AT4X - Accelerate, Singapore, 16-19 June 2026

LapidaryEngine: Feedback-Guided Iterative Text-to-Crystal Structure Generation

Yusei Ito “!? Yuta Suzuki“! Tomoya Murata“! Masaki Adachi
Lattice Lab, Toyota Motor Corporation *The University of Osaka.

tomoya_murata_aa@mail.toyota.co.jp.

1. Introduction

Al for materials research has experienced rapid
growth driven by recent progress in artificial intelli-
gence, with generative models increasingly applied
to materials discovery and design [1, 2, 3, 4, 5]. These
approaches promise to accelerate exploration of the
vast chemical and structural design space.

In parallel, large language models (LLM) have
demonstrated strong capabilities in reasoning and
problem formulation, enabling scientific tasks to be
expressed directly in natural language [6, 7, 8, 9, 10,
11, 12]. This development opens a new paradigm for
Al in materials science, in which users specify de-
sired properties or functions in text and obtain candi-
date crystal structures as outputs. Such text-to-crystal
structure generation enables the expression of am-
biguous or qualitative desiderata that are difficult to
capture using explicit physical property values alone.

Early work has demonstrated the feasibility of
this idea. GenMS and Chemeleon show that crys-
tal structures can be generated from textual descrip-
tions [13, 14]. However, these approaches rely on care-
fully crafted prompts and produce results in a single
step, which limits their usefulness in realistic design
settings. In practice, materials discovery is iterative
and uncertain: users rarely know their exact targets at
the outset, and design goals evolve as new constraints
emerge. One-shot generation therefore conflicts with
the inherently iterative nature of materials discovery.

Enabling a conversational, multi-round interface
requires models that can interpret and refine previ-
ously generated structures. However, existing meth-
ods lack this bidirectional capability because paired
data between crystal structures and text are scarce.
We address this gap with LapidaryEngine, the first
framework for fully conversational crystal structure
refinement.

Our key idea is a pivot representation that bridges
text and crystal structures, enabling bidirectional
mapping between crystal structures and natural lan-
guage without relying on directly paired training data.
We evaluated LapidaryEngine on a verifiable task
and confirmed that our method can incorporate user
desiderata through dialogue.

2. LapidaryEngine

Just as two languages without direct parallel data
(e.g., Kiswahili and Japanese) can communicate
through a shared pivot language like English, we in-
troduce a pivot representation to connect text and
crystal structures. Although no generative model cur-
rently supports crystal — text, there exists a rule-based
text generator for crystal structures: Robocrystallog-
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rapher [15]. This expression is not a property of the
crystal structure; rather, it is a text representation
that focuses solely on the structure itself and can be
generated in a rule-based manner.

As illustrated in Fig. 1(a), our workflow proceeds
as follows. We first map the user’s imprecise natural-
language prompt to a precise pivot description using
an LLM. We then employ a graph neural network
(GNN)-based diffusion model [14], trained on paired
(pivot, crystal) data, to generate candidate structures.
After generating a candidate structure, we convert
the crystal back into its pivot description and up-
date it based on user feedback using an LLM. The
refined pivot is then decoded again into a new crys-
tal structure. This closed-loop pipeline resolves the
second limitation—one-directional text-only genera-
tion—and makes iterative, conversation-style crystal
design possible.

Detailed descriptions of the methods are provided
in Appendix A.1.

3. Experiments

We demonstrated LapidaryEngine in Fig. 1(b) to
show whether crystal structures can be designed
from human feedback. Using the insulator (i.e., large
bandgap materials) discovery task as an example,
we illustrated how the crystal structure evolves over
three rounds of feedback. Each generated structure
is evaluated by predicting its bandgap using the prop-
erty predictor CrystalFramer [16]. In the first round,
we simply provided predicted property values ob-
tained from the property predictor. The model then
modified the structure while preserving the composi-
tion, successfully widening the bandgap. In the sec-
ond round, we instructed the model to replace stron-
tium with a more readily available element. Although
the bandgap slightly decreased, strontium was re-
placed with calcium, which is abundant on earth. In
the third round, we asked the model to increase the
distance between structural units to disrupt conduc-
tion pathways. The model responded by editing the
structure while maintaining the composition, result-
ing in enlarged inter unit distances. Overall, these
results demonstrate that our framework supports an
iterative and conversational design process, in which
initially vague user desiderata are gradually refined
into more concrete design constraints, including re-
strictions on elemental composition, rather than be-
ing treated as a fixed property optimization problem.

4. Discussions
In this study, we demonstrated that introducing
a linguistic description of structure as a pivot rep-
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Fig. 1: (a) Overview of LapidaryEngine, feedback-enabled framework for text-guided crystal structure genera-
tion. (b) Examples of crystal structures generated by our framework.

resentation makes it possible to connect text and
crystal structures in a feedback-capable manner. We
adopted the notation of Robocrystallographer since it
provides the most intuitive linguistic expression [15].
However other approaches such as SLICES [17] have
also been developed to describe crystal structures lin-
guistically [18]. A comparative investigation of these
representations will be left for future work.
Additionally, we focused on quantifiable proper-
ties such as formation energy and bandgap, which
can be evaluated through DFT calculations or their
surrogate machine learning models. Meanwhile, the
performance required in practical materials devel-
opment is often not something that can be directly
and quantitatively assessed; rather, it tends to involve
a combination of diverse and sometimes qualitative
requirements. Demonstrating our method in an ac-
tual materials development context would demand

advanced expertise and practical knowledge specific
to the field, and thus was not performed in this work.
The potential of this approach to extend to complex
materials development remains an interesting open
question.

5. Conclusions

This study presents LapidaryEngine, which
bridges the gap between traditional trial-and-
error-based materials development and current
ML methods that typically follow a “generate-once”
paradigm. By leveraging the pivot structural descrip-
tions provided by Robocrystallographer, we develop
a feedback-driven framework that enables crystal
structure generation guided by expert input. The
proposed framework paves the way for introducing
a new paradigm of human-AI collaboration in
materials design.
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Appendix A. Method details

A.I Details of LapidaryEngine

Algorithm A.l1 summarizes the proposed frame-
work described in Sec. 2. The initially provided
target property description p; is converted into a
Robocrystallographer-format structural description
d; by using an LLM, and a pure noise state is prepared
for crystal generation via GNN-based diffusion model.
Then the loop begins, consisting of two main stages.
The first stage (lines 4-7) generates a crystal struc-
ture from the structural description, while the second
stage (lines 8-13) receives feedback on the generated
crystal structure and, based on the result, produces
the next structural description and the noise state
to be denoised during generation. We adopted Al-
ibaba’s Qwen3-Next-80B-A3B-Thinking model [8] as
the LLMs. Each stage is described in detail in the
following Sec. A.1.1 and Sec. A.1.2.

A.1.1 Crystal structure generation from structural de-
scriptions

We employed Chemeleon [14] to generate crys-
tal structures from Robocrystallographer format de-
scriptions [15]. Details of the model are provided in
Sec. A.2. To encourage the model to generate crys-
tals that are physically plausible and more faithful to
the given text, we generated N = 10 candidate sam-
ples (i.e., each starting from a different pure noise
state). Among them, only the samples satisfying both
structural and compositional validity were retained,
following the validity criteria commonly used in pre-
vious studies [19, 20, 21]. Specifically, structural valid-
ity was determined by ensuring that no pair of atoms
was closer than 0.5 A, while compositional validity
was checked by confirming overall charge neutrality
using the SMACT library [22]. Finally, the structure
with the highest alignment score—analogous to the
CLIP score [23], which indicates the degree of seman-
tic consistency between the generated structure and
the text description—was selected as the final output.
This alignment score was computed by encoding the
crystal structures and the text with encoders trained
during the contrastive learning stage of Chemeleon
(see Sec. A.2), and then measuring the cosine similar-
ity between their embeddings. Note that if none of
the structures passes the validity check, the iteration
is reset and repeated.

A.1.2 Crystal structure refinement

To design the next crystal structure, feedback p,Eb =
Feedback(cy) is provided based on the generated crys-
tal structure c;. Although only ¢x appears as an ar-
gument, it should be noted that the feedback is not
derived solely from ¢y itself, but from various results
(e.g., simulation and experimental results). We then
obtain the Robocrystallographer representation of
the previously generated crystal structure and sup-
ply it to the LLM along with feedback. Rather than

initiating the next crystal structure generation from
pure noise state, the diffusion process starts from a
partially noised version of the original structure, en-
suring that the refinement stays guided by the initial
configuration. We control the level of noise through
the denoising strength parameter « € (0,1], a tech-
nique commonly used in image-to-image tasks [24].

In this approach, crystal structure generation from
feedback begins not from pure noise state but from a
partially noisy state of the previously generated crys-
tal structure corresponding to the diffusion time step
T X a, where T denotes the fully noisy state and «
controls the diffusion strength. This partial noising
process enables the model to refine or adjust the out-
put while preserving its overall character.

A.2 Crystal structure generation model

We strictly followed Chemeleon for the model that
generates crystal structures from linguistic structural
descriptions. After briefly describing the model ar-
chitecture, we provide a detailed explanation of the
dataset and training details. For a more comprehen-
sive description of the architecture, please refer to
the original paper [14].

A.2.1 Model architecture

Chemeleon is a text-guided generative model that
learns to generate crystal structures through a de-
noising diffusion process conditioned on text em-
beddings obtained from a pretrained text encoder.
During training, Gaussian noise is added to crystal
structures, and the model learns by performing a
denoising task to predict the added noise. During
inference, the model starts from pure noise state and
progressively denoises it to generate complete crys-
tal structures. For the lattice constants and atomic
positions, it follows the framework of Denoising Dif-
fusion Probabilistic Models (DDPM) [25], while for the
atomic species, it adopts the Discrete Denoising Dif-
fusion Probabilistic Models (D3PM) framework [26].

Chemeleon comprises two key elements. The first
component is Crystal CLIP, a cross modal contrastive
learning module for pretraining the text encoder
MatTPUSCciBERT [27] by aligning its embeddings with
the corresponding crystal structure embeddings pro-
duced by the GNN. By bringing positive text-crystal
pairs closer together and pushing negative pairs far-
ther apart, Crystal CLIP learns a shared latent space
where textual representations reflect structural geo-
metric information.

The second element is a classifier-free guided de-
noising diffusion model [28] that predicts the noise
added to each variable of the crystal structure (i.e.,
lattice matrices, atomic coordinates, and atom types),
conditioned on the text embeddings produced by the
text encoder of Crystal CLIP. The denoising network
builds upon the DiffCSP framework [29], which was
originally developed for crystal structure prediction
tasks.

By aligning linguistic embeddings with the geomet-
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Algorithm A.1 LapidaryEngine

Require:
Input:

Target property text p; (e.g., “high electrical conductivity”)
Structural description-conditioned crystal diffusion model G

Number of feedback iterations K

Number of generations per iteration N (default: 10)

Denoising strength « € (0,1] (default: 0.1)
Ensure: Optimized crystal structure ¢*

1: di « LLM_interpret(p;)

2: Initialize {Z;}Y, with pure noise state for the diffusion model

3: fork =1to K do

4: Generate structure c; from structural description:

> Details in Sec. A.1.1

5: Sample N candidate structures {c,(ci) }¥, using the diffusion model G

¢t = G(Z;, condition = dy)

6: Evaluate structural and compositional validity, and filter out invalid samples:

("} — () | isvalid(c) = True}

7: Compute text-structure alignment scores and pick best:

< arg max AlignmentScore(cl((i), di)
1

Feedback and refinement:

> Details in Sec. A.1.2

9: Provide feedback based on the generated structure p]fcb « Feedback(ck)
10: Convert ¢ to structural description d¥ « Robocrystallographer(ck)
11 Update structural description with feedback pf’:

drs1 < LLM_refine (p,be, d]%en)

12: Initialize next step from partially noised state:

{Zi}f.il « Add_noise(cy, strength = @)

13: Denoise from {Z,»}fi , in the next iteration
14: end for
15: return c* « cx

ric information of crystal structures through CLIP
and training the denoising model conditioned on
these embeddings, the model can generate crystal
structures that follow textual instructions.

A.2.2 Dataset and training details

We used the MEGNet dataset [30], which is a snap-
shot of the Materials Project database [31]. Follow-
ing the official split, the dataset was divided into
60,000, 5,000, and 4,239 samples for training, vali-
dation, and testing, respectively. After generating
textual descriptions using Robocrystallographer, we
trained the model on this dataset.

The training of Chemeleon consists of two stages:
(1) contrastive pretraining of the Crystal CLIP module,
and (2) text-conditioned diffusion model training for
crystal generation.

In the contrastive learning stage, the text encoder

and the GNN based crystal encoder are trained to-
gether so that their embeddings align within a shared
latent space, which helps the text embedding cap-
ture geometric information. The text embeddings
are obtained from the [CLS] token of the text en-
coder output, and the crystal embeddings are pro-
duced by averaging the node features from the GNN-
based crystal structure encoder. The training objec-
tive combines text-to-graph and graph-to-text cross-
entropy losses with a symmetric contrastive formu-
lation. A batch size of 128 is used with the Adam
optimizer [32], where the learning rates for the text
and graph encoders are setto 1 x 107 and 1 x 104, re-
spectively. Training proceeds for up to 1,000 epochs,
employing early stopping if the validation loss does
not improve for 300 epochs. A learning rate scheduler
with ReduceLROnPlateau (patience = 200 epochs) is
applied for stability.
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During diffusion model training, the text encoder
iskept frozen, and the pretrained Crystal CLIP embed-
dings are used as conditional inputs. The denoising
network is optimized using the Adam optimizer with
alearning rate of 1x10~3, maintaining the same batch
size and scheduling settings as in the contrastive
learning stage. The loss function consists of three
components: atom species, lattice, and coordinate
denoising losses. Both trainings were performed on
four NVIDIA H200 (141 GB) GPUs and took 30 hours
for contrastive learning and 20 hours for diffusion
model training.
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