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Abstract

Conditional crystal generation requires Large
Language Models (LLMs) to produce Crystal
Strings with discrete and continuous variables
while satisfying composition, symmetry, and
property constraints. Desired regions are of-
ten sparse in supervised data, while retraining
for each objective preference is costly. We
present a verifier-grounded framework combin-
ing label-free Test-Time Reinforcement Learn-
ing (TTRL) and Model Merging (MM). TTRL
performs one batch-level, partially transduc-
tive adaptation per property using composi-
tion, symmetry, and learned band-gap rewards,
without target reference structures. Property-
specific experts are interpolated to navigate
bounded symmetry—band-gap trade-offs with-
out retraining intermediate policies. On MP-20,
TTRL improves symmetry control, band-gap
accuracy, and compositional fidelity over High-
Precision SFT and Standard RL, and is com-
petitive with diffusion and preference-aligned
baselines. In a held-out high-band-gap re-
gion, TTRL generalizes to test prompts unseen
during adaptation, reducing the mean squared
error between surrogate-predicted and target
band gaps by 52% relative to standard rein-
forcement learning under best-of-ten sampling.
An independent band-gap predictor shows con-
sistent gains, while density functional theory
calculations further assess selected candidates.
Similar gains with Qwen3.5-9B provide cross-
backbone evidence. Model Merging recovers
competitive two-objective trade-offs from two
endpoint experts without additional RL, en-
abling efficient adaptation and preference con-
trol for structured scientific generation.

1 Introduction

Designing materials with targeted properties is criti-
cal for fields like batteries (Zhao et al., 2020), catal-
ysis (Zhao et al., 2019), and carbon capture (Os-
man et al., 2021). While high-throughput screening
has identified many novel materials from exten-
sive databases (Curtarolo et al., 2013; Zhong et al.,
2020; Merchant et al., 2023), the theoretical space
of stable inorganic compounds far exceeds known
catalogs. Generative approaches present a com-
pelling opportunity to unlock this latent potential
by actively exploring the vast, continuous chemical
space far beyond the rigid boundaries of existing
datasets.

Generating crystalline materials is a formidable
challenge, requiring the concurrent production of
continuous attributes (lattice geometry, atomic co-
ordinates) and discrete components (atomic types)
while simultaneously capturing intricate structure-
property relationships. Recently, denoising mod-
els (Cornet et al., 2025; Zeni et al., 2025; Xie et al.,
2021; Miller et al., 2024; Jiao et al., 2023, 2024;
Yang et al., 2024b; Levy et al., 2025; Hollmer et al.,
2025; Yang et al., 2023; Kelvinius et al., 2025)
and autoregressive architectures (Antunes et al.,
2024, Cao et al., 2024) have achieved notable suc-
cess in material design. Inspired by their reason-
ing capabilities in scientific domains (White, 2023;
Zhang et al., 2024; Zhao et al., 2025), by represent-
ing complex 3D structural topologies as sequential
text strings, researchers are increasingly leveraging
large language models (LLMs) for this task with
remarkable outcomes (Gruver et al., 2024; Miret
and Krishnan, 2025; Gan et al., 2025).

Practical material science extends beyond ba-
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sic stability, demanding functional materials with
targeted properties (e.g., specific band gaps or sym-
metries). Pre-trained on vast chemical corpora,
LLMs utilize natural language to flexibly specify
these complex constraints (Ding et al., 2024; Sri-
ram et al., 2024). Nonetheless, conditional LLM-
based design faces three primary challenges: (1)
Data Scarcity for Functional Targets: Desired
property regions are often underrepresented, mak-
ing it difficult for supervised learning to generalize
to out-of-distribution (OOD) spaces (Zeni et al.,
2025). (2) Physical Validation: Relying solely on
textual patterns without explicit physical feedback
often induces generative “hallucinations” of ther-
modynamically invalid structures. (3) Dynamic
Multi-Objective Adaptation: Practical design in-
volves constantly shifting priorities. Existing meth-
ods require costly re-training for each new objec-
tive trade-off, lacking the critical flexibility needed
for diverse applications.

To address these challenges, we propose a
verifier-grounded alignment framework combining
label-free test-time reinforcement learning (TTRL)
with model merging. TTRL adapts a shared policy
over target prompts using structure-derived rewards
for composition, symmetry, and band gap. We de-
fine “label-free” adaptation as updating the model
without access to ground-truth Crystal Strings or
reference structures for the target prompts. We then
interpolate the weights of independently adapted
symmetry and band-gap experts to support chang-
ing objective trade-offs within the evaluated range,
without training a separate multi-objective RL
(MORL) policy for each interpolation point. Our
main MP-20 evaluation follows a partially trans-
ductive protocol, with one shared batch-level adap-
tation run per property rather than independent per-
prompt adaptation. A separate study in a held-
out upper-tail band-gap region evaluates transfer
from OOD-Adapt prompts to disjoint OOD-Test
prompts.

Our main contributions are as follows:

* Verifier-grounded target-prompt adapta-
tion. We couple autoregressive generation
of mixed discrete—continuous Crystal Strings
with structure-based rewards, enabling policy
adaptation without target reference structures
or pre-collected preference pairs.

¢ Modular objective alignment. We com-
bine property-specific TTRL experts through

weight interpolation, providing an alterna-
tive to retraining MORL policies for differ-
ent symmetry—band-gap trade-offs within the
evaluated range.

* Improved conditional generation and OOD
transfer. On MP-20, TTRL improves symme-
try control, band-gap accuracy, and composi-
tional fidelity over SFT and training-prompt
RL, and generalizes to disjoint upper-tail
band-gap test prompts. Cross-backbone com-
parisons, independent-surrogate evaluation,
and statistical analyses support these gains.

2 Related Work

RL for Crystal Material Design Reinforcement
Learning (RL) has emerged as a powerful paradigm
to effectively steer generative models toward com-
plex, goal-oriented material design. Prior works
have applied offline RL to various architectures,
including GNNs and diffusion models, to optimize
properties (Karpovich et al., 2024; Chen et al.,
2025; Govindarajan et al., 2025) or enhance stabil-
ity (Cao and Wang, 2025). More recently, Xu et al.
(2025) employed Direct Preference Optimization
(DPO) to align generative frameworks for targeted
crystal discovery. Unlike these approaches, which
rely on static datasets, supervised targets, or pre-
collected preference pairs, our framework evaluates
generated scientific sequences with external tools
and updates the policy on target-condition prompts.

Test-Time RL. TTRL boosts inference perfor-
mance by updating parameters using verifiable sig-
nals rather than ground-truth supervision (Sun et al.,
2020; Phan et al., 2025; Du et al., 2025). While
successful in mathematical reasoning and code gen-
eration via logical verifiers (Hiibotter et al., 2024;
Zuo et al., 2026; Wen et al., 2026), its application
in natural sciences remains underexplored. Our
setting differs from ordinary natural-language gen-
eration because Crystal Strings mix discrete sym-
bols and continuous numerical values, and fluent
outputs may still violate structural or property con-
straints. We connect this representation to scien-
tific verification and define label-free adaptation
specifically as using no target reference structure
during policy updates. More broadly, the NLP
community has studied LLM-based molecular opti-
mization and feedback-aligned model merging for
structured chemical generation (Dey et al., 2025;
Gkoumas and Liakata, 2025). Our work extends
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this line toward tool-grounded alignment of crystal
sequences whose correctness depends on external
scientific evaluation.

Multi-Objective Alignment via Model Merging
Aligning LLMs with multifaceted preferences is
challenging. Traditional MORL methods, often
based on scalarization (Van Moffaert and Nowé,
2014), suffer from severe computational ineffi-
ciency, as adapting to any new combination of pref-
erence weights necessitates a complete re-training
cycle from scratch (Yang et al., 2024a; Wang et al.,
2024). Conversely, MM offers a computationally
efficient alternative by fusing specialized models
in weight space (Ilharco et al., 2022; Rame et al.,
2023; Wortsman et al., 2022). This paradigm is
further supported by recent theoretical findings on
shared weight subspaces (Kaushik et al., 2025). We
adopt linear model merging as an established com-
ponent and study whether independently adapted
scientific property experts can recover useful trade-
offs. Our evidence is limited to bounded interpo-
lation between symmetry and band-gap experts,
rather than general high-dimensional preference
composition.

3 Methodology

Our proposed framework is illustrated in Figure 1.
This section details our methodology, beginning
with the representation used for crystal materials.
We then describe our TTRL strategy and the de-
sign of verifiable reward functions for property op-
timization. We conclude by presenting our MM
technique for achieving scalable multi-objective
material design.

3.1 Material representation

Crystal materials are typically represented using
the Crystallographic Information Files (CIFs) for-
mat, a standardized text description for crystal
structures. However, CIFs often contain extrane-
ous and redundant fields that can hinder language
models from capturing key structural information.
To mitigate the redundancy of standard CIFs, we
adopt the Crystal String representation in Crystal-
Text-LLM (Gruver et al., 2024), which serializes
lattice and atomic data into concise fixed-precision
tokens. Although efficient, the default precision
settings in Crystal-Text-LLLM proved inadequate
for capturing fine-grained structural properties (see
Appendix B.2). Consequently, we increased the
numerical precision to enhance generation fidelity.

For inputs, we utilize the flexible text-conditional
template from Crystal-Text-LLM (cf. Table 5).

3.2 Label-Free TTRL

LLMs have demonstrated the capability to gen-
erate stable crystal materials (Gruver et al., 2024;
Sriram et al., 2024). However, designing functional
materials with specific intrinsic attributes remains
a challenge (Zeni et al., 2025). To address this,
we introduce a Label-Free TTRL strategy. Unlike
traditional fine-tuning that relies on static ground-
truth labels, TTRL uses verifier feedback to update
the policy on target-condition prompts (Phan et al.,
2025; Du et al., 2025). Crucially, our approach con-
structs rewards by extracting properties from gen-
erated materials using scientific computing tools.
This removes the need for a reference structure for
each target prompt. The main protocol adapts once
over a batch-level prompt stream; Section 4.4 sepa-
rately evaluates generalization from OOD-Adapt to
instance-disjoint OOD-Test prompts. The overall
flow is illustrated in Figure 1 (b).

3.2.1 Policy Optimization Algorithm

We employ Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) to fine-tune the LLM.
For a conditional prompt z, the policy my sam-
ples a group of G outputs {y1,v2,...,yc}. In-
stead of using a value function critic, GRPO es-
timates the advantage of each output by normal-
izing its reward against the group average: A; =
(R(y;) — mean(Rgroup))/std(Rgroup). This critic-
free mechanism significantly reduces memory over-
head, making it highly efficient for optimizing
LLMs. We provide the detailed objective function
and hyperparameters in Appendix A.2.

3.2.2 Verifiable Reward Formulation

To enable label-free optimization, we design re-
ward functions that quantify the alignment between
the generated material’s properties and the target
constraints, computed by deterministic analysis
tools or learned property surrogates.

Reward for Chemical Composition We use the
Jaccard Coefficient (Niwattanakul et al., 2013) to
quantify compositional similarity. The reward com-

pares the reduced chemical formula of the gener-
ated material (Cgeq) With the target (Cg):

2cce Min(Cigle], Cenle])

G
. o max(Cole], Camle])

Rcomp ( Clgt 5 Cgen) -

where £ = Cig U Cgen represents the set of all
unique elements involved. The term C/e] denotes
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Figure 1: Overview of our proposed framework integrating MM and TTRL. (a) Multi-Objective Adaptation
via Model Merging. Given a conditional prompt, a Supervised Fine-Tuning (SFT) LLM is separately optimized

for symmetry and band gap to create property experts.
interpolation (0 < p < 1), providing preference points wi

These experts are composed through bounded weight
thin the evaluated two-objective range without additional

RL training. (b) Label-Free TTRL. The LLM generates candidate materials, which are parsed and evaluated by
external scientific tools. The adaptation is label-free in the specific sense that it does not access a target Crystal

String or reference structure for each prompt.

the stoichiometric count of element e in the chemi-
cal formula C' (e.g., for SiOg, C[O] = 2).

Reward for Symmetry Using Pymatgen (Ong
et al., 2013), we compute the space group num-
ber (spg) of the generated structure. To mitigate
reward sparsity, we use syngony (syn) agreement
as a training-time shaping signal:

1 if spg = spg
Rsym = < 0.5 if syn=syn, 2)
0 otherwise

where spg and syn denote the target constraints.
Final evaluation always uses exact space-group
matching. An ablation in Appendix D.4 identifies
0.5 as the best empirical partial reward among the
tested values, not a theoretically optimal constant.

Reward for Band-Gap Control We prioritize
computational speed for on-policy RL by employ-
ing MEGNet (Chen et al., 2019)!, a learned prop-
erty surrogate, to predict the band gap (bAg). The

! Available from the MatGL model repository.

reward is the clipped negative squared error relative
to the target bg:
) A2
Rpg = clip(—[bg — bg] ", —1,0). 3)
3.3 Bounded Multi-Objective Design via
Model Merging

Preventing Reward Hacking with Composite
Rewards Optimizing a property reward alone
can collapse the policy to a small set of repeated
structures. We incorporate the prompt-dependent
composition reward (Rcomp) as a regularizer that
preserves conditional diversity. The composite re-
wards are:

Rsymmetry =A1 Rsym + Rcowmp, @
Rbandgap :/\QRBG + RCOMP-

MM vs. MORL Material design requires bal-

ancing competing objectives. Traditional MORL

typically addresses this via linear scalarization

(R = Y w;R;). However, this approach is inher-

ently rigid as it binds the model to fixed weights
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{w;}, necessitating costly re-training whenever
preferences change. While recent MORL methods
such as EMORL (Kong et al., 2025) and GAPO (Li
et al., 2025) address efficiency, MM (Rame et al.,
2023) provides a modular alternative based on in-
dependently trained experts.

Specifically, we independently fine-tune a sym-
metry expert 65y, and a band-gap expert 0y, using
Eq. 4. At inference time, we interpolate them as
0, = 0sym + (1 — p)0ng, where 0 < p < 1. This
bounded two-expert construction provides interme-
diate preference points without retraining. We do
not evaluate extrapolation or general N-way merg-
ing.

4 [Experiments

4.1 Experimental Setup

Dataset and Backbones We utilize the MP-20
dataset (Jain et al., 2013), containing 45,231 inor-
ganic crystalline materials, split into 27,136 train-
ing, 9,045 validation, and 9,050 test structures fol-
lowing standard protocols. Unless otherwise noted,
our SFT, Standard RL, and TTRL results in the
main text use LLaMA-2-7B (Touvron et al., 2023).
We additionally repeat the High-Precision SFT
and TTRL pipeline with Qwen3.5-9B-Base (Qwen
Team, 2026); complete cross-backbone results are
reported in Appendix D.5. Detailed hyperparam-
eters for SFT, RL, and sampling are provided in
Appendix A.2.2.

Main Conditional-Generation Baselines The
in-distribution conditional-generation experiments
compare the following four models or training con-
figurations:

¢ Crystal-Text-LLM (Gruver et al., 2024): The
original LLaMA-2 based model fine-tuned on
text-serialized crystal structures which encodes
lattice parameters and atomic coordinates as stan-
dard text strings, serving as the primary SFT base-
line.

* High-Precision SFT: An enhanced version of
Crystal-Text-LLM trained with our proposed
high-fidelity crystal string representation (see
Section 3.1) to ensure structural precision during
generation.

¢ MatterGen (Zeni et al., 2025): A diffusion-
based generative model. For an MP-20 com-
parison, we adopt the official mp_20_base check-

point? and fine-tune it for our conditional tasks
using the same data splits.

e PLaID++ (3D Coord) (Xu et al., 2025): A
preference-aligned generative framework that
combines iterative Direct Preference Optimiza-
tion (DPO) with a symmetry-informed Wyck-
off representation. To decouple the alignment
algorithm’s performance from the underlying
structural representation, we adopt the variant
of PLalD++ utilizing 3D coordinates (see Ap-
pendix C.2).

Additional Comparisons The held-out adapta-
tion study compares High-Precision SFT, Standard
RL, and TTRL to isolate the effect of target-prompt
adaptation. The cross-backbone study repeats
High-Precision SFT and TTRL with Qwen3.5-9B-
Base. The wide-bandgap screening study addi-
tionally includes CDVAE (Xie et al., 2021) and
LLEMA (Abhyankar et al., 2025); its systems use
different backbones and search procedures and are
therefore interpreted as screening-pipeline compar-
isons rather than controlled algorithmic rankings.

RL Evaluation Settings Standard RL opti-
mizes on training prompts and evaluates a fixed
checkpoint on the test set. For TTRL, we train
separate symmetry and band-gap policies. Each
policy receives one shuffled stream drawn from the
9,050 MP-20 test prompts and is updated for 400
GRPO steps with a batch size of 16, correspond-
ing to 6,400 adaptation prompts. We then evaluate
the checkpoint on all 9,050 prompts. Thus, the
main protocol is batch-level and partially transduc-
tive: evaluation includes prompts both encountered
and not encountered during adaptation. No target
Crystal Strings or reference structures are used for
rewards.

Attribution Controls The comparisons isolate
three effects: Crystal-Text-LLM — High-Precision
SFT measures the end-to-end effect of represen-
tation precision under SFT; High-Precision SFT
— Standard RL measures verifier-guided optimiza-
tion on training prompts; and High-Precision SFT
or Standard RL — TTRL measures adaptation on
target prompts. The 49.28% to 96.17% result in
Appendix B.2 is an encoding—decoding fidelity test,
not an end-to-end generation improvement.

2Publicly available at https://github.com/microsoft/
mattergen
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Evaluation Protocol For each prompt, we sam-
ple N = 10 candidates from the same fixed check-
point. Average candidate performance (AVE) av-
erages the evaluation metric over all N candidates,
whereas Best-of-N (BoN-10; Appendix A.3) uses
the task verifier to select one candidate and reports
the metric of that selected candidate. We then ag-
gregate the prompt-level results over the evaluation
set. The reported mean + sample standard devia-
tion is computed over three independent inference
seeds. Neither AVE nor BoN-10 performs parame-
ter updates during evaluation.

4.2 Evaluation Metrics and Verification
Protocol

We evaluate the generated crystals based on their
adherence to three key property constraints:

* Band Gap: Measured by the Mean Squared Er-
ror (MSE) relative to the target value and the Hit
Rate (percentage of structures within [0, 0.01]
eV for metallic targets).

* Symmetry: Measured by the Match Ratio, de-
fined as the percentage of generated structures
whose space group number exactly matches the
target.

* Chemical Composition: Measured by the Jac-
card Similarity between the generated and target
reduced chemical formulas.

We additionally report structural and composi-
tional validity, stability, and the Stable-Unique—
Novel (SUN) rate to check whether improved prop-
erty control degrades general crystal quality (Ap-
pendix D.7).

Verification Hierarchy Band-gap evaluation fol-
lows three levels. First, MEGNet provides the effi-
cient on-policy reward and the primary band-gap
metric. Second, ALIGNN, which is not used for
policy optimization, independently re-evaluates the
held-out experiment. Third, DFT calculations as-
sess ALIGNN-selected candidate pools at higher fi-
delity. MEGNet’s correlation with DFT (r = 0.79;
Appendix D.6) supports its use as an informative
surrogate but does not guarantee candidate-level
ranking or eliminate proxy bias.

4.3 In-Distribution Conditional Generation

We first evaluate single-property symmetry and
band-gap control, then examine whether these

gains persist when chemical composition is im-
posed as an additional constraint. Section 4.4 sub-
sequently tests transfer from OOD-Adapt prompts
to instance-disjoint OOD-Test prompts under inde-
pendent evaluators.

Symmetry Control Table 1 reports symmetry-
control results; A denotes the symmetry reward
weight (A1 in Eq. 4). At A = 2.0, TTRL raises
AVE exact matching to 35.77%, versus 26.01%
for High-Precision SFT and 29.81% for Stan-
dard RL. With composition constraints, it raises
BoN matching to 48.91%, versus 42.01% and
42.35%, respectively. Its 1.48-point BoN gain
over PLalD++ is modest but statistically supported,
while the compound-constraint gains are larger
(Appendix D.2). Qwen3.5-9B shows the same
trend (Table 17).

Band Gap Optimization Table 2 evaluates band-
gap control using MSE and a binary metallic Hit
Rate. At A = 2.0, TTRL reduces single-condition
BoN MSE to 1.074, from 2.462 for High-Precision
SFT and 1.840 for Standard RL; its difference
from PLalD++ (1.083) is not statistically signifi-
cant. With composition constraints, TTRL achieves
0.339 MSE and over 99% similarity. Its differ-
ence from Standard RL (0.357) is likewise not sta-
tistically significant, whereas its gains over High-
Precision SFT and PLalD++ are significant (Ap-
pendix D.2). Hit Rate emphasizes the dominant
near-zero-band-gap region, while MSE captures
continuous accuracy. Qwen3.5-9B shows the same
trend (Table 18).

Compound Constraints TTRL retains strong
composition adherence while improving the target
property under compound constraints. At A = 2.0,
BoN composition similarity reaches 99.40% for
Symmetry + Composition and 99.11% for Band
Gap + Composition, alongside the best correspond-
ing property results in Tables 1 and 2. This indi-
cates that the target-property gains do not require
sacrificing the prompt-specified chemical composi-
tion.

4.4 Held-Out Adaptation and Independent
Verification

Instance-Disjoint Upper-Tail Split To test gen-
eralization beyond both the supervised property
range and the prompts used for adaptation, we ex-
clude every MP-20 structure with reference band
gap F, > 2.5 eV from SFT, Standard RL, vali-
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Table 1: Results for conditional crystal generation with symmetry constraints. Standard RL denotes optimization
on training prompts, while TTRL-Symmetry denotes target-prompt adaptation. The super-columns Symmetry
and Symmetry + Composition denote the constraints in the input prompts: single-condition and multi-condition
generation, respectively. A denotes the weight of the symmetry reward. All results are reported as mean + sample
standard deviation over three inference seeds. Results of BoN sampling are highlighted with blue background.

RL Params Symmetry Symmetry + Composition
Method o)) Match Ratio (%) T Match Ratio (%) T Similarity (%) 1
Crystal-Text-LLM — 23.08 48.92 25.17 39.38 96.87 98.95
High-Precision SFT — 26.01 51.95 29.92 42.01 95.38 98.07
MatterGen (Fine-tuned) — 24.92 35.98 24.33 29.45 95.85 96.87
PLaID++ (3D Coord-SG DPO) — 32.40 53.19 31.70 39.82 96.17 96.99
1.0 26.53 51.06 29.76 41.16 97.23 99.20
Standard RL-Symmetry 2.0 29.81 52.43 31.17 42.35 94.77 99.04
4.0 17.66 29.13 28.71 29.15 90.09 26.50
1.0 28.78 51.88 30.22 44.72 98.69 99.44
TTRL-Symmetry 2.0 35.77 54.67 35.58 48.91 95.40 99.40
4.0 19.47 32.03 28.03 28.93 91.01 27.38

Table 2: Results for conditional crystal generation with band-gap constraints. Standard RL denotes optimization
on training prompts, while TTRL-Bandgap denotes target-prompt adaptation. The super-columns Band Gap
and Band Gap + Composition denote the constraints in the input prompts: single-condition and multi-condition
generation, respectively. A denotes the weight of the band gap reward. All results are reported as mean + sample
standard deviation over three inference seeds. Results of BoN sampling are highlighted with blue background.

. Band Gap Band Gap + Composition
Meth RL P 1

ethod arams  Sampling MSE | Hit Rate (%) 1 MSE | Hit Rate (%) T Similarity (%) 1

AVE 6.335 81.70 3.539 77.10 96.37

Crystal-Text-LLM - BoN 2.785 99.98 0.596 95.38 95.71

. iy AVE 6.182 79.85 3.587 76.23 94.65

High-Precision SFT - BoN 2.462 99.94 0.411 96.01 93.91

. AVE 5.459 79.17 2.507 75.44 96.02

MatterGen (Fine-tuned) - BoN 1.682 97.03 0.409 89.85 97.32

AVE 6.621 85.23 4.125 80.72 96.88

PLalD++ (3D Coord-BG DPO) - BoN 1.083 99.12 0.917 97.43 95.46

o AVE 6.443 62.07 3.628 57.16 95.07

Standacd RL-Bandgap BoN 2.501 69.56 0.420 80.20 99.06

20 AVE 5.132 31.07 2.499 50.77 98.22

: BoN 1.840 96.03 0.357 93.04 99.05

o AVE 6.135 64.41 3.895 55.30 99.07

TTRL-Bandgap BoN 2.653 75.40 0.482 86.12 97.34

20 AVE  4.797 30.68 2.285 46.59 99.12

: BoN 1.074 97.39 0.339 94.83 99.11

dation, hyperparameter tuning, and checkpoint se-
lection. The resulting upper-tail region is split by
material instance into OOD-Adapt (4,017 struc-
tures) and OOD-Test (1,722 structures). TTRL ob-
serves only conditional prompts from OOD-Adapt,
without their target structures, and is frozen before
evaluation on OOD-Test. Reduced formulas may
overlap, so this experiment establishes transfer to
unseen structures and prompts within a held-out
property region, not to unseen compositions or ar-
bitrary distribution shifts.

Independent-Evaluator and DFT Evidence Ta-
ble 3 shows that TTRL transfers from OOD-Adapt
to disjoint OOD-Test prompts and preserves the
method ordering under ALIGNN, which is not used
as the reward. TTRL without BoN also improves
over High-Precision SFT with BoN-10 (MEGNet

MSE 1.92 vs. 2.40), separating parameter adap-
tation from candidate selection. In an ALIGNN-
guided DFT screening pipeline, 100 selected valid
and unique candidates per BoN method yield DFT
MAE values of 1.28, 1.10, and 0.72 eV for High-
Precision SFT, Standard RL, and TTRL, respec-
tively. These selected pools provide higher-fidelity
corroboration but are not unbiased samples of the
complete generation distributions (Appendix D.1).

4.5 Robustness and Generality

Failure Modes and Reward Design A first-
failure analysis identifies exact space-group mis-
match, rather than parsing, validity, or compo-
sition errors, as the dominant failure mode (Ap-
pendix D.3). Controlled ablations further show that
the composition reward mitigates reward-driven
mode collapse, while moderate syngony shaping

47904



Table 3: Target-property performance on OOD-Test. Target tolerance denotes |Eg — E4| <0.5eV. All results are
reported as mean £ sample standard deviation over three inference seeds. Results of BoN sampling are highlighted

with blue background.
. Band-Gap Error Target Satisfaction
Method Evaluat
etho valuation MEGNet MSE | ALIGNN MSE | Tolerance (%) T E; > 2.5¢V (%) 1
. iy AVE 6.10 6.55 20.8 385
High-Precision SFT BoN 2.40 2.75 44.6 66.2
AVE 4.85 5.20 27.5 45.8
Standard RL BoN 1.85 2.10 52.7 72.9
AVE 1.02 2.25 19.8 68.6
TTRL BoN 0.88 1.08 71.4 86.3

improves exact space-group control over exact-only
training (Appendix D.4).

Structural Quality On LLaMA-2-7B, TTRL
preserves 100% structural validity and a Stabil-
ity Rate close to High-Precision SFT (6.18% vs.
6.24%), while increasing the SUN rate from 4.03%
to 4.48%. It also reduces the Wasserstein distances
for density and number of elements from 0.101 and
0.025 to 0.033 and 0.019, respectively (Table 20).
These proxy results show unchanged structural va-
lidity and similar stability, although the absolute
stability rates remain limited and require higher-
fidelity validation.

Cross-Backbone Evidence With Qwen3.5-9B,
TTRL improves Symmetry + Composition BoN
matching from 43.26% to 52.38%, reduces Band
Gap + Composition BoN MSE from 0.386 to 0.286,
and raises the SUN rate from 4.28% to 5.08% (Ta-
bles 17-19). This supports effectiveness beyond
LLaMA-2-7B, while results from two model fami-
lies do not establish universal architecture indepen-
dence.

4.6 Bounded Multi-Objective Design via
Model Merging

We evaluate bounded interpolation between sym-
metry and band-gap experts while retaining com-
position as a regularizing constraint. We compare
MM against separately trained MORL baselines
at the same evaluated weights. Detailed numer-
ical results are provided in Appendix D.8. It is
worth noting that across all settings, the chemical
composition similarity remains consistently high
(> 95%), acting as a satisfied constraint. Thus, we
focus our analysis on the trade-off between sym-
metry and band gap.

Pareto Optimality: MM vs. MORL Figure 2
visualizes the Pareto fronts formed by these two
methods. The Optimization Direction arrow indi-
cates that the ideal model should achieve low MSE

and high Match Ratio (bottom-right corner). The
MM front is competitive with the MORL front
and is better at two evaluated transition points.
For instance, at the balanced interpolation point
(u = 0.5), MM achieves a lower Band Gap MSE
(2.440 vs. 2.508) and a higher Symmetry Match
Ratio (27.31% vs. 26.83%) compared to the MORL
counterpart (A = 0.5). This provides a proof of
concept that the two adapted endpoints admit use-
ful bounded interpolation.

3.8 /—a
3.6 Rsymmetry /
* (M=A=1)
—~3.4{ Crystal-Text-LLM plus

A

MM front: {(1 —p)- 61+ - 62},
—4— MORL front: {9(1 =) X Rbandgap + A X Rsymme,,y}/\

w
[N)

Band Gap MSE (eV?
N w
© o

MORL for A =0.5
Optimization

Rbandgap \ Direction

(u=A=0) \
MMforu=o.5\

N
o

N
>

— =

20.0 225 25.0 275 30.0 325 350
Match Ratio (%)

2.2

Figure 2: Comparison of Pareto fronts for simultane-
ous symmetry and band gap optimization. The blue
star represents the initial SFT baseline. The purple
triangles represent discrete MORL models trained with
varying reward weights (\). The red circles represent
MM models obtained by interpolating specialist model
weights (1). MM is competitive with MORL in the eval-
uated bounded two-objective interpolation range while
using only two trained endpoints.

Zero-Shot Adaptation Efficiency MM offers a
distinct advantage in computational cost. Generat-
ing the MORL Pareto front requires re-training a
separate model for every specific weight combina-
tion (). For instance, fine-tuning a single policy re-
quires approximately 3 hours on 8 NVIDIA A800
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Table 4: Surrogate-predicted hit rate in wide-bandgap
screening. A hit is not an experimentally or DFT-
certified material. LLEMA uses GPT-40-mini with iter-
ative refinement.

Method Hit Rate (%) 1
CDVAE 0.04
MatterGen 6.45
Crystal-Text-LLM 1.21
High-Precision SFT 1.28
TTRL-Bandgap (Ours) 8.67
LLEMA (GPT-40-mini) 21.62

GPUs. Constructing a fine-grained Pareto front
(e.g., 10 distinct preference points) with MORL
would thus demand roughly 240 GPU-hours. In
contrast, MM involves training single-property ex-
perts only once (the endpoints in Figure 2). Any
tested intermediate preference (1 € (0,1)) is ob-
tained by linear weight interpolation without an
additional RL run. These experiments do not eval-
uate extrapolation or higher-dimensional N-way
merging.

4.7 Wide-Bandgap Screening

We evaluate the framework in a realistic computa-
tional screening scenario for wide-bandgap semi-
conductors, which are important for power and
optoelectronic devices (Mashiko et al., 2016). This
study uses learned property predictors and does not
constitute experimental synthesis or first-principles
certification.

Experimental Setup and Criteria Following
Abhyankar et al. (2025), a generated candidate
is counted as a screening “Hit” when the predic-
tors jointly indicate: (1) band gap > 2.5 eV via
CGCNN (Xie and Grossman, 2018); and (2) for-
mation energy < —1.0 eV/atom and energy above
hull < 0.1 eV/atom via ALIGNN (Choudhary and
DeCost, 2021). We compare TTRL-Bandgap with
CDVAE (Xie et al., 2021), MatterGen (Zeni et al.,
2025), and LLEMA (Abhyankar et al., 2025).

Comparison with Baselines As shown in Ta-
ble 4, TTRL-Bandgap yields an 8.67% surrogate-
predicted Hit Rate, compared with 0.04% for CD-
VAE, 6.45% for MatterGen, and approximately
1.2% for the SFT baselines. The result indicates
improved candidate-pool quality under this screen-
ing pipeline, rather than certified stability or syn-
thesizability.

Efficiency vs. Closed-Source Agents LLEMA
obtains 21.62% using GPT-40-mini with iterative
refinement, whereas our 7B checkpoint performs
one-shot candidate generation. Because the sys-
tems use different backbones and search proce-
dures, this comparison primarily contextualizes
screening throughput rather than establishing a con-
trolled algorithmic ranking.

Overall, TTRL improves symmetry and band-
gap control on the in-distribution tasks while retain-
ing composition adherence and general structural
quality. The instance-disjoint upper-tail experiment
further shows transfer from OOD-Adapt to OOD-
Test prompts, with the improvement preserved by
ALIGNN and supported by DFT screening of se-
lected candidates. Finally, model merging recovers
competitive bounded two-objective trade-offs from
two endpoint experts without additional RL train-
ing for intermediate preferences, while the wide-
bandgap study illustrates the resulting candidate-
screening utility.

5 Conclusions

We presented a verifier-grounded alignment frame-
work for autoregressive crystal generation. TTRL
updates an LLM on target-prompt streams us-
ing feedback computed from generated structures,
without target reference structures, while bounded
interpolation between symmetry and band-gap ex-
perts provides preference control without retraining
every intermediate MORL policy. Controlled MP-
20 experiments separate representation, training-
prompt RL, and test-prompt adaptation effects. A
held-out upper-tail band-gap study further shows
transfer from OOD-Adapt to disjoint OOD-Test
prompts, and the method ordering persists under
an independent ALIGNN evaluator. These results
support verifier-guided adaptation for the evaluated
discrete and continuous constraints, but do not es-
tablish arbitrary distribution-shift generalization,
high-dimensional model merging, or experimental
realizability. The wide-bandgap study should there-
fore be viewed as surrogate-based computational
screening that produces candidates for subsequent
DFT calculations or laboratory validation.

Limitations

Adaptation and Generalization The main MP-
20 protocol adapts once on a test-prompt stream
and evaluates on the full test set, making it partially
transductive rather than independent per-request
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adaptation. Although the OOD-Adapt/OOD-Test
split removes prompt-instance overlap, it covers
only an upper-tail band-gap shift, may contain over-
lapping reduced formulas, and does not establish
transfer to unseen compositions, other shifts, or
datasets beyond MP-20.

Verification MEGNet and ALIGNN are learned
surrogates rather than DFT-level or experimental
oracles. Their correlations provide useful signals
but do not guarantee candidate ranking, and our
DFT analyses use selected candidate pools rather
than unbiased distribution samples. Generated can-
didates therefore require further first-principles and
experimental validation.

Methodological Scope Model Merging is evalu-
ated only for bounded linear interpolation between
symmetry and band-gap experts; extrapolation,
nonlinear preferences, and high-dimensional merg-
ing remain untested. Results from LLaMA-2-7B
and Qwen3.5-9B also do not establish architecture-
or scale-independent effectiveness. Moreover, un-
certainty over three inference seeds excludes vari-
ance across independently trained checkpoints.

Compute Cost Each property-specific adapta-
tion requires approximately 24 A800 GPU-hours,
excluding verifier and BoN inference. Although
amortized over 6,400 prompts, this remains costly
for small or latency-sensitive deployments. Future
work should investigate lighter updates, efficient
high-fidelity rewards, broader datasets and objec-
tives, and independently trained checkpoints.
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A Methodology and Implementation
Details

A.1 Prompt template and structure
representation

Table 5 illustrates the prompt template used for con-
ditional generation and the corresponding output
structure (Crystal String). The input prompt con-
sists of a task instruction, conditional constraints
(e.g., chemical formula, space group, band gap),
and a generation trigger. The output represents the
crystal structure as a sequence of lattice parame-
ters followed by atomic species and their fractional
coordinates.

A.2 GRPO Formulation and Experimental
Details

This appendix provides the mathematical formu-
lation of the Group Relative Policy Optimization
(GRPO) algorithm omitted from the main text for
brevity, followed by the detailed hyperparameter
settings used in our experiments.

A.2.1 GRPO Objective Formulation

Unlike standard PPO, which utilizes a value func-
tion critic, GRPO estimates the baseline directly
from the group average of rewards. Given a con-
ditional generation prompt z, the LLM 7y auto-
regressively generates a crystal string ¥, consisting
of T tokens {y1, 2, ...,yr}. We use RL to opti-
mize the policy to maximize the expected reward
from a verifier:

max J(0) := Epup ymmg() [RW)],  (5)
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Generation Prompt Crystal string

6.09 6.09 6.09
104.3 104.3 120.3

<s> Below is a description of a
bulk material.

The chemical formula is Th

Th2Au. . 0.1574 0.6574 0.8148
The spacegroup number is 225.

The band gap is 0.0 eV. Th

0.8426 0.3426 0.1852

Generate a description of the Th
lengths and angles of the lattice (3426 0.1574 0.5000
vectors and then the element Th

type and coordinates for each
atom within the lattice: 0.6574 0.8426 0.5000
Au

0.2500 0.2500 0.0000
Au
0.7500 0.7500 0.0000

[Crystal string] </s>

Table 5: Prompt template and output representation. The
blue text indicates the conditional constraints (omitted
for unconditional generation). The purple text repre-
sents the target crystal string, comprising lattice parame-
ters (lengths and angles) and atomic sites (element type
and fractional coordinates).

where D represents the data distribution and R(y)
is the reward function.

For each prompt x, we sample a group of G re-
sponses {y*, 4%, ...,y"} and estimate the advan-
tage for the i-th response as:

PNELCA et > LTI
sta (R )

Note that the advantage is computed at the se-
quence level and assigned to each token. The
GRPO objective is then formulated as:

rel Z % Z { min [piytfii,

i=1 t=1

—_

J(0) = Epop
clip(pi¢, 1 — ¢, 1+ E)AZ]

- /BDKL(WHWMJ”)}
@

o (y§ ‘_xvyi<_t)
Told (ytL ‘x’yét)

pling ratio, € is the clipping threshold, and S is the
KL penalty coefficient.

To ensure stability during training, the KL diver-
gence term is approximated using the estimator:

where p;; = is the importance sam-

Drcr(mg||mres) = re —logre — 1, ®)

Tref (y; ‘xyyz<t)
) L UHER T
ratio between the reference model and the current

policy.

where r; = represents the probability

A.2.2 Implementation Details and
Computational Budget

We implemented our framework using the verl
library. All experiments were conducted on a com-
pute node equipped with NVIDIA A800 (80GB)
GPUs. Each Standard RL or TTRL run uses 400
optimization steps and takes approximately 3 hours
on 8 GPUs, or 24 GPU-hours per property-specific
model. For TTRL, a batch size of 16 corresponds
to 6,400 adaptation prompts. This is not indepen-
dent single-prompt latency because prompts and
rollouts are processed in parallel. Symmetry and
band-gap runs have similar end-to-end time; MEG-
Net rewards are evaluated asynchronously with a
40-thread pool.

TTRL is not trained independently for each test
prompt. For each objective, we shuffle the com-
plete set of 9,050 MP-20 test prompts and perform
one batch-level adaptation run. The resulting check-
point is evaluated on all 9,050 prompts, including
prompts both seen and unseen during adaptation.
We therefore describe this setting as partially trans-
ductive test-time adaptation. The explicitly held-
out protocol in Appendix D.1 removes this overlap
by adapting on OOD-Adapt and freezing the check-
point before evaluation on OOD-Test. Detailed hy-
perparameters for the supervised fine-tuning (SFT),
RL, and inference stages are summarized in Ta-
ble 6. To ensure a fair and rigorous comparison,
we strictly maintained identical RL hyperparam-
eters (e.g., learning rate, KL. penalty coefficient)
across both the Standard RL (training set) and the
Label-Free TTRL (test set) experiments.

A.3 Best-of-N (BoN) Sampling Strategy

Drawing inspiration from high-throughput materi-
als screening (Kirklin et al., 2013), which discov-
ers functional materials by filtering large candidate
pools, we adapt the Best-of-N (BoN) strategy to our
generative framework. Recent studies have demon-
strated that LLMs can generate superior structural
distributions when coupled with iterative selection
mechanisms (Sriram et al., 2024). In our condi-
tional crystal material design, BoN serves as a ver-
satile inference-time optimization method that al-
lows users to customize selection criteria without
retraining the model.
The procedure is defined as follows:

1. Candidate Generation: For a given prompt
x, the LLM policy mg generates N candidate
structures {y1, y2,. .., YN}
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Table 6: Detailed experimental settings and hyperpa-

rameters.
Parameter Value
SFT Training
Base Model LLaMA-2-7B
Epochs 65
Batch Size 32
Initial Learning Rate le-4
LR Scheduler Cosine
LoRA Rank 8
LoRA Alpha 32
LoRA Dropout 0.05
RL Training (Both Standard RL & TTRL)
Implementation verl v0.5
KL Penalty Coeff. () le-3
Initial Learning Rate le-5
LoRA Rank 32
LoRA Alpha 32
Training Batch Size 16
Target Modules All Linear
Training Steps 400
Adaptation Prompts (TTRL) 6,400
Group Size (G) 40
Rollout Batch Size 64
Rollout Temperature 0.7
Rollout Nucleus Sampling p 0.9
Inference & Sampling
Temperature 0.7
Nucleus Sampling p 0.9
Best-of-N (V) 10
Evaluation Prompts 9,050
Hardware / Wall Time 8 A800 / ~3 hours

2. Verifiable Evaluation: Each candidate y; is
evaluated using a task reward R(y;, x) (e.g., a
symmetry checker or learned property surro-

gate).

3. Selection: The optimal candidate y* is se-

lected to maximize the reward:

*
y =
vi€{y1, U~}

Specific Settings in Experiments

argmax R(y;,x) )

We apply BoN

with specific reward definitions for different tasks:

* Symmetry Optimization (Table 1): The re-
ward is binary, indicating whether the struc-
ture’s space group (verified by PyMatgen)

matches the target.

In cases where multi-

ple candidates satisfy the constraint (multiple
matches), we select the first valid candidate to

report performance.

* Band Gap Optimization (Table 2): The re-
ward is defined as the negative Mean Squared
Error (MSE) between the target band gap and
the value predicted by the proxy model (MEG-
Net). The candidate with the minimum MSE
is selected as the final output.

B Data Analysis and Representation

B.1 Statistics of Band Gap in MP-20

Upon analyzing the band gap distribution within
the MP-20 dataset, we observed a significant data
imbalance: more than half of the entries possess a
band gap at or near 0 eV. Specifically, 62.08% of
the training set and 62.24% of the test set consist of
materials with a band gap below 0.01 eV (dashed
red line in Figure 3). We attribute this to the high
prevalence of metallic compounds in the dataset.
This long-tail distribution poses a challenge for Su-
pervised Fine-Tuning, as models tend to overfit to
the dominant zero-bandgap mode, necessitating the
exploration capabilities of Reinforcement Learn-
ing.

<0.01eV

<0.01eV
(62.4%)

e 8

2

Counts (Log Scale)
5 g

2

0 8 10

4 6
Band Gap (eV)

4 6
Band Gap (eV)

(a) Train set distribution (b) Test set distribution

Figure 3: Histograms of band gap values in MP-20,
plotted on a logarithmic scale. The red dashed line
marks the 0.01 eV threshold.

B.2 Representation Fidelity

We conducted representation fidelity experiments
to evaluate the recovery of structural properties
under different crystal representation precisions.
The experimental pipeline is illustrated in Figure 4.
Our process begins with raw CIFs from the MP-20
dataset. First, we encode these CIFs into crystal
strings using representation methods with varying
levels of precision. Subsequently, these strings are
parsed to reconstruct the decompressed CIFs. We
then employ symmetry analysis and learned prop-
erty models to compute key properties for both the
original CIF (C) and the decompressed CIF (C").
Finally, we quantify the fidelity of the representa-
tion by calculating the consistency between these
two sets of properties.
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Our fidelity experiments focus on the following
three properties:

* Symmetry: We use PyMatgen to extract the
space group number from the CIFs and calcu-
late the Match Ratio between C' and C'.

* Formation Energy: We utilize CHGNet (Deng
et al., 2023) to calculate the formation energy
and quantify the fidelity using the Mean Squared
Error (MSE).

* Band Gap: We leverage MEGNet to predict the
band gap (as detailed in Section 3.2.2) and use
MSE to measure fidelity.

The results indicate that our high-precision rep-
resentation significantly better preserves mate-
rial properties against information loss during the
compression-encoding process (cf. Table 7). We
refrain from further increasing the precision as the
current level already ensures sufficient fidelity; fur-
ther increases would incur unnecessary computa-
tional costs and training difficulties.

Table 7: Results of representation fidelity experiments.
Low denotes the original precision used in Crystal-Text-
LLM. High denotes the improved precision used in our
method (as shown in Table 5).

Metric Low Precision High Precision
Match Ratio (%) 1 49.28 96.17
MSE (Eform) | 3.44 x 1074 0.00
MSE (Band Gap) | 9.42 x 1072 2.83x 1073

C Experimental Setup and Evaluation
Protocols

C.1 Pre-Relaxation Evaluation Protocol

We adopt a strict pre-relaxation evaluation protocol
to rigorously assess the intrinsic generative capa-
bilities of our model. As emphasized by a recent
unified evaluation framework (Betala et al., 2025),
pre- and post-relaxation metrics measure different
aspects of a generator. We evaluate raw outputs
before relaxation so that improvements are not con-
flated with corrections introduced by an external
DFT or potential-based optimizer. This protocol
measures one-shot structural quality; it does not
establish synthesizability or experimental stability.

C.2 Configuration of PLalD++ Baselines

To decouple the alignment algorithm’s performance
from the underlying structural representation, we

Table 8: Upper-tail band-gap split.

Band-Gap Regime

Original Split B, <256V [, >25eV Total
Training 23,647 3,489 27,136
Validation 7,923 1,122 9,045
Test 7,922 1,128 9,050
Total 39,492 5,739 45,231

adopt the variant of PLalD++ utilizing standard 3D
coordinates. Specifically, we establish two distinct
Direct Preference Optimization (DPO) variants tai-
lored for symmetry and band gap optimization:

* Symmetry: We build the PLaID++ (3D
Coord-SG DPO) variant upon the super-
vised fine-tuned PLalD++ base model with
3D coordinate representations. Following Xu
et al. (2025), we conduct DPO using pref-
erence samples drawn from seven typical
space groups (P1, C2/c, Amm2, [4m?2, P3,
P63/mmc, and F43m).

* Band Gap: Utilizing the same SFT base
model, we construct preference pairs by com-
paring the Mean Squared Error (MSE) be-
tween the target band gap and the predicted
band gap of the generated structures, as eval-
uvated by MEGNet. We then acquire the
PLaID++ (3D Coord-BG DPO) variant by
applying the identical DPO training pipeline
used for the symmetry model.

D Additional Results and Verifications

D.1 Held-Out Upper-Tail Adaptation

Controlled Split For the controlled OOD ex-
periment, all structures with reference band gap
E, > 2.5 ¢V are excluded from SFT, Standard RL,
validation, hyperparameter tuning, and checkpoint
selection. The 45,231 MP-20 entries are partitioned
as shown in Table 8. The 5,739 OOD structures
are further divided with seed 2026 into instance-
disjoint OOD-Adapt (4,017) and OOD-Test (1,722)
subsets. No material identifier or exact duplicate
structure occurs in both subsets, although reduced
formulas may overlap. TTRL observes only OOD-
Adapt conditional prompts and never their target
Crystal Strings or CIF structures.

Target-property results are reported in Table 3.
Table 9 shows that the improvement does not mate-
rially reduce validity, composition fidelity, unique-
ness, novelty, or the Stable-Unique—Novel (SUN)
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Figure 4: Illustration of the representation fidelity experiment pipeline. We measure the consistency of properties
(Symmetry, Formation Energy, Band Gap) derived from the original CIF (C') and the reconstructed CIF (C”) after
the encoding-decoding process. High consistency indicates minimal information loss during representation.

rate. Structural quality is reported under AVE be-
cause BoN ranks candidates by band-gap error
rather than these quality metrics.

Paired OOD Comparisons For each prompt,
metrics are averaged over three inference seeds.
We compute 95% intervals with 10,000 paired-
bootstrap resamples over prompts and two-sided
p-values with 10,000 paired sign-flip permutations.
Table 10 shows that TTRL improves over the non-
adapted controls, including when compared with
High-Precision SFT using BoN-10.

In-Distribution Retention After OOD adapta-
tion, we evaluate the policy on the 7,922 original
test structures with £y, < 2.5 eV. Table 11 indi-
cates limited forgetting relative to the ID-trained
controls.

DFT Screening For each BoN method, we rank
valid and unique candidates with ALIGNN rather
than the optimized MEGNet reward and run DFT
on the top 100. Candidate-level intervals use
10,000 bootstrap resamples. Table 12 evaluates
selected-pool quality under this screening pipeline;
it is not an unbiased estimate of the complete gener-
ation distribution, and overlapping intervals should
not be interpreted as significant pairwise differ-
ences.

D.2 Statistical Robustness

Tables 1 and 2 report sample standard deviations
over three independent inference seeds for the
principal comparisons. These estimates capture
stochastic decoding and candidate sampling, not

variance across independently trained RL check-
points. For prompt-level inference, we average
each prompt over the three seeds, use 10,000 paired-
bootstrap resamples for 95% intervals, and use
10,000 two-sided paired sign-flip permutations for
p-values. Prompts, rather than individual BoN can-
didates, are the independent units.

The single-condition band-gap comparison with
PLaID++ and the compound-condition comparison
with Standard RL are statistically comparable. We
consequently avoid claiming significant improve-
ment for these two cases.

D.3 Failure Analysis

We analyze the final BoN-selected output for ev-
ery Symmetry + Composition prompt. Each out-
put is assigned to the first failed stage: parsing,
pre-relaxation structural validity, exact reduced-
composition matching, or exact space-group match-
ing. The mutually exclusive categories in Table 14
show that TTRL primarily reduces symmetry mis-
match rather than formatting or lower-level validity
erTors.

D.4 Reward Ablations

Syngony-Level Shaping The partial syngony re-
ward is used only during RL training; all reported
Match Ratios require exact space-group agreement.
Under High-Precision SFT, 26.0% of candidates
exactly match the target and an additional 35.1%
match only its syngony, so partial credit provides a
denser training signal. We vary the same-syngony
reward « while fixing initialization, prompt stream,
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Table 9: Structural quality on OOD-Test under AVE. All results are reported as mean + sample standard deviation

over three inference seeds.

Method Validity (%) 1 Similarity (%) T Stability (%) 1T Uniqueness (%) T Novelty (%)1 SUN (%) 1
High-Precision SFT 96.8 96.1 6.25 924 89.6 4.32
Standard RL 96.4 96.8 6.94 91.9 89.2 4.46
TTRL 96.7 97.3 6.08 92.0 89.4 4.84

Table 10: Paired comparisons on OOD-Test. Positive A MSE denotes a reduction in prompt-level MEGNet MSE in

favor of TTRL.

. Improvement Statistical Significance
Comparison Protocol - -

A MSE 1 Relative Reduction (%) T 95% CI p

TTRL vs. High-Precision SFT AVE vs. AVE 4.18 68.5 [3.76, 4.61] < 0.001
TTRL vs. Standard RL AVE vs. AVE 2.93 60.4 [2.55, 3.31] < 0.001
TTRL vs. High-Precision SFT + BoN AVE vs. BoN-10 0.48 20.0 [0.22, 0.74] 0.008
TTRL + BoN vs. High-Precision SFT + BoN BoN-10 vs. BoN-10 1.52 63.3 [1.34, 1.70] < 0.001
TTRL + BoN vs. Standard RL + BoN BoN-10 vs. BoN-10 0.97 52.4 [0.80, 1.15] < 0.001

Table 11: In-distribution retention after OOD adaptation under AVE. All results are reported as mean + sample
standard deviation over three inference seeds.

Target-Property Performance

Structural Quality

Method MSE | Tolerance (%) 1 Validity (%) 7 Similarity (%) T SUN (%) 1
High-Precision SFT 2.35 72.4 97.1 96.6 6.60
Standard RL 2.20 73.8 96.9 97.0 6.63
TTRL 2.39 72.0 96.8 97.2 6.58

Table 12: DFT evaluation of selected OOD candidate pools

bootstrap confidence intervals.

. Results are reported as point estimates with 95%

Method DFT Property Error Target Satisfaction

DFT MAE | Tolerance Hit (%) 1 Wide-Gap Hit (%) T
High-Precision SFT + BoN 1.28[1.12,1.45] 32.0[23.0,41.0] 58.048.0,68.0]
Standard RL + BoN 1.10(0.95, 1.26] 39.01(30.0,49.0] 64.0(54.0,73.0]
TTRL + BoN 0.72(0.61,0.84] 61.0(51.0,70.0] 79.0(70.0,87.0]

Table 13: Prompt-level paired statistical comparisons. A positive improvement favors TTRL.

Task / Metric Comparison Improvement 95% CI P
Symmetry TTRL vs. High-Precision SFT +2.72 pp [1.80, 3.63] < 0.001
BoN Match TTRL vs. PLalD++ +1.48 pp [0.55, 2.40] 0.0024
TTRL vs. Standard RL +2.24 pp 1.31, 3.17 < 0.001
.o TTRL vs. High-Precision SFT +6.90 pp 5.83, 7.95 < 0.001
gﬁnﬁ;ﬁ; Composition TTRL vs. PLalD++ +9.09 pp [8.03, 10.14] < 0.001
TTRL vs. Standard RL +6.56 pp 5.48, 7.63 < 0.001
Band Gap TTRL vs. High-Precision SFT 1.388 1.21, 1.57 < 0.001
BoN MSE TTRL vs. PLaID++ 0.009 [—0.018, 0.036] 0.516
TTRL vs. Standard RL 0.766 [0.61, 0.92] < 0.001
Band Gap + Composition TTRL vs. High-Precision SFT 0.072 [0.048, 0.096] < 0.001
BoN MSE TTRL vs. PLaID++ 0.578 [0.49, 0.67] < 0.001
TTRL vs. Standard RL 0.018 [—0.004, 0.038] 0.114

400-step budget, A = 2.0, and BoN-10 evaluation.
Table 15 shows that exact-only training improves
over SFT, moderate shaping gives the best exact-
match results in the tested range, and stronger shap-
ing overemphasizes coarse symmetry. We therefore
treat o = 0.5 as an empirical default rather than a

theoretically optimal value.

Composition Reward and Mode Collapse We
compare property-only rewards with the composite
rewards in Eq. 4, holding the prompt order, ran-
dom seed, optimization settings, and evaluation
prompts fixed. At each saved checkpoint, ten fresh
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Table 14: First-failure decomposition for Symmetry + Composition generation. Percentages are computed over test

prompts and sum to 100% within each method.

First-Failure Rate (%) |

Method Parse Invalid Composition Symmetry Success (%) 1
High-Precision SFT 0.3 1.1 1.8 54.8 42.0
Standard RL 0.3 1.3 1.5 54.5 424
TTRL 0.2 0.9 1.1 48.9 48.9

Table 15: Sensitivity to the same-syngony partial reward. All results are reported as mean £ sample standard

deviation over three inference seeds.

Method o Exact Symmetry Symmetry + Composition Syngony
AVE (%) 1 BoN (%) 1 AVE (%) 1 BoN (%) 1 AVE (%) 1
High-Precision SFT — 26.01 51.95 29.92 42.01 61.12
TTRL exact-only 0.00 32.16 52.74 32.71 45.86 64.02
TTRL weak shaping 0.25 34.61 54.02 34.71 47.96 66.87
TTRL default 0.50 35.77 54.67 35.58 48.91 68.15
TTRL strong shaping 0.75 34.88 53.79 34.69 47.72 70.92

candidates are sampled per prompt and grouped
by structural equivalence rather than raw-string
equality. Table 16 shows that property-only op-
timization rapidly concentrates on a few structures.
The prompt-dependent composition reward pre-
serves approximately 90% uniqueness and limits
the largest cluster to about 3%. This supports the
specific conclusion that Rconp mitigates reward-
driven structural mode collapse; it does not by itself
prove physical validity.

D.5 Cross-Backbone Evaluation

We repeat the High-Precision SFT and TTRL
pipeline using Qwen3.5-9B-Base (Qwen Team,
2026). Both backbones use the same MP-20 splits,
high-precision representation, prompts, rewards,
optimization procedure, and inference protocol.
The experiment changes the underlying LLM but
does not establish universal cross-architecture gen-
erality.

D.6 Validation against Ground-Truth DFT

To assess the scope of MEGNet as a learned surro-
gate reward, we compare its predictions with Den-
sity Functional Theory (DFT) calculations. This ex-
periment provides partial evidence about surrogate
fidelity but does not treat MEGNet as a physical
oracle.

Experimental Setup We utilized the model opti-
mized via Label-Free TTRL to perform conditional
generation targeting band gap constraints across
the MP-20 test set. From the generated pool, we se-
lected 100 structures with low MEGNet-predicted

error and computed their band gaps using the Vi-
enna Ab initio Simulation Package (VASP) with
the PBE functional (Perdew et al., 1996). Because
the sample is selected by the optimized surrogate,
it is not an unbiased estimate of the full generated
distribution.

Correlation Analysis Figure 5 shows a positive
MEGNet-DFT association, with Pearson r = 0.79
and MAE 1.21 eV. GRPO normalizes rewards
within each sampled group, so systematic calibra-
tion bias may be less consequential when local can-
didate ordering is preserved. Pearson correlation,
however, does not prove correct ordering for every
group, and the observed MAE leaves meaningful
room for proxy bias. The independent ALIGNN
and ALIGNN-guided DFT results in Appendix D.1
provide complementary evaluation beyond the op-
timized reward model.

D.7 Basic Evaluation: Proxy Metrics and
Stability

We evaluated the comprehensive generative perfor-
mance on the MP-20 dataset, focusing on standard
proxy metrics and the SUN (Stable, Unique, and
Novel) rate. Detailed results are presented in Ta-
ble 20. Stability and SUN rates were calculated
following the methodology established by Miller
et al. (2024). For the RL evaluation, we use the
LLaMA-2-7B TTRL checkpoint reported in the
main conditional-generation experiments. In or-
der to avoid the effect of representations of crystal
structures, we compared with PLalD++ (3D Co-
ord) (Xu et al., 2025) where the crystal structures
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Table 16: Training dynamics with and without the composition reward. Unique Structure Ratio measures structural
diversity during training, while Dominant Mode reports the frequency of the most common structure at step 400.

N Unique Structure Ratio (%) 1 Dominant Mode (%) |
Objective  Reward Step0 25 50 100 200 400 Step 400
Symmetry ARsym 94.8 76.3 43.7 14.5 9.8 8.9 70.6

ARsym + Rcowmp 94.8 94.1 93.5 92.8 92.0 914 2.7
Band Gap ARBc 94.8 60.5 21.8 8.4 6.9 6.3 78.2
ARBG + Rcowmp 94.8 93.7 92.9 91.8 90.7 89.9 3.2

Table 17: Cross-backbone results for symmetry-controlled crystal generation. All results are reported as mean
+ sample standard deviation over three inference seeds. Results of BoN sampling are highlighted with blue

background.

Symmetry Symmetry + Composition
Backbone Optimization Match Ratio (%) 1 Match Ratio (%) 1 Similarity (%) 1
AVE BoN AVE BoN AVE BoN
High-Precision SFT 26.01 51.95 29.92 42.01 95.38 98.07
LLaMA-2-78 TTRL 35.77 54.67 35.58 48.91 95.40 99.40
Qwen3.5-9B High-Precision SFT 27.36 53.08 31.08 43.26 95.72 98.31
TTRL 39.12 57.46 39.01 52.38 96.04 99.55

Table 18: Cross-backbone results for band-gap-controlled crystal generation. All results are reported as mean

=+ sample standard deviation over three inference seeds.
background.

Results of BoN sampling are highlighted with blue

Band Gap Band Gap + Composition
Backbone Optimization MSE | MSE | Similarity (%) 1
AVE BoN AVE BoN AVE BoN
High-Precision SFT 6.182 2.462 3.587 0.411 94.65 93.91
LLaMA-2TB pyge 4.797 1.074 2.285 0.339 99.12 99.11
Qwen3.5-9B High-Precision SFT 5.934 2.298 3.421 0.386 95.04 94.26
TTRL 4.312 0.901 2.018 0.286 99.27 99.34

Table 19: Cross-backbone structural quality. W (p) and W (N,;) denote Wasserstein distances for density and

number of elements, respectively.

R Validity (%) Coverage (%) Distribution Distance Stability (%)
Backbone Optimization a
Struct. T Comp. 1 Recall 1 Precision 1 W(p) | W (Na) | Stable 1 SUN +
LLaMA-2-7B High-Precision SFT 100.00 91.17 99.88 100.00 0.101 0.025 6.24 4.03
TTRL 100.00 91.05 99.98 100.00 0.033 0.019 6.18 4.48
Qwen3.5-9B High-Precision SFT 100.00 92.05 99.91 100.00 0.088 0.022 6.38 4.28
’ TTRL 100.00 92.20 99.99 100.00 0.025 0.015 6.47 5.08

are represented as text-based 3D coordinates.

Analysis Validity and coverage are high for
most methods. TTRL obtains the lowest reported
Wasserstein distances for density (p) and number
of elements (/V,;), while its Stability Rate remains
close to High-Precision SFT (6.18% vs. 6.24%)
and its SUN rate increases from 4.03% to 4.48%.
PLaID++ (3D Coord-DPO) has a higher raw Sta-
bility Rate but a lower SUN rate, illustrating why
stability alone is insufficient to characterize useful
candidate diversity. These proxy metrics comple-
ment, rather than replace, direct property-control
and high-fidelity evaluations.

D.8 Experimental Results of Multi-Objective
Design

To simulate varying preference weights, we con-
duct a two-objective optimization experiment tar-
geting symmetry and band gap. We assigned vary-
ing weights to each property to reflect different
trade-offs. Specifically, the control parameters A
(for MORL) and 4 (for Model Merging) were var-
ied across the set {0,0.25,0.5,0.75,1.0}. Detailed
quantitative results are presented in Table 21.
Within the tested range, MM is competitive with
the separately trained MORL baselines and is better
on both reported objectives at ;1 = 0.50 and 0.75.
Adjusting p provides intermediate symmetry—band-
gap trade-offs without another RL run. This is
evidence for bounded two-objective interpolation
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Table 20: Results of proxy metrics and stability evaluation on MP-20. wdist denotes the Wasserstein distance
between the generated and ground-truth distributions (lower is better). SUN Rate measures the percentage of
structures that are simultaneously Stable, Unique, and Novel.

Validity (%) 1 Coverage (%) T Property Distribution | Stability SUN Rate
Methods
Structural Composition Recall Precision wdist (p)  wdist (V) Rate (%)1 (%)t
CDVAE 100.00 86.70 99.10  99.50 0.688 1.430 5.40 —
DiffCSP 100.00 83.25 99.71  99.76 0.350 0.125 5.06 3.34
FlowMM 96.85 83.19 99.49  99.58 0.239 0.083 4.65 2.34
Crystal-Text-LLM 96.40 93.30 91.10  94.90 3.610 1.060 6.20 4.32
High-Precision SFT 100.00 91.17 99.88  100.00  0.101 0.025 6.24 4.03
PLaID++ (3D Coord) 98.93 89.94 99.12  98.03 1.819 0.106 7.20 2.81
PLaID++ (3D Coord-DPO)  96.62 89.94 99.03  99.18 1.332 0.122 13.94 1.69
TTRL (Ours) 100.00 91.05 99.98 100.00  0.033 0.019 6.18 4.48
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2 Figure 6: Sensitivity analysis of reward coefficients ().
The blue line (left axis) represents the Match Ratio for
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Figure 5: Parity plot comparing MEGNet-predicted and
DFT-calculated band gaps for 100 candidates selected
using MEGNet. The positive correlation (r = 0.79)
indicates an informative association, while the 1.21 eV
MAE and selection procedure limit stronger conclusions
about calibration or the complete generated distribution.

only; it does not establish extrapolation or general
N-way preference composition.

D.9 Sensitivity Analysis of Reward
Coefficients

To justify our hyperparameter choice, we con-
ducted a fine-grained parameter sweep for reward
coefficients A € [0.0, 4.0], balancing target proper-
ties against composition constraints. As illustrated
in Figure 6, both Symmetry (blue line) and Band
Gap (red line) objectives exhibit a consistent trend:
performance peaks at A = 2.0, with a Match Ra-
tio of 35.77% and an MSE of 4.797, and remains

shaded gray region (A € [1.5, 2.5]) indicates the robust
operating range where the model achieves optimal trade-
offs between target properties and structural validity.

robust within the window A\ € [1.5,2.5] (shaded
region). Beyond this range (A > 3.0), performance
degrades sharply due to reward hacking, where
excessive weights compromise structural validity.
Consequently, we adopt A = 2.0 as the default
robust setting for all reported experiments.
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Table 21: Quantitative comparison for multi-objective conditional crystal material design. Match Ratio and
Similarity measure constraint alignment, while MSE and Hit Rate measure band-gap performance. The weights
A (for MORL) and p (for MM) control the trade-off between objectives. Weights 0.00 and 1.00 correspond to
the single-objective TTRL-Bandgap and TTRL-Symmetry experts, respectively, serving as the interpolation
endpoints. All results are reported as mean & sample standard deviation over three independent random seeds. MM
results are highlighted with gray background. Best mean results are in bold.

. Constraint Alignment Band-Gap Performance
Method Weight (\/1) -\ teh Ratio (%) 1 gSimilarity (%) 1 MSE | : Hit Rate (%) 1
Crystal-Text-LLM — 25.43 97.00 3.524 74.67
High-Precision SFT — 26.57 95.60 3.535 73.58
TTRL-Bandgap 0.00 18.39 98.01 2.285 50.37
MORL 0.25 23.65 97.98 2.319 49.26
MM 0.25 22.51 97.34 2.288 50.02
MORL 0.50 26.83 98.60 2.508 64.51
MM 0.50 27.31 98.12 2.440 57.33
MORL 0.75 31.51 97.54 3.319 59.37
MM 0.75 33.89 98.10 2.899 66.42
TTRL-Symmetry 1.00 35.58 96.88 3.772 62.68
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