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ABSTRACT

Continuous-time generative models for crystalline materials enable inverse ma-
terials design by learning to predict stable crystal structures, but incorporating
explicit target properties into the generative process remains challenging. Policy-
gradient reinforcement learning (RL) provides a principled mechanism for align-
ing generative models with downstream objectives but typically requires access
to the score, which has prevented its application to flow-based models that learn
only velocity fields. We introduce Open Materials Generation with Inference-time
Reinforcement Learning (OMatG-IRL), a policy-gradient RL framework that op-
erates directly on the learned velocity fields and eliminates the need for the explicit
computation of the score. OMatG-IRL leverages stochastic perturbations of the
underlying generation dynamics preserving the baseline performance of the pre-
trained generative model while enabling exploration and policy-gradient estima-
tion at inference time. Using OMatG-IRL, we present the first application of RL to
crystal structure prediction (CSP). Our method enables effective reinforcement of
an energy-based objective while preserving diversity through composition condi-
tioning, and it achieves performance competitive with score-based RL approaches.
Finally, we show that OMatG-IRL can learn time-dependent velocity-annealing
schedules, enabling accurate CSP with order-of-magnitude improvements in sam-
pling efficiency and, correspondingly, reduction in generation time.

1 INTRODUCTION

The discovery and development of novel crystalline materials with targeted properties are fundamen-
tal to technological progress and machine-learning methods are rapidly emerging as a powerful tool
of modern materials discovery (Sanchez-Lengeling & Aspuru-Guzik| [2018; Schmidt et al., 2019
Noh et al., |2020; [Liu et al., 2023} |Park et al., [2024; [Long et al. 2024} [Handoko & Madel 2025;
De Breuck et al., [2025). Central to this development are generative models capable of realizing an
inverse-design approach by suggesting stable and novel structures with predefined target properties.

Generative models for crystalline materials learn the chemical rules underlying crystal-structure
datasets by approximating the high-dimensional distribution from which the data is drawn. Since
the datasets typically comprise experimentally realized or computationally relaxed structures (Xie
et al., 2022} [Zeni et al., 2025)), chemical (meta-)stability is implicitly learned as the primary target
property of the generated samples. Accordingly, generative models are commonly benchmarked
with respect to (meta-)stability. In the de novo generation (DNG) task, where crystal structure and
composition are generated jointly, stability is typically evaluated directly (Betala et al.| 2025} |Szy-
manski & Bartel, [2025)). In the crystal structure prediction (CSP) task, where a structure is generated
for a given composition, stability is instead assessed by proxy: Computationally efficient structure-
matching metrics such as match rate (Xie et al., [2022) and METRe/cRMSE (Martirossyan et al.,
2025)) compare generated structures to known stable structures from the crystal-structure datasets.

Beyond the implicit stability requirement, generative models in an inverse materials-design pipeline
should also be able to align generation with explicit target properties such as desired mechanical,
electronic, and magnetic properties. Reinforcement learning (RL) provides a flexible framework
for directly optimizing generative models with respect to downstream objectives using black-box
reward functions (Fan & Leel 2023} Black et al., 2024)). In an inverse materials-design setting, re-
wards can also render implicit constraints such as chemical (meta-)stability explicit for systematic



Published as a workshop paper at Al4Mat-ICLR 2026

optimization. More broadly, RL overcomes a fundamental limitation of likelihood-based training of
generative models, as it prioritizes task-specific objectives rather than the accurate approximation
of the data log-likelihood. RL has proven highly effective, for example, for large language models,
computer vision, and molecule design (Cao et al.,[2025)). In contrast, the application of RL to gener-
ative models for crystalline materials remains comparatively underexplored (De Breuck et al.||[2025).

1.1 RELATED WORKS

A rapidly growing body of work has developed generative frameworks for inorganic crystalline
materials using a wide range of representations, architectures, and generative paradigms [see, e.g.,
the recent review by |De Breuck et al.[(2025)]. An important class of continuous-time approaches
considers joint generative processes over atomic (fractional) coordinates, lattice parameters, and
atom types to produce periodic structures in real space without explicit space-group constraints
[for symmetry-aware variants we refer to|De Breuck et al.| (2025)]. Many of these frameworks rely
on score-based diffusion models (Sohl-Dickstein et al., [2015; [Ho et al., |2020; |Song et al., [2021)
which learn the gradient of the log probability density and generate samples via reverse diffusion
processes (Jiao et al., [2023; Yang et al., 2024} Zeni et al., 2025} Joshi et al.| | 2025;|Cornet et al .| [2025
Tangsongcharoen et al.| [2025). In contrast, flow-matching models (Lipman et al., 2023}, |Albergo
& Vanden-Eijnden, [2023} [Chen & Lipman 2024; [Lipman et al., |2024) learn a velocity field and
generate samples by integrating an ordinary differential equation (Miller et al., [2024; Sriram et al.,
2024; |Luo et al.|, [2025). Finally, OMatG (Hollmer et al. 2025) builds on stochastic interpolants
(SD) (Albergo et al., 2025), a unifying framework that encompasses both flow-matching and
diffusion-based methods as special cases through specific choices of interpolants. Flow-matching
and SI models can initiate generation from arbitrary base distributions, which has been shown to
substantially improve performance (Miller et al., [2024} [Sriram et al., [2024; Hollmer et al., |2025).
Moreover, they typically require significantly fewer integration steps during inference, leading to
markedly higher sampling efficiency (Miller et al., [2024; Luo et al.,[2025; Hollmer et al., 2025)).

Some of these frameworks are able to align generation with explicit target properties. This is typi-
cally achieved via direct input augmentation to the underlying network, either in a single conditional
model (Luo et al.,|2025), or by combining unconditional and conditional models through classifier-
free guidance (Ho & Salimans, 2022; |Yang et al., [2024; Zeni et al., 2025} [Tangsongcharoen et al.
2025} |Prakash et al. 2025). These approaches require sufficiently large and diverse labeled datasets
for the desired target properties and remain constrained by the support of the underlying training
distribution. Only recently, MatInvent (Chen et al., 2025) and Chemeleon2 (Park & Walshl [2025]))
applied policy-gradient RL frameworks to the DNG task, with the latter adopting group-relative
policy optimization (GRPO) (Shao et al., 2024) in conjunction with proximal policy optimization
(PPO) (Schulman et al., [2017) to ensure stable optimization. Notably, both approaches had to incor-
porate explicit diversity rewards to prevent mode collapse during training.

Matlnvent and Chemeleon2 apply RL to (latent) diffusion models, which provide explicit access to
the score required by policy-gradient RL methods. Flow-matching frameworks and much of the SI
framework in OMatG, however, only learn velocity fields without computing the score. Flow-GRPO
addresses this limitation for the specific case of Gaussian base distributions and linear interpolant
paths, where the score can be related to the learned velocity field (Liu et al., [2025). Still, a substan-
tial portion of the SI design space in OMatG, whose systematic exploration previously led to state-
of-the-art benchmark results, remains inaccessible to RL. This motivates the development of RL
methods that operate across the full SI design space without requiring explicit score representations.

1.2 OUR CONTRIBUTION

We introduce Open Materials Generation with Inference-time Reinforcement Learning (OMatG-
IRL), a policy-gradient RL framework for continuous-time flow-based generative models, and apply
it to the CSP task. Our method operates directly on the learned velocity field and does not require
an explicit score computation, while also naturally extending to score-based models when available.
OMatG-IRL is inspired by the empirical observation that standard CSP evaluation metrics are ro-
bust to the introduction of stochastic perturbations into the underlying ordinary differential equation,
enabling their use for exploration and policy-gradient estimation (see Fig. [T). Taking advantage of
OMatG’s flexibility to learn both velocity fields and scores, we directly compare score-based and
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Figure 1: Inference-time RL for CSP in velocity-based OMatG-IRL. (a) The deterministic base
ODE with pretrained velocity field % (¢, ;) is augmented with a small noise schedule o¢(t),
yielding a surrogate SDE that leaves evaluation metrics (e.g., deviation from a reference structure)
of the final samples x;— virtually unchanged. (b) The frozen surrogate defines a reference policy
for KL regularization, while stochastic exploration is performed using a reinforced velocity field
b?(t, ;) and a (potentially different) noise schedule o(¢). (c) GRPO compares terminal rewards
r* = r(zi_,) obtained from multiple stochastic-policy rollouts under identical conditioning. (d)
These rewards are transformed into GRPO group advantages and used, together with KL regulariza-
tion, in a PPO-style clipped objective to update the policy.

velocity-based OMatG-IRL and demonstrate that both achieve comparable reinforcement perfor-
mance.

This work also presents the first application of RL to the CSP task. We show that energy-based
objectives can be effectively reinforced without the need for explicit diversity rewards; in contrast
to DNG models, diversity in the CSP task naturally emerges from conditioning on composition.
Finally, we demonstrate that our RL framework can be used to learn a time-dependent velocity-
annealing schedule, replacing handcrafted annealing schemes and enabling accurate CSP with an
order-of-magnitude reduction in the number of integration steps.

2 BACKGROUND

2.1 EQUIVARIANT CRYSTAL REPRESENTATION

OMatG represents a crystalline material by its unit cell, which serves as the fundamental building
block of the infinite periodic crystal. A unit cell containing N atoms is represented by three compo-
nents {A, X, L}. Here, A € N denotes the atomic numbers of the atoms, X € [0,1)V*3 their
fractional coordinates on a torus, and L € R3*3 the lattice matrix whose rows correspond to the
three lattice vectors. The lattice vectors span a parallelepiped with volume | det L| > 0. Cartesian
coordinates of the atoms within the parallelepiped are obtained as X L, and periodic replication of
the unit cell generates the infinite crystal.

The crystal structure is invariant under joint permutations of atom indices in A and X, global
rotations of the lattice (which induce rigid rotations of the entire crystal), and translations of the
fractional coordinates X (modulo 1). OMatG employs CSPNet (Jiao et al., |2023) as its model
architecture, an E'(n)-equivariant graph neural network (Satorras et al.,[2021) whose internal repre-
sentation is equivariant to permutations and rotations, and invariant to translations. As a result, the
outputs of the neural network preserve the same symmetries.

2.2  STOCHASTIC INTERPOLANTS

OMatG adopts the SI framework to model the continuous lattice matrices L and fractional coordi-
nates X . For CSP, the atomic numbers A are solely fixed conditional inputs during the generative
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process. While the model output depends on the full triplet { A, X, L} during both training and
generation, only the continuous variables X and L are interpolated and integrated in parallel by the
SI dynamics. In the following, we use the symbol x to denote a generic continuous configuration
variable, that is, either X or L, with the understanding that model inputs refer to the full triplet.

A stochastic interpolant defines a stochastic process that bridges an arbitrary base distribution pg
and the data distribution p; (Albergo et al.l 2025):

= x(t,x0,21,2) = a(t) zo + B(t) z1 + ¥(t) 2. (1)
Here, the time ¢ € [0, 1] evolves a continuous random variable z; from a sample xy ~ po from the
base distribution to a sample x1 ~ p; from the training data. This construction requires, among
other constraints (Albergo et al., [2025), a(0) = 8(1) = 1 and (1) = 5(0) = v(0) = v(1) = 0.
The random variable z is drawn from a standard Gaussian N (0, I') and injects stochasticity into the
interpolant path.

The conditional velocity 0;z; from Eq. is used to train an unconditional velocity field b? (¢, z;)
that depends only on the current time ¢ and configuration x; by minimizing the loss function

Lo(0) = Eizg oy |07t 20) — o] )

The expectation is taken independently over z ~ N (0, I), zg ~ po, 1 ~ p1,and t ~ U(0, 1) where
U(0, 1) is the uniform distribution between 0 and 1. Remarkably, the minimizer of Eq. (2) yields a
velocity field whose marginal distributions p; match those of the stochastic process z; in Eq. (I). In
particular, integrating the ordinary differential equation (ODE) dX; = b°(¢, X;) dt¢ from an initial
sample zg ~ pg att = 0 to ¢ = 1 produces a sample x; from the data distribution p;. This ODE is
usually numerically integrated with the forward Euler method with N, time steps of size At:

Ti4At = Tt + v? (t, ;) At. 3)

In addition to the velocity field, one can optionally learn to predict the denoiser 2% (¢, x;) at a given
time ¢ and configuration x; by minimizing the loss function

2
L,0) =Et 202 ||20(t,;vt) — zH . )
The denoiser 2% (t, ;) is related to the score via Vlog p? (¢, ;) = —2%(t, x;)/7(t). Equation (4)

enables generative modeling by integrating the stochastic differential equation (SDE)

dX; = (¢, Xy) - ;’igg 2, Xy)|dt + o(t) AW, (5)

where dW; denotes Wiener process increments and o (¢) controls the stochasticity. This SDE is
usually numerically integrated from ¢ = 0 to ¢ = 1 with N; Euler—Maruyama updates of size At:

o%(t
Tepar = o+ [V(2) - 272 t; Ptz)] At + o () VALE, (©6)
where & ~ AN(0,I). This update induces an isotropic Gaussian conditional distribution
p? (244 at|z+) with the mean given by the drift term and covariance o2 (¢) At I.

2.3 POLICY-GRADIENT REINFORCEMENT LEARNING

To apply policy-gradient RL to stochastic generative models, we formulate their iterative numerical
integration as a Markov decision process (S, A, ¢g, P, R) with state space S, action space A4, initial-
state distribution ¢, transition kernel P, and reward function R (Black et al.,|2024). The state at time
tis s == (t,x;) € S, and the initial-state distribution is ¢ = (do, po), where J,, denotes a Dirac
delta distribution centered at 3. At each time step, an agent samples an action a; € A from its policy
7%(as|s:) = p® (w1 at|zs), corresponding to selecting the next configuration a; = x4y A;. The
environment transition is deterministic: P(s;4-a¢|S¢,a¢) = (0t4A¢s Oz, n,). Rewards are assigned
only at the terminal state, with R(s;, a;) = 7(si=1) if t = 1 and R(s¢, a;) = 0 otherwise, where
r(s) = r(x) is an arbitrary configuration-dependent black-box reward function. The policy-gradient

RL objective is to maximize the expected terminal reward over trajectories 7 = (sg, ag, - - - , $1, a1)
sampled from the policy (denoted here as 7 ~ 7%):
jRL(H) =K, o T(Stzl). (7
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To update the current policy 7% — 7% to maximize Jip (%), we adopt GRPO (Shao et al.|
2024]), a policy-gradient method that directly compares rewards across multiple trajectories pro-
duced under identical conditioning. For the CSP task, this corresponds to rolling out GG trajectories
{r% ~ m%4}& | for the same composition, which may or may not start from different initial config-
urations z¢_. The terminal rewards 7' = r(xi_;) are then compared within the group to compute
group-relative advantages

rt —mean({r'}% )

std({r'}Z,)

Since rewards are only defined at the terminal time, the same group-relative advantage A is used
for all time steps along trajectory 7. The RL objective in Eq. (7)) is then optimized by maximizing
a surrogate objective inspired by PPO (Schulman et al.,|2017)), averaged over the group and all time
steps:

Al = ®)

« N (AR Ai
Jerro(0) = GN.S ;mm [qt(H)A ,chp(qt(O),e)A ] 9)
Here, « is a weighting coefficient, clip(z,e) = clip(z,1 — &,1 + ) clamps z to the interval

[1—e,1+¢], and ¢{(0) = p” (2}, n¢|x}) /P (%, A,|2}) is the probability ratio between the updated
policy and the old policy that generated the trajectories. The normalization factor S accounts for
variable numbers of atoms per structure and prevents policy updates from being biased toward larger
crystals (see Appendix [A). Given a fixed group of trajectories, the objective in Eq. (9) is typically
optimized for multiple gradient steps (referred to as PPO epochs). To stabilize training, the clipping
operation limits large policy updates in a trust-region-like manner controlled by the hyperparameter
e. The group-relative normalization of the advantages in Eq. (8) removes the need for a learned
value function and stabilizes optimization across heterogeneous reward scales.

Typically, one includes an additional KL-regularization term in the maximized objective:
B i i i i
T (0) = _GTtS Z Dgw [pe (Tiraclz) |l PGTEf(xt+At|xt)]- (10)
it

Here, D1 (P||Q) denotes the Kullback—Leibler divergence between distributions P and @, and 3 is
a weighting coefficient. The regularization keeps the reinforced policy close to the reference policy
pY= of the pretrained generative model, which is critical for preserving its learned inductive biases.

2.4 DATASETS AND METRICS

In this work, we reinforce OMatG models trained on the MP-20 dataset, which contains 45 229
structures from the Materials Project with at most 20 atoms per unit cell, spanning a wide range
of structures and compositions across 89 atomic species (Jain et al., 2013; Xie et al.l 2022). All
structures in the dataset are relaxed using density-functional theory and together comprise most
experimentally known inorganic materials with up to 20 atoms per unit cell.

As performance metrics, we consider the match rate, RMSE, relative energy per atom, and invalid-
energy rate. For the match rate (Xie et all [2022), we generate one structure for each compo-
sition in a reference dataset not seen during training and compare the generated and reference
structures using Pymatgen’s St ructureMat cher with tolerances stol=0.5, 1tol1=0.3, and
angle_tol=10.0 (Ong et all 2013). We then report the fraction of successful matches. The
RMSE is computed as the average root-mean-square displacement between matched structures,
normalized by (V/N)'/3, where V is the matched volume and N is the number of atoms (Xie
et al., [2022). The energy per atom of generated structures is evaluated using the MACE-MPA-0
model (Batatia et al.| |2025), and we report energies relative to the reference structure of the same
composition. Since the predicted energy can diverge for unphysical structures (e.g., due to atomic
overlaps; see Appendix [B)), such structures are excluded from the energy statistics. We report the
fraction of these samples as the invalid-energy rate.

We additionally consider an OMatG model trained on the MP-20-polymorph-split dataset (Mar-
tirossyan et al.| [2025)), a re-splitting of MP-20 in which polymorphs (i.e., distinct crystal structures
sharing the same composition) are grouped into the same split. For this setting, we evaluate per-
formance using METRe and cRMSE instead of match rate and RMSE. METRe measures how well
generated structures cover the reference dataset by identifying the best match for each reference
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structure, while cRMSE reports the average normalized root-mean-square displacement between
best-matching pairs, with unmatched reference structures penalized using stol.

3 INFERENCE-TIME REINFORCEMENT LEARNING

OMatG can be trained to predict only the velocity field b (¢, z;) via Eq. , or to jointly predict
the velocity field and the denoiser 2% (¢, ;) via Eq. @) When the denoiser—and thus the score—is
available, policy-gradient RL can be applied directly. In contrast, when only the velocity field is
learned and no explicit score is available at inference time, a novel treatment is required.

3.1 SCORE-BASED OMATG-IRL

The Euler—-Maruyama updates in Eq. @ based on v (¢, z;) and 2%(t, ;) define a stochastic policy
7%(as|st) = p®(z¢4at|7t), which makes the policy-gradient RL framework of Section directly
applicable. Compared to existing RL applications in (latent) diffusion (Park & Walsh, 2025])) or flow-
matching frameworks (Liu et al., [2025)), policy updates here jointly modify both the velocity field
b?(t, ;) and the denoiser 2Y(t, 1), rather than acting on only a single component. In addition to
the KL regularization in Eq. (I0), we introduce an explicit denoiser-distillation regularization term:

g
jDist(e) = _GNtS ZHZQ<t’xt) - Zeref@axt)HQ' (1
it

Increasing the weight ¢ constrains the reinforced denoiser to remain close to the pretrained model.
While the KL objective constrains the full drift distribution [which depends jointly on b° (¢, ;) and
29(t, z4)], the denoiser-distillation term acts directly on z%(¢,z;) and thus explicitly controls the
score.

3.2 VELOCITY-BASED OMATG-IRL

The Euler updates in Eq. based on b?(t, x;) are deterministic, which is problematic for policy-
gradient RL: Likelihood-ratio computation typically requires expensive divergence estimation, and
the absence of per-step stochasticity severely limits exploration (Liu et al.}[2025). A natural remedy
would be to convert the ODE into an SDE that preserves the same marginal distributions p; while
providing the stochasticity required for RL. Within the SI framework, this role is played by the SDE
in Eq. (5) but in the setting of this section, the required denoiser 2° (¢, z;) is not available.

Instead, we introduce a surrogate stochastic process by augmenting the dynamics with a noise sched-
ule oper(t):

Toang = xp + b0 (8, 20) At + opes()VALE. (12)

The omitted score correction is subdominant, O(o2;), so by Girsanov’s theorem the deviation from
the true marginal is bounded by O(afef) (Dksendal, |2013). Empirically, evaluation metrics on
the final samples confirm that the distribution remains virtually unchanged for sufficiently small
oref(t) (see Section . The stochastic surrogate dynamics both enable exploration and allow policy-
gradient updates to the velocity field b% (¢, x;) — b%(t, ;) (see Fig. . Importantly, the construc-
tion in Eq. defines a well-posed reference policy for KL regularization. During RL, however,
we are not restricted to the noise schedule o..¢(t) and may use alternative schedules o (¢) to enhance

exploration.

3.3 VELOCITY-ANNEALING OMATG-IRL

It has been empirically observed that velocity annealing improves the performance of flow-matching
and SI models (Yim et al., 2023 Bose et al.,[2024}; Miller et al.l 2024} [Hollmer et al., [2025). In this
approach, the velocity is modified during generation as b (¢, ;) — (1 + st) b’ (¢, z;), where s is a
scalar hyperparameter. In OMatG-IRL, we introduce a learned, time-dependent velocity-annealing
schedule s?(t). The reference policy is given by

Toynr = oy + 00 At + oo (t) B VAL E, (13)
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Figure 2: Test-set evaluation metrics for score-based SDE and perturbed velocity-based ODE in-
tegration of the atomic positions under different noise schedules. Small, medium, and large noise
scales are denoted by ag, a,,, and a;, respectively.

where b = b (t x;) is the frozen velocity field of the pretrained generative model and
& ~ N(0,1) is a standard Gaussian random variable. Policy-gradient RL then reinforces a zero-
initialized schedule s°(t) (using a simple multilayer perceptron) in the velocity-annealed update

Toyne = oy + [1+ 80 (8)]0 At + o (t) b /At E.

4 EXPERIMENTS

We use OMatG-IRL to present the first application of policy-gradient RL to CSP. We show that the
relative energy per atom can be effectively reinforced, achieving reductions of approximately 0.5 eV
per atom. The flexible design of OMatG further allows us to demonstrate that the velocity-only RL
approach that we introduced in Section achieves performance comparable to the score-based
RL approach in Section [3.1} Finally, we show that velocity-annealing OMatG-IRL can replace
handcrafted annealing schedules while enabling accurate CSP with at least one order of magnitude
fewer integration steps.

4.1 ENERGY-BASED OBJECTIVE

The CSP task is arguably harder to reinforce than the DNG task. In DNG, a generative model can
quickly focus on generating specific compositions that optimize the reward, effectively “hacking”
the objective. The existing approaches in Matlnvent (Chen et al., 2025 and Chemeleon2 (Park &
'Walsh, 2025) explicitly counteract this behavior by introducing diversity rewards. In the CSP setting
considered here, the composition is fixed throughout generation, and diversity is naturally enforced
through composition conditioning.

Common structure-based CSP metrics such as match rate, METRe, or cRMSE are ill-suited as re-
inforcement signals. These metrics measure similarity to specific ground-truth structures in the
training set, an objective that is closely aligned with the original training signal. As a result, the ad-
ditional learning signal by RL would be limited beyond what is already captured during pretraining.
Furthermore, these metrics are inherently composition-dependent as each composition corresponds
to a different set of target structures. This leads to sparse and poorly transferable rewards that do not
generalize well across compositions. Optimizing such rewards would require repeated sweeps over
large portions of the training dataset, making this approach computationally prohibitive.

In contrast, the relative energy per atom provides a physically meaningful and transferable rein-
forcement objective. The chemical rules that govern energy minimization (such as removing atomic
overlaps) generalize across compositions. Reinforcing energy therefore promotes chemically rea-
sonable structures independent of the specific target structure for a given composition. It also ren-
ders explicit a requirement that is already implicit in structure-based metrics, which assess stability
only by comparing generated structures to known stable references. Energy-based reinforcement di-
rectly optimizes this underlying notion of chemical (meta-)stability, making it a natural and effective
choice for RL in the CSP task.
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4.2 INFERENCE-TIME ENERGY REINFORCEMENT

To compare the score-based OMatG-IRL approach of Section [3.1] to the velocity-based OMatG-
IRL approach of Section [3.2] we use the publicly available pretrained Trig-SDE-Gamma model
of OMatG, which was trained for the CSP task on the MP-20 dataset (Hollmer et al., [2025). For
the atomic positions, this model predicts both the velocity field b’ (, ;) and the denoiser 2% (¢, ;)
and can be integrated either in SDE mode via Eq. (6) or in perturbed ODE mode via Eq. (12). All
modifications discussed below apply exclusively to the atomic positions, which constitute the harder-
to-learn component of the CSP task. The lattice vectors are always integrated with an unperturbed
ODE via Eq. (3) based on the frozen velocity field b% (¢, x).

In its original configuration, the Trig-SDE-Gamma OMatG model achieves a competitive match
rate of approximately 69 % but relies on strong velocity annealing and a large number N; = 740
of integration steps. For OMatG-IRL, we reduce the number of integration steps to N; = 50 to
limit computational cost and reduce variance in the terminal rewards r* = r(zi_, ). We also remove
velocity annealing in the pretrained model, as we find that keeping annealing while reducing the
number of integration steps leads to severe performance degradation, indicating that annealing and
time discretization are tightly coupled in the pretrained model (see Appendix [C).

We consider two noise schedules for stochastic integration: a constant schedule o(¢) = a, and, in-
spired by Flow-GRPO, a square-root schedule o(t) = a+/(1 — t)/t which decays to zero as t — 1.
For both schedules, increasing the noise scale a beyond a moderate range deteriorates the perfor-
mance of the pretrained model (see Fig. 2). Score-based SDE integration tolerates substantially
larger noise levels before performance degrades due to the explicit drift correction provided by the
learned score. In contrast, perturbed ODE integration is more sensitive to noise and require smaller
perturbations to preserve baseline performance. Independently of the integration mode, the square-
root noise schedule remains stable for larger noise scales a compared to the constant schedule.

Based on these observations, we use the square-root noise schedule for all policy-gradient RL ex-
periments. For velocity-based OMatG-IRL, we compare small and medium reference noise scales
(aref = a5 and arer = ayy,) to define the KL-regularized reference policy, and use the medium noise
scale a,, during policy rollouts for exploration (see Fig.[2). For score-based OMatG-IRL, we use the
medium noise scale a,,, which yields the best RL performance and thus ensures a fair comparison
with the velocity-based approach (see Appendix [D). As the reward, we use a clipped relative energy
per atom to prevent outliers from dominating the group-normalized advantages and to keep policy
updates stable (see Appendix |E).

We run a hyperparameter sweep on the validation reward to determine the optimal configurations
for both the score-based and velocity-based OMatG-IRL approaches (see Appendix [F). We find
that both approaches are able to effectively reinforce the relative energy per atom (see Fig.[3). At
their respective validation optima, both methods achieve relative energies that are approximately
0.5 eV per atom lower than the pretrained Trig-SDE-Gamma OMatG model evaluated with optimal
velocity annealing and N; = 740 integration steps. Despite operating with only /NV; = 50 integration
steps, energy reinforcement also reduces the RMSE and maintains the match rate. These results
demonstrate that energy-based inference-time RL can significantly improve CSP performance while
reducing the computational cost of generation by more than an order of magnitude.

Importantly, the velocity-based OMatG-IRL approach matches the performance of the score-based
variant, showing that effective policy-gradient RL is possible without access to an explicit score at
inference time and thus applicable to a broader class of flow-based generative models.

4.3 INFERENCE-TIME VELOCITY-ANNEALING REINFORCEMENT

We apply the velocity-annealing variant of OMatG-IRL introduced in Section to the best-
performing CSP model of OMatG: the Linear-ODE model trained on the MP-20-polymorph-split
dataset (Martirossyan et al., [2025). This model achieves a METRe score of approximately 70 %
and a cRMSE of around 0.19, but only when using a large number of integration steps (/N = 950)
together with carefully tuned velocity annealing on both atomic positions and lattice vectors.

Similar to Section f.2] we remove the handcrafted velocity annealing from the pretrained model
and reduce the number of integration steps to N; = 100 for velocity-annealing OMatG-IRL. We
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Figure 3: Evolution of validation metrics for score-based and velocity-based OMatG-IRL as a func-
tion of RL training iteration, shown for three random seeds of the same setup (/N; = 50). The colored
dashed lines indicate the test-set performance of the OMatG-IRL checkpoint selected by the valida-
tion optimum. For reference, we also show the test-set performance of the original velocity-annealed
OMatG model evaluated with N; = 740 integration steps. The velocity-based OMatG-IRL setup
with small reference noise scale as (green) uses fewer PPO epochs per update, resulting in slower
but more stable reinforcement.
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Figure 4: Test-set evaluation metrics for velocity-annealing OMatG and OMatG-IRL as a function
of the number of integration steps N;, highlighting the improved robustness of OMatG-IRL to ag-
gressive time discretization.

first identify an appropriate (constant) reference noise schedule oyr(¢) in Eq. (13)), and then apply
policy-gradient RL to learn a time-dependent velocity-annealing schedule s?() for both atomic
positions and lattice vectors. Because the learned annealing schedule depends only on time (and not
on composition), and because velocity annealing is known to directly improve structural metrics, we
can reinforce the model using a cRMSE-like objective in this setting (see Appendix [G]for details).

Despite using only 100 integration steps, velocity-annealing OMatG-IRL fully recovers the perfor-
mance of the original OMatG model that requires 950 steps. More remarkably, the learned velocity-
annealing schedule s?(t) yields robust performance across a wide range of integration step counts
(see Fig. [, allowing the number of steps to be reduced as far as 10 with only minor degradation.
This behavior stands in sharp contrast to the original OMatG model, whose performance rapidly de-
teriorates unless the number of integration steps is at least an order of magnitude larger. We verified
that a hyperparameter sweep over the handcrafted velocity-annealing schedule at the integration step
count of 10 does not recover the performance achieved by the learned velocity-annealing schedule,
indicating that the improvement indeed arises from the learned annealing policy (see Appendix [H).

5 CONCLUSION

We introduced OMatG-IRL, a policy-gradient RL framework for continuous-time generative mod-
els of crystalline materials, and demonstrated its effectiveness on CSP. A key result is that effective
policy-gradient RL is possible even in velocity-only flow-based models, without access to an ex-
plicit score. Extending OMatG-IRL to DNG within OMatG requires addressing the discrete flow-
matching implementation for the atomic species (Campbell et al.l [2024). Conversely, our results
suggest that highly accurate, diverse, and reinforced CSP models, when combined with a separate
composition predictor, could also serve as powerful building blocks for scalable DNG in inverse
materials design pipelines.
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A  NORMALIZATION FOR VARIABLE-SIZE STRUCTURES

Crystalline-material datasets contain structures with varying numbers of atoms, which causes both
the GRPO objective in Eq. (9) and the KL regularization in Eq. (I0) to scale with structure size.
Without correction, this would bias policy updates toward larger structures. To prevent such size-
dependent effects, we either divide the advantages by the number of atoms in the structure, or we
compute PPO likelihood ratios per atom and average them to obtain a structure-level policy loss.
For the KL regularization [and similarly for the denoiser-distillation regularization in Eq. (TI)1, we
similarly average the per-atom KL divergence to obtain a structure-level penalty. The choice of
normalization strategy is treated as a hyperparameter and part of our hyperparameter sweep (see

Appendix [F).
B INVALID-ENERGY RATE

We exclude invalid generated structures from the energy statistics and instead report the fraction of
such invalid samples. In OMatG-IRL, a generated structure is considered invalid if it satisfies at
least one of the following criteria:

1. The unit-cell volume is smaller than 0.1 A3.

2. Any pairwise atomic distance (accounting for periodic boundary conditions) is smaller than
0.5A.

3. The polar sine of the lattice vectors is smaller than 1073, indicating a nearly degenerate
unit cell.

C SENSITIVITY OF OMATG TO INTEGRATION STEPS AND VELOCITY
ANNEALING

In Table [T} we show that the performance of the pretrained Trig-SDE-Gamma model in OMatG is
largely unchanged when switching between SDE integration via Eq. (6) and ODE integration via
Eq. (3). However, when the number of integration steps is reduced while retaining velocity an-
nealing, performance deteriorates severely. This effect is illustrated for the ODE-based integration,
where no additional noise schedule needs to be tuned. In contrast, when velocity annealing is re-
moved, reducing the number of integration steps has only a minor impact on performance, indicating
that velocity annealing and number of integration steps are tightly coupled in the pretrained model.

Table 1: Match rate and RMSE of the Trig-SDE-Gamma OMatG model for different integration
modes, velocity-annealing settings, and integration step counts, illustrating the strong coupling be-
tween annealing and step number.

Integration type  Velocity annealing  Integration steps  Match rate (%) T RMSE |

SDE v 740 68.62 0.1252
ODE v 740 67.30 0.1145
ODE v 100 55.07 0.3644
ODE v 50 13.39 0.3932
ODE X 740 60.59 0.1749
ODE X 100 60.05 0.1891
ODE X 50 59.40 0.2024

D ScORE-BASED OMATG-IRL AT DIFFERENT NOISE SCALES

In Fig. [5] we show the evolution of validation metrics during RL training, analogous to Fig. [3] for
the score-based variant of OMatG-IRL under different noise scales of the square-root schedule (see
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Fig.[J). The medium noise scale a,, yields the most effective reinforcement behavior, with rapid
convergence to a minimum of the relative energy per atom. The small noise scale a, leads to slower
improvement due to insufficient exploration, while the large noise scale a; is counterproductive for
energy minimization. This behavior is consistent with observations reported in Flow-GRPO (Liu
et al.,|2025). Based on these results, we use the score-based OMatG-IRL model with noise scale a,,
for comparison with the velocity-only approach in the main experiments.
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Figure 5: Evolution of validation metrics for score-based OMatG-IRL with different noise scales as
a function of RL training iteration, shown for three random seeds of the same setup (N; = 50). For
reference, we also show the test-set performance of the original velocity-annealed OMatG model
evaluated with V; = 950 integration steps.

E ENERGY-BASED REWARD

As the energy-based rewards for a GRPO group of structures in OMatG-IRL, we first identify invalid
structures (see Appendix [B) and assign them a penalty energy of 3 eV per atom, noting that typical
energies per atom in the MP-20 dataset are well below 0 eV. For all remaining valid structures, we
estimate the energy per atom using MACE-MPA-0 (Batatia et al.,2025) and clip the resulting values
to a band of three standard deviations around the group mean to prevent outliers from dominating the
advantages. The reward is then defined as the negative of the (clipped) energy per atom, such that
lower energies correspond to higher rewards. Since all structures within a GRPO group share the
same composition, we do not need to compute explicit relative energies with respect to a reference
structure. Any constant energy offset cancels out in the computation of group-relative advantages in

Eq. ).
F HYPERPARAMETER OPTIMIZATION

We optimize the hyperparameters of the policy-gradient RL setup in OMatG-IRL using Ray
Tune (Liaw et al., 2018) with Optuna (Akiba et al., |2019) as the underlying sampler. For the RL
experiments in Section which adjust the velocity field b° (¢, x;) of the atomic positions, we tune
the following hyperparameters (when applicable), sampled from the distributions below:

* GRPO group size G ~ Choice(32,64) (with a fixed number of 16 groups).

* Sharing initial positions within a GRPO group ~ Choice(True, False).

» Number of PPO epochs ~ Choice(1, 2, 3,4).

* PPO clipping parameter € ~ Uniform(0.05, 0.3).

* Policy loss weight ~ LogUniform(0.1, 10.0).

* KL regularization weight ~ Choice(0.0,0.00001,0.00003,0.0001, 0.0003, 0.001,0.003,
0.01).

* Denoiser-distillation weight ~  Choice(0.0,0.000001,0.000003, 0.00001, 0.00003,
0.0001,0.0003,0.001).
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* Adam learning rate ~ LogUniform(0.00001, 0.001).
* Choice of normalization strategy for variable-size structures (see Appendix[A).

For the experiments in Section which learn time-dependent scaling functions s? (¢, x;) for both
positions and lattice parameters, we use a more aggressive search space (in particular, without any
regularization):

* GRPO group size G ~ Choice(32,64) (with a fixed number of 16 groups).

* Sharing initial positions within a GRPO group ~ Choice(True, False).

» Number of PPO epochs ~ Choice(1,2, 3,4, 5).

* PPO clipping parameter ¢ ~ Uniform(0.1,0.5).

* Position-policy loss weight ~ LogUniform(0.01, 100.0).

* Adam learning rate ~ LogUniform(0.00001, 0.01).

» Hidden dimension of the multilayer perceptron of s?(t) ~ Choice(32, 64, 128).

+ Number of hidden layers of the multilayer perceptron of s?(¢) ~ Choice(1, 2, 3).

e Shared trunk for the atomic-position and lattice-vector scale prediction in s%(t) ~
Choice(True, False).

The policy weight of the lattice component is fixed to 1.0. Only in this case, the position and lattice
weights are rescaled to sum to one.

All hyperparameter optimization runs were conducted under a fixed computational budget, and final
configurations were selected based on the validation reward.

G DETAILS ON VELOCITY-ANNEALING REINFORCEMENT

To learn a time-dependent velocity-annealing schedule s?(t) (parameterized by a simple multilayer
perceptron) with velocity-annealing OMatG-IRL, we first perturb the ODE dynamics of the pre-
trained Linear-ODE OMatG model via Eq. (I3)) using both constant and square-root noise schedules
at different noise scales, applied to both the atomic positions and lattice vectors. Increasing the
noise scale beyond a moderate range deteriorates the performance of the pretrained model in all
cases. Based on these observations, we use a constant noise schedule with a reference noise scale
arer both to define the KL-regularized reference policy and to provide exploration noise during policy
rollouts (see Fig. [6).

constant noise schedule square-root noise schedule

e -
0.40+ E
0.354 : E
0.30- | /

|- @ - e ] Y SEEE—— S

cRMSE (})

103 1072 107! 100 1073 1072 107! 10°
atomic-positions noise scale atomic-positions noise scale
—e— Jattice-vectors noise scale 0.01 —&— lattice-vectors noise scale 1.0
reference lattice-vectors noise scale a5 =0.1 —-- ODE integration without noise

Figure 6: Test-set evaluation metrics for perturbed velocity-annealing ODE integration of the atomic
positions and lattice vectors under different noise schedules and noise scales. The chosen reference
noise scales for positions and lattice vectors are denoted by aby and aly, respectively.

As the reward for policy-gradient RL, we use a cRMSE-like objective (see Section [2.4). For each
generated structure of a given composition, we identify the best-matching polymorph of the same
composition in the training set. The reward is defined as r(x}_,) = 0.5 — cRMSE’, where cRMSE"
is the normalized root-mean-square displacement to this best match, with missing matches penalized
in the mean using sto1=0.5. This choice ensures that lower cRMSE values correspond to higher

17



Published as a workshop paper at Al4Mat-ICLR 2026

METRe (1) cRMSE (})
0.70 P i e |
— — > 0.25
0.68
0.20
0.66
0.154
064 T T T T T T T T T T T T
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
training iteration training iteration
Velocity-Annealing OMatG-IRL (N, =100) e Velocity-Annealing OMatG test-set evaluation (N; = 950)

—-—= Velocity-Annealing OMatG-IRL test-set evaluation (N; = 100)

Figure 7: Evolution of validation metrics for velocity-annealing OMatG-IRL as a function of RL
training iteration, shown for three random seeds of the same setup (/N; = 100). The dashed lines
indicate the test-set performance of the OMatG-IRL checkpoint selected by the validation optimum.
For reference, we also show the test-set performance of the original velocity-annealed OMatG model
evaluated with Ny = 950 integration steps.

rewards. This formulation effectively inverts the standard cRMSE computation, which identifies
best matches from the generated set for each reference structure.

A hyperparameter sweep on the validation reward is used to determine the optimal configuration
for velocity-annealing OMatG-IRL (see Appendix [F). Notably, because this setup only rescales ve-
locities without changing their direction, we find that explicit KL regularization is unnecessary.
Velocity-annealing OMatG-IRL is able to effectively reinforce the cRMSE metric and, at its valida-
tion optimum, recovers the performance of the pretrained Linear-ODE OMatG model while using
an order of magnitude fewer integration steps (N; = 100 vs. N; = 950; see Fig.[7).

H VELOCITY-ANNEALING HYPERPARAMETER SWEEP

To verify that the performance achieved by velocity-annealing OMatG-IRL at N; = 10 cannot
be reproduced by tuning velocity annealing alone, we perform an explicit hyperparameter sweep
over the velocity-annealing parameters of the pretrained OMatG model. The sweep is conducted
using Ray Tune (Liaw et al.,[2018]) with Optuna (Akiba et al.| [2019) as the underlying sampler, and
explores a uniform range between 0 and 15 for the velocity-annealing coefficients of both the atomic
positions and lattice vectors.

We find that velocity-annealed OMatG at N; = 10 achieves a METRe score of 65.62 % and a
cRMSE of 0.2671, which is substantially worse than velocity-annealing OMatG-IRL, which reaches
a METRe score of 69.12 % and a cRMSE of 0.2220. Despite the explicit hyperparameter sweep over
handcrafted velocity-annealing schedules, no configuration recovers the performance achieved by
velocity-annealing OMatG-IRL at such low integration step counts, indicating that the improvement
arises from the learned annealing policy.

In Fig.[8] we compare the learned and handcrafted velocity-annealing schedules. For the lattice vec-
tors, the learned schedule sY(t) quickly drops to a constant value, whereas the handcrafted schedule
is constrained to increase monotonically in time with a slope that appears largely independent of the
number of integration steps N;. For the atomic positions, in contrast, the slope of the handcrafted
schedule depends strongly on Ny, while the learned schedule initially increases but then decreases
after t ~ 0.5, eventually becoming negative. Importantly, 1 + s?(¢) remains positive at all times, so
that the effective velocity [1 + s%(¢)] (¢, ) is never reversed.
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Figure 8: Velocity-annealing schedules for the atomic positions and lattice vectors, either learned
with OMatG-IRL or obtained from a hyperparameter sweep over a handcrafted schedule at a given
number of integration steps. The learned schedules adapt qualitatively differently from handcrafted

ones.
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