same material across training and test sets and evaluates

interpolation along partially observed curves. We therefore

keep all temperatures from a material in the same split and

evaluate predictions for materials excluded from training

[27]. Peak-location and curve-shape metrics quantify the

screening quantities directly.

The five targets have different scales, noise levels,

coverage, and relevance to screening. Multi-task learning

uses shared information among related targets [28], and

task weights distribute optimization across them [29]. In

thermoelectrics, PF and zT are derived performance

quantities linked to the transport coefficients. The present

weighting emphasizes the high-zT region, peak magnitude,

and curve shape used for screening, while accounting

for the lower frequency of high-zT observations through

imbalanced continuous regression [30].

The thermoelectric relations provide physical super-

vision during optimization. Reconstructing zT from in-

dependently predicted S, �, and � propagates errors

from all three quantities, with the contribution from S
amplified by the square term and that from � entering

through division. We introduce the consistency penalty

progressively, allowing the auxiliary heads to stabilize

before coupling them more strongly to the dedicated

zT predictor. Uniformly recalculated PF and zT labels

provide a consistent reference for this physical branch [31].

This study develops a zT -prioritized, physics-guided

auxiliary multi-task framework that combines composition-

derived descriptors with Fourier temperature encoding.

The properties S, �, �, and PF provide auxiliary supervi-

sion, while the dedicated zT head remains the principal

output. High-zT reweighting, two-stage optimization, and

progressive physical-consistency regularization allocate

learning capacity to the screening target while preserving

the thermoelectric relations. We evaluate the framework

with material-disjoint testing, curve-level analysis, grouped

cross-validation, and independent external validation. The

resulting model ranks candidate operating windows and

compositions from composition and temperature; structure,

process, and uncertainty information provide additional

material-specific context. The workflow is summarized in

the graphical abstract and follows recent Materials Today

Physics studies that connect data curation with reliable

thermoelectric machine learning [32, 33].

2. Methodology

2.1. Dataset curation and representation

After quality control, the modeling workbook con-

tained 4222 temperature-dependent observations from

755 formula-defined materials and 270 elemental systems

over 275–1275 K. The source inventory in Supplementary

Table S1 contains 4433 DOI-attributed observations from

187 DOI sources; an observation supported by more than

one article is listed under each DOI, whereas the modeling

workbook retains one unique record for each material–

temperature coordinate. The feature workbook contained

142 columns: identifiers, temperature and transport quanti-

ties, and 132 Magpie composition descriptors. Individual

materials contained 1–15 temperature points (median:

six). Sparse records were retained for pointwise learning,

whereas curve-level analyses used materials with at least

four distinct temperatures. Each record included a material

identifier, formula, elemental-system label, temperature,

measured transport properties, the complete descriptor

vector, and source URL. This organization preserved both

point-level supervision and the material-level grouping

required for curve prediction.

Reported PF and zT values were checked against val-

ues recalculated from S, �, �, and T . Deviations up to 1%

for PF and 5% for zT were accepted; larger discrepancies

were verified against the source article, confirmed errors

were corrected, and unresolved records were excluded. The

modeling table used uniformly recalculated PF and zT .

Full curation and consistency-check details are provided

in Supplementary Method S1.

Material identity was defined by formula-normalized

composition rather than publication or specimen prove-

nance. Each material_id mapped to one formula and

vice versa. The composition-only model encoded formula-

derived information, while publication, preparation route,

measurement direction, carrier type, and specimen form

He et al.: Preprint submitted to Elsevier Page 2 of 12
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remained available in the literature archive for provenance

tracking. Exact duplicate rows were removed, leaving

one observation per material–temperature coordinate. No

record-level imputation was required.

Chemical formulas were represented by 132 Magpie

composition descriptors [34, 35]. All preprocessing was

fitted exclusively on the training set. Near-constant descrip-

tors were removed, one feature from each highly correlated

pair with |r| > 0.95 was discarded, and the remaining

features were standardized. Principal component analysis

(PCA) then reduced redundancy [36]. As shown in Fig. 1,

the feature dimension decreased from 132 to 125 after

variance filtering, to 97 after correlation filtering, and

finally to 96 principal components.

Fig. 1. Feature dimensionality reduction from 132 Magpie

descriptors to the 96-dimensional PCA model input.

Because many retained features were derived from the same elemental property using different statistical aggregations,

Table 1 summarizes the descriptor families represented by the 97 inputs before PCA.
Table 1: Magpie descriptor families retained after correlation filtering (97 inputs before PCA). Statistical operators are

omitted for brevity.

Feature Meaning

Number Atomic number; reflects elemental identity and nuclear charge.

MendeleevNumber Mendeleev chemical-order number; encodes periodic chemical similarity among elements.

MeltingT Elemental melting temperature; relates to bond strength and thermal stability.

Column Periodic-table group or column; reflects valence-shell family.

Row Periodic-table period or row; reflects principal shell and size-related periodic trends.

CovalentRadius Covalent atomic radius; describes the bonded atomic size scale.

Electronegativity Elemental electronegativity; measures the tendency to attract electrons in bonding.

NsValence Number of valence s electrons.

NpValence Number of valence p electrons.

NdValence Number of valence d electrons.

NfValence Number of valence f electrons.

NValence Total number of valence electrons.

NsUnfilled Number of unfilled valence s states.

NpUnfilled Number of unfilled valence p states.

NdUnfilled Number of unfilled valence d states.

NfUnfilled Number of unfilled valence f states.

NUnfilled Total number of unfilled valence states.

GSvolume_pa Ground-state volume per atom; reflects elemental atomic volume and packing scale.

GSbandgap Ground-state band gap; reflects elemental electronic gap character.

GSmagmom Ground-state magnetic moment; reflects magnetic tendency and unpaired-spin character.

SpaceGroupNumber Element-derived reference space-group statistic used as a compositional descriptor, distinct

from compound-level crystal structure.

The positive-valued targets �, �, PF , and zT were

logarithmically transformed, while the signed Seebeck

coefficient was left untransformed. All five targets were

standardized using training-set statistics. Exact transforma-

tions are given in Supplementary Method S1.

The dataset was grouped by material_id before

model development so that all temperatures for a given

material remained together. Approximately 85% of the

observations formed the training set and 15% formed the

validation set. Elemental systems could recur across these

subsets, while the material grouping prevented temperature

records from the same formula from being distributed

between training and validation. Primary generalization

was assessed independently with ten-fold material-grouped

out-of-fold evaluation.
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2.2. zT -prioritized temperature-conditioned

network
Each input combined a 96-dimensional PCA compo-

sition vector with the corresponding temperature. The

composition vector was processed by two 256-unit hidden

blocks followed by a linear projection to a 128-dimensional

latent representation, using layer normalization, SiLU

activation, and dropout (p = 0.10) [28, 29].

Temperature was normalized to the training range and

expanded with four Fourier frequencies [37]:

T̃ =
T − Tmin

Tmax − Tmin

, (1)

�(T ) =

[
T̃ ,

{
sin

(
2k�T̃

)
, cos

(
2k�T̃

)}3

k=0

]
. (2)

This produced a 9-dimensional temperature representation

capable of expressing nonlinear temperature dependence.

The composition and temperature representations were

concatenated and passed through a shared trunk with two

256-unit hidden blocks. Five task-specific heads predicted

S, �, �, PF , and zT . The dedicated zT head was the

principal task, while the remaining properties provided

auxiliary supervision. Full layer definitions are given in

Supplementary Method S2.

After inverse transformation, the auxiliary predictions

were also used to reconstruct the derived properties through

the standard thermoelectric relations:

P̂ F phys = Ŝ2�̂, ẑT phys =
P̂ F physT

�̂
. (3)

The reported prediction, ẑT , came directly from the dedi-

cated task head, while the reconstructed ẑT phys provided a

soft physical reference during training and a consistency

metric.

2.3. zT -prioritized and physics-guided training
All five targets were optimized with Smooth L1 loss

[38]. Their relative weights changed between two stages

to concentrate the later optimization on zT . For the target

order [S, �, �, PF , zT ],

Wtask =

[
0.30 0.35 0.35 0.60 6.00
0.15 0.20 0.20 0.40 8.00

]
, (4)

where the rows correspond to stages 1 and 2. Stage 1

promoted shared multi-property learning, whereas stage 2

reduced auxiliary contributions and concentrated optimiza-

tion on zT . All parameters remained trainable.

High-zT observations were emphasized with a smooth

loss weight,

!i = 1 + 2 sigmoid

(
ln zTi − ln zT0.70

0.35

)
, (5)

where zT0.70 is the training-set 70th percentile. The weight

increases from approximately 1 in the low-zT region to 3

in the high-performance region, following the motivation

of imbalanced continuous regression [30].

Task-head and reconstructed PF and zT outputs were

coupled by Smooth L1 consistency penalties in logarithmic

space. The penalties were introduced with a 30-epoch

cosine ramp and weakened in stage 2, allowing the auxiliary

heads to stabilize before exerting stronger influence on the

principal task. Full definitions and schedules are given in

Supplementary Method S3.

A weak curve regularizer was applied to ẑT on a 300–

800 K grid with 25-K spacing by penalizing large second

differences,

Δ2ẑT m,j = ẑT m,j+1 − 2ẑT m,j + ẑT m,j−1, (6)

where m denotes a material and j a temperature-grid posi-

tion. The term suppresses unsupported local oscillations

while allowing flexible curve shapes.

The total objective was

 = data + �PF
phys

PF
+ �zT

phys

zT
+ �smsm, (7)

where �PF and �zT vary with epoch and training stage.

The smoothness coefficient is �sm = 0.005, the curve-pair

coefficient is �curve = 0.10, and the physical-regularization

schedule is warmed up dynamically over the first 30

epochs. Additional details are provided in Supplementary

Methods S3 and S4.

2.4. Training and evaluation

The model was implemented in PyTorch and optimized

with AdamW [39]. Stage 1 used up to 150 epochs with an

initial learning rate of 1.5 × 10−3; stage 2 used up to 60

epochs at 40% of the stage-1 learning rate. The batch size

was 256, weight decay was 10−4, and the gradient norm

was clipped at 5.0. Early stopping used a patience of 30

epochs, and ReduceLROnPlateau reduced the learning rate

by a factor of 0.6 when validation performance plateaued.

The same implementation was repeated for ten seeds

(42–51), providing an ensemble that averages the learned

temperature-conditioned composition response.

The final implementation used ten deterministic runs

(seed_001–seed_010) with seeds 42–51. Checkpoint

selection and ensemble construction were specified before

the out-of-fold evaluation. Positive-valued outputs were

aggregated in logarithmic space, and the direct task-head

zT output was reported. Full training and ensemble details

are given in Supplementary Method S4.

Evaluation was performed at both the observation level

and the material-curve level. Pointwise metrics quantify

He et al.: Preprint submitted to Elsevier Page 4 of 12
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the error at each measured temperature, whereas curve-

level metrics give each eligible material equal weight

and therefore prevent densely sampled materials from

dominating the summary. The curve analysis uses the

measured temperature coordinates, reports the mean curve

RMSE, and separately tracks the error in the maximum zT
and the temperature at which that maximum occurs. These

measures connect numerical accuracy with the screening

quantities used to rank compositions and operating win-

dows.

The ten-fold grouped procedure provides an additional

material-level estimate by generating out-of-fold predic-

tions for every observation while keeping all temperatures

from one material in the same fold. Ensemble predictions

are aggregated in logarithmic space for positive-valued

properties, and the direct zT head is used for the principal

performance metrics. The physics-reconstructed branch is

retained as a consistency diagnostic, so pointwise accuracy,

curve shape, peak magnitude, and peak location can be

interpreted together.

Pointwise performance was evaluated using MAE,

RMSE, and R2:

MAE =
1

N

N∑

i=1

||yi − ŷi
|| , (8)

RMSE =

√√√√ 1

N

N∑

i=1

(
yi − ŷi

)2
, (9)

R2 = 1 −

∑N
i=1

(
yi − ŷi

)2

∑N
i=1

(
yi − y

)2 . (10)

All valid material–temperature observations con-

tributed to pointwise evaluation. Curve-level evaluation

used materials with at least four distinct experimental

temperatures and was restricted to measured temperature

coordinates. Mean curve RMSE gives each eligible ma-

terial equal weight; peak-zT MAE measures maximum-

performance error, and peak-temperature MAE measures

operating-temperature error. Computational definitions are

provided in Supplementary Method S4.

Ten-fold grouped cross-validation used material iden-

tifiers as groups, so all temperature records belonging

to one material remained in the same outer fold. For

each outer fold, the remaining materials were divided into

fold-specific training and internal-validation subsets. Ten

independently initialized models were trained per fold, and

positive-valued predictions were aggregated in logarithmic

space. Performance on the held-out fold was reported for

the PF task-head output and the ensemble zT output; the

pooled out-of-fold results were used as the generalization

estimate. Physics-reconstructed zT values were retained

as a consistency metric. The implementation uses 96 PCA

components, four Fourier frequencies, dynamic physics

scheduling, high-zT weighting, weak smoothing, and ten-

seed ensembles.

3. Results and Discussion
3.1. Training-set fit and physical consistency

The final configuration was trained with ten determin-

istic seeds (42–51). The ensemble achieved R2 = 0.9563,

MAE = 1.34 × 10−4, and RMSE = 2.19 × 10−4 for PF ,

together with R2 = 0.9405, MAE = 0.0509, and RMSE

= 0.0826 for zT . The direct and physics-reconstructed

outputs remained closely aligned, with logarithmic direct–

reconstructed MAE values of 0.0399 for PF and 0.0441

for zT . The training-set parity plots are shown in Fig. 2

and Fig. 3; the corresponding direct–reconstructed com-

parisons are shown in Fig. 4 and Fig. 5.

The ten-seed average stabilizes the learned response

across the training domain. High-zT weighting and the

two-stage schedule focus capacity on the screening re-

gion, while the auxiliary heads retain shared transport

information. The resulting representation fits the pointwise

and derived quantities together and preserves the relative

ordering of materials across the training domain.

The direct–reconstructed comparisons provide a phys-

ical consistency check. Agreement with the dedicated

PF and zT heads shows that the predicted S, �, and

� values carry compatible transport information. For

each composition and temperature, the model provides

a screening-oriented performance estimate together with

linked transport quantities for curve analysis and candidate

ranking.

The same prediction supplies transport-property esti-

mates, derived performance, and the temperature coordi-

nate of the screening optimum, connecting the pointwise

scores with the material-level quantities used below.
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Fig. 2. Training-set prediction parity for the power factor

PF from the ten-seed ensemble.

Fig. 3. Training-set prediction parity for the thermoelec-

tric figure of merit zT from the ten-seed ensemble.

Fig. 4. Physics consistency between direct and recon-

structed training-set power factor PF predictions.

Fig. 5. Physics consistency between direct and recon-

structed training-set thermoelectric figure of merit zT
predictions.

3.2. Feature attribution in the reduced descriptor

space
SHAP-based attribution analysis [40] examines the 96

PCA components for the dedicated logPF and log zT
heads. Fig. 6 presents the SHAP distributions for PC1–

PC64, with PC1–PC32 and PC33–PC64 shown in separate

halves of each panel. The two targets exhibit different

attribution magnitudes, signs, and feature-value trends

across the reduced descriptor space. Mapped original-

descriptor rankings and the complete PC1–PC96 loading

matrices are provided in the Supplementary Information.

Because each principal component combines multiple

descriptors, the rankings describe attribution patterns in

the reduced representation rather than isolated elemental

descriptors.

The attribution maps organize the learned compo-

sition response in the reduced descriptor space. The

SHAP distributions identify descriptor-space directions

that contribute to the PF and zT outputs. Comparing the

two heads separates shared transport information from

target-specific information: shared patterns follow the

derived relationship between PF and zT , whereas target-

specific patterns identify composition directions used by

the dedicated performance heads. These maps prioritize

composition regions for subsequent screening and follow-

up calculations.

The attribution structure supports a direct screening

workflow. Components with consistently large absolute

SHAP values define the composition directions that most

strongly shift the predicted response, while the sign of

each contribution distinguishes favorable and unfavorable

movement along that direction. Reading the two heads

together links the composition signal to both power-factor

and figure-of-merit performance and provides a compact

basis for ranking candidates before temperature-curve

analysis.
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(a) Dedicated log zT head; PC1–PC32 and PC33–PC64 are shown from left to right.

(b) Dedicated logPF head; PC1–PC32 and PC33–PC64 are shown from left to right.

Fig. 6. SHAP beeswarm summaries for the first 64 principal components. Each point represents one observation;

horizontal position gives the SHAP value and color encodes the component value from low (cyan) to high (magenta).

He et al.: Preprint submitted to Elsevier Page 7 of 12
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3.3. Ten-fold material-grouped cross-validation
Ten-fold grouped cross-validation kept all temperature

records for each material in one outer fold. In each fold,

the remaining materials formed training and internal-

validation subsets; ten independently initialized models

were trained, and positive predictions were aggregated in

logarithmic space.

The pooled out-of-fold predictions achieved R2 =

0.8927, MAE = 2.00 × 10−4, and RMSE = 3.54 × 10−4

for PF , and R2 = 0.8765, MAE = 0.0764, and RMSE

= 0.1166 for zT . Across folds, R2 ranged from 0.8499–

0.9291 for zT and 0.8537–0.9506 for PF ; peak-zT MAE

was 0.1141 and peak-temperature MAE was 14.07 K

(Fig. 8).

These out-of-fold results quantify transfer across the cu-

rated 275–1275 K domain and support operating-window

selection through pointwise accuracy, peak magnitude, and

peak temperature.

The paired bars in Fig. 8 show the fold-to-fold behavior

directly: PF R2 values span 0.854–0.951, while zT values

span 0.850–0.929. The strongest PF values occur in folds

6 and 9, and the highest zT value occurs in fold 1. The

grouped results therefore maintain predictive agreement

across distinct material groups.

For each held-out material, the ensemble produces

a complete temperature-conditioned response together

with auxiliary transport estimates. The grouped evaluation

connects pointwise accuracy with material-level ranking,

peak magnitude, and peak temperature, providing the

quantitative basis for the curve comparisons below.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10
0.0

0.2

0.4

0.6

0.8

1.0

R
2

0.854 0.880 0.884 0.854 0.874
0.936 0.905 0.915 0.951

0.874
0.929 0.905 0.887 0.885 0.850 0.858 0.850 0.858 0.856 0.852

PF
zT

Fig. 8. Held-out R2 values across ten material-grouped cross-validation folds. PF and zT denote the task-head outputs

from ten-seed fold ensembles.

3.4. Temperature-dependent zT curve prediction
The model reproduced the temperature dependence

of zT for unseen materials across their measured ranges.

Fig. 7 shows eight representative materials, and all 22 held-

out material curves from the test partition are provided in

the Supplementary Information.

Panel citations Fig. 7(a)–Fig. 7(h) identify the materials.

Predictions followed the measured direction of change in

all eight panels, with trend MAE values of 0.027–0.136

per 100 K. The curve-level comparison captures trend

agreement, peak location, and peak magnitude.

3.5. Literature-derived external validation
After model selection, the final ensemble was evaluated

on four literature-linked curve sets: BaSnS3 (300–800 K),

Na2InCuF6 (300–800 K), LaOBiS2 (300–550 K), and

MgI2Bi2S3 (300–550 K) [41–44]. The source records and

complete DOI links are listed in the reference section.

The ensemble achieved an overall R2 = 0.9755, MAE

= 0.0128, RMSE = 0.0198, and mean absolute relative

error of 5.61%. The material-level R2 values were 0.9787

for BaSnS3, 0.9347 for Na2InCuF6, 0.9878 for LaOBiS2,

and 0.9737 for MgI2Bi2S3. Panels Fig. 9(a)–Fig. 9(d) show

the four material-specific comparisons, with predicted

curves following the observed temperature trends.

Across the four external curves, the ensemble captures

both steady increases and changes in curvature over the

measured temperature windows. Agreement in magnitude

and trend connects the external metrics with the material-

level response used for ranking and operating-temperature

selection.
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Fig. 7. Representative temperature-dependent zT curves from the material-grouped evaluation. The panels correspond

to (a) Cu7P(S0.6Se0.4)6, (b) Cu3Sb0.996In0.004Se4, (c) YbCd1.7Zn0.3Sb2, (d) CuFe0.98In0.02S2, (e) Ag0.04Cr1.96Se3,

(f) Mg3.5Gd0.045Sb2, (g) Sn0.91Mn0.09Te0.97I0.03, and (h) K0.99Ba0.01GaSb4. Dashed curves and markers denote the

literature-derived observations; solid curves show the model predictions.
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Fig. 9. External validation of ensemble zT predictions for (a) BaSnS3, (b) Na2InCuF6, (c) LaOBiS2, and (d) MgI2Bi2S3.

Markers denote the 24 temperature–zT points in the external workbook, dashed lines show fitted curves, and solid lines

show model predictions. The source articles are cited in the text and reference list.

4. Conclusion

This study establishes a zT -prioritized, physics-guided

auxiliary multi-task framework for predicting temperature-

dependent thermoelectric performance from composi-

tion and temperature. The framework combines high-zT
weighting, two-stage refinement, progressive physical con-

sistency, weak curve regularization, and seed ensembling

to describe the coupled transport response.

The final ten-seed ensemble achieved a training-set

R2 = 0.9405 for zT and R2 = 0.9563 for PF . Ten-

fold material-grouped out-of-fold evaluation yielded R2 =

0.8765, MAE = 0.0764, and RMSE = 0.1166 for zT ,

together with R2 = 0.8927 for PF . The model repro-

duced the temperature-dependent zT (T ) responses of

representative held-out materials. External validation on

four literature-derived materials and 24 points yielded

R2 = 0.9755, MAE = 0.0128, and RMSE = 0.0198.

The composition-based representation supports candidate

ranking and operating-window selection, while structure,

carrier concentration, microstructure, synthesis history,

and measurement conditions provide additional informa-

tion for material-specific refinement.
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