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ABSTRACT

Inverse design of superconducting materials requires generative models that can
optimize functional properties without collapsing to narrow regions of known
chemistry. We study this problem using diffusion-based generative models fine-
tuned via reinforcement learning (RL) with surrogate feedback, where a graph
neural network predictor of superconducting critical temperature provides the re-
ward signal. Compared with classifier-free guidance (CFG), RL increases the
average surrogate-predicted critical temperature from 10 K to 17 K. To address
diversity collapse during feedback-based optimization, we further merge indepen-
dently fine-tuned models, which increases the fraction of unique chemical systems
by over 7% relative to single-model fine-tuning. We quantify exploration using a
calibrated out-of-distribution metric, OOD @, and find that the merged RL model
generates >92% of samples beyond the 95th percentile of the calibration distribu-
tion (OOD@0.05) vs. 21% for CFG-based baselines. This increased exploration
does not degrade structural validity, with S.U.N. (stable, unique, and novel) rates
improving from 0.19 under CFG to 0.57 under RL. Overall, RL combined with
model merging provides a practical, high-potential framework for discovering new
series of genuinely out-of-distribution superconductors, and other critical materi-
als.

1 INTRODUCTION

Novel materials discovery, particularly superconductors, remains a longstanding challenge because
of the vast combinatorial space of crystal structures and compositions, the scarcity of high-quality
labels, and the strong biases present in existing datasets. While recent diffusion-based generative
models have demonstrated the ability to produce physically plausible inorganic crystals (Zeni et al.}
2025)), their use in superconducting materials discovery has largely focused on conditional genera-
tion within the support of known compounds (Prakash et al.;,2025aib)). As a result, these approaches
tend to optimize within established chemical families and struggle to explore genuinely novel re-
gions of the materials space.

Feedback-based learning provides a natural alternative to purely conditional generation. By cou-
pling generative models with surrogate- or simulation-based feedback, reinforcement learning (RL)
enables direct optimization of target properties without requiring labeled training data. Prior work
(Chen et al., 2025) has shown that RL can improve sample efficiency and property optimization in
materials design pipelines. However, its impact on the distributional behavior of generative models,
particularly in terms of exploration beyond known superconducting regimes, remains underexplored.
In the context of superconductors, such exploration is essential: the discovery of new superconduct-

*Corresponding author



Published as a conference paper at Al4Mat ICLR 2026

ing families requires controlled departures from the training distribution while preserving structural
validity and stability.

In this work, we study RL as a mechanism for distributional reshaping in generative models for
superconducting materials. We fine-tune a pretrained diffusion model using RL with a graph neural
network (GNN) surrogate to estimate the superconducting critical temperature (7), and system-
atically compare this approach to classifier-free guidance (CFG) (Ho & Salimans, [2022) baselines
initialized from the same pretrained model and data. To characterize exploration beyond known su-
perconductors, we introduce a calibrated sample-level out-of-distribution (OOD) metric that quanti-
fies novelty relative to a reference dataset, complementing standard global distributional measures.
We further show that independently fine-tuned RL models exhibit complementary exploration be-
havior, and that simple model-merging provides an effective way to recover compositional diversity
without sacrificing property optimization or quality of the generated material structures.

Our results demonstrate that RL-based fine-tuning induces broader yet more controlled exploration
of superconducting materials space than CFG-based approaches, leading to substantial gains in pre-
dicted T, increased discovery of statistically novel candidates, and no degradation in structural va-
lidity. These findings suggest that feedback-based learning, when paired with appropriate evaluation
and aggregation strategies, offers a practical pathway toward discovering truly new superconducting
materials.

Contributions. The main contributions of this work are:

1. We study feedback-based RL as a practical mechanism for steering a pretrained diffusion
generator toward superconducting candidates, using a reward-weighted KL-anchored up-
date, with terminal 7, surrogate feedback evaluated on relaxed, quality-filtered structures.

2. We introduce OOD@q, a calibrated sample-level OOD metric in a learned structure-
embedding space, and use it alongside standard quality and diversity metrics to disentangle
property gains from controlled exploration beyond the fine-tuning distribution.

3. We show that independent RL runs explore complementary regions of structure space, and
that simple task-vector averaging consolidates these trajectories into a single generator that
broadens exploration signals (OOD @ «) while preserving sample quality and optimization
behavior.

2 BACKGROUND AND RELATED WORK

Superconductor discovery with machine learning. Early machine learning (ML) efforts in su-
perconductivity focused on predicting 7, from composition-derived descriptors, highlighting both
the value of large curated resources (e.g., SuperCon (Materials Database Group, 2022)) and the
need for family-aware models to capture heterogeneous mechanisms (Stanev et al., 2018} Jiang
& Xul 2023). Later work explored deeper predictors aimed at extrapolative discovery, including
“reading periodic table” style representations (Konno et al.,[2021) and hybrid learners such as con-
volutional gradient boosting decision trees (Dan et al., 2020). Newer screening pipelines incorporate
structural information and physically motivated inductive biases via graph models (Gu et al.| [2023).
More recently, guided diffusion with CFG has been used to propose and filter large candidate sets
(Prakash et al.| [2025ajb), while integrated “Al-accelerated” stacks combine surrogate modeling,
high-throughput computation, and experimental verification (Gibson et al.,2026).

Generative models for crystal structure generation. Generative modeling of periodic crystals
has progressed rapidly, with diffusion and transformer architectures now able to generate realis-
tic, stable inorganic structures and guide generation toward desired properties through fine-tuning
(Zeni et al., 20255 Joshi et al., 2025). Recent work emphasizes explicit treatment of crystallographic
symmetry and periodic geometry. Equivariant diffusion models that jointly generate lattice param-
eters and fractional coordinates, as well as space-group—constrained generation, reduce geometric
artifacts (Jiao et al., [2024ajb). Complementary approaches incorporate symmetry-aware inductive
biases through space-group—informed and Wyckoft-based discrete representations (Cao et al., |2024;
Kazeev et al.,|2025). Symmetry-preserving diffusion jointly generates asymmetric units and sym-
metry operations, producing crystals with realistic symmetries (Levy et al.l|2025). Beyond structure-
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native models, language-model paradigms are emerging as flexible interfaces for materials knowl-
edge and targeted design (Mishra et al., [2025; | Xu et al., [2025)).

Feedback-based learning in materials design. Materials discovery is inherently feedback-
driven: candidate proposals are iteratively evaluated and the proposer is updated to improve sam-
ple efficiency under expensive, noisy objectives. Representative closed-loop frameworks combine
learned surrogates with explicit exploration mechanisms, including active-learning-driven experi-
mental discovery in high-entropy alloys (Rao et al., [2022)) and deep active optimization methods for
complex systems (Wei et al.,|2025). RL provides an alternative route when the “policy” is a genera-
tive model and rewards are obtained from surrogates or screening pipelines; recent materials-focused
examples include RL for inverse inorganic design with synthesizability constraints (Karpovich et al.}
2024)), diffusion-model RL fine-tuning for inverse design (Chen et al.,|2025)), and reinforcement fine-
tuning of crystal generative transformers (Cao & Wangl [2025). A practical concern in reinforcement
fine-tuning is diversity collapse, motivating explicit regularization and diversity-aware selection in
closed-loop updates (Santi et al., [2025} |Liu et al., [2026)).

3 FRAMEWORK FOR SUPERCONDUCTOR DISCOVERY

3.1 PROBLEM FORMULATION AND DESIGN OBJECTIVE

We formulate the inverse design of superconducting materials as a feedback-driven generative mod-
eling problem over periodic crystal structures. Let X’ denote the space of candidate crystals (defined
by atomic species, lattice parameters, and fractional coordinates). A material M € X is one such
crystal. Our objective is to learn a generative distribution py(M) that proposes novel, physically
plausible superconductors with high critical temperature 7.

Each generated structure is scored by a surrogate predictor TC(M) trained on first-principles
electron—phonon 7, calculations to approximate the superconducting critical temperature. This pre-

dicted 7. provides the sole scalar reward signal. Rather than conditioning on a fixed target 7, at

sampling time, we use T. as feedback in the RL loop to steer updates of the generator itself, thereby
reshaping the model distribution toward higher-7, candidates.

Formally, we aim to solve

max Eptepy {TC(M)} , (1)

subject to feasibility and novelty constraints reflecting superconductivity physics and synthesis con-
siderations.

Physical and chemical constraints. Optimization is restricted to a feasible subset Xp,pys C X
defined by the following requirements. (i) Structural validity: M must correspond to a well-formed
periodic crystal with valid atomic geometry and stoichiometry. (ii) Thermodynamic plausibility:
structures should lie within a bounded energy window above the convex hull, consistent with com-
monly used metastability tolerances in computational screening. (iii) Electronic feasibility: candi-
date materials must be metallic, as insulating phases cannot host conventional superconductivity.
(iv) Chemical plausibility: generated compositions must respect realistic valence chemistry and ex-
clude physically implausible element combinations.

Explicit novelty and OOD design. Discovering new superconductors requires exploration be-
yond the structural and compositional regimes represented in existing datasets. Let Dy, denote the
set of known superconducting structures used to train the surrogate model. We therefore specifi-
cally target structures whose representations lie outside the high-density region of Dy, in a learned
structure—composition embedding space. In this sense, novelty is defined distributionally rather
than combinatorially: a candidate is considered OOD if it is statistically unlikely under the refer-
ence distribution of known superconductors, rather than merely absent from the training set. This
formulation treats OOD generation as an intended and quantifiable outcome of feedback-based op-
timization, rather than an incidental artifact of stochastic sampling.



Published as a conference paper at Al4Mat ICLR 2026

Reinforcement Learning (RL)

) 5

Merged
RL-finetuned

RL-finetuned
MatterGen #1

X
Fine-tune data Surrogate GNN MatterGen Relaxation GNN T prediction MatterGen
training generation + Filtering +Reward |
L ) i Model merging |
Policy gradient ) T
RL-finetuned
RL run/#2 MatterGen #2
RL run #N RL-finetuned

MatterGen #N

Figure 1: Schematic workflow of the RL-based fine-tuning of generative models, followed by model
merging. Fine-tuning data from the superconductivity dataset (Prakash et al.l | 2025a)) are first used
to train a surrogate GNN for critical temperature (7.) prediction. The generative model (MatterGen)
is then fine-tuned via RL: candidate structures are generated, relaxed and filtered, and scored using
a GNN-based T, predictor to provide rewards for feedback. Multiple independent RL runs yield
diverse fine-tuned models, which are subsequently merged to produce a single RL-finetuned Mat-
terGen.

3.2 FEEDBACK-DRIVEN RL FINE-TUNING

We fine-tune a pretrained MatterGen diffusion generator using a feedback-based RL procedure
adapted from Matlnvent (Chen et al., |2025). Specifically, we optimize a reward-weighted policy-
gradient objective with KL anchoring (a penalty that keeps the policy close to the pretrained gen-
erator) and use a terminal reward computed from a superconductivity surrogate on relaxed, filtered
structures (both defined below). As shown in Figure |1} the resulting closed loop relaxes and filters
MatterGen samples, scores survivors with a surrogate GNN predictor 7., and updates the generator
via reward-weighted policy gradients, enabling sparse structure-level feedback to reshape the model
distribution while maintaining a conservative prior over physically and chemically valid crystals.

Reverse diffusion as an episodic policy with terminal reward. Let Mg.r denote a reverse-
diffusion trajectory with 7" denoising steps, where M is drawn from the noise prior and My is
the final generated crystalline material. We treat the conditional transition pg(M;—1 | M;) as a
stochastic policy over intermediate states, and assign reward only to the terminal structure:

2

R o T(Mo), tZT—l,

b 0, otherwise.

This episode-level supervision matches our setting: superconductivity feedback is only meaningful
after the full structure is generated and processed through the physical evaluation pipeline.

Reward from relaxed, S.U.N.-filtered candidates. For each generated sample, we (i) relax the
structure using MatterSim (Yang et all [2024), (ii) apply validity checks and the S.U.N. (stable,
unique, and novel) filter, as defined in Section and (iii) evaluate a pretrained GNN surrogate TC
on the relaxed structure. We convert surrogate predictions into bounded rewards by applying a fixed
linear rescaling, based on a predefined upper-bound on physically plausible critical temperatures,
followed by clipping to the [0, 1] interval. Structures that fail relaxation, validity, or S.U.N. filtering
are discarded and do not contribute to the RL update.

Reward-weighted policy gradient with KL anchoring. With terminal reward, the expected-
reward objective is

jRL(e) = EP@(MO:T)[T(MO)]' (3)
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We define two per-trajectory gradient components:

T

goe(Mox) = Y Vologps(Mi_1 | My), )
t=1
T

ga(Mor) = 3 VoDiw(po(Mi-1 | M) || Ppre(Mu-1 | My)). 5)
t=1

Here py.. is the frozen pretrained MatterGen model. Following|Chen et al.|(2025)), we use a reward-
weighted KL anchor with X slightly larger than the maximum reward. The combined gradient used
for fine-tuning can then be written compactly as

VoL(0) < —r(Mo) gpg(Mor) + B(A = 7(Mo)) gia(Mo.r). (©6)

which preserves the pretrained prior when rewards are low, while allowing higher-reward trajecto-
ries to more readily shift probability mass. Technical details of the RL fine-tuning procedure are
provided in Appendix [A.6]

3.3 CLASSIFIER-FREE GUIDANCE BASELINES

We benchmark RL fine-tuning against CFG baselines following prior guided-diffusion superconduc-
tor work [Prakash et al.| (2025aib)) and MatterGen (Zeni et al., [2025). CFG (Ho & Salimans), 2022)
performs inference-time steering by mixing conditional and unconditional scores during reverse dif-
fusion,

Scfg(Me; ¢) = v so(My; ¢) + (1 — ) so(My; @), (7

where c is the target property value (here T.), @ denotes a null condition, and  controls guidance
strength. For CFG-MatterGen, we follow MatterGen’s property-guided setup and use their released
checkpoint where the conditional score network is obtained by fine-tuning the full pretrained score
model with property conditioning. Technical details of the CFG fine-tuning procedure are provided

in Appendix[A.5]
3.4 TASK-VECTOR MODEL MERGING TO AGGREGATE RL EXPLORATION TRAJECTORIES

RL fine-tuning from the same pretrained generator can yield complementary solutions across ran-
dom seeds, reflecting different exploration trajectories under identical surrogate feedback. As shown
in Figure|l| merging is a post-hoc aggregation step applied after completing n independent closed-
loop RL runs from the same 6y,50; €ach run produces a fine-tuned checkpoint 6;, and task-vector
averaging yields a single merged generator fynerged Used for downstream sampling and evaluation.
To consolidate these trajectories into one model without ensembling, we merge independently fine-
tuned checkpoints in task-vector space, following the task-arithmetic view of fine-tuning as a param-
eter delta from a shared base (Ilharco et al.,[2023)) and recent diffusion model merging formulations
(Biggs et all [2024; Ma et al.,[2025). Additional details of formulation is provided in Appendix [A.7]

4 METRICS FOR SUPERCONDUCTOR DISCOVERY

We evaluate each generative model using a set of complementary metrics designed to assess prop-
erty improvement, physical feasibility, and controlled exploration beyond known superconductors.
Rather than relying on a single objective, these metrics jointly characterize a model’s ability to
generate candidates that are both scientifically viable and diverse in structure and composition.

Critical temperature improvement. We evaluate property optimization using the mean
surrogate-predicted critical temperature over generated samples. We intentionally avoid tail-based
metrics (e.g., top-percentile T..) for two reasons. First, the surrogate model is trained on known su-
perconductors with relatively low critical temperatures (7.<30 K), making extreme extrapolations
in the high-T, regime unreliable and prone to reward exploitation during RL. Second, our objec-
tive is not to identify a small number of extreme candidates, but to generate a broad and diverse
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Figure 2: (a) Distributions of GNN-predicted critical temperatures (I;.) for structures generated by
CFG-DiffCSP (Prakash et al., 2025a)), CFG-MatterGen, and the merged RL-MatterGen-merged-8
model. (b) Distributions of calibration-based OOD conformal p-values, where lower values indicate
that they are statistically less likely to originate from the fine-tuning data distribution.

set of structurally and compositionally distinct materials with consistently improved superconduct-
ing potential. Therefore, mean 7. serves as a conservative, population-level indicator of systematic
property improvement, while diversity and novelty are assessed separately through complementary
metrics.

Structural and physical validity (S.U.N.). S.U.N. (Zeni et al.}[2025) measures the fraction of gen-
erated structures that are simultaneously stable, unique, and novel, and acts as a discovery-oriented
sample-quality metric defined in terms of downstream density-functional theory (DFT) calculations
and feasibility. Rather than assessing generic generative realism, S.U.N. reflects a minimum viability
bar for candidate materials: structures that are unstable, redundant, or already known are unlikely to
survive subsequent first-principles screening regardless of predicted superconducting performance.
More detailed definitions and criteria can be found in Appendix

00D @q: sample-level departure from known superconductors. We quantify sample-level de-
parture from known superconductors using OOD@q, a new calibrated OOD metric introduced in
this work, defined in a learned structure-embedding space. Each structure is embedded using UPET-
OAM-L graph representations (Mazitov et al., 2025)), concatenated across layers. As the reference
distribution we use the superconductivity structure dataset (Prakash et al.,2025a)), which is split into
fit and calibration subsets (80/20). Embeddings from the fit subset are used to fit a preprocessing
pipeline consisting of standardization, PCA reduction to 128 dimensions, and whitening. The re-
sulting transformation is then held fixed and applied to both the calibration set and all generated
samples. For a given sample j, we define an outlier score s; as the Euclidean distance to its k-
th nearest neighbor (k=20) in the fit set. Applying the same transformation and nearest-neighbor
model to the calibration set yields outlier scores s°*!, which we use to compute an empirical OOD
p-value:

o 1+’{i: sfal zsj}‘
Pi= 1+ncal

; ®)

where | - | denotes number of elements in the set. We then report the OOD rate at level « over m
generated samples as
m

1
OOD@Qa = - Z 1{p; < a}. )

j=1

OOD @« measures the fraction of generated samples whose structural representations are statisti-
cally unlikely under known superconductors at level a. Smaller values of « correspond to stricter
OOD criteria; in particular, OOD@0.05 captures samples lying beyond the 95% tail of the cali-
brated reference distribution. As an intentionally simple, non-parametric detector, OOD @ is used
to characterize the quality of exploration at the sample level and is interpreted jointly with S.U.N. to
ensure that increased departure from known structures is accompanied by physical plausibility.
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Figure 3: (a) UMAP projection of structure embeddings. CFG-DiffCSP (Prakash et al., 2025a))
and CFG-MatterGen samples remain near the fine-tuning manifold, while the merged model (RL-
MatterGen-merged-8) explores additional regions, consistent with higher OOD @0.05 and chemical-
system diversity. (b—e) Quantitative comparison of CFG-DiffCSP, CFG-MatterGen, RL-MatterGen,
and RL-MatterGen-merged-8 in terms of (b) GNN-predicted critical temperature (7;.), (c) structure
generation quality (S.U.N. rate), (d) OOD rate at «=0.05, and (e) unique chemical system rate. The
merged RL model achieves improved performance while maintaining broad distributional coverage.

Distribution shift (FID). We use Fréchet Inception Distance (FID) as a model-level proxy for
exploration, quantifying the global distributional shift between generated structures and known su-
perconductors. FID is computed in a chemically and structurally informed, task-agnostic embedding
space using UPET (Mazitov et al., 2025)) representations, which are standardized, reduced to 128
dimensions via PCA, and whitened. We then measure the Fréchet distance between Gaussian fits
(mean and covariance) of the generated and reference superconductivity datasets. Higher FID in-
dicates a larger global departure from known superconductor families, while lower FID reflects
closer alignment with the training distribution. In this work, FID is a post hoc diagnostic used to
characterize emergent exploration behavior. Because FID does not distinguish between meaningful
exploration and unphysical extrapolation, we interpret it jointly with S.U.N. and OOD @« to identify
distributional shifts that correspond to viable expansion of the design space.

Unique system rate. We measure compositional diversity using the unique system rate, defined

as %, where m is the number of generated structures and S is the set of distinct chemical systems,
defined by unordered element combinations (e.g., Fe—-Ni). This metric serves as a coarse diver-
sity check, capturing whether a model generates candidates across different elemental combinations
rather than repeatedly sampling variants within a small number of known systems. In superconduc-
tor discovery, where identifying new chemical families is often more impactful than rediscovering
variants within established ones, a higher unique system rate indicates broader compositional cov-
erage and is interpreted jointly with S.U.N. to ensure physical plausibility.

Prototype novelty. Unlike OOD@cq, which quantifies statistical departure in a learned embed-
ding space, we assess novelty at the crystallographic level by measuring whether generated crystals
realize previously unseen prototypes, using a database-referenced prototype novelty metric defined
as the fraction absent from the AFLOW prototype encyclopedia (Eckert et al., [2024). Details of the
AFLOW-XtalFinder matching procedure and the resulting prototype novelty criterion are given in

Appendix[A3]
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Table 1: Quantitative comparison of CFG-based and RL-based diffusion models. The first three
columns report the fraction of S.U.N.-filtered samples exceeding surrogate-predicted critical tem-
perature (7.) thresholds, followed by global and sample-level distributional metrics.

MODEL 5K >10K >20K S.UN. FIDmerows OOD@0.01 OOD@0.05 0OD@0.2 ! ROTOTYPE
NOVELTY
CFG-DIFFCSP 0.81 048 002  0.087 91.02 0.007 0.027 0.108 0.861
CFG-MATTERGEN  0.83  0.61  0.04  0.190  173.15 0.100 0.212 0.325 0.862
RL-MATTERGEN __ 0.95  0.92  0.29 0560  351.17 0.182 0.922 0.975 0.989
RL-MERGED-8 0.95 091 021 0575  328.54 0.158 0.928 0.980 0.983
5 RESULTS

5.1 RL vs CFG: ESCAPING KNOWN REGIMES

Figure [2] compares RL-based fine-tuning and model merging with CFG baselines in terms of prop-
erty optimization and distributional exploration. As shown in Figure[2h, the merged RL-MatterGen-
merged-8 model shows a pronounced rightward shift in the distribution of GNN-predicted T, with
an average predicted 7. of approximately 16.8 K, compared to 10.8 K for CFG-MatterGen and
9.9 K for CFG-DiffCSP (see Figure[3p). This shift indicates substantially more frequent generation
of high-T. candidates under RL fine-tuning. TableI]reports the fraction of S.U.N.-filtered samples
whose surrogate-predicted 7, exceeds 5, 10, and 20 K; RL increases the yield of high-T. candidates,
and merging largely preserves these gains.

To assess whether these gains are accompanied by broader exploration beyond the fine-tuning
data, we measure OOD p-values using a calibrated conformal test in structure-embedding space
(Section [). Figure [Zb shows that the merged RL model produces a substantially higher fraction
of samples with OOD p-values below 0.05. These samples are statistically less likely under the
fine-tuning distribution, therefore indicating increased exploration into less represented regions of
structure-embedding space. Overall, when trained on identical fine-tuning data, RL. combined with
model merging simultaneously improves 7. optimization and promotes controlled OOD exploration,
whereas CFG-based methods (particularly, CFG-DiffCSP) remain largely concentrated in high p-
value regions closer to the training distribution.

5.2 DISTRIBUTIONAL SHIFT AND PHYSICAL VALIDITY

Table || reports complementary distribution-level and sample-level measures of distributional shift.
We use FID to quantify global deviation of the generated distribution from the fine-tuning data,
complementing the sample-level OOD @« metric, which measures the fraction of generated struc-
tures lying in the calibrated tail of the reference distribution. We also report prototype novelty, a
database-referenced crystallographic metric that serves as a supporting indicator of structural explo-
ration beyond known prototypes.

RL-based models exhibit substantially higher FID than CFG baselines (e.g., 328.5 for RL-
MatterGen-merged-8 vs. 173.2 for CFG-MatterGen), indicating a coherent shift of the overall
generated distribution rather than isolated outliers. Consistent with this global shift, RL models
also achieve markedly higher OOD rates across multiple thresholds, with the merged model reach-
ing OOD@0.01, OOD@0.05, and OOD@0.2 of 0.158, 0.928, and 0.980, respectively. Prototype
novelty is also higher for RL-based models (0.983 for the merged model), indicating that the RL-
induced distributional shift extends beyond known crystallographic prototypes rather than repeated
sampling within established ones. Importantly, this broader exploration of the generative space is
achieved without degrading structural generation quality: the merged RL model attains a S.U.N.
rate of 0.575, compared to 0.190 for CFG-MatterGen and 0.087 for CFG-DiffCSP, indicating that
increased exploratory coverage does not come at the expense of validity or diversity constraints.

5.3 MODEL MERGING EXPANDS CHEMICAL-SYSTEM COVERAGE

Figure 3] summarizes how model merging affects property optimization, sample quality, and com-
positional coverage. Comparing to CFG baselines, RL fine-tuning shifts the generated set toward
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higher surrogate-predicted 7, (Figure [3p). Merging eight independently fine-tuned RL models pro-
duces a pronounced increase in the unique chemical system rate (Figure[3p), indicating substantially
broader superconducting chemistry coverage. This diversity gain is not accompanied by a collapse
in sample quality: the merged model matches the S.U.N. rate of single RL models (Figure 3¢) and
achieves the highest OOD@0.05 rate (Figure [3d). While merging slightly reduces mean predicted
T. (17.2 K — 16.8 K), the property profile remains comparable, suggesting that merging primarily
trades a small amount of surrogate score for a large expansion in chemical-system breadth.

Merged RL model vs. CFG baselines. Figure 3h visualizes the UMAP projections of structure
embeddings from different data sources (see for technical details of the embedding analysis).
In Figure [3h, CFG samples (black/orange) largely lie in the high-density regions of the fine-tuning
manifold (gray), with most points lying within existing branches and clusters. In contrast, RL-
MatterGen-merged-8 populates a clearly separated, dense cluster in the lower-left of the embedding.
This separation is qualitatively consistent with the merged model’s higher OOD @0.05 and its in-
creased unique chemical system rate, indicating exploration into regions underrepresented in the
fine-tuning set.

Consolidation of complementary RL trajectories. Figure resolves how merging achieves
this broader coverage. The eight RL-fine-tuned models exhibit substantial overlap on the main man-
ifold while emphasizing partially distinct sub-regions (Figure [ATh). The merged model recovers
samples across these sub-regions, including the detached island, yielding a composite distribution
that reflects the union of exploration modes rather than a collapse to any single RL trajectory (Fig-
ure[ATp). In the next section, we highlight representative OOD superconducting candidates revealed
by RL exploration and model merging.

5.4 FIRST-PRINCIPLES VALIDATION OF RL CANDIDATES

To quantify whether RL-driven exploration yields both distributional novelty and physically com-
petitive superconducting response, we validate a set of candidates with DFT, density-functional
perturbation theory (DFPT), and electron-phonon Wannier (EPW) calculations (see Appendix [A.9).

The selected set comprises n=10 candidates that are
simultaneously high-scoring under the surrogate and

strongly OOD in structure-embedding space (11 0.010
candidates were initially selected for EPW validation, (0)
but one candidate was removed due to identification
of a match in the AFLOW database). The mean
surrogate critical temperature is

TENN = 26.70 + 4.34 K, while the mean OOD
p-value is poop = 0.0163 & 0.0072 (smaller values
indicate stronger departure from the reference set).
Despite these low p-values, EPW calculations yield 0.030 -~

mean TPPW = 22.2 + 10.89 K, suggesting that T T (.) T
superconductivity under EPW remains competitive 10 20 30 40
even for strongly OOD structures. EPW-computed T¢ / K
Figure [ summarizes the two signals together: the

validated candidates lie at low poop (strongly OOD) Figure 4: First-principles validation set
while achieving high EPW-computed 7. values. (n=10): EPW-computed critical tempera-
These results demonstrate that RL fine-tuning can ture (7,) vs. OOD p-value in structure-
identify promising superconducting candidates in embedding space (lower indicates stronger
regions that are poorly represented in the fine-tuning 0OD).

data.

0OD p-value

o o o

o o o

N N [

w o (9]

1 1 1
(0]

6 DISCUSSION

This work presents a practical route to broaden and accelerate the search for superconductors beyond
the existing chemical and structural regimes that dominate the literature. By fine-tuning a pretrained
crystal diffusion model via RL, using a surrogate 7. predictor as the reward, we steer generation to-
wards candidates with higher predicted critical temperatures, while maintaining physical feasibility.
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Compared with CFG baselines trained on the same data, RL induces a stronger distributional shift,
yielding substantially more statistically OOD samples.

Beyond superconductors, the methodology we demonstrate in this work constitutes a mechanism for
turning general-purpose pretrained generative models into goal-directed discovery tools in specific
areas of interest, while under realistic data constraints. Many material domains face similar issues
to those seen in superconductor research, including scarcity of accurate, reliable, and unbiased data,
and expensive, time-consuming, experiments and simulations. The framework presented here aims
to provide a means of Al-assisted materials discovery while accounting for these issues; by using
surrogate or quick simulation feedback as the reinforcement-learning signal, the generator can be
steered toward target properties without the expense of full simulations or experiments, enabling
rapid iteration. Simultaneously, the newly proposed OOD @« metric provides a calibrated sample-
level measure of distributional novelty relative to a reference dataset, allowing improved evaluation
of potential new discoveries.
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A APPENDIX

A.1 SENSITIVITY OF OOD@«a TO kNN AND EMBEDDING DIMENSION

OOD @ is implemented with an intentionally simple kNN distance detector in a PCA-reduced em-
bedding space (Sectionfd)), so it is important to check that our findings are not tied to a single choice
of neighborhood size k or retained dimension. We therefore recompute OOD@0.05 while varying
k € {5,10,20} at fixed dim = 128 and varying dim € {64, 256} at fixed k = 20 (Table[AT).

Across all settings, the qualitative picture is unchanged: RL-based models consistently exhibit
substantially higher OOD rates than CFG baselines, and model merging preserves the elevated
0O0OD@0.05 of independently fine-tuned policies. Specifically, RL-MatterGen and RL-merged-8
remain in a tight high range (0.896-0.943), whereas CFG-MatterGen stays moderate (0.190-0.217)
and CFG-DiffCSP remains near zero (0.027-0.050). While smaller k slightly increases OOD@0.05
for RL models (more local outlier sensitivity) and changing the PCA dimension shifts distances
slightly, these effects do not alter the ranking nor the gap between RL and CFG. This stability
supports interpreting OOD@q as a robust indicator of sample-level departure from known super-
conductors, rather than a brittle consequence of a particular £ or embedding dimension choice.

Table Al: Robustness of OOD rate (threshold 0.05) to hyperparameters. The common baseline
(k = 20, dim = 128) is shown explicitly, with sensitivity to ¥ and PCA dimension analyzed
independently.

Baseline Vary k£ (dim = 128) Vary dim (k = 20)
k=20,dim=128 k=5 k=10 dim =64 dim = 256
CFG-DiffCSP 0.027 0.027 0.030 0.030 0.050
CFG-MatterGen 0.212 0.190 0.209 0.202 0.217
RL-MatterGen 0.922 0.942 0.939 0.880 0.906
RL-merged-8 0.928 0.943 0.940 0.899 0.896
(a) RLMatterGen#1 o RLMatterGen#4 « RL-MatterGen#7 (b)
RL-MatterGen#2 o RL-MatterGen#5 o RL-MatterGen#8
RL-MatterGen#3 e RL-MatterGen#6

UMAP-2
UMAP-2

UMAP-1 UMAP-1

Figure A1: UMAP projection of RL-fine-tuned and merged models. UMAP embedding of structures
generated by (a) eight independently RL-fine-tuned MatterGen models, showing overlapping yet
complementary coverage of the generative space, and (b) by the merged model (RL-MatterGen-
merged-8), showing that merging integrates samples from multiple RL runs while preserving overall
distributional coverage.

15



Published as a conference paper at Al4Mat ICLR 2026

A.2 TECHNICAL DETAILS: STRUCTURE EMBEDDING ANALYSIS

For visualization, we use Uniform Manifold Approximation and Projection (UMAP) (Mclnnes et al.}
2020) to further project the processed 128-dimensional embeddings to two dimensions. These em-
beddings are obtained by concatenating the outputs of the three message passing layers of the UPET-
OAM-L model (Mazitov et al., 2025), followed by standardization, PCA reduction to 128 dimen-
sions, and whitening computed on the fit split of the superconductivity structure dataset (Prakash
et al.l 2025a)). We set Neomponents = 2, Mneighbors = 40, and mingie = 0.05. To ensure comparability,
embeddings from different models or datasets are projected jointly using a single UMAP fit (e.g.,
independently trained models and the merged model in Fig.[AT).

A.3 TECHNICAL DETAILS: AFLOW-XTALFINDER MATCHING PROCEDURE

After relaxation and S.U.N. filtering, candidates are analyzed with AFLOW-XtalFinder (Eckert
et al.| [2024) using (i) prototype matching to the AFLOW library and (ii) isopointal matching, which
identifies structures with equivalent symmetry and Wyckoff occupancy independent of species la-
bels. A candidate is considered prototype-novel only if it matches neither a known prototype
nor an isopointal crystallographic prototype, thereby avoiding “cheap novelty” from elemental re-
decoration or near-duplicate reproduction. For m evaluated candidates, we define

1 m
PN = E;zj,

zj = 1[z; ¢ Parrow A z; ¢ Zarrow] -

(10)

where z; is an indicator of prototype novelty for candidate x;, and Parrow and Zarrow are the
sets of structures assigned a prototype match and an isopointal match by AFLOW-XtalFinder (Eckert
et al., [2024)), respectively.

A.4 TECHNICAL DETAILS: T, SURROGATE PREDICTOR

We train a GNN-based surrogate model to predict the raw superconducting critical temperature
T. (K). The model uses a GemNet-d7 encoder (Gasteiger et al., 2024) with four message-passing
layers (r,=10 A, hidden dimension 32 for node/edge features), followed by mean pooling and an

MLP readout to produce a scalar prediction T..

The surrogate is trained on the superconductivity structure dataset of [Prakash et al.| (2025a)
(N=7217) using an 85/15 train/validation split. We optimize mean squared error with Adam (batch
size 64) for 100 epochs at learning rate 5x 10~ and weight decay 5x10~*. The resulting model
achieves a validation MAE of 1.59 K and is used as the property-feedback signal for RL fine-tuning.

A.5 TECHNICAL DETAILS: CFG FINE-TUNING

For CFG-DiffCSP, we directly use the pretrained guided-diffusion checkpoint from [Prakash et al.
(2025a) and generate samples conditioned on 7. = 20 K. In all CFG experiments we fix ¢ = 20 K
and set v = 2 for consistency, and we condition on 7. only (applied to both continuous structure
variables and discrete atom types in the model parameterization).

A.6 TECHNICAL DETAILS: RL FINE-TUNING

We fine-tune MatterGen using the MatInvent (Chen et al.| 2025 RL framework with terminal sur-
rogate feedback. Each RL iteration samples 64 candidate structures from the current policy, which
are relaxed using MatterSim and filtered by structural validity and S.U.N. criteria. If more than 16
samples pass filtering, a random subset of 16 is retained. Rewards are computed using the surrogate
T, predictor with linear rescaling, followed by a composition-based diversity filter. The top 50%
highest-reward samples are selected and augmented with two samples from an experience replay
buffer before performing a reward-weighted policy-gradient update with KL regularization.

The experience replay buffer stores up to 100 samples and is refreshed to remove repeatedly gen-
erated compositions, following the MatInvent (Chen et al., [2025) protocol. Diversity filtering is
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applied at the chemical-system level using a tolerance of Tol = 1 and buffer size Buff = 5, reduc-
ing the reward of samples from overrepresented systems.

All updates use the Adam optimizer with learning rate 1 x 10~°. Gradient accumulation is used with
a batch size of 10 and 50 accumulation steps per update. The KL coefficient is fixed at A = 0.025.
Each RL run is trained for 200 iterations with no early stopping.

A.7 ADDITIONAL DETAILS: MODEL MERGING

Let Opas0 denote the pretrained MatterGen parameters and let 6; be the final checkpoint after RL
fine-tuning run ¢ € {1,...,n} (same setup, different seeds). We define the task vector

Agz = 91 - 9base7 (ll)

and form the merged model by uniformly averaging task vectors and adding the result back to the
base:

1 n
emerged = ebase + E Z; Aeia (12)
1=
with merge scale fixed to A=1 throughout. For floating-point parameters, this update is equivalent to

checkpoint averaging, but the task-vector form makes the base-anchored update explicit and aligns
with prior model-merging formulations for diffusion (Biggs et al., [2024; |Ma et al., 2025)).

A.8 ADDITIONAL DETAILS: S.U.N. METRIC

Stable structures are defined as having MatterSim-relaxed energies within 0.1 eV/atom above the
convex hull of the reference dataset Alex-MP-20, following standard practice and previous Mat-
terGen evaluations (Zeni et al., [2025). Unique requires non-duplication within the generated set,
discouraging collapse toward repetitive candidates. Novel denotes database novelty, i.e., no match
in the reference crystal database, computed using the same ordered—disordered structure matching
protocol as in [Zeni et al.| (2025); this notion of novelty is different from the distributional novelty
quantified by OOD metrics below. Aggregating these criteria enables direct comparison of models in
terms of their ability to generate physically sensible and practically actionable candidate structures.

A.9 DETAILS OF FIRST-PRINCIPLES SUPERCONDUCTIVITY VALIDATION

A.9.1 WORKFLOW AND NUMERICAL SETTINGS

Superconducting properties were computed using a first-principles approach combining density
functional theory (DFT), density functional perturbation theory (DFPT), and the EPW (Elec-
tron—Phonon coupling using Wannier functions) code. This methodology closely follows established
workflows for predictive superconductivity calculations in chemically diverse materials systems,
including high-throughput and machine-learning-guided studies (Poncé et al.l 2016} |[Flores-Livas
et al., [2020).

Ground-state electronic structures were obtained within DFT using the Perdew—Burke—Ernzerhof
(PBE) generalised gradient approximation for the exchange—correlation functional (Perdew et al.,
1996)), as implemented in the Quantum ESPRESSO suite (Giannozzi et al.l 2009; 2017). Norm-
conserving pseudopotentials from the PseudoDojo library were employed to ensure accuracy and
transferability across chemically diverse compositions (van Setten et al., | 2018). Plane-wave basis
sets were used with a kinetic energy cutoff of 100 Ry and a charge density cutoff equal to four times
the wavefunction cutoff. Brillouin zone integrations were performed using Monkhorst—Pack k-point

meshes corresponding to a uniform spacing of approximately 0.04 A_l, which was verified to yield
converged total energies and Fermi surface properties.

Non-self-consistent field (NSCF) calculations were performed on dense k-point meshes consistent
with those used for Wannierisation and electron—phonon interpolation. A sufficient number of unoc-
cupied bands was included to accurately describe electronic states within the energy window relevant
for electron—phonon coupling, following best practices established in prior EPW studies (Heil et al.,
2017).
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Phonon frequencies and electron—phonon matrix elements were computed using DFPT as imple-
mented in the ph.x module of Quantum ESPRESSO (Baroni et al., 2001). Dynamical matrices were
calculated on uniform coarse q-point grids, with convergence thresholds chosen to ensure numerical
stability of phonon dispersions and electron—phonon coupling constants. These calculations pro-
vide the input required for subsequent Wannier-based interpolation of phonon and electron—phonon
quantities.

Maximally localised Wannier functions (MLWFs) were constructed using the Wannier90 code
(Mostofi et al., 2008; |2014) to represent the low-energy electronic structure. The choice of initial
projections and disentanglement windows was guided by the orbital character near the Fermi level,
following established protocols for reliable electron—phonon interpolation [11](Giustino} 2017).

Electron—phonon coupling matrix elements were computed and interpolated from coarse k- and g-
point grids onto ultra-fine meshes using the EPW code(Poncé et al.,|2016; [Flores-Livas et al.| 2020).
This Wannier—Fourier interpolation approach enables accurate Brillouin zone sampling at manage-
able computational cost and has been extensively validated for superconductivity calculations in
both conventional and unconventional materials (Flores-Livas et al.l [2020; [Heil et al., 2017).

A.9.2 SUPERCONDUCTIVITY CALCULATIONS AND T, EXTRACTION

Superconducting properties were evaluated within the Migdal-Eliashberg formalism as imple-
mented in the EPW superconductivity module. The anisotropic, multi-band Eliashberg equations
were solved self-consistently on the imaginary frequency axis (Matsubara frequencies), allowing
for momentum-resolved superconducting gap structures. Analytic continuation to the real frequency
axis was performed using Padé approximants, following standard practice in first-principles super-
conductivity studies (Margine & Giustino, [2013)).

The screened Coulomb interaction was treated within the Morel-Anderson formalism through the
Coulomb pseudopotential p*, which was set to 0.10. This value is commonly adopted for conven-
tional phonon-mediated superconductors and has been shown to yield reliable critical temperature
estimates across a wide range of materials (Morel & Anderson, [1962)). Given the exploratory na-
ture of the present study and the chemically diverse set of candidate materials generated via machine
learning, a uniform p* was used to facilitate consistent comparison between systems. The supercon-
ducting critical temperature T.,,,s determined using two complementary approaches. First, an ap-
proximate estimate was obtained from the McMillan—Allen—Dynes formula (McMillan, 1968} Allen
& Dynes| [1975)), as implemented in EPW, using the calculated electron—phonon coupling constant
A and the logarithmic average phonon frequency wj,q. This approach provides a useful baseline for
assessing trends across materials and is widely used in high-throughput superconductivity screening
studies (Flores-Livas et al., [2020).

Second, a more refined estimate of 7,,,,s obtained from the temperature dependence of the su-
perconducting gap A(T') computed directly from the Eliashberg equations. The gap values were
extracted at multiple temperatures and fitted using a power-law form,

T n
A(T) = Ay (1 - T) (13)

where Ay is the zero-temperature gap, T.;s the critical temperature, and n is a fitting exponent.
Least-squares optimisation was employed, with initial values of T¢;,, formeqa by the Allen—Dynes
estimate. This approach has been shown to improve the reliability of critical temperature determi-
nation in systems exhibiting strong electron—phonon coupling or anisotropic superconducting gaps
(Margine & Giustinol 2013)).

All calculations were performed using the Quantum ESPRESSO suite (pw.x for electronic structure,
ph.x for phonons, and epw.x for electron—phonon and superconductivity calculations), in conjunction
with Wannier90 for Wannierisation. This workflow follows established EPW-based superconduc-
tivity studies and is well suited for validating superconducting properties predicted by machine-
learning-driven materials discovery frameworks (Flores-Livas et al., 2020; [Pickard et al.,|2020).
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A.9.3 CRITERIA FOR VALIDATION SET SELECTION

We report T, using (i) Allen-Dynes—McMillan estimates as a screening baseline and (ii)
(an)isotropic Migdal-Eliashberg calculations. Unless otherwise noted we use a uniform Coulomb
pseudopotential p* = 0.10 and report sensitivity over a small range in p* in the appendix. To
ground the generative results in first-principles evidence, we perform DFT, density-functional per-
turbation theory (DFPT), and electron-phonon Wannier (EPW) calculations on a small set of high-
scoring structures sampled from the RL-MatterGen models. Candidate materials were prioritized
by surrogate-predicted T,.: we rank the full set of generative outputs in descending order of 7}, and
select from the top of this list. To keep the EPW workflow tractable, we further restrict to structures
with < 12 atoms in the primitive cell, since the cost of plane-wave DFT, phonons, and electron—
phonon coupling increases rapidly with system size. This case study therefore provides concrete
exemplars of what the model discovers, while testing whether its highest-surrogate-predicted T
proposals remain competitive under explicit electron—phonon calculations.
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