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The appendix is organized as follows: Section 1 details the collection method and distribution of the
SuperCon3D dataset. Section 2 presents more details of disordered graph and models. Section 3
elaborates on the implementation speci cs of both property prediction and generative models. The
identi cation of potential superconductors and their corresponding DFT computational outcomes
are presented in Section 4. A systematic approach for the design of practical superconductors is
expounded in Section 5. We present the limitation of our data and models in Section 6. Section 7
provides the repository link for the associated coding resources.

1 SuperCon3D data details

We extracted approximately 33,000 superconductors, including their chemical formulas and critical
temperatures, from the SuperCon databaséer eliminating duplicates and non-superconductors,

we retained 11,949 superconducting materials. Over 200,000 ordered and disordered crystal structures
were collected from the ICSD database. We then matched the 11,949 SuperCon entries with 208,425
ICSD entries based on chemical composition, space group and lattice parameter. Speci cally, we rst
performed an initial matching based on chemical composition, which may result in one-to-one or
one-to-many matches. We then further re ned the matches using additional information provided
in the literature, such as space groups and lattice constants. Additidhaliglues and structural

data for hydrogen-enriched superconductors were obtained from literature sources. Ultimately, we
compiled 1,578 superconductors with bdthand crystal structure information.

Figure 4: The data distribution of SuperCon3D dataset. (a). The probability of crystals containing a
given element in the dataset. (b). The distribution of ordered and disordered superconductors. (c).
The distribution of superconducting types. (d). The distribution o¥dlues.

We plot the data distribution of SuperCon3D dataset in Fig. 4. In dataset, there are 83 different
elements, which encompass most of elemental types found in the periodic table. The most frequent

https://github.com/vstanevl/Supercon
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elements are O, Cu, La, Ba, Y as shown in Fig. 4a. Fig. 4b depicts the order and disorder distribution.
We classify superconducting materials according to cuprate, H riched, heavy fermion, iron based,
and others, and distribute the types in Fig. 4c. The distribution of the Tc values of superconducting
materials is shown in Fig. 4d. The SuperCon3D dataset can be obtained from the source code package,
and the access address is proveide in Sec. 7.

2 Methods

2.1 Interstitial disorder

Interstitial disorder (ID) . ID refers to the presence of atoms occupying interstitial sites within a
crystal lattice, which are not part of the regular lattice positions. These interstitial atoms introduce
additional disorder into the structure. The total occupancy, including both regular lattice sites and
interstitial sites, can be expressed as:

Wi 1+ Wi o + + Wim,; T Wiinterstitial =1+ (1)

wherew;., ; represents the occupancy weightof at sitei, Wi.nwerstiial ~ represents the occupancy
weight of interstitial atoms at sife  is the excess occupancy due to interstitial atoms, with O
indicating the presence of ID. In this case, our disordered graph encoding method remains effective.

ID mixed with substitutional disorder (SD) and positional disorder (PD), would result in more new
types. However, given the lack of observation of ID in the SuperCon3D dataset, we will not elaborate
further on it.

2.2 Gate layer

We employ the gate activation mechanism Weiler et al. [2018] for the equivariant activation function.
Standard activation functions are applied to type-0 vectors. For higher order vectors (L >0), we achieve
equivariance by multiplying them with non-linearly transformed type-0 vectors. S@eci cally, for an
inputx comprising non-scalaC, type-L vectors (wher@ <L  Lpmay) and(Co + P t:ff CL)

type-0 vectors, we apply S’}U Elfwing et al. [2018] to the 18} type-0 vectors and a sigmoid
function to the remaining, t:’“f C. type-0 vectors. This process generates non-linear weights,
which are then used to scale each type-L vector. After gate activation, the number of channels for
type-0 vectors is reduced @.

2.3 The denoising method of DiffCSP

We introduce the denoising mode{L ;F ; A ;t) as part of the original Diff CSP model, which is
related to thélransformer-based Architectusection in the main text.

Node representations in theth layer, H () = [h{¥; ;h{)], are initialized ash® =
(fatom(@i); T pos(t)) , combining atomic embeddinds:omand sinusoidal positional encodifig,s Ho
et al. [2020], Vaswani et al. [2017], processed by MLP

Incorporating EGNN Satorras et al. [2021], the message-passing inslagier

m{® =" n® YhE L7 e ) @)
X

mi¥ =" m{; ©)
j=1

h{? = h{® D p(h® Pim?): (4)

Here,' i and' , are MLPs. gt executes Fourier Transformation on relative fractional coordinates,
ensuring periodic translation invariance.
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Following S message-passing layers, lattice ndisas computed as follows:

X
L=l o i=1Vh® )

with ' | shaping output a8 3. For fractional coordinate scofe , we have:

" [il= e () (6)
where”: [:;i] is thei-th column, and ¢ operates on the nal layer's output.

The inner produck > L in Eq.(2) ensures O(3)-invariance,@L )” (QL ) = L~ L for any orthog-
onalQ 2 R® 3. This guarantees the O(3)-invariance gf in Eq.(6), and_ left-multiplied with"
ensures O(3)-equivariance §f . Thus, (L;F;A;t) satis es the proposed properties. More details
are described in Jiao et al. [2023].

3 Hyper-parameters and training details
In this section, we provide the training details of property predicting models and generative models.

3.1 Property predicting models

We employ the codebase from SchNet Schiitt et al. [ZQTBFCNN Xie and Grossman [20£8]
DimNet++ Gasteiger et al. [2028]SphereNet Liu et al. [2022]ALIGNN Choudhary and DeCost
[2021F, Matformer Yan et al. [202Z]and MEGNet Chen et al. [201®]or baseline implementations.

All models are conducted 10-fold experiments based data splited method of 8:1:1. The training details
of each model are as follows:

3.1.1 SchNet.

Employing the SchNet framework, our method integrates six 64-dimensional message passing layers.
SchNet was trained over 500 epochs, using a 5e-4 learning rate and 64 batch size. We optimized
using Adam with 1e-5 weight decay, and a one-cycle learning rate scheduler. Atomic radii were
determined by the 12th smallest distance between an atom and its neighbors.

3.1.2 CGCNN.

A batch size of 64 is employed, and the model consists of three layers of CGCNN message passing
layer with 128 hidden dimensions. The training process utilizes the Adam optimizer. Initially, a
learning rate of 1e-3 is set for the 200 epochs. During the training, a radius cutoff of 8.0 is applied to
all crystals, and the 32 nearest neighbors are selected.

3.1.3 DimNet++.

In our approach, we apply a radius cutoff of 8.0 to all crystals and select the 12 nearest neighbors.
To represent each node, we utilize Gaussian radial basis function (RBF) kernels. This results in a
64-dimensional embedding for each node. To optimize the model, we employ the Adam optimizer
with a weight decay of 1e-6. The model is trained for 500 epochs using a batch size of 128.

2https://github.com/atomistic-machine-learning/SchNet
3https://github.com/txie-93/cgcnn
“https://github.com/gasteigerjo/dimenet
Shttps://github.com/divelab/DIG
®https://github.com/usnistgov/alignn
"https://github.com/YKQ98/Matformer
8https://github.com/materialsvirtuallab/megnet
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3.1.4 SphereNet.

In our method, we utilize multi-graph representations of materials as inputs to SphereNet models.
The input embedding size is set to 256, and the output embedding size is set to 64 for both the 8 LB2
and LB blocks. A cutoff distance of 6 is used. For each model, we initially perform a warm-up on
the learning rate, starting at 1e-3. Subsequently, two learning rate strategies—ReduceLROnPlateau
and StepLR—are employed for training. In the StepLR strategy, the learning rate is decayed by a
speci ed ratio every xed number of epochs, known as the step size. The batch size is set to 32, and
training is conducted for 300 epochs.

3.1.5 ALIGNN.

ALIGNN is trained for 150 epochs with a learning rate of 5e-4 and a batch size of 64. The model
architecture follows the original paper, consisting of four GCN layers and four ALIGNN layers. The
atom feature dimension is set to 92, and the edge feature dimension is set to 80. The training process
utilize the Adam optimizer with a weight decay of 1e-5. Additionally, a one-cycle learning rate
scheduler is employed. For all crystals, a radius cutoff of 8.0 is applied, and the nearest 12 neighbors
are selected.

3.1.6 Matformer.

In constructing the crystal graph, we follow a speci ¢ procedure. The radius for the neighborhood
of a given atom is determined by the 12-th smallest distance between that atom and its neighboring
atoms. All atoms within this radius are considered part of the neighborhood for the given atom. Each
node is then represented by mapping its atomic number to a 92-dimensional embedding using the
CGCNN atomic embedding. This embedding is further transformed into a 128-dimensional vector
through a linear transformation. Similarly, for each edge, we utilize a 128-dimensional embedding
mapping of the Euclidean distance. This mapping is achieved by employing 128 radial basis function
(RBF) kernels with centers ranging from 0.0 to 8.0. During the training process, we employ the
Adam optimizer with a weight decay of 1e-5. Additionally, a one-cycle learning rate scheduler is
utilized. A batch size of 64 is employed and trained for 150 epochs.

3.1.7 MEGNet.

To construct the crystal graph, we employ three layers of the MEGNET message passing with with
64,32,16 hidden units, and utilize the Set2Set readout function. Following the con guration described
in the original paper, MEGNET is trained for 200 epochs using a batch size of 64 and a learning rate
of 1e-3. The Adam optimizer with a weight decay of 1e-5 is used for optimization, and a one-cycle

learning rate scheduler is implemented. A radius of 8.0 is set for all crystals.

Table 7: Hyper-parameters for SODNet.

Hyper-parameters Value or description
Batch size 32, 64,128

Number of epochs 150, 300

Number of attention heads 4,8

Dropout rate 0.0,0.1,0.2

Cutoff radius () 8,12,16

Number of radial bases 128

Number of transformer blocks 6

Weigh decay 0.510 3,1 10 8

3.1.8 SODNet

During training, we use a batch size of 64 and trained the model for 150 epochs. A radius of 8.0
is applied to de ne the neighborhood of each crystal. We utilize 128 basis functions to capture the



Table 8: Recently discovered superconductors (not included in the training data).

No. Material Type TP (K)
1 CaH @172GPa Order 215 Maetal.[2022]
2 Ti @248 GPa  Order 26 Zhang et al. [2022]
3 Cs\zShy Order 2.3 Ge et al. [2022]
4 Cs(Mp:93Nbg.07)3Sbs SD 4.45 Li et al. [2022]
5 Zr,Rh,O Order 3.73 Watanabe et al. [2023]
6 Zr4Pd20 Order 2.73 Watanabe et al. [2023]
7 LaFeSiQ.q PD 10 Hansen et al. [2022]

152 features of the crystals. To control over tting, a weight decay of 5e-3 is applied. The learning rate is
153 Set to 5e-5, with a minimum learning rate of 1e-6. We employ the AdamW optimizer for ef cient

154 optimization. The model architecture consisted of 6 Transformer blocks, each with 8 attention
155 heads. This allowed the model to effectively capture the relationships and dependencies within the
156 Ccrystal structures. Irreps features consist of channels of vectors with degreels . téve denote

157 C typed vectors agC, ;L) andC,) type{L;p) vectors afC,,);L;p). Brackets denote

158 concatenations of vectors. we set irreps features containing 512 type-0 vectors and 128 type-1 vectors,
159 Which can be expressed 512, 0); (128; 1)].

160 Table 7 summarizes the hyper-parameters for the model.

Table 9: The predicted potential candidates of higleuprate and h-riched superconductors. Candi-
dates of high con dence are marked in gray.

Type ICSD code Chemical formula O/SD/PP TK) Reported SC.
Cu®, Sr
68675  CuQSt:ors PD 9342911 Takahashi et al. [1994]
Cuprate 50774 C@.779 CuG; Yo:041 PD 65.70 —
50773 Canigr CUO, PD 6472 g9 Schon et al. [2001]
Ba, CuGs: 2
68217 Ba, CuG; (@) 59.89 70K Li et al. [2019]
67394 Ba CulO, O 43.80 -
187375 ErH O 193.03
635802 GdH (@) 143.19
623739 hH.57Con:.14 Up: 84 PD 136.76
H-riched 42009 Tbh. 25 SD 135.13

424154  HMg1:02 Ti1:08 O 13434
230140  Lb:14 Yo:86 H2:7 PD 125.94
93250 YFeHs PD 125.00

161 3.2 Generative models

162 We apply the codebases from CDVAE Xie et al. [2028yMat Luo et al. [2024P and DiffCSP Jiao

163 et al. [2023}! for baseline implementations. All models are conducted experiments based data
164 splited method of 6:2:2. For pretraining, we obtain crystal structures from the databases of Materials
165 Project?, Open Quantum Materials Datab&$eMatgert*, and ICSB®. Molecular crystals are

166 excluded from the dataset. Subsequently, we perform deduplication on all crystal structures, resulting
167 in approximately 1.14 million unique structures. The training speci cs for each model are outlined
168 below:

®https://github.com/txie-93/cdvae
Ohttps://github.com/divelab/AIRS
Uhttps://github.com/jiaor17/DiffCSP
12https://next-gen.materialsproject.org
Bhttps://mww.ogmd.org
Yhttps://matgen.nscc-gz.cn
Bhttps:/ficsd.products. z-karlsruhe.de/
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3.2.1 CDVAE.

For CDVAE model, We replaced the original DimNet++ Gasteiger et al. [2020] with SODNet to
ensure a fair comparison with other generation models. Regarding the decoder, we utilize the
GemNet-T Gasteiger et al. [2021], which consists of 3 layers and 128 hidden states.

3.2.2 SyMat.

For the SyMat model, the property predictor employs SphereNet, which consists of four message-
passing layers with a hidden size of 128. The VAE decoder utilizes MLP models composed of
two linear layers with a ReLU activation function between them and a hidden size of 256. During
training, we use a learning rate of 0.001, a batch size of 128, and run for 1,000 epochs. We assign
different weights to various loss terms: 1.0 for atom type set size, 30.0 for atom types, 1.0 for the
number of each atom type, and 10.0 for lattice items. Additionally, we apply a weight of 0.01 for the
KL-divergence loss and 10.0 for the denoising score matching loss.

3.2.3 DiffCSP.

We employ a con guration of 6 layers with 512 hidden states for datasets other than speci ed
ones. The dimension of the Fourier embedding is set to 256. To control the variance of the DDPM
(Diffusion-Driven Probabilistic Modeling) process an, we utilize the cosine scheduler with 0.008.
Additionally, we use an exponential scheduler with= 0:005 1 = 0:5to control the noise scale

of the score matching process Bp. The diffusion step is set to 1000. Our model is trained for 1000
epochs, employing the same optimizer and learning rate scheduler as CDVAE.

3.2.4 DIiffCSP-SC.

We utilize SODNet as the property predictor, and the parameter con guration aligns with Table 7.
The parameters for the diffusion process also follow the original Diff CSP setup. The difference lies
in the message passing layer, where we employ a transformer. Speci cally, we use a 512-dimensional
hidden state encoding and set the number of heads to 8.

3.3 Pre-training dataset

we pre-trained our model on approximately 1.14 million unique 3D crystals sourced from existing
databases, including Projé&tOQMD!?, Matgeri®, and ICSD°.

4 Potential superconductors

In this section, we initially validate our model using thg Vialues of superconducting materials
reported in recent literature, noting that these data points are not included in the SuperCon3D dataset.
Subsequently, we present the potential superconducting materials using property prediction model
based on SODNet and generative model based on Diff CSP-SC, respectively.

4.1 Real-world superconductors validation

As shown in Table 8, we have collected the structures of superconducting materials along with their
corresponding Tc values, as reported in the latest literature over the past three years. This includes a
total of seven superconducting materials with both ordered and disordered structures.

8https://next-gen.materialsproject.org
Thttps:/iwww.ogmd.org
Bhttps://matgen.nscc-gz.cn
Bhttps:/licsd.products. z-karlsruhe.de



205

206
207
208

209
210
211
212

213
214
215

216
217
218
219

220

221
222
223
224
225
226
227
228
229

231
232

Table 10: The predicted potential candidates of highieavy-fermion, iron-based and others
superconductors. Candidates of high con dence are marked in gray.

Type ICSD code Chemical formula O/SD/PPR TK) Reported SC.
168466 LaMg> o 23.83
161141 LaMgi:196 Alo:gosa SD 21.13
Heavy-Fermion 69897 GCe.75 Up: 25 PD  11.88
647197 N@:1Pw:o sSb 11.75
614236 TmFgB o 10.81

Bag:s F& Ry 4 As;
427163 Bao:s3 FeRbo:17As2 D 23.21 37 gy poagchke et al. [2014]

Iron-based 188347 BaFgAs; o 2327
39530 FeClTe [e) 19.57
633401 FeShaTers SD  16.83
165523 ASZ BaO:777 FeZ' PD 15.55

Ko:126 Srn: 096

Bay:1432 C0o:1429 -
96031 Os.0000 RMo.as7a PD 202.12

58639 Ba@:515 Cay- 485 SD 160.95
Others 616160 BaSr SD 12351
106111 ST O 6352

428028 Geg.6Shy: 27 Te SD  47.48

4.2 Screening based method

We apply our superconductivity predicting model for screening the entire ICSD database. Potential
superconductors are show in Table 9 and 10. To elaborate on the candidates with high con dence,
we provide the subsequent details:

1. CuO,Siyp75 and Ca.52CuO;, exhibit disordered structures, and their respective parent
compounds demonstrate superconductivity Takahashi et al. [1994], Schon et al. [2001].
Consequently, these disordered structures are more likely to be superconducting materials
as well.

2. BaCuG;s., exhibits superconductivity with a Tc of 70K Li et al. [2019]. Its corresponding
parent structure B&£uO; may also be a superconductor, albeit with a comparatively lower
probability.

3. Bay.gsFexRy.17AS, and Ba.cFeRly.4As, share the same parent structure and have closely
related compositions. Given that Bge;Rby.4As, exhibits superconductivity with a
Tc of 37.5K Peschke et al. [2014], it is highly likely that BaFeRby.17AS; is also a
superconducting material.

4.3 Interpretability on SODNet

We attempt to interpret our SODNet predictor by determining which feature(s) a given model weighs
most heavily when making the prediction. As shown in Fig. 5, we extract the node embedding of the
whole graph in the last layer of SODNet, and present the contributions of each atemudtués. We

can observe that the B sites contributes more signi cantly to the property of Tc compared to the Mg
site in Fig. 5 (a-d). Moreover, conducting atomic doping and atomic translation on the cation Mg
results in a decrease in, With 39.0 K!'  38.4 K!'  34.3 K. This phenomenon demonstrates that
attempting to enhance the Value by disrupting the symmetry of Mg site within the lattice may

be not workable. Another case of cuprate superconductor has shown in Fig. 5 (e-f), there are three
types of oxygen sites that contribute signi cantly to thevalue: Hg-O-Hg (PD disorder), Cu-O-Cu
(order), and Hg-O-Ba (order). Among them, the contribution of disordered Hg-O-Hg is the greatest,
indicating that disrupting the symmetry of oxygen atoms within the lattice might potentially further
enhance the property of.T



Table 11: The novel high cuprate and h-riched superconducting candidates. Candidates of high
con dence are marked in gray.

Type Index Chemical formula (T(K) Reported SC.
1 Ba CuChL O, 33.56 -
2 T|2 CaBaCuz 019 14.09 -
3 BaCalaGdCy Oy7 10.12 -
Cuprate 4 YCw O; 9.73 -
5 BaCaCyOy; 9.65 -
6 CU7 Bole 7.87 -
7 CsMgCuy BiAuOg 7.82 -
TbH3
8 TbHz 164.33 20K Hai et al. [2021]
Calculated by DFT
Seh
H-riched 9 Seh 139.89113K Novakovic et al. [2023]
Predicted by ML
10 CaGeHyg 103.55 -
11 CaMnCrHg 58.07 -
SbH;
12 SbH; 46.42 20K Fu et al. [2016]

Calculated by DFT
13 MgCoCqu CS Ny 44.27 -
14 Ry CapHy 13.05 -

Figure 5: Contribution of each atom tq Value. (a). Feature relative importance of each site in three
type MgB; superconductors. Snapshots of (b) SDoMAl.1B>, (¢c) PD Mgy.98B>, and (d) ordered
MgB; crystals. Here, B Mg and Al sites are colored by light pink, atrovirens and dark atrovirens.
(e). Feature relative importance of B2uHgQ,.,7 superconductor. (f). Snapshot of BauHgQ,. 27
superconductor (Ba: green, Cu: blue, Hg: pink, O: red).
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