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Abstract
The prediction of superconducting transition temperatures (Tc) from electronic band structures
remains challenging due to the complex interplay of electronic correlations, lattice dynamics,
and symmetry. Here, we develop DeeperBand, a symmetry-aware 3D Vision Transformer
model, to decode band structure features linked to superconductivity. By integrating density
functional theory calibrated bands with an attention mechanism, DeeperBand identifies steep
Fermi-level density-of-states slopes and flat bands as key indicators, aligning with Bardeen,
Cooper, and Schrieffer and van Hove singularity paradigms. Trained on 2474 samples with
symmetry-informed augmentation (1362 superconductors and 1112 non-superconductors), the
model achieves R2 = 0.887 for Tc prediction. Crucially, independent validation using 23 newly
synthesized superconductors (published post-training) demonstrates robust generalization
across diverse material classes. High-throughput screening of 46 442 materials predicts 15 026
potential superconductors (Tc > 2K), including 1502 candidates (Tc > 10K) such as
noble-metal oxides (e.g. BaAgO2) with cuprate-like band features. The DeeperBand model can
help identifying band structure features linked to superconductivity through interpretable
attention maps. This work bridges machine learning with superconductivity theory, establishing
data-driven band structure analysis as a powerful paradigm for targeted material discovery with
preserved physical interpretability.

Supplementary material for this article is available online
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1. Introduction

Superconductivity, a quantum mechanical phenomenon char-
acterized by zero electrical resistance and the expulsion of
magnetic fields, has captivated researchers for over a cen-
tury. Since the pioneering work of Bardeen, Cooper, and
Schrieffer (BCS) [1], which established the microscopic the-
ory of conventional superconductivity via electron–phonon
coupling, the field has expanded to encompass unconventional
superconductors such as cuprates [2], iron-based compounds
[3], and nickelates [4]. These materials often defy BCS
paradigms, driven instead by strong electronic correlations [5],
spin fluctuations [6], or exotic pairing mechanisms. Despite
decades of exploration, the discovery of high-temperature
superconductors remains largely serendipitous, relying on
experimental trial-and-error rather than predictive theoretical
frameworks.

Traditional approaches to superconductivity research heav-
ily rely on density functional theory (DFT) to compute elec-
tronic band structures, which provide critical insights into phe-
nomena such as Fermi surface nesting and van Hove sin-
gularities. DFT-derived parameters, including the electron–
phonon coupling constant (λ) and the density of states (DOSs)
near the Fermi level(EF), are indispensable for understand-
ing conventional superconductors [7]. As demonstrated by
DFT calculations [8], this approach successfully describes
the electron–phonon coupling in the BCS superconductor
MgB2, which exhibits a relatively high superconducting trans-
ition temperature (Tc). Similarly, DFT effectively character-
izes hydrogen-rich superconductors under high pressure—
recently setting new records Tc [9]—and two-dimensional
(2D) carbon-based materials [10, 11].

Moreover, DFT has proven instrumental in elucidating
complex phenomena within unconventional superconduct-
ors. Key examples include nonlinear lattice dynamics in
YBa2Cu3O6.5 [12], magnetic interactions [6], tight-binding
model parameters [13], and electronic Coulomb correlations in
iron-based superconductors [5]. DFT further illuminates crit-
ical features such as spin–orbit coupling strength in heavy fer-
mion systems [14], interlayer interactions in twisted bilayer
graphene [15], σ-bondmetallization in nickel-based supercon-
ductors under high pressure [16], and superconducting pairing
symmetry in bilayer silicene [17] and other 2D carbon-based
materials [18, 19].

Recent advances inmachine learning (ML) have introduced
data-driven methods for predicting Tc. These encompass:
(i) periodic table-embedded deep learning for interpretable
material design [20]; (ii) hybrid CNN-LSTM algorithms
for superconductivity analysis [21]; (iii) characterization of
Eliashberg spectral functions [22] and optimized Allen–Dynes
fitting using low-dimensional descriptors [23]; (iv) analyses
leveraging atomic vectors/symmetries [24]; (v) investiga-
tions of the Debye temperature—Tc correlation [25]; (vi)
structural search method identifying ambient-pressure BCN
superconductors [26]; (vii) predicting high-temperature super-
conductivity in ternary hydrides under high pressure [27].

These studies demonstrate that deep learning not only
accelerates material discovery but also reveals novel supercon-
ducting systems beyond the scope of conventional theories.
However, prevailing studies predominantly focus on chemical
composition or empirical descriptors (e.g. atomic radii, elec-
tronegativity), often overlooking the fundamental role of elec-
tronic band structures. This neglect risks conflating composi-
tional similarity with genuine physical causality. For instance,
isomers with identical stoichiometries can exhibit markedly
different superconducting behaviors due to distinct band dis-
persions, whereas materials with disparate chemistries may
share analogous band features conducive to superconductivity.
These observations underscore the necessity for a band-centric
ML framework that bridges ab initio calculations and experi-
mental outcomes. The present work extends this direction by
focusing on electronic band structures as key descriptors of
superconductivity.

Here, we introduce DeeperBand, a deep learning model
that correlates three-dimensional (3D) electronic band struc-
tures with Tc by integrating a Vision Transformer (ViT)
architecture [28] and attention mechanisms. Departing from
prior ML approaches, we construct a training dataset con-
sisting of 3D electronic band structures of 1362 experiment-
ally validated superconductors and 1112 non-superconducting
materials. We overcome the limited availability of high-
fidelity band structure data through symmetry-informed
augmentation strategies (e.g. k-space permutations, atomic
coordinate swaps and band structure folding), expanding the
training dataset while preserving physical invariants. Our
model identifies band structure features linked to supercon-
ductivity through interpretable attention maps. By screening
46 442 materials from the materials project [29], we pre-
dict 14 956 potential superconductors (Tc > 2K), including
1502 candidates with Tc > 10K. By embedding deep learn-
ing within the bedrock of band theory, DeeperBand offers a
principled framework for accelerating superconductor discov-
ery, harnessing the predictive power of modern artificial intel-
ligence (AI) while respecting the quantum mechanical under-
pinnings of these materials.

2. Methods

2.1. Dataset generation

To construct ML-compatible electronic band structures,
we curate the Superband Dataset [30] comprising Tc val-
ues and DFT-calculated band structures for 1362 super-
conductors and 1112 non-superconducting compounds. For
model training, we select the reported Tc and 18 elec-
tronic bands near the EF. Each electronic band is discret-
ized on a 32× 32× 32k grid with the energies defined
related to the EF, resulting in band data of one material
with dimensions C (channel)×L (length)×H (height)×W
(width) = 18× 32× 32× 32. Given the exponential decay
in superconductor count with increasing Tc, we apply a
logarithmic transformation log(Tc + 1) (Tc in Kelvin) to
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Figure 1. DeeperBand workflow for superconductivity prediction. (a) Data acquisition & cleaning: superconductor formulas and Tc from
SuperCon [31] → Remove duplicates. CIF files from MP [29]/OQMD [32] → Disorder removal via 3DSC [33] (lowest Ewald energy). (b)
Band structure calculation: high-throughput DFT (Atomate [34]) with MIT parameters [35], automated by FireWorks [36]. Band extraction
via Pymatgen [29, 37] and Ifermi [38] → Superband dataset [30] (18× 32× 32× 32). (c) Deep learning architecture: 3D-ViT [28]
processes band data with optimal hyperparameters: patch size (P×Q×F×D) = 18× 8× 8× 8; latent dim (Ld) = 534; attention heads
(Hd) = 64; transformer layers (Lt) = 3.

mitigate data skewness during training. The log(Tc + 1) trans-
formation counters the exponential decay of superconductor
counts with rising Tc [30]. While inducing higher abso-
lute errors at high Tc, it ensures balanced learning across
the Tc spectrum—critical for predicting unconventional high-
temperature superconductivity.

The initial training set of 2474 is insufficient for deep
learning. To prevent overfitting, we implement symmetry-
preserving data augmentation:

(i) k-space permutation: interchange (kx, ky, kz) axes to
exploit rotational symmetry of the Brillouin zone;

(ii) Sign reversal: apply transformations (e.g. kx →−kx) pre-
serving time-reversal symmetry.

(iii) Band folding: repeated select sampling of bands near the
Fermi level enables effective simulation of band structure
folding in supercell.

These operations retain electronic structure invariants while
expanding the dataset. The curated dataset of 2474 materi-
als reflects the current limit of experimentally validated, DFT-
computable band structures.While ViT demand large datasets,
our symmetry-informed augmentation generates 39 600 phys-
ically consistent samples—a critical step to mitigate overfit-
ting given material scarcity.

2.2. Deep learning algorithms

We develop DeeperBand (figure 1), a deep learning model
based on the 3D-ViT architecture [28]. This design leverages
the inherent structural similarities of 3D electronic band

representations. The processing pipeline begins with a
linear projection layer that standardizes input band data
into Ld dimensional embeddings. Subsequent patch embed-
ding restructures the data into 18 channels× 8× 8× 8
patches (Q×F×D spatial dimensions). To regular-
ize the model, a dropout layer De ranging between 0
and 1, stochastically zeroes intermediate features during
training.

As shown in the light blue box of figure 1, the core
transformer module contains Lt layers. Each layer includes
a multi-head attention mechanism, with the number of atten-
tion heads controlled by Hd and the dropout rate of the atten-
tion output controlled by Dm. A feedforward neural network,
with its dimension controlled by Md, provides additional pro-
cessing for the attention mechanism. Here, Hd, Dm, and Md

are adjustable positive integers. The network concludes with
a linear layer and a multilayer perceptron head as the output
layers, producing a one-dimensional tensor as the final output,
which is the predicted Tc.

Model training employed the Optuna framework [39] for
hyperparameter optimization. We minimize the mean squared
error (MSE) between predicted values and rescaled targets
log(Tc + 1) across 100 epoch searches. The optimal config-
uration (Ld = 534, De = 0.127, Hd = 64, Dm = 0.197, Md

= 1038, and Lt = 3, see appendix A) is identified via 8:1:1
training-validation-test splitting with cross-validation. We use
1980 samples to generate 39 600 physically consistent training
samples through systematic augmentation, with 247 validation
and test samples. We also do 5-fold cross-validation to make
sure no overfitting. This procedure yielded a robustly optim-
ized model.

3
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Figure 2. Prediction accuracy and DOSs analysis of DeeperBand. (a) Training set Tc predictions (R2 = 0.937). (b) Validation set Tc
predictions (R2 = 0.910). (c) Test set Tc predictions (R2 = 0.887). (d)–(f) Ensemble-averaged DOS for experimentally confirmed
superconductors: (d) Tc < 1K (206 materials); (e) 1⩽ Tc ⩽ 10K (967 materials); (f) Tc > 10K (189 materials). Dashed lines indicate EF;
shaded regions show ±1σ variance. (g) Predicted DOS for 1502 high-Tc candidates (Tc > 10K). Blue arrows mark characteristic
‘peak-valley-peak’ signature near EF. Note: non-superconductors (Tc = 0) excluded from regression analysis. DOS units: states/eV/unit cell.

3. Results and discussion

3.1. Effectiveness of DeeperBand

To assess model performance, we compare predicted Tc
with the experimental values for the known superconductors
(figure 2). We employ the coefficient of determination, R2,
defined as:

R2 = 1− SRes
STot

= 1−

∑
i

(
Ti− T̂i

)2

∑
i (Ti− T̄)2

, (1)

where Ti represents the predicted Tc, T̂i denotes the average of
predicted Tc, and T̄ denotes averaged Tc. While MSE serves
as an effective loss function during training, its interpretation
becomes ambiguous when applied to transformed targets like
log(Tc + 1). As a scale-invariant metric, R2 quantifies the pro-
portion of variance explained by the model, providing an intu-
itive and standardized measure of predictive accuracy relative
to experimental data.

On the training set, the model achieves R2 = 0.937. For val-
idation set (not used in update model weights), the model’s
predictions provide good agreement with the experimental
superconductors, giving an R2 = 0.910. For test set (not used
in model training), the model achieves R2 = 0.887. Accuracy
is particularly high for cubic crystal systems. Most of cubic
superconductors are conventional (BCS-type), show lower

Table 1. Benchmark of predicted Tc vs experimental Tc of four
pairs of non-superconducting and superconducting compounds with
similar chemical formula.

Structure System TExpc (K) TPrec (K)

Ba2Cu4PrO8 [40] Cmmm — <0.01
Ba2Cu4TmO8 [41] Ammm 80 107.9
LaYAs2Fe2O2 [42] P4mm — <0.01
LaAsFeO [43] P4/nmm 10.2 11.9
La3Ni2O7 [4] Amam — <0.01
La3Ni2O7 (29.5GPa) [4] Fmmm 80 111.6
IrSiTb [44] Pnma — <0.01
IrSiZr [45] Pnma 2.04 1.80

prediction uncertainty. Predictions for hexagonal and tetra-
gonal superconductors exhibit deviations of approximately
20% above experimental values, a discrepancy not attributable
to insufficient training (loss convergence is demonstrated in
appendix A). This suggests that optimized sample preparation
(e.g. doping, pressure) may yield higher Tc in these materials
than currently reported. Collectively, these results demonstrate
that electronic band structures alone effectively correlate with
superconductivity and serve as robust predictors of Tc.

To further validate DeeperBand, we examine four repres-
entative material pairs (table 1):

Cuprates: doping critically determines superconductivity.
Ba2Cu4PrO8 [40] (non-superconducting) and Ba2Cu4TmO8

4
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Table 2. Benchmark of predicted Tc vs experimental Tc of on 23
newly synthesized superconductors published after model training
completion.

Structure System TExpc (K) TPrec (K)

Re0.1Mo0.9B2 (44GPa) [46] P6/mmm 20 6.246
RhBi2 [47] — 5.1 2.376
β-IrSn4 [48] I41/acd 0.9 0.899
VxTaS2 [49] — 2.7 0.983
β-Bi2Pd [49] — 5.4 7.666
MnB4 (31.4GPa) [50] P21/c 2 3.301
Pd3Bi2Se2 [51] C2/m 0.8 1.098
TiNb2Mo [52] — 3.22 7.21
Pb7Bi3 [53] — 9 10.42
TaSeS [54] P63m 4.15 3.123
LaCoSi2 [55] Cmcm 1.2 1.358
Y3Rh4Ge13 [56] I213 1.45 2.203
ZrOs2 [57] — 3.23 2.507
Ca2Pd3Sb4 [58] I4/mmm 1.3 0.257
TaGe2 [59] P6222 1.9 2.049
Ni2NbSn [60] Fm3̄m 3 3.363
PbMo6Se8 [61] R3̄ 3.8 8.170
ZrB12 [62] Fm3̄m 5.2 7.215
RuN [63] R3m 1.29 <0.01
CuRh2Se4 [64] Fd3̄m 3.4 4.190
TaC [65] Fm3̄m 9 4.161
TiS2 (136.6GPa) [66] C2/m 4.1 3.087
Ta2PdS6 (82GPa) [67] C2/m 5.2 <0.01

[41] (Tc = 80K) exhibit nearly identical band structures, a dis-
tinction accurately captured by our model.

Iron-based systems: magnetism-induced band splitting
poses prediction challenges. The model correctly differ-
entiates superconducting LaYAs2Fe2O2 [42] from non-
superconducting LaAsFeO [43], despite both showing mag-
netic ordering.

Nickelates: pressure-dependent superconductivity is verified.
Ourmodel confirms the pressure-induced superconductivity in
La3Ni2O7 [4] and its absence at ambient pressure.

Alloys: complex band structures are resolved. The model
distinguishes superconducting IrSiTb [44] and non-
superconducting IrSiZr [45], despite structural similarity
(Pnma space group) and comparable band features.

To rigorously evaluate the predictive generalizability of
DeeperBand, we tested the model on 23 newly synthesized
superconductors published after model training completion
(table 2). These materials, spanning binary alloys (e.g. RhBi2
[47]), high-pressure phases(MnF4 [50]) and complex chal-
cogenides (Pd3Bi2Se2 [51]), were completely absent from
both training and validation datasets. While this temporally
out-of-sample set provides critical validation of model gen-
eralizability across diverse crystal systems, its limited size
(N= 23) precludes definitive statistical conclusions about
global performance. Consequently, we emphasize the meth-
odological value of this test, demonstrating the framework’s
capability to identify plausible superconducting candidates,
with relatively predictive accuracy. However, larger errors in

high-pressure systems suggest that extreme condition physics
may require specialized augmentation. We commit to updat-
ing these benchmarks in superband dataset [30] as new exper-
imental superconductors emerge.

3.2. Attention mechanism associated to superconductivity

We now illustrate the attention mechanism in our deep learn-
ing model. Using the attention rollout method [68] within the
3D-ViT framework, we identify regions of the electronic band
structure most strongly associated to superconductivity. We
demonstrate this with the example of KFe2Se2 [69]. Figure 3
shows the electronic band structure near the Fermi surface
of KFe2Se2, along with the corresponding attention mask.
KFe2Se2 crystallizes in the space group I4/mmm, which leads
to C4 symmetry observed in the kx–ky plane of the electronic
band and a tilt C2 symmetry in the kz-direction. The attention
mask for the kx–ky plane similarly exhibits C4 symmetry, with
regions near (0, 4π

3 ) identified by the model as contributing
significantly to superconductivity. In the z-direction, promin-
ent regions appear around kz = 4π

5 and 6π
5 .

Despite the model’s initial randomization of weights
without explicit consideration of material symmetry, the
trained deep learning model effectively captures these
symmetry-related features. This underscores the potential
of deep learning to reveal meaningful insights from com-
plex 3D electronic band structures. Further details on the
attention mechanism and additional examples are provided in
appendix B.

3.3. High-throughput searching potential superconductivity

Beyond experimental validation, we deploy DeeperBand to
predict superconductivity in unexplored materials with DFT-
calculated band structures. While traditional superconductors
emerge from conductive metals/alloys, unconventional vari-
ants often arise from strongly correlated nominal insulators
(e.g. Mott systems) exhibiting vanishing band gaps. To probe
this space, we screen 46 442 materials project compounds
[29], selecting those with band gap <0.2 eV, a threshold cap-
turing correlated metallic states. We identify 14 956 potential
candidates with an estimated Tc above 2K, including 1502
materials that could exhibit Tc values exceeding 10K. Further
details are provided in appendix C.

We further correlate predicted Tc normal-state DOS fea-
tures. Figure 2(c)–(e) shows the averaged DOS for known
superconductors, revealing:

(i) Minimal s-orbital contributions to superconductivity;
(ii) Dominant p-/d-orbital roles, with d-orbitals critical for

Tc > 10K (consistent with transition-metal prevalence);
(iii) A universal DOS signature for high-Tc systems:

depressed DOS near Fermi surface, flanked by sharp
peaks, indicating steep DOS gradients and flat bands near
the EF.

Remarkably, this signature recurs in the ensemble DOS
of predicted high-Tc candidates for Tc > 10K (figure 2(f)).
These consistent patterns validate our model’s physical

5
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Figure 3. Attention mechanism analysis for KFe2Se2. (a) Electronic band crossing EF in kx–ky plane (C4 symmetry axis indicated). (b)
kx–kz plane showing tilted C2 symmetry. (c) kz–ky projection. Bottom panels (d)–(f) show attention masks obtained via attention rollout
[68], with red arrows marking high-attention regions. These masks indicate which regions of the electronic bands are most relevant to
superconductivity. In the visualizations, red areas signify regions with a strong contribution to superconductivity, while blue areas denote
regions with little to no impact.

Figure 4. Predicted noble-metal high-temperature superconductor candidates, where data from materials project [29]. (a) BaAgO2:
cuprate-like quasi-circular Fermi surface. DOS minimum at EF with peak 0.2 eV below; (b) AlAgO3: near-flat band (±0.2 eV) and high
DOS at EF. Fermi surface nesting indicated by blue arrows; (c) InAgO2: sharp DOS peak <0.1 eV below EF. Band gap closure under strain
suggests tunable superconductivity.
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interpretability and its utility for accelerated superconductor
discovery.

3.4. Superconductor Candidates

Among the predicted candidates, we highlight three noble-
metal-containing systems exhibiting promising superconduct-
ing signatures:

BaAgO2 (mp-996 990) exhibits a DOS minimum near the
Fermi surface, with a maximum ∼0.2 eV below the EF. It
features a pronounced (π, π) band extremum, yielding a quasi-
circular Fermi surface reminiscent of cuprate superconduct-
ors. Although BaAgO2 has yet to be experimentally synthes-
ized, theoretical studies suggest its kinetic and thermody-
namic stability [70], making it a candidate high-temperature
superconductors.

AlAgO3 (mp-1404 877) features an almost flat band near the
Fermi surface (±0.2 eV) and a very high DOS at the EF.
Its Fermi surface also shows nesting, which is favorable for
unconventional superconductivity.

InAgO2 (mp-1097 001) does not exhibit significant band over-
lap at the Fermi surface, it has a high DOS value just below the
EF (<0.1 eV), indicating potential superconductivity.

Crucially, replacing Ag with Au preserves these elec-
tronic traits (e.g. BaAuO2 mp-1147 676), opening avenues for
discovering new unconventional superconductors in noble-
metal oxides. More potential superconductors are shown in
appendix C, and the data of all predicted superconductor can-
didates is provided at supplementary information.

4. Conclusion

This study establishes electronic band structures as fun-
damental descriptors of superconductivity through a deep
learning framework. By developing DeeperBand, a 3D-ViT
model with symmetry-informed augmentation, we achieve
accurate Tc prediction (R2 > 0.91) across diverse materi-
als, from cuprates to alloys. Crucially, attention mechanisms
identify momentum-space hotspots linked to superconductiv-
ity, advancing mechanistic understanding beyond empirical
correlations.

Our neural architecture, while relatively simple, effect-
ively predicts superconducting properties. However, predic-
tion deviations (∼20% error) persist in hexagonal/tetragonal
systems due to intrinsic lattice complexity. The blind test per-
formance demonstrates effective generalization despite lim-
ited original data. However, larger errors in high-pressure
systems suggest that extreme condition physics may require
specialized augmentation. Future work will integrate multi-
fidelity data from high-pressure systems. While symmetry-
informed augmentation expanded our physically consistent
training set to 59 376 samples, we note that the original data-
set of 2474 materials remains limitation for transformer archi-
tectures. Though regularization techniques (dropout, weight
decay) mitigate overfitting, performance on radically novel
material classes may require future supplement to the dataset.

This study presents a novel approach to electronic band
analysis and proposes a new framework for predicting the
electrical properties of materials. As the developing of AI and
high-throughput DFT technologies, the difficulties related to
neural network model limitations and training dataset bottle-
necks discussed in this paper are likely to be overcome. The
integration of ML with electronic band analysis, as introduced
here, will be a possible new direction for AI in materials.
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Table A1. The deep learning performance of hyperparameters on the MSE validation loss after 100 epochs of training.

Validation loss Lt Ld Hd Md De Md

0.324 7 734 24 2154 0.457 0.458
0.240 4 82 32 246 0.283 0.360
0.408 8 618 8 2346 0.204 0.266
0.346 8 468 16 2290 0.412 0.223
0.313 6 962 64 2796 0.461 0.438
0.248 7 120 36 3810 0.415 0.294
0.239 5 754 16 1372 0.268 0.451
0.308 7 188 22 3298 0.161 0.189
0.363 3 114 46 226 0.172 0.241
0.266 4 912 24 880 0.149 0.327
0.313 6 562 48 482 0.273 0.141
0.340 7 558 64 306 0.492 0.240
0.277 4 334 14 3478 0.289 0.157
0.228 3 534 64 1038 0.127 0.197

Appendix A. Model training

Studies on both conventional and unconventional supercon-
ductors indicate that the electronic band density near the Fermi
surface greatly influences superconductivity, whereas bands
far from the Fermi surface contribute little. However, the num-
ber of electronic bands near the Fermi surface varies across dif-
ferent superconductors. While ML can indeed take the super-
conductor with the highest number of electronic bands as a
reference and pad the bands of superconductors with fewer
electronic bands with zero tensors to form a training set, this
approach leads to a waste of computational resources and
introduces additional uncertainties in deep learning.

Based on our analysis, the average energy of the 18 bands
around to the Fermi surface for most superconductors is typ-
ically within the range of −3 eV to 3 eV. Consequently, we
uniformly select 18 bands near the Fermi surface for our
study. Concerning the grid resolution of the band data, a
denser spatial grid can certainly yield more accurate res-
ults but at the expense of increased storage and computa-
tional resources. In DFT calculations, the typical reciprocal
space grid resolution for band structures is generally below
12× 12× 12. Expanding to a higher grid resolution during
data augmentation could potentially introduce data distortion
issues. Therefore, after careful consideration, we select an
18× 32× 32× 32 grid as the dimensionality for the band data,
aiming to find a balance between accuracy and computational
efficiency.

It is well known that ViTs typically utilize a patch size of
16× 16 when processing 2D images [28]. For our 3D data, we
adapt a resolution 8× 8× 8 of for each image patch, result-
ing in a total of 4× 4× 4 patches. Additionally, we employ
the Optuna software [39] to optimize the hyperparameters

of our model, using validation loss as the optimization cri-
terion. The performance of selected hyperparameters, follow-
ing 100 epochs of training, is summarized in table A1.

Interestingly, our observations indicate that increasing the
number of deep learning parameters does not necessarily
improve the results. For example, a lower transformer layer
count (Lt) yields superior training outcomes compared tomod-
els with higher Lt values. We suppose that an excessive num-
ber of parameters might lead to overfitting, which explains
why the hyperparameters set with the lowest validation loss,
as presented in table A1, is selected.

To train the model, we utilize stochastic gradient descent
with a learning rate of 0.001, momentum of 0.9, weight decay
of 10−5, and batch size of 32. The training process is depicted
in figure A1(a), where we observe that although the training
loss continued to decrease slightly up to 400 epochs, the val-
idation loss plateaued at around 0.06. Therefore, we extend the
training to 700 epochs to finalize the deep learning model.

We employ 5-fold cross-validation to assess model per-
formance and conduct parameter fine-tuning. The dataset is
first uniformly partitioned into 5 folds. In each round, one
fold (20%) is held out as an independent test set, while the
remaining 80% constituted the combined training and val-
idation set. This combined set is further split into a train-
ing subset (72%, augmented for dynamic spatial augmenta-
tion techniques preserving physical symmetries, such as k-
space permutations and sign reversals) and a validation sub-
set (8%, consisting of original, unaugmented data). Training
for each fold commenced from the same pre-trained model
initialization. The results aggregated across all five folds are
presented in figure A1(b), demonstrating minimal deviation
from the performance metrics obtained using the previous
training.
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Figure A1. The training loss and validation loss During the actual training process. (a) Main training process with 700 epochs. (b) Five-fold
cross-validation to assess model performance and conduct parameter fine-tuning with 100 epochs.

Figure B1. Further example attention weights as in figure 3(a), (d), we have only selected the kx–ky plane, as the z-axis is typically set as the
principal axis, and the kx–ky plane tends to exhibit the highest symmetry. The examples shown here are randomly selected from those with
Tc above 5K. The left graph of each material represents the band closest to the EF, while the right graph represents the attention mask.

Appendix B. Attention mechanism

To generate attention maps from the output token to the input
space, we employ the attention rollout method [68]. In sum-
mary, we average the attention weights across all heads in the
3D-ViT model and recursively multiply the weight matrices
across all layers. This method effectively captures the cumu-
lative effect of attention across tokens throughout the entire
network, providing a comprehensive view of how information
is propagated and emphasized from input to output.

The attention rollout method offers an intuitive approach
to trace the flow of information as it propagates from the input
layer through the higher layers of a neural network. By system-
atically aggregating and multiplying attention weights across
layers, this technique enables us to visualize how different
parts of the input influence the model’s decision-making pro-
cess at various stages. Attention Rollout provides a detailed

representation on how themodel integrates and refines inform-
ation as it progresses through each layer, ultimately leading to
the final output. This makes it an invaluable tool for dissecting
the inner workings of 3D-ViT models, offering insights into
how these models interpret and prioritize various aspects of
the input data.

Further examples of attention weights are shown in
figure B1(random selection within the kx–ky plane). While
some images may appear blurred, the majority of attention
weights successfully captures the crystalline symmetry of the
materials. We believe that as this technology advances, these
attention weights will help identify the key features of elec-
tronic bands that contribute to superconductivity, providing
a reliable reference for addressing the challenges of high-
temperature superconductivity mechanisms. Additionally, our
model can also use theoretical lattice models, such as tight-
bindingmodels, as inputs, aiding in determining whether these
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Figure C1. The elemental distribution of (a) superconductors found experimentally [30] and (b) predicted superconductors. For any
superconductor containing element A, the count for element A is incremented by 1. By following this process, we obtain the elemental
distribution across all superconductors. It is important to note that this analysis encompasses all superconductors, without distinguishing
between conventional and unconventional ones. The abundance of metallic elements primarily originates from early alloy-based
superconductors. Additionally, oxygen is present not only in cuprate superconductors but also in many low-temperature superconductors.
Adapted from [30], with permission from Springer Nature.

Figure C2. Further example as in the left of figure 4 with three possible manganese, cobalt and lithium-based superconductor candidates.

lattice models contain critical factors conducive to the forma-
tion of superconductivity.

Appendix C. Superconductor candidates

Early superconductors were primarily derived from metals
or alloys, which inherently possess conductive properties. In
contrast, unconventional superconductors, apart from those
that naturally exhibit conductivity, often emerge from strongly
correlated systems like Mott insulators, with no band gap.

Therefore, when identifying potential superconductor candid-
ates, our focus is primarily on materials with no band gap or
possess a slightly doped gap. To this end, we systematically
screened 46 442 materials in MP database [29] with band gaps
up to 0.2 eV to find possible superconductor candidates.

We employ the trained deep learning model to conduct
high-throughput computational analysis of the band struc-
tures of these materials, ultimately identifying 14 956 poten-
tial superconductors. The elemental distribution of these can-
didates is depicted in figure C1(b), and is compared to the
distribution of experimentally confirmed superconductors in
figure C1(a).
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We observe that among the predicted superconductors,
the fourth-period transition metals—manganese (Mn), iron
(Fe), cobalt (Co), nickel (Ni), and copper (Cu)—appear with
notable frequency, all of which are adjacent in the peri-
odic table. This is particularly significant given that the three
known unconventional superconductors with relatively high
Tc involve iron, nickel, and copper. This observation suggests
the possibility of discovering new unconventional supercon-
ductors based on manganese and cobalt. To explore this fur-
ther, we have identified two potential manganese- and cobalt-
based superconductors, with their electronic band structures
illustrated in the top and middle panels of figure C2.

In addition to these transition metals, lithium (Li) and mag-
nesium (Mg) also show strong potential for becoming super-
conductors. We speculate that these elements are more likely
to be conventional superconductors when combined with non-
metallic elements, similar to the well-known MgB2. A prom-
ising candidate superconductor involving lithium has been
identified, and its electronic band structure is depicted in the
bottom panel of figure C2.
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