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Abstract

The inverse design of materials with specific desired properties, such as high-
temperature superconductivity, represents a formidable challenge in materials
science due to the vastness of chemical and structural space. This work introduces
a guided diffusion framework to accelerate the discovery of novel superconductors.
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Our approach begins with a foundation model trained on crystal structures from
the Alexandria Database, which is then fine-tuned using a labeled dataset of
7,217 conventional superconductors to generate new structures conditioned on
critical temperature, Tc. Employing classifier-free guidance, we generated 200,000
potential crystal structures. These candidates were subsequently subjected to a
rigorous multi-stage computational screening workflow, utilizing machine learning
models and density functional theory calculations to assess stability and electronic
properties. Notably, our generative model demonstrated effective property-driven
design by shifting the distribution of generated materials toward targeted Tc values
within the training regime. This process successfully identified 773 promising
superconducting candidates with predicted Tc > 5K. This end-to-end workflow,
from generation to new candidate superconductors, illuminates a powerful pathway
for materials discovery, demonstrating the significant potential of the AI-driven
framework to accelerate discovery.

1 Introduction

The discovery of novel materials with desired properties remains a fundamental challenge: traditional
routes—direct simulation or experimental synthesis and characterization—are costly, slow, and yield
few successes. While first principles methods and machine-learning (ML) models have improved
property prediction from known crystal structures, the inverse problem—designing materials for
target properties—remains daunting due to the vastness of chemical and structural space.

Generative models, which have achieved remarkable success in domains such as images, text, and
video, are now gaining traction in materials science. Recent advances in structure-generating models,
such as diffusion-based frameworks Ho et al. [2020] (e.g., DiffCSP Jiao et al. [2023], MatterGen
Zeni et al. [2024]), flow-based Lipman et al. [2023] models (e.g., FlowMM Miller et al. [2024]),
autoregressive transformers Vaswani et al. [2017] (e.g. CrystalLLM Antunes et al. [2024], Matra-
Genoa De Breuck et al. [2025]), and frameworks based on stochastic interpolants Albergo et al.
[2023] that unify diffusion and flow (e.g., OMatG Höllmer et al. [2025]), highlight the potential of
generative approaches for material discovery.

Superconductors, with their zero electrical resistance, hold transformative potential for technologies
ranging from energy transmission and storage to high-field applications in medical imaging, particle
accelerators, and materials processing Boeri et al. [2022], Larbalestier et al. [2001], Malozemoff et al.
[2005], Flükiger [2012]. These wide-ranging applications make the discovery of new superconductors,
particularly those with higher critical temperatures (Tc), a high-priority target for inverse materials
design. In the dominant class of electron-phonon superconductors, Tc is governed by the coupling
between electrons and lattice vibrations Bardeen et al. [1957], Eliashberg [1960]. Traditionally density
functional theory (DFT) Giannozzi et al. [2020] coupled to Eliashberg theory Poncé et al. [2016]
has been used to accurately predict the Tc of superconductors, albeit at too high a computational
cost to be suitable for high-throughput screening. Machine-learning implementations of Eliashberg
theory Xie et al. [2019, 2022a] and of electron–phonon coupling Gibson et al. [2025a,b] are potential
routes to accelerate the prediction of superconducting properties and screening efforts, enabling
high-throughput screening.

Generative AI methods have the capability to directly propose crystal structures biased toward
superconductivity by conditioning on target properties, potentially increasing the success rate relative
to screening-only workflows. Generative-AI efforts at superconductor discovery include Wines
et al. Wines et al. [2023], who combined a crystal diffusion variational autoencoder (CDVAE Xie et al.
[2022b]) with ALIGNN Choudhary and DeCost [2021] as the property predictor. That study was a
valuable proof of concept, but ALIGNN was trained on a small dataset (1,058 structures), limiting
generalization, and the generated structures were reported in the low-symmetry space group P 1̄, which
may bias diversity and physical realizability. Dordevic et al. Yuan and Dordevic [2024] introduced
SuperDiff, a diffusion-based model that uses ILVR Choi et al. [2021] to condition on reference
compounds; while fast and the first to generate new superconductor families via conditioning, it
operates at the composition level without explicit crystal structures, limiting its ability to capture
atomic arrangements. Other notable advances in AI-driven materials-discovery include Pogue et al.
Pogue et al. [2023], Wilfong et al. Wilfong et al. [2025], Hutcheon et al. Hutcheon et al. [2020],
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Figure 1: Workflow combining (a) guided diffusion and (b) multi-stage filtering to predict candidate
superconductors. (a) Overview of the guided diffusion pipeline for superconductor discovery, starting
from the Alexandria database of 2,086,767 crystal structures used here to train a DiffCSP-based
foundation model capable of generating plausible crystals. An adapter module is implemented in
the DiffCSP denoiser to fine-tune the foundation model using a dataset of 7,183 superconductors
Cerqueira et al. [2023], Gibson et al. [2025b]. Using classifier free guidance, we use this AI
framework to generate 200,000 crystal structures. (b) Overview of the multi-stage filtering process
of the generated structures. We first pass the generated structures through initial ML relaxation and
deduplication, followed by search for metallic, thermodynamically stable, ML predicted Tc > 5 K
structures and Ehull < 200 meV/atom. We perform dynamic stability verification on the remaining
candidates, and calculated the stable structures’ Tc with BEE-NET Gibson et al. [2025b] using the
PhDOS as embedding, selecting the Tc > 5 K. The electron-phonon spectral function of the final
candidates is calculated using DFT, which is then used to obtain the final (DFT) Tc of the candidate
structures.

Chen et al. Chen et al. [2021], and Griesemer et al. Griesemer et al. [2025], with additional context
reviewed in Ref. Madika et al. [2025].

The field still lacks a scalable generative framework for superconductors that solves the inverse design
problem under data scarcity conditions. Here, we build on recent advances in generative AI and
present an enhanced DiffCSP framework that uses guided diffusion to generate crystal structures
conditioned on target Tc values. To address the limited size of labeled superconductivity datasets,
we decouple structural priors from property conditioning: we first pretrain DiffCSP on more than
two million crystal structures from the Alexandria Database Schmidt et al. [2023a, 2022a], teaching
the model to generate plausible crystals independent of any target property; we then fine-tune our
model for Tc conditioning on a smaller, high-quality set of 7,217 conventional superconductors with
calculated Tc Cerqueira et al. [2023] (Fig. 1a). This two-stage strategy leverages a massive corpus
to learn structural validity while requiring only a specialized dataset to capture superconductivity-
relevant correlations, thereby steering generation toward candidates that are both plausible and likely
to be superconducting.
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We apply this end-to-end workflow at scale by generating 200,000 candidate crystal structures (Fig. 1a)
and filtering them through a multistage screening process that combines machine-learning models
Chen et al. [2019], Chen and Ong [2022], Gibson et al. [2025b] with DFT Giannozzi et al. [2020].
The pipeline enforces metallicity (bandgap Eg = 0), formation energy Ef < 0, thermodynamic
stability (Ehull < 200 meV/atom computed via ML and DFT, where Ehull is the energy above the
hull), and dynamical stability (phonons), and prioritizes superconducting propensity. This process
yields 773 novel candidates with DFT-calculated Tc > 5 K and Ehull < 200 meV/atom (Fig. 1b).

2 Methods

Our methodology for discovering novel superconductors integrates two primary components: (1)
a generative AI framework to propose novel crystal structures conditioned on superconducting
properties; (2) a high-throughput computational screening workflow driven by machine learning
models and ab initio calculations to assess the stability and promise of the generated candidates. The
components of our discovery pipeline, illustrated in Figure 1, is designed to first generate a vast
number of candidate structures and then systematically filter them to identify the most promising ones.
The generative AI stage itself involves three core steps: training a foundation model, fine-tuning it for
superconductivity, and guiding the generation process with classifier-free diffusion to create an initial
ensemble of 200,000 structures (Fig. 1(a)). These candidates are then subjected to a rigorous, multi-
stage filtering workflow (Fig. 1(b)) that uses a combination of machine learning interatomic potentials
(MLIPs), the BEE-NET property predictor, and density functional theory (DFT) calculations to assess
stability and predict Tc. The following subsections detail each step of this computational process.

2.1 Data

We used two main datasets in this study: the Alexandria Materials Database, and a labeled dataset
of superconductors Cerqueira et al. [2024] included the superconducting materials predicted in
BEE-NET Gibson et al. [2025b]. The Alexandria Materials Database Schmidt et al. [2024, 2022b,
2023b] contains over 5 million crystal structures. To train our foundation model, we restricted the
data to structures with up to 20 atoms per unit cell, giving us 2,086,767 structures, divided into
subset of 1,857,222 crystal structures for training and another 229,545 for validation. This large,
unlabeled dataset enables the model to learn the manifold of material space. For fine-tuning, we used
the DS-A dataset of Cerqueira et al. Cerqueira et al. [2023], comprising 7,217 dynamically stable
metallic compounds with first-principles electron–phonon results (relaxed structures, density of states
at the Fermi level, logarithmic average phonon frequency, and electron–phonon coupling). We used
the Allen–Dynes formula Allen and Dynes [1975] to estimate Tc of these materials, and retaining
6,326 superconducting materials, reduction due to the numerical instability from the Allen-Dynes
formula. We then augmented this set with 857 additional superconducting candidates from Gibson
et al. [2025b], yielding 7,183 labeled samples for fine-tuning. The fine-tuning data were split into
training/validation/test in an 8:1:1 ratio, and early stopping was used during training. We use only the
Tc values for fine-tuning.

2.2 Foundation Model Training

The first stage in our methodology is the development of a robust foundation model for crystal
structure generation. The primary objective of this foundational training is to create a model adept
at generating a diverse range of structurally and thermodynamically plausible crystalline materials,
capturing the inherent chemical and physical rules governing crystal stability.

Training was performed using the DiffCSP framework, the architecture of which is detailed in
Section 2.3. During this unsupervised phase, the model learns to reverse a diffusion process that
gradually adds noise to the lattice parameters, fractional atomic coordinates, and atom types of known
crystal structures. By learning to effectively denoise these inputs, the model implicitly learns the
complex manifold of crystal structures. This process is guided by the need to respect fundamental
physical symmetries inherent in crystalline materials, such as rotational, translational and periodic
boundary conditions. The resulting foundation model is therefore well-versed in the general principles
of crystal structure formation and stability, without being biased towards any specific target property,
providing a strong starting point for subsequent fine-tuning towards superconductor discovery.
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2.3 DiffCSP Architecture

For crystal structure generation within our work, we employ a diffusion model. This generative
approach involves a forward process where Gaussian noise is progressively added to the key attributes
of a crystal structure - specifically its lattice parameters, the fractional coordinates of its constituent
atoms, and their elemental types. The model is then trained to reverse this noising process, learning
to denoise these attributes at various noise levels to reconstruct the original, physically valid crystal
structure. New crystal structures are subsequently generated by iteratively applying this learned
denoising function, beginning from a state of pure noise.

Generating physically realistic crystal structures critically requires the model’s adherence to funda-
mental crystallographic symmetries. These include O(3) equivariance, which ensures that predictions
are independent of crystal orientation by requiring consistent transformation of vectorial features
(like atomic positions or lattice vectors) under rotation. Additionally, proper handling of periodic
boundary conditions (PBC) is essential for accurately representing fractional atomic coordinates and
ensuring the continuity of structural properties across unit cell boundaries.

To implement a diffusion process that rigorously incorporates these essential symmetries, we selected
the Crystal Structure Prediction by Joint Equivariant Diffusion (DiffCSP) Jiao et al. [2023] framework
as the backbone denoising architecture. DiffCSP employs an E(n) equivariant graph neural network
(EGNN) Satorras et al. [2021] for the denoising model. This choice ensures O(3)-equivariance for
handling lattice and coordinate symmetries and effectively manages periodic translational invariance
for fractional atomic coordinates.

The input features consist of atomic embeddings and sinusoidal positional encoding that represent
atom types and their positions within the crystal lattice. These features are processed through multiple
message-passing layers, which incorporate both spatial and periodic symmetries. A Fourier transform
is applied to the relative fractional coordinates, improving the model’s ability to capture periodic
behavior. The denoising model outputs two components: one for lattice noise and one for fractional
coordinate noise. These outputs are designed to respect both O(3)-equivariance and translational
invariance. Together, these architectural properties enable the model to robustly denoise inputs Ho
et al. [2020], Song et al. [2021] in a way that preserves the physical symmetries of crystal structures.

In addition to lattice and coordinate modeling, atom types are also handled through learned embed-
dings/denoising, though detailed discussion of atom-type noise is omitted here for brevity. We kept
the model hyperparameters consistent with those used in the original DiffCSP framework.

2.4 Fine-tuning for Conditional Generation

The second stage of training involves fine-tuning the foundation model towards generation of super-
conducting materials. We use an adapter module Zeni et al. [2024] into the equivariant graph network
(CSPNet) used in DiffCSP; similar ideas have already been implemented in computer vision for
text-to-image generation Rombach et al. [2021], Zhang et al. [2023], Mou et al. [2023]. This module
allows us to condition generation on the target property, in this case, scalar Tc values. The adapter
module is applied after each message-passing layer, at layer L, node embeddings are updated as

H
′(L)
j = H

(L)
j + f

(L)
mixin(f

(L)
adapter(g)) · I(property is not null)

where H
(L)
j denotes the embedding of node j at layer L, and g is a sinusoidal embedding Vaswani

et al. [2017] of the scalar target Tc. The adapter f
(L)
adapter consists of a small stack of four fully

connected layers. Its output is passed through a mixin layer Harrison and Ossher [2001] f (L)
mixin that

gates the adapter signal, stabilizing training by gradually increasing the adapter’s influence. The
mixin layer initially scales the adapter output to zero and increases it progressively during fine-tuning.
This mechanism prevents abrupt disruptions to the foundation model’s learned features.

We retain the original DiffCSP denoising objective, so the pretrained structural prior is preserved
while the adapters inject Tc information. This yields a property-conditioned generator without
degrading the foundation model’s learned notions of structural plausibility.

5



2.5 Classifier-free Guided Generation

To generate candidate superconducting materials, we implemented classifier-free diffusion Ho and
Salimans [2021] guidance. This method enables conditional generation by interpolating between the
unconditional foundation model and the fine-tuned, property-aware model. Specifically, we combine
the denoising predictions from both models as follows:

ϵ̃θ(zλ, c) = (1 + w)ϵθ(zλ, c)− wϵθ(zλ)

Here, ϵθ(zλ, c) is the denoising output of the conditional model guided by the target property c, and
ϵθ(zλ) is the output of the unconditional model. The guidance weight w controls the strength of the
conditioning — higher values bias the generation more strongly toward the target property. We found
w = 2 to be a stable and effective choice in practice.

Using this guided generation strategy, we sampled 200,000 crystal structures by conditioning on
different Tc values. These generated candidates were then passed through our structure analysis
workflow to identify stable, high-Tc superconductors.

2.6 Structural Analysis Workflow

We follow a rigorous multi-step workflow to identify stable, high-Tc superconducting candidates
from the set of generated structures. This pipeline ensures that final materials are metallic, thermo-
dynamically and dynamically stable, and synthesizable. Before these generated structures enter the
detailed screening pipeline, an initial filtering step is performed to ensure a focus on novel candidates.
This involves removing any generated structures that are identical to those present in our fine-tuning
dataset. Additionally, duplicate structures within the generated set itself are identified and reduced to
unique instances. This pre-screening ensures that the subsequent computationally intensive analyses
are concentrated on genuinely new potential superconductors.

First, we relax all remaining unique, novel generated structures using the M3GNet machine learning
interatomic potential (MLIP) Chen and Ong [2022]. After relaxation, we use MEGNet Chen et al.
[2019] to compute the bandgap (Eg) and formation energy (Ef ). We retain only metallic structures
(Eg = 0) with negative Ef . Next, we estimate the superconducting critical temperature (Tc) of these
filtered structures using BEE-Net Gibson et al. [2025b]. We only keep materials with predicted
Tc > 5 K for further analysis. To assess thermodynamic stability, we calculate the energy above
the convex hull (Ehull) using M3GNet and compare against the Materials Project database Jain
et al. [2013]. Structures with Ehull > 200 meV/atom are discarded. We further refine the surviving
structures by recalculating Ehull using DFT-relaxed geometries and reapply the Tc > 5 K filter using
BEE-Net.

At this point, we incorporate phonon calculations to improve both dynamic stability assessment
and Tc accuracy. For each structure, we compute the phonon density of states (PhDOS) and use
BEE-Net with coarse phonon density (CPD) embeddings to predict a more refined Tc. Structures with
imaginary phonon modes are eliminated. In the final stage, we perform electron-phonon coupling
calculations using Quantum ESPRESSO to obtain the electron-phonon spectral function α2F (ω) and
compute the final DFT-based Tc values using the Allen-Dynes equation Allen and Dynes [1975].

3 Results

We first validate our computational approach by demonstrating that guidance allows for the generation
of materials with desired superconducting critical temperatures. We then characterize the full set of
generated structures with theoretical predictions and find novel superconducting candidates.

3.1 Validation of the Guided Diffusion model

We validated the performance of the guided diffusion model by assessing its ability to generate
structures conditioned on a target Tc. The guidance mechanism, based on classifier-free guidance
Ho and Salimans [2021], is designed to balance this drive toward a specific Tc with the principles of
structural viability by the foundation model (Sec. Foundation model and Sec. Fine Tuning). This
balance is tuned by a guidance weight w (detailed in Sec. Classifier-free Guidance). To validate our
guided diffusion model we analyze the distributions of Tc values for sets of 1,000 generated structures,
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Figure 2: Effect of classifier-free guidance on Tc distribution of 1,000 generated structures per
setting, with Tc predicted by BEE-NET with the crystal structure only (CSO) input. (a) Generated
structures with guidance disabled (w = −1) closely follow the fine-tuning dataset distribution. (b)
With guidance enabled (w = 2) and target Tc = 10 K, the distribution shifts toward the desired value,
demonstrating the model’s controllability. (c) With w = 2 and target Tc = 110 K - well outside the
training distribution - the sampled distribution remains concentrated at low Tc, indicating adherence
to the learned plausible structural prior rather than oversteering to satisfy the property target.

estimating Tc using crystal structure only (CSO) input to BEE-NET Gibson et al. [2025b] We did not
perform any structural stability test on the generated candidates for this step. This approach provides
near-immediate feedback without the computational cost of ab initio calculations, which are reserved
for the more comprehensive analysis workflow described in Sec. Structural Analysis Workflow. As
to the efficacy of DiffCSP to generate stable and novel structures, we refer the reader to Ref. Jiao
et al. [2023].

Our analysis illustrated in Fig. 2 first confirms that with guidance disabled (w = −1), the Tc

distribution of the generated samples closely follows that of the fine-tuning dataset, establishing a
baseline (Fig. 2a). In contrast, enabling classifier-free guidance (e.g., w = 2) to target a specific Tc of
10 K results in a clear and effective shift of the distribution towards the desired value, demonstrating
property-driven control (Fig. 2b). We further probed the model behavior with an out-of-distribution
target of Tc = 110 K, a regime absent from the fine-tuning data. Even with strong guidance, the
model consistently failed to produce high-Tc structures. Instead, as shown in Fig. 2c (w = 2), the
model preferentially generates low-Tc structures. This behavior demonstrates that while guidance
is effective for targeted design within the training domain, the foundation model acts as a crucial
prior for stability, constraining the generation to physically plausible structures for extreme property
extrapolation.

3.2 Prediction of Superconducting Candidates

We applied the full generative–screening pipeline to 200,000 initial structures. After fast MEGNet
Chen et al. [2019] relaxation and deduplication, 34,027 unique and novel generated structures
remained. These were subjected to the multistage structural-analysis workflow (detailed in subsection
Structural Analysis Workflow).

Of the 34,027 identified structures, 20,994 were classified as metals with negative formation energy
(Ef < 0). From this set, 10,877 were predicted to have Tc > 5 K by BEE-Net using crystal structure
only (CSO) inputs. Thermodynamic pre-screening with M3GNet retained 9,167 with energy above
the convex hull Ehull < 200 meV/atom. After DFT relaxation, 8,014 structures converged; 6,173
of these satisfied a DFT-calculated Ehull < 200 meV/atom Sun et al. [2016]. Phonon calculations
identified 1,818 as dynamically stable. Incorporating coarse phonon-density (CPD) embeddings
into BEE-Net yielded 1,365 with predicted Tc > 5 K, from which 773 unique candidates exhibit
DFT-calculated Tc > 5 K. The relationship between predicted Tc and Ehull for these candidates
is shown in Figure 3, spanning Tc values up to ∼35 K and highlighting materials that combine
promising superconducting properties with thermodynamic stability conducive to synthesis.

A compositional analysis of these 773 candidates revealed a strong trend towards multi-component
compounds with 133 binaries (17%), 455 ternaries (59%), 178 quaternaries (23%), and 7 pentanaries
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Figure 3: Distribution of the 773 predicted superconducting candidates. The main panel shows energy
above the convex hull (Ehull) versus DFT-calculated Tc; marker color/shape denotes compound type
as indicated in inset legend. Marginal histograms along the top (for Tc) and right (for Ehull) display
stacked counts by compound type, using 30 equal-width bins aligned to the main panel axis limits.

(1%). We attribute this trend to the combined effect of our model’s generative capabilities and
the current state of superconductor research. The landscape of binary superconductors has been
extensively investigated. In essence, for the workflow to identify new and viable superconductors, it
is more probable that these will emerge from these more complex systems where a greater potential
for undiscovered materials exists, rather than from the more saturated binary space.

Our generative AI approach proved to be highly effective, as out of 34,027 unique structures 773 are
predicted to be superconductors with Tc > 5K. For comparison, an element-substitution baseline
approach using the same BEE-Net/DFT workflow identified 204 superconductors from 1.22 million
unique candidates (0.017%), whereas the here-proposed generative pipeline yields 773 of 34,027
(2.3%), a ∼135× improvement in hit rate Gibson et al. [2025b]. Within generative approaches, Wines
et al. generated 3,000 candidates and obtained 25 materials with DFT-calculated Tc > 5 K (0.83%)
Wines et al. [2023]; the present pipeline achieves a higher per-structure hit rate (2.3% vs. 0.83%,
∼2.8×) and a larger absolute yield (773 vs. 25, ∼31×).

4 Discussion

In this work, we developed and deployed an end-to-end workflow that combines a guided diffusion
generative model with high-throughput computational screening to accelerate the inverse design of
novel superconductors. As quantified in the Results, our pipeline achieves a 2.3% per-structure hit
rate (773/34,027), improving on an element-substitution baseline (0.017%, 204/1.22 million Gibson
et al. [2025b]) by ∼135×; relative to a recent generative search (25/3,000 Wines et al. [2023]), it also
delivers a ∼31× larger absolute yield (773 vs. 25).

The distribution of stability, i.e. Ehull, as shown in Fig.3, can likely be attributed to the pre-training
and fine-tuning datasets, both consist mostly of theoretical materials that are not all on the convex
hull. It is likely that training on experimentally synthesized materials, and/or only materials with
Ehull near zero, would guide the model to generate candidates that are, on average, closer to the hull.

As noted in the Results section, the final candidate set skews toward ternary compositions, reflecting
the extensive prior exploration of binaries. Many of these ternaries involve relatively costly elements,
suggesting historical under-sampling of such chemistries in experiments. Future iterations should
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encode cost and handling constraints (e.g., excluding toxic or radioactive elements) as generative
priors and screening filters, steering discovery toward candidates that are both scientifically promising
and experimentally tractable. At the same time, pushing into underexplored chemistries raises a
distinct caveat we discuss below: data sparsity can make phases appear stable relative to an incomplete
convex hull.

A critical limitation arises in underexplored chemistries. The model’s prediction of stable phases in
these regions could be an artifact of data scarcity, not an indication of true physical plausibility. For a
predicted structure to be deemed stable, its energy must be low relative to a convex hull constructed
from known, competing phases. In chemical spaces where data is sparse – for instance, among
ternary systems whose constituent elements do not readily form any known binary compounds – the
reference convex hull is likely incomplete. Consequently, a generated structure may appear to have
a low energy above the hull (Ehull) simply because there are no known, more stable structures to
compete with it in the database. Our generative model, therefore, may be expertly identifying gaps
in existing materials data rather than discovering genuinely synthesizable, stable phases. Indeed,
close to two thirds of the binary phase diagrams that are relevant to the materials predicted by the
model contain no known ordered binary compounds, often because the elements form complete solid
solutions.

The factors above highlight a fundamental challenge for AI-driven materials discovery: distinguishing
true, synthesizable novelty from artifacts of an incomplete reference dataset. Therefore, while
our work validates the immense potential of generative AI to accelerate materials discovery, it
also underscores the critical need for future developments to focus on improving predictions of
synthesizability and integrating experimental feedback into a true active learning loop to bridge the
gap between computational prediction and laboratory realization.

5 Conclusion

We have demonstrated that guided diffusion models can significantly accelerate the discovery of
novel superconductor candidates, achieving a 135× improvement in hit rate over element-substitution
approaches. However, critical challenges remain in synthesizability assessment, particularly in
underexplored chemical spaces where data sparsity can create artifacts in stability predictions.

Future directions could involve improvements to the generative model itself. Replacing fixed property
embeddings with learnable ones and evaluating alternative guidance schemes Karras et al. [2024],
Tang et al. [2025] may improve generalization and coverage relative to classifier-free guidance. To
better reflect the discrete nature of the composition, guided discrete diffusion for element identities
Nisonoff et al. [2025] may be preferable over denoising in a continuous latent space. It is also
natural to integrate our guidance framework with alternative generative backbones—including Flow
Matching Miller et al. [2024] and stochastic interpolants Höllmer et al. [2025]—to assess their
efficacy in discovering novel, synthesizable superconductors.

Bridging prediction and synthesizability points to several clear next steps. To address sparse ref-
erence data in undercharted chemical spaces, on-the-fly DFT refinement of local convex hulls
around promising candidates could be employed. An experiment-in-the-loop active-learning work-
flow—incorporating non-formations as hard negatives, retraining the model iteratively, and expanding
training data with experimentally verified compounds—could sharpen decision boundaries. Multi-
objective optimization that balances high Tc with synthesizability and practical constraints (cost,
handling, toxicity) could further focus searches. Finally, disorder-aware screening that compares pre-
dicted ordered compounds against competing solid solutions could improve experimental realizability
and hit rates.
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