CRYSTAL: Coordinated Multi-Objective Reinforcement Learning
for Crystal Generation
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Abstract

In materials science, de novo generation of crys-
tal structures that simultaneously satisfy stabil-
ity, diversity, novelty, and validity is a central
challenge for accelerating new materials discov-
ery. Large language models, leveraging a two-
stage paradigm of fine-tuning and reinforcement
learning with verifiable rewards (RLVR), have
demonstrated significant advantages over conven-
tional diffusion-based approaches. However, ex-
isting RLVR methods typically constrain only one
or two objectives, making it difficult to coordi-
nate multi-objective optimization and prone to
reward hacking—where one objective collapses
sharply during training, leading to severe imbal-
ance in overall performance. To address this, we
propose CRYSTAL, a method based on Group
Relative Policy Optimization that jointly opti-
mizes four critical attributes: leveraging physics-
grounded verifiable signals to ensure structural
stability and physical correctness, regulating nov-
elty through explicit comparison with established
materials databases, and generating multiple can-
didate structures within a single inference step to
explicitly promote diversity, ultimately achieving
coordinated multi-objective control through multi-
plicative aggregation. The proposed method effec-
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tively mitigates reward hacking in multi-objective
reinforcement learning, achieves state-of-the-art
performance in comprehensive multi-objective
evaluations, and attains an S.U.N. metric of 25.1
on 1,000 generated materials, demonstrating the
potential to further extend large language mod-
els toward multi-objective on-demand materials
design.

1. INTRODUCTION

Although materials databases such as Materials Project (Jain
et al., 2013) and OQMD (Saal et al., 2013) have accumu-
lated data on hundreds of thousands of known compounds,
theoretical studies suggest that many additional stable com-
pounds remain unexplored (Davies et al., 2016). Tradi-
tional high-throughput screening and element-substitution
strategies are limited by combinatorial explosion and local-
ized search, making it difficult to systematically explore
this vast space. By learning the underlying distributions
of material compositions and crystal structures, generative
models enable the direct, from-scratch design of novel candi-
date materials in previously unsampled regions of chemical
space (Xie et al., 2021; Guo et al., 2025), providing a pow-
erful paradigm for accelerating materials discovery.

Recently, large language models (LLMs) fine-tuned (Gru-
ver et al., 2024; Sriram et al., 2024) on crystallographic text
representations and further enhanced by reinforcement learn-
ing (RL)(Cao & Wang, 2026) have demonstrated superior
performance and faster inference in crystal structure gen-
eration compared to variational autoencoders (VAEs) (Xie
et al., 2021) and diffusion models (Zeni et al., 2025; Jiao
et al., 2023; Miller et al., 2024). However, current RL-based
approaches still face critical challenges in coordinating mul-
tiple generation objectives. Most existing methods(Cao &
Wang, 2026)(Mohanty et al., 2026) design reward functions
around a single objective (e.g., stability), where improving
one performance metric often leads to the degradation of
others. Offline RL approaches such as PLaID (Xu et al.,
2025b), which adopt DPO-based preference optimization,
improve upon this by incorporating stability and novelty as
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pairwise preferences; however, uniqueness is inherently a
batch-level metric that cannot be naturally formulated as
pairwise comparisons, limiting joint optimization within the
DPO paradigm. Moreover, LLMs’ autoregressive genera-
tion lacks the inherent stochastic exploration mechanism of
diffusion models, and the initial generation quality after SFT
falls short of diffusion model pre-training levels, making
diversity collapse particularly severe during RL training.

To address these challenges, we propose CRYSTAL (Coordi-
nated Multi-Objective Reinforcement Learning for Crystal
Generation), a multi-objective reward framework built upon
Group Relative Policy Optimization (GRPO) (Shao et al.,
2024). CRYSTAL leverages physics-grounded verifiable
signals to ensure structural stability and physical correct-
ness, regulates novelty through explicit comparison with
established materials databases, and generates multiple can-
didate structures within a single inference step, enabling
diversity-oriented policy updates that explicitly promote
structural uniqueness. The multiplicative aggregation of sub-
objectives enforces hard constraints on each dimension—
since any factor approaching zero drives the product to
zero—effectively mitigating reward hacking without the
trade-off assumptions inherent in Pareto-based or additive
aggregation approaches. Experimental results demonstrate
that CRYSTAL achieves state-of-the-art performance, with
the S.U.N. metric reaching 25.1 on 1000 generated materi-
als, representing an approximately 70% improvement over
prior methods, and attaining broader coverage of chemical
space. These results demonstrate the potential to further
extend LLMs toward multi-objective on-demand materials
design.

2. Related Work

Recently, reinforcement learning has been increasingly in-
troduced into crystal structure generation to improve gener-
ation quality. Within the diffusion model framework, Mat-
Invent (Chen et al., 2025) formulates equivariant denoising
as a multi-step decision-making process for target-property-
driven conditional generation, applying S.U.N. as a pre-
filtering condition and computing target property rewards
only for structures that pass the filter, with min aggregation
or weighted summation to reduce multiple property objec-
tives into a single scalar reward for multi-objective design.
Chemeleon2 (Park & Walsh, 2025) targets unconditional
generation and directly incorporates generation quality met-
rics such as stability as reward signals, adopting additive
aggregation of multiple rewards. Both works adopt evalu-
ation metrics such as MSUN that differ from the standard
S.U.N. framework. Within the LLM model framework,
CrystalFormer-RL (Cao & Wang, 2026) employ PPO-based
online training, while CrysTex-RL (Mohanty et al., 2026)
adopts GRPO. However, these methods all rely on a sin-

gle reward signal (e.g., energy above hull) for optimization,
where improving one performance metric often leads to
the degradation of others—for example, CrystalFormer-RL
achieves a stability rate of 73.4%, but its S.U.N. remains
only 21.6%. Moreover, the autoregressive generation of
LLMs lacks the inherent random exploration mechanism
of diffusion models, and the initial generation quality after
SFT falls short of the pre-training level of diffusion models,
making diversity collapse more prone to occur during RL
training. How to effectively maintain generation diversity
in multi-objective optimization remains an open challenge.

3. Method

As shown in the Figure 1, we propose the CRYSTAL
pipeline. We first perform supervised fine-tuning on the
LLM to enable it to generate complete, crystallographi-
cally compliant structural descriptions from a given target
instruction. The training data is adopted from the previ-
ous work (Xu et al., 2025b). Specifically, crystal structures
are encoded using the Wyckoff notation—a compact tex-
tual representation that explicitly incorporates key physical
knowledge such as space group symmetry, thereby signifi-
cantly increasing information density while drastically re-
ducing sequence length. Through this stage of learning,
the general-purpose language model gradually develops an
understanding of the relationship between a crystal’s chemi-
cal composition and its atomic arrangement, establishing a
reliable initial policy for the subsequent phase of physics-
informed reinforcement learning.

3.1. Valid Constraint Reward

Since language models can generate atomic arrangements
that violate fundamental physical rules under unconstrained
conditions (such as atomic overlap or charged crystals), di-
rectly using them for materials discovery would lead to
a large number of invalid candidates, severely reducing
sampling efficiency. Therefore, we introduce three binary
validity criteria to rapidly screen for physically reasonable
crystal structures. S = {s1, $2,..., S, } denote all struc-
tures generated in a single rollout, where each s; represents
an individual crystal structure.

We define the structural validity criterion Vyyye(8) :
{0,1} as:

s —

1, if minjz;d;; > 0.5 A,
Virua(s) = {0 otherwijé J M

where d;; denotes the distance between atoms ¢ and j, en-
suring no non-physical atomic overlaps.

We define the charge neutrality criterion Venaree(s) 1 5 —
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Figure 1. This is the pipeline of our CRYSTAL. We further fine-tune the model using reinforcement learning, with a reward function
composed of four components: Valid Reward, Novelty Reward, Stability Reward, and Uniqueness Reward.

{0,1} as:

1, if YN ¢ =0,
0, otherwise,

Vcha.rge(s) = { (2)
where g; is the formal charge of atom ¢, ensuring the crystal
conforms to basic chemical stability rules.

Only when the structure can stably converge to a local en-
ergy minimum is it considered mechanically feasible. If
relaxation fails, even if the previous two criteria are satis-
fied, the structure is still judged as invalid. So we perform
geometric relaxation via machine learning interatomic po-
tential (MLIP) (Chen & Ong, 2022).We define the relaxation
convergence criterion Vo (S) : S — {0, 1} as:

1,
Vrelax (3) - {

0, otherwise,

if s passes MLIP relaxation,

3

where we perform geometric relaxation via MLIP,

The overall validity is determined by the conjunction of all
three criteria:

V(S) = Verucl(S) : Vcha.rge(s) : Vrelax(5)~ “4)

The reward value is then assigned as 7,4,;,4 = V(.5), which
equals O if any criterion is not satisfied, and 1 otherwise.
Finally, we define S, = {s € S | V(s) = 1} as the set of
all valid structures that pass all three criteria and relaxed.

3.2. Stability Reward

In computational materials discovery, the convex hull en-
ergy Ehny (Jain et al., 2013) serves as a key indicator of
thermodynamic stability. It quantifies the energy difference
between a candidate structure and the most stable phases at
the same composition. Structures with Ep,; < 0 are ther-
modynamically stable and considered synthesizable, while
those with small positive Epy; (e.g., < 0.1 eV/atom) are
metastable and may still be accessible under kinetic control.
Thus, Enyy directly enables inference of both stability and
synthetic feasibility.

To guide the model toward generating diverse stable crys-
tal structures, we adopt a continuous reward function rather
than a single stability threshold. This design provides graded
incentives for materials with varying functional properties
(such as thermoelectrics or photovoltaics), which often re-
main in metastable states while fully suppressing structures
with Fyy; > 0 that strictly violate chemical space explo-
ration capabilities.

Specifically, for each candidate structure s € S, that passes
the validity criteria, we first perform geometric relaxation
using machine learning interatomic potential (MLIP) to
obtain the optimized structure Srejaxed, and then use the same
MLIP model to calculate its convex hull energy with respect
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to elemental composition:

Ehai—s = MLIP(Sv) (5)
In materials science, Ey,; < 0.1 eV/atom is widely rec-
ognized as a threshold for synthesizable stable structures.
Therefore, we define the following energy-based reward
function:

1, Epn —s <0,
Tstab(s) =41~ w, 0 < Epui—s <0.1, (6)
0, FEha—s > 0.1,

where the reward linearly decays from 1 to 0 as Ehull,
increases from O to 0.1 eV/atom. This linear decay pro-
vides smooth gradient signals for thermodynamic stabil-
ity guidance, while simultaneously enabling prediction of
metastable structures in the (0,0.1] region. High-energy
structures (Ehy—s > 0.1) are completely suppressed with
zero reward. Finally, we define Ssiape = {5 € S, |
Euun—s < 0.1} as the set of all stable structures.

3.3. Novelty Reward

In materials discovery, generating novel structures is as cru-
cial as achieving thermodynamic stability. Without novelty
incentives, models converge to repeatedly generating known
materials, limiting exploration of uncharted chemical space.
We define a binary novelty criterion N'(s) : s — {0,1}
that evaluates whether structure s is sufficiently distinct
from all known materials in reference database Sgp, using
two complementary descriptors(CrystalNNFingerprint and
ElementProperty) from Matminer (Ward et al., 2018). Mean-
while, we introduce a novelty reward on the stable structure
set Sstable'
The structural descriptor uses CrystalNNFingerprint:
fPyue ($) = CrystaNNFingerprint(s), ™)

encoding local coordination environments and topological
connectivity, independent of chemical identity.

The compositional descriptor uses ElementProperty:
(3)

quantifying elemental composition via atomic properties
(electronegativity, radius, electron count), independent of
geometric arrangement.

fPeomp () = ElementProperty(s),

These orthogonal descriptors separately characterize what
elements are present versus how they are arranged. We
define:

min prstruc(s) - fpstruc(x)H? > dstruc
TE€Sdb

and min
x €S

0, otherwise,

||pr0mp(S) - fpcomp(I)”2 > dcomp,

€))

where thresholds diue and deomp follow prior work (?) stan-
dards.

We set pouer(s) = N(s). Specifically, the conjunction
(AND) is critical: disjunction (OR) would allow satisfy-
ing novelty through only compositional or only structural
innovation. This creates unbalanced exploration where mod-
els exploit shortcuts—discovering new compositions with
known structures, or new structures with known composi-
tions—while ignoring rich spaces like polymorphs. The
AND constraint enforces simultaneous innovation across
both dimensions, preventing such degeneracy.

3.4. Uniqueness Reward

While stability and novelty incentives guide generation to-
ward thermodynamically stable structures, initial experi-
ments reveal a critical issue: the model tends to converge
toward a few high-reward structures, repeatedly generating
near-identical or slightly perturbed variants. This model col-
lapse behavior wastes computational resources on redundant
candidates rather than exploring diverse chemical space. To
address this, we introduce a multi-level diversity reward on
the stable structure set Sgigpie-

Given the generated stable structure sequence
{s1,82,...,8n}, we first employ StructureMatcher
(Ong et al., 2013) to evaluate structural similarity. This
tool compares the geometric arrangements of structures
with identical elemental composition, determining whether
they are crystallographically equivalent up to symmetry
operations and atomic position perturbations. We define the
matching function:

M (s;, s;) = I(StructureMatcher() fit(s;, s;)),  (10)

where M (s;,s;) = 1 indicates that structures s; and s;
are structurally equivalent (same elements, same geometric
arrangement), and M (s;,s;) = 0 otherwise. Note that
StructureMatcher inherently requires matching elemental
composition before comparing structures.

However, structural matching alone is insufficient as it can-
not adequately account for compositional diversity. There-
fore, we introduce penalties based on chemical element
comparison 7 (s) and stoichiometry comparison & (s). Struc-
tures with minor compositional variations (such as ABOg3
perovskites differing only in A-site cation) are penalized to
encourage broader exploration. We define separate counters
for element set and stoichiometry repetition:

(1D

e (s) = Y Llk(sy) = k(s)) (12)
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which count how many prior structures share the same ele-
ment set or stoichiometry with the current structure, respec-
tively.

The intra-sequence diversity reward is then:

07 cﬁt)(s) > Ki:llra or Cgt) (8) > Ki]ztra’
Tintra(s) = .
1, otherwise,

(13)
where K and KF¥  are hyperparameters controlling the
tolerance for element set and stoichiometry repetition within
a sequence, respectively. If either counter exceeds its thresh-
old, the reward becomes 0.

Additionally, to prevent repeated generation of the same
structure across multiple training steps (i.e., inter-sequence
redundancy), we track the generation frequency over recent
rollouts. We maintain separate counters for element sets and
stoichiometry patterns:

()= Y Ir(s) =r(s)), (14)

TET s'€G(T)

fels) = > I(k(s") =k(s)), (15
TET s'€G(T)

where T represents recent rollouts and G(7) denotes struc-

tures generated in rollout 7.

The inter-sequence diversity reward uses a three-tier system
to balance exploration. We first determine the tier based on
the maximum of the two counters:

f(S) zmax(fr(s),fk(s)), (16)

then assign:

2, f(s) < K,
rina(s) = 4 1, Ko < f(s) < K, (17)
0, f(s)> K

inter?

where K. }r‘ft‘;’r and K. I}Egrl define thresholds for rare and exces-
sive generation. By using the maximum of both counters,
we ensure that over-generation in either element set or stoi-
chiometry dimension triggers the appropriate penalty. This
design provides strong positive incentive (2) for discover-
ing rarely-generated structure types, standard reward (1)
for structures at normal frequency, and zero reward (0) for

over-exploited structures.

Finally, we introduce a match-based reward that ensures
structural uniqueness:

0, 3j < tsuchthat M(ss,s;) =

1
. T (18)
1, otherwise.

Tmalch(st) = {
This reward immediately becomes O if any prior structure
in the sequence matches the current one, preventing exact
duplicates.

The overall diversity reward combines these three compo-
nents:

rdiv(s) = Tmatch(S) + Tintra(s) + Tinter(3)7 (19)

where each component is evaluated sequentially. The match-
ing reward rmaen(s) € {0, 1} ensures structural uniqueness
within the sequence, the intra-sequence reward 7y, (s) €
{0, 1} prevents compositional redundancy, and the inter-
sequence reward Tiner(s) € {0, 1,2} modulates based on
cross-sequence frequency. When a structure is duplicated
within the sequence (Tmyen(s) = 0) or compositionally re-
dundant (7, (s) = 0), the diversity reward is correspond-
ingly reduced. When both local diversity criteria are satis-
fied, the final reward is determined by the inter-sequence
frequency, ranging from 1 (normal frequency) to 2 (rare
structures), yielding an overall reward range of 0 to 4 that
effectively balances local uniqueness with global diversity
exploration during training.

3.5. Multiple Objectives Based Material Generation
Strategy optimization

The final reward function integrates validity, stability, nov-
elty, and diversity components:

() Fanl8) - rans),

Tstab(S) * Tnov(8) - Taiv(8),

R(s) = stab e & and ryup(s) > 0,
0, otherwise.

(20)

This composition enables exploration across the stable and
metastable regions of chemical space, where rp(s) € [0, 1]
captures thermodynamic stability, oy (s) € {0,1} incen-
tivizes database novelty, and raiv(s) € {0,1,2,3,4} pro-
motes structural diversity.

We optimize the model using GRPO. For each prompt g,
we sample a group of G outputs {0;}$ | from the current
policy mg. The advantage for each output is computed by
normalizing its reward relative to the group distribution:

A; = M7 1)
OR + €

where pp and o are the mean and standard deviation of
rewards { R(0;)}5_, within the group, and e is a small con-
stant for numerical stability. This formulation inherently
centers the rewards around the group average while scaling
by their spread, yielding stable and low-variance advantage

estimates.
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The GRPO objective is:

Tarro(8) = Eq ~ P(Q), {0}%, ~ m0,4(Ola)]
G i
1 1 .| me(0itlq, 06 <t)
- = AR TS 4.
G ; joi] &= {mm [ b

T 014 (Oi,t |Q7 Oi,<t)
clip [ Feloudl@0ict) oy ) 4,
TG0t (Oi»t |q’ Oi,<t)

(22)

*BDKL [779 || 7Tref] }a

where ¢ is the clipping parameter, 5 controls KL regular-
ization to the reference policy 7.f, and the expectation is
over the prompt distribution P(Q) and rollouts from the old
policy. Through iterative updates, the model learns to gener-
ate structures that are physically valid, thermodynamically
reasonable, novel, and diverse.

4. EXPERIMENTS
4.1. SETUP

We conduct all experiments on the widely used MP-20
dataset (Jain et al., 2013; Xie et al., 2021), which consists
of 45,231 inorganic crystal structures curated from the Ma-
terials Project. All structures satisfy metastability criteria
and contain no more than 20 atoms per unit cell. To ef-
ficiently adapt LLMs to the task of from-scratch crystal
generation, we build our approach on the Qwen 2.5-7B In-
struction (Qwen et al., 2025) and employ parameter-efficient
fine-tuning via 4-bit quantization (Dettmers et al., 2023) to-
gether with low-rank adapters (Hu et al., 2022).

The entire training pipeline is implemented in PyTorch
(Paszke et al., 2019), with model loading and training or-
chestration handled through the Hugging Face Transformers
library (Wolf et al., 2019). Wyckoff positions and space
group symmetry information for crystal structures are au-
tomatically generated using the PyXtal toolkit (Fredericks
et al., 2021), following standard crystallographic conven-
tions, to ensure physically consistent input representations.
After supervised fine-tuning (SFT), we further perform on-
line RL on the same instruction set, guiding the model
toward generating energetically more stable crystal config-
urations. Detailed training hyperparameters, optimization
settings, and sampling strategies are provided in Appendix
A.

4.2. METRICS

To provide an initial assessment of the quality of the gen-
erated crystal structures, we follow (Xie et al., 2021) and
report structural validity and compositional validity as aux-
iliary metrics, which reflect the model’s ability to generate

physically and chemically plausible crystals. As our primary
evaluation criterion, we adopt the S.U.N. Rate introduced by
(Zeni et al., 2024), which measures the fraction of generated
structures that simultaneously satisfy stability, uniqueness,
and novelty, and serves as the core indicator of overall gen-
eration performance.

Stability is determined by comparing the formation energy
of each relaxed structure against the energy convex hull
constructed by (Riebesell et al., 2025). Specifically, we fol-
low the standard relaxation protocol of Matbench Discovery
(Riebesell et al., 2025) and use eSEN to relax the struc-
tures generated during validation, with the Materials Project
database serving as the reference convex hull for comput-
ing the energy above the hull (E},;). All total energies are
corrected using the MP2020 compatibility scheme to ensure
consistency across different exchange-correlation function-
als (e.g., DFT and DFT+U). Structures lying on or below
the convex hull, i.e., with Ey,;; < 0 eV/atom, are considered
stable. Uniqueness and novelty are both evaluated on re-
laxed structures using Pymatgen’s St ructureMatcher
(Ong et al., 2013): uniqueness captures the model’s ability
to generate structurally diverse crystals by identifying dis-
tinct structures among all generated samples, while novelty
quantifies the structural and chemical distinctiveness of gen-
erated samples relative to the training set (MP-20), thereby
reflecting the model’s capacity to explore previously unseen
regions of crystal space. These three criteria are jointly
computed on relaxed structures to obtain the S.U.N. metric,
formally defined as:

Ny
Stability Rate = —2'¢ » 100% (23)
Ngen
~ Nsun
SUN Rate = x 100% 24)

gen

Here, Ny, denotes the total number of generated struc-
tures, Nyuaple 1S the count of thermodynamically stable ones
(Ehan < 0 eV/atom), and Ngyn represents those that satisfy
all three criteria: stability, uniqueness, and novelty.

During RL for unconditional from-scratch crystal gener-
ation, we primarily employ the eqV2 (Liao et al., 2023)
machine-learned interatomic potential to evaluate structural
stability. To ensure consistency with prior work(Xu et al.,
2025a), different MLIPs are used at different stages of eval-
uation: specifically, eSEN (Fu et al., 2025) is adopted for
S.U.N. computation during preference dataset construction
and final result evaluation, following the standard practice
of testing with the same potential as in previous studies.

4.3. RESULTS

As shown in Table 1, we systematically compare the pro-
posed method with representative approaches for from-
scratch crystal generation on the MP-20 dataset. Early
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Table 1. Results of From-scratch Crystal Structures Generation on the MP-20 Dataset

Method Validity (%) Stability (%) S.U.N. (%)
Structural Composition
CDVAE (Xie et al., 2021) 99.9 86.9 3.6 3.5
DiffCSP (Jiao et al., 2023) 99.6 82.2 12.5 9.7
DiffCSP++ (Jiao et al., 2024) 99.9 85.8 13.2 9.1
FlowMM (Miller et al., 2024) 96.4 83.4 9.3 6.3
FlowLLM (Sriram et al., 2024) 99.9 90.8 13.9 4.7
SymmCD (Levy et al., 2025) 94.3 85.9 94 7.0
CrystalLLM-70B (Gruver et al., 2024) 99.6 95.4 5.3 -
Jointly-trained ADIT (Joshi et al., 2025) 99.7 92.1 154 53
PLaID (Xu et al., 2025b) 99.6 93.0 18.9 10.3
PLaID++ (Xu et al., 2025a) 99.7 95.4 22.5 12.5
CRYSTAL 99.9 98.4 58.4 25.1

Table 2. Ablation Study of Reward Configurations

Reward Configuration S.U.N. (%)
Without Uniqueness Reward 12.1
Without Novelty Reward 7.3
Without Stability Rewards 9.8
All Rewards 25.1

generative models such as CDVAE and DiffCSP achieve
relatively high validity but are severely limited in thermo-
dynamic stability, leading to consistently low S.U.N. rates.
Subsequent diffusion-based methods incorporating symme-
try constraints achieve moderate stability improvements, yet
their overall generation quality remains constrained by un-
resolved multi-objective trade-offs. LLM-based approaches
demonstrate clear advantages in modeling discrete crystal
representations. PLalD and PLAID++, which incorporate
DPO-based and type-enhanced DPO-based preference op-
timization, achieves improved stability and S.U.N. perfor-
mance. The reported results for PLaID and PLAID++ are
obtained by repeatedly sampling from the publicly released
generated outputs of the PLAID++ model and recomputing
the metrics, with the highest values reported. The pair-
wise preference framework of DPO inherently struggles
to coordinate all three objectives simultaneously—while

stability and novelty can be formulated as pairwise pref-
erences, uniqueness is a batch-level metric that cannot be
naturally incorporated into pairwise comparisons, limiting
joint optimization within the DPO paradigm.

In contrast, CRYSTAL consistently outperforms all base-
lines across all metrics, achieving substantially higher stabil-
ity and S.U.N. By leveraging GRPO-based multi-objective
reward with multiplicative aggregation, CRYSTAL en-
ables coordinated optimization of stability, novelty, and
uniqueness, effectively mitigating reward conflict in multi-
objective RL and significantly enhancing the quality of from-
scratch crystal generation. Furthermore, in the appendix G,
we present three novel generated structures visualized using
VESTA.

5. Analysis
5.1. Ablation Study

To further evaluate the role of the proposed GRPO-based
Multi-Objective reward framework in addressing reward
conflict and reward hacking in multi-objective RL, we per-
form a comprehensive ablation study across different reward
configurations. Specifically, we systematically ablate the
individual reward components—uniqueness, novelty, and
stability—by removing each constraint from the full reward
set (ALL), and compare their impact using the S.U.N. met-
ric.

The results show that optimizing a single constraint in iso-
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Table 3. Experiments with Numbers of Rollouts

Rollout  Stability (%) Novelty (%) Uniqueness (%) S.U.N. (%)
16 70.2 95.0 18.3 12.2
32 67.9 96.8 20.3 13.0
64 62.5 93.5 27.1 16.4
128 58.4 96.3 46.7 251

lation is insufficient for coordinated multi-objective crystal
generation. Models trained with individual rewards exhibit
strong objective bias, achieving S.U.N. success rates of ap-
proximately 12.1%, 7.3%, and 9.8%, respectively, reflecting
limited overall performance. In contrast, jointly optimiz-
ing all verifiable rewards yields a substantial improvement,
increasing the S.U.N. success rate to 25.1%. Importantly,
the full model maintains novelty above 96.3% and simul-
taneously achieves a balanced compromise, with stability
reaching roughly 58.4% and uniqueness about 46.7%. These
results clearly demonstrate that Multi-Objective rewards are
crucial within the GRPO framework for mitigating reward
bias in multi-objective RL. Without their joint contribution,
the model tends to favor specific objectives; in contrast,
coordinated updates across the reward set enable the simul-
taneous optimization of stability, novelty, and uniqueness,
thereby substantially enhancing the overall quality and prac-
tical utility of from-scratch crystal generation.

5.2. Experiments with Numbers of Rollouts

We investigate the impact of rollout size on from-scratch
crystal generation under the GRPO framework (Table 3).
In this setting, crystal generation is formulated as a single-
step decision process, and each generation step is treated as
one rollout. As the rollout size decreases from 128 to 16,
the stability metric consistently increases (from 58.4% to
70.2%), while novelty remains largely stable. In contrast,
uniqueness drops sharply (from 46.7% to 18.3%), leading
to a corresponding degradation in the S.U.N. success rate.

This behavior indicates that when the group size is insuf-
ficient, the hierarchical reward structure fails to impose
effective joint constraints on policy updates. As a result,
optimization becomes dominated by local objectives such
as stability, giving rise to policy drift and reward hijacking.
Although high stability is preserved, reduced uniqueness
and weakened multi-objective coordination ultimately limit
overall S.U.N. performance. By contrast, larger rollout sizes
enable richer intra-group comparisons, maintaining a bal-
anced interplay among stability, novelty, and uniqueness,
and thereby substantially improving the quality and practical

utility of from-scratch crystal generation.

Conclusion

We propose a Multi-Objective reward framework based on
GRPO for from-scratch generation of crystalline materials
that simultaneously satisfy stability, novelty, diversity, and
correctness. Our approach decomposes multi-objective op-
timization into independently verifiable sub-rewards and
leverages intra-group relative policy updates to mitigate re-
ward hijacking and imbalance issues. Experimental results
demonstrate that CRYSTAL significantly outperforms ex-
isting methods across S.U.N. success rate, stability, novelty,
and uniqueness metrics, validating the efficacy of multi-
objective RL for crystal generation and providing a robust
pathway for on-demand materials design.
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Table 4. Comparison of novelty evaluation strategies (OR vs. AND) for CRYSTAL on the MP-20 dataset. Reported values are percentages
(%).

STRAT. CoM. Nov FIG STR. Nov FIG ALL Nov FIG

OR 50.2 10.3 53.2
AND 89.2 52.1 92.6

Table 5. Impact of structure comparison methods on evaluation metrics for CRYSTAL on the MP-20 dataset. Reported values are
percentages (%).

METHOD NOVELTY UNIQUENESS
FINGERPRINT 92.6 32.3
STRUCTUREMATCHER 96.3 46.7

A. Hyperparameter Setting

We fine-tune the model using the AdamW optimizer with a batch size of 16 and a learning rate of 10~°, employing fp4
mixed-precision training. Parameter-efficient fine-tuning is performed via LoRA adapters, configured with a rank of 8, an
alpha scaling factor of 32, and a dropout rate of 0.05. The training runs for 10 epochs on the MP-20 dataset.

Following supervised fine-tuning, we apply Group Relative Policy Optimization (GRPO) to align the model’s policy with
desired structural and compositional preferences. We implement GRPO using the TRL library (von Werra et al., 2020), with
an Adam optimizer, a batch size of 16, and a learning rate of 5 x 10~°. Training is performed in 4-bit precision (fp4/bfloat16)
for one epoch on our dataset. The GRPO configuration includes a rollout size of 128, preference loss coefficients Sy = 0.1
and Beomp = 2.0 for structural and compositional rewards, All other hyperparameters are set to their default values, with a

decoding temperature of 1.0. Meanwhile, K7, . = K* =3, and K. high _ 5 pelow [K high /2] = 3.

ntra intra inter nter inter

B. Comparison of Reward Function Based on AND OR Judgments

In this section, we first evaluate the impact of two different novelty reward strategies (OR and AND) on model training
effectiveness, and then discuss the influence of different structure comparison methods on evaluation results.

Novelty is assessed using the fingerprint-based method proposed by CrystaLLM (?), evaluated along two dimensions:
compositional novelty and structural novelty. Under the OR strategy, a generated structure receives the novelty reward if
it is novel in either composition or structure; the AND strategy requires novelty in both dimensions simultaneously. As
shown in Table 4, under the OR strategy, the low threshold for obtaining rewards results in insufficient exploration incentive,
with both compositional novelty and structural novelty remaining at low levels (50.2% and 10.3%, respectively). The AND
strategy significantly raises the exploration threshold by requiring simultaneous novelty in both dimensions, driving the
model to explore more deeply in both composition and structure: compositional novelty increases substantially from 50.2%
to 89.2%, structural novelty from 10.3% to 52.1%, overall novelty from 53.2% to 92.6%. This demonstrates that stricter
joint constraints not only improve structural novelty but also simultaneously promote compositional novelty, with the two
reinforcing rather than competing with each other.

C. Impact of Structure Comparison Methods (Fingerprint vs. StructureMatcher)

The choice of structure comparison method directly affects the evaluation of uniqueness and novelty as shown in Table
5. The fingerprint-based method adopted in this work determines structural equivalence by computing distances between
structure fingerprints (CrystaNNFingerprint) and compositional fingerprints (ElementProperty), exhibiting higher sensitivity
to subtle structural differences and thus applying a relatively stricter criterion. In comparison, Pymatgen’s StructureMatcher
performs atom-level structure matching within specified tolerances for lattice parameters, atomic positions, and angles,
applying a relatively more lenient criterion. Under StructureMatcher evaluation, novelty increases from 50.0% to 70.2%
and uniqueness from 92.4% to 96.3%, reflecting the inherent difference in judgment granularity between the two methods.
Since all baseline methods in the main table are evaluated using the fingerprint-based method, we adopt it as the primary
reporting standard to ensure fair comparability. Notably, CRYSTAL significantly outperforms all baseline methods under
both comparison methods, validating the robustness of the results.
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Table 6. Impact of intra-sequence diversity threshold Kinwa on S.U.N. rate (%). K. high §s fixed at 5.

inter

KITNTRA: II]€\ITRA 1 3 5
S.U.N. 248 25.1 24.6

Table 7. Impact of inter-sequence diversity threshold Kiyer on S.UN. rate (%). Ky, = KF,, is fixed at 3.

(Kivren, Kivre) (1, 1) (2,3)  (3,5)
S.U.N. 223 237 251

D. Impact of Intra-sequence Diversity Threshold

To examine the effect of intra-sequence diversity constraint strength on generation quality, we fix thnlli}; = 5 and vary
Kl = KE,, across 1, 3, and 5. As shown in Table 6, the results indicate that overly strict intra-sequence constraints
excessively limit generation freedom—within a single rollout of 128 structures, the same composition is only allowed to
appear once, causing many reasonable structural variants to receive zero reward, which in turn disrupts learning. Moderately
relaxing the threshold allows the model to sample multiple times within the same compositional space, facilitating the

discovery of different stable structural configurations under the same elemental system.

E. Impact of Inter-sequence Diversity Threshold

To examine the effect of cross-rollout diversity constraints on long-term exploration capability, we fix K| . = KF =3

and vary K"£" across 1, 3, and 5, with K% = [K™ /9] correspondingly set to 1, 2, and 3. As shown in Table 7, the
results indicate that smaller thresholds cover a limited historical range, where even a small number of structural repetitions
triggers penalties, causing the model to prematurely abandon exploration of promising regions of chemical space. Larger
thresholds provide more sufficient tolerance, enabling the model to perform multiple samplings and in-depth exploration of

valuable structure types, while still effectively suppressing genuine over-generation.

F. Evaluation under Corrected Phase Diagram
F.0.1. EVALUATION UNDER CORRECTED PHASE DIAGRAM

To further validate the robustness of our results, we evaluate all three LLM-based RL methods under the stricter OMAT24-
corrected convex hull using eSEN (Fu et al., 2025), with energy corrections obtained from fairchem-data-omat(Meta
Fundamental AI Research, 2024). This setup adopts a self-consistent hull rather than mixing different reference systems,
consistent with the design philosophy of LeMat-GenBench (Betala et al., 2026). We verified the reliability of this pipeline
on DFT-labeled data, achieving an F1 score of 0.9033 (Precision = 0.8958, Recall = 0.9110), confirming DFT-level stability
classification accuracy. As shown in Table 8, under this more stringent evaluation standard, the stability rates of all
methods decrease compared to the uncorrected setting, confirming that the corrected phase diagram applies stricter criteria.
Nevertheless, CRYSTAL maintains a substantial advantage over both PLalD and PLalD++ in terms of stability and S.U.N.,
confirming that the performance improvement is robust across different evaluation standards and is not an artifact of a
particular choice of reference phase diagram.

G. The presentation of the new crystal structure
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Table 8. Comparison under OMAT24-corrected convex hull (%).

METHOD STABILITY S.U.N.
PLAID 21.8 12.7
PLAID++ 20.2 13.4
CRYSTAL 52.8 23.6

Figure 2. The crystal structure of ErCoy
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Figure 3. The crystal structure of RbaMnAgF

Figure 4. The crystal structure of LuGe
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