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Scalingmultimodalmaterials representation
learning with synthetic narratives

Yang Jeong Park 1,2,3, Mayank Kumaran4, Chia-Wei Hsu2, Elsa Olivetti 2,5 &
Ju Li 1,2,5

Artificial intelligence is increasingly applied to inverse materials design,
including crystals and molecules. For molecular systems, multimodal models
that integrate chemical structures with natural language have enabled flexible,
instruction-driven reasoning. However, approaches for crystalline materials
remain limited by the scarcity and imbalanced bias of available crystal datasets
and the weak semantic supervision provided by peer-reviewed literature. We
introduce a contrastive language-crystals model (CLaC), a multimodal con-
trastive learning framework that aligns crystal structures with natural lan-
guage, pre-trained on property-conditioned synthetic narratives of crystal
structure-text pairs generated by language models. Here we show that, com-
pared with models trained on literature-derived text, this property-grounded
synthetic supervision enables semantic alignment unachievable with existing
academic corpora. Embedding-space analyses reveal structured associations
between language and crystal structures. These results establish a foundation
for zero-shot, instruction-driven reasoning in crystalline materials.

The search for materials that exceed existing performance limits is a
fundamental objective of materials science. Over the past decade,
advances in computing and artificial intelligence (AI) have reshaped
this pursuit, with machine learning (ML) accelerating tasks ranging
from virtual screening1,2 and property prediction3–5 to generative
modeling6–12 and active learning13,14. These developments have been
driven by models that treat crystals as 3D graphs, enabling neural
networks to capture structural features with minimal manual feature
engineering.

While structure-centric approaches have driven substantial pro-
gress, the recent emergence of large languagemodels (LLMs) suggests
the advent of a fifth research paradigm in materials science, often
referred to as intelligent science15–17. In this paradigm, AI systems
integrate human knowledge, symbolic reasoning, and data-driven
patterns. Yet, the potential of such systems remains constrained by
their limited sensory modalities. Text-only LLMs, for example, exhibit
only rudimentary visual abilities and lack a fundamental understanding

of visual geometry. Self-supervised representation learning provides a
promising pathway to overcome these limitations. In particular, con-
trastive learning has proven effective at bridging different modalities,
as exemplified by CLIP18, which forms the foundation of many con-
temporary generative and vision-language models19–22. Vision-
language models demonstrate how multimodality can expand per-
ceptual capability; extending this idea to materials science raises the
prospect of enabling AI systems to perceive chemical and crystal
spaces in ways that go beyond human intuition.

Early efforts toward multimodal representations of crystalline
materials reflect the growing interest in language-driven materials
modelling. Previous studies have investigated the alignment of
crystal structures with electronic descriptors and textual
annotations23, the translation of atomic structures into material
strings for large language model (LLM) based inference24, and the
generation of crystal structures from textual or compositional
constraints25,26. Together, these works demonstrate the feasibility of
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incorporating natural language into materials representation and
generation.

Despite this progress, existing approaches exhibit several funda-
mental limitations. In most cases, textual information is used to
encode low-level structural attributes, including elemental composi-
tion, coordination environments, and interatomic distances, rather
than to capture higher-level, human-centric knowledge related to
materials properties, functional behavior, or potential applications. In
addition, text-based representations alone struggle to preserve crys-
tallographic symmetry and geometric equivariances with high fidelity.
As a result, generated structures often remain close to known proto-
types and display limited structural diversity27. These observations
underscore the need for a unified representation that combines pre-
cise, equivariant structural encodings with rich natural language
descriptions grounded in materials knowledge.

Despite this promise,multimodal learning for crystallinematerials
remains comparatively underexplored. Two major challenges con-
tribute to thisgap. First, the availability of crystal data is limited. Vision-
language models are typically trained on hundreds of millions of
image-text pairs, and molecular research benefits from access to bil-
lions of molecular structures28. In contrast, existing crystal databases
contain only millions of entries29,30. Second, the distribution of crystal
data is heavily biased, reflecting sociological tendencies that con-
centrate research on a small set of highly studied, so-called hot
materials, limiting linguistic diversity and masking the vast combina-
torial landscape permitted by first-principles thermodynamics. Most
existing models are trained directly on such biased and limited data-
sets, and therefore inherit these constraints without explicitly
addressing them.

Here we introduce the Contrastive Language-Crystal model (CLaC),
a multimodal framework that aligns 3D atomic structures with rich lin-
guistic descriptions. To address data scarcity and distributional bias, we
adopt a synthetic narrative generation strategy inspired by Park et al.31,
in which textual descriptions are generated by grounding language
models in computed material properties. This property-conditioned
approach enables the synthesis of diverse and informative text that
extends beyond structural templates to include functional behavior,
synthesis considerations, and potential applications. Crystal structures
are encoded using a graph neural network architecture that preserves
geometric invariance, and contrastive learning is used to align structural
and textual representations within a shared latent space.

We evaluate CLaC with a particular focus on its capacity for zero-
shot multimodal understanding and zero-shot inverse design, defined
here as the ability to retrieve crystal structures from property-guided
natural language queries. Analysis of the multimodal latent space
shows thatmodels trained onphysically grounded synthetic narratives
learn a structured alignment between linguistic descriptions and
geometric representations. By contrast, models trained solely on raw
literature text fail to exhibit comparable semantic organization,
underscoring the importance of synthetic data quality rather than
scale alone. Together, these results demonstrate the feasibility of
language-guided materials search and position CLaC as a step toward
instruction-based materials discovery.

Results
Contrastive language-crystals pre-training model
The core of this research approach is the idea of learning the per-
ception of the chemical space composed of crystalline substances
through supervised learning embedded in synthetic narrative data.
Synthetic narrative learning offers several potential advantages over
natural language learning. Compared to the challenges of collecting
and curating natural language data, synthetic narrative learning offers
significantly greater scalability. This is because it can leverage various
computational chemistry techniques, the vast material databases
available online, and the inference capabilities of language models to
expand the data. Furthermore, it offers the significant advantage of
linking material properties and language, enabling flexible zero-shot
transfer learning, rather than simply learning vocabulary.

In this section, we introduce the overall data pipeline, model
architecture and the pre-training process as illustrated in Fig. 1. We
designed a foundation model for a comprehensive understanding of
both natural language and crystal structures. The model consists of
two neural network branches, a crystal graph encoder and a text
encoder, which encodes the graphs and texts into a joint representa-
tion space, respectively. Although many successful multimodal learn-
ing strategies have emerged since CLIP, research on applying these
strategies remains a future work. To pre-train our model for a multi-
modal alignment,weuseGPT-synthesizednarratives31 for theMaterials
Project as well as academic paper paragraphs. These narratives are
generated based on publicly available materials databases, leveraging
the reasoning power of LLMs (Fig. 1a). As an example, we present a
generated narrative for a KNiIO6 crystal (Suppl. Fig. 1).We also perform

Fig. 1 | Conceptual schematic diagram of the data pipeline and model archi-
tectureof thecontrastive language-crystalsmultimodalpretraining. aThedata
processing flow for generating GPT-synthesized narrative multimodal pair data.

b The overall architecture of the model. The original graph, text, and corre-
sponding augmented entities pass through graph and text encoders, which feed
each projector, leading to a multimodal projector that aligns both data types.
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a brute-force search to extract paragraphs containing specific chemi-
cal formulas from the academic literature (Suppl. Fig. 2). GPT narra-
tives contain 300 times more diverse crystals than can be found in the
academic literature (details in Section 4.1) written by humans. This
mitigates biases present in existing academic literature, as most
researchers chase after a small number of highly studiedmaterials and
neglect other possibilities on the thermodynamic convex hull, and
allows the model to easily generalize its knowledge to a variety of
downstream tasks. The dataset is split into 8:1:1 ratios for training,
validation, and testing, respectively.

We use inter-modal and intra-modal contrastive learning in this
study by following a data-efficient multimodal contrastive pre-training
approach32 to maximize the mutual information (Fig. 1b). Due to the
scarcity of crystal-to-text data compared to image-to-text data, train-
ing both crystal-graph and text encoders from scratch is insufficient.
To address this issue, Su et al.33 used theweights of the GraphCL34, pre-
trained on biomedical molecules, and SciBERT35, pre-trained on bio-
molecular corpora, as the initialweights of the graph and text encoder,
respectively. However, unlike the biochemical molecular domain,
wherepre-trainedGNNs trained on over 10million unlabelled data36–38,
research on crystal graphs39,40 have relied on only 126k Materials Pro-
ject data. Therefore, we performed multimodal joint pre-training for
both encoders on the prepared text-graph dataset: the graph encoder
was trained from scratch, while the text encoder was initialized from a
pre-trained model.

In computer vision, text-based image generation refers to the
direct synthesis of visual content from natural language descriptions.
The success of this paradigm has been largely driven by CLIP, which
learns shared representations across modalities through large-scale
contrastive learning19–21. Inspired by this paradigm, we contextualize
our study bynoting that text-basedmaterials generation—fromnatural
language descriptions to crystal structures—requires a model capable
of predicting whether a crystal and a text fragment form a paired
representation.

Amultimodalmodel pretrainedonboth crystals and text provides
several utilities for crystal discovery. First, by jointly processing crystal
graphs and text tokens, the model enables flexible information
retrieval for complex natural language queries, without being limited
to predefined crystal labels. Second, intermodal alignment during
pretraining supports large language models in grounding materials
science knowledge in three-dimensional structural information.

Unlike vision–language learning, however, the materials science
domain lacks standardized multimodal benchmarks for evaluating

language–structure alignment or text-driven materials discovery.
Existing benchmarks are typically designed for supervised property
prediction with fixed labels, and do not assess whether a model can
interpret open-ended natural language queries or generalize to unseen
tasks. As a result, direct quantitative comparison across models is
challenging, and evaluation protocols must be carefully designed to
probe specific capabilities.

To address thisgap,we focus on zero-shot evaluation settings that
do not rely on task-specific fine-tuning or predefined label spaces.
Specifically, we evaluate themodel on zero-shotmultimodal tasks that
require joint understanding of both crystals and text, including cross-
modal retrieval and language-guided screening. This evaluation strat-
egy enables us to assess the extent to which the learned representa-
tions capture semanticallymeaningful alignment acrossmodalities. To
isolate the impact of textual supervision, we further compare models
trained on synthetic narratives with those trained on text extracted
directly from the literature.

Zero-shot multimodal understanding
Zero-shot understanding refers to the ability of an AI model to solve a
new problem without prior specific training for that problem. For
example, our model was not explicitly trained for crystal system clas-
sification or oxide type classification, but it is expected to perform
those tasks due to the comprehensive pre-training.

To evaluate zero-shot understanding, we designed zero-shot
classification problems on the test dataset from the Materials Project
dataset as described above. Herewe extracted several statements with
4 subjects: composition, structure, composition-structure, and oxide
type, which together describe the essential solid-state chemical
properties of the crystal. The zero-shot multimodal retrieval task can
be interpreted as a choose-one-multiple-choice problem. For details
about generating multiple choices, please refer to Supplementary
Note 4. The model is required to retrieve the textual description for a
given crystalline structure. The accuracy of the choose-one-from-
multiple-choice problem is used as the evaluation metric. Several
baseline strategies are proposed, including Gemma-3-1b-it41 (Supple-
mentary Note 5). Baseline models are also evaluated to compare zero-
shot understanding performances (Suppl. Fig. 4). A bootstrapping test
was used to ensure statistical robustness.

The zero-shot classification results are summarized in Fig. 2. First,
in the composition classification task, the CLaC-Synthetic model
achieves a high accuracy of 95.4 ± 0.2%. In contrast, the untrained
model and the Gemma3-1b-it-based model exhibit substantially lower

Fig. 2 | Zero-shot multimodal understanding across composition, crystal sys-
tem, and oxide type. Accuracy of zero-shot crystal-text retrieval evaluated on
three classification tasks: (a), elemental composition; (b), crystal system; and (c),
oxide classification. Models are evaluated without task-specific fine-tuning using a
multiple-choice retrieval protocol. Baselines include random selection, an

untrained multimodal model, and a text-only large language model (Gemma-3-1b-
it). CLaC models trained on literature-derived text (CLaC-Paper) and property-
conditioned synthetic narratives (CLaC-Synthetic) are compared. Error bars denote
standard errors estimated via bootstrapping. Source data are provided as a Source
Data file.
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performances of 13.5 ± 0.3% and 17.8 ± 0.3%, respectively, indicating
that contrastive learning effectively captures compositional patterns.
Moreover, the improvement of CLaC-Synthetic over CLaC-Paper sug-
gests that synthetic data augmentation enhances the diversity of the
compositional space.

In contrast, the crystal system classification task shows con-
sistently lower performance across all models. Although CLaC-
Synthetic achieves an accuracy of 34.0 ± 0.4%, this result remains
comparable to that of Gemma3-1b-it. As discussed above, this limita-
tion is likely related to the constraints of contrastive learning under
small batch sizes (batch size = 16 in this work) combined with the
highly imbalanced distribution of crystal systems. Under these condi-
tions, negative samples are more likely to differ in chemical compo-
sition rather than in symmetry or subtle geometric features, increasing
the prevalence of false negatives and reducing the model’s ability to
learn fine-grained structural distinctions. We further note that dis-
abling graph augmentation did not lead to a meaningful improvement
in crystal system classification accuracy, suggesting that the observed
performance limitation is unlikely to be driven by augmentation-
induced perturbations, but rather reflects intrinsic challenges related
to negative sample diversity and data imbalance.

For oxide classification, we observe a distinct and intriguing pat-
tern. Both the untrained model and Gemma3-1b-it substantially out-
perform random guessing, suggesting that pretrained language
models already encode general chemical knowledge related to oxide
formation. CLaC-Synthetic further improves performance, demon-
strating that contrastive learning on materials data enhances dis-
crimination of oxidation states. Interestingly, CLaC-Paper
underperforms the base model, implying that paper-derived textual
data alone may lack sufficient diversity for robust oxide classification.

We illustrate our model’s zero-shot performance through addi-
tional case studies. Instead of performing a classification task in the
multiple-choice paradigm, we extend it to explore potential applica-
tions ofmaterials. We can screen several materials suitable for specific
applications by calculating similarities. The visual matrix in Fig. 3
positions six materials along the vertical axis, each linked horizontally
to a range of specialized application domains through a systematic

array of colored dots. Eachmaterial is evaluated against six application
categories: solid-state batteries, fuel cells, semiconductor devices,
nuclear structural components, supercapacitors, and neutron shield-
ing. The materials featured are Li7La3Zr2O12, a lithium lanthanum zir-
conium oxide (LLZO) often utilized as a solid electrolyte in solid-state
battery technology; Gallium arsenide (GaAs), a compound semi-
conductor renowned for its superior electron mobility compared to
silicon; Barium titanate (BaTiO3), widely acknowledged for its use in
multilayer ceramic capacitors and electroceramics; Boron carbide
(B4C), one of the hardest materials available, serving as an ideal can-
didate for armor and neutron shielding due to its high hardness and
low density; Zirconium (Zr), a lustrous metal that finds its applications
in nuclear reactors owing to its low neutron-capture cross-section; and
Ruthenium dioxide (RuO2), a compound known for its applications in
electrochemical capacitors, also known as supercapacitors, due to its
excellent conductivity and durability. This zero-shot learning cap-
ability for specific industry sectors has potential applications in natural
language-based target material generation. Our model represents the
first step in this research direction. Realizing instruction-based mate-
rial discovery using the developed model remains a challenge for
future work.

Zero-shot inverse design
Leveraging the capabilities of multimodal models offers the potential
to design materials with target properties directly from natural lan-
guage instructions. To explore this possibility, we propose a workflow
in which natural language queries are used to screen a candidate pool
containingmultiplematerials (Suppl. Fig. 5). Such candidate pools can
now be generated at low computational cost using diffusion-based
generative models for crystalline materials. By combining these
models, it becomes possible to identify crystalline materials with
desired properties without any additional post hoc training.

Our evaluation of CLaC in a text-to-materials retrieval setting
reveals a clear dependence on the source and quality of textual
supervision (Fig. 4). Given a natural-language query describing a target
property, themodel retrieves a small set of candidatematerials ranked
by text-materials similarity. However, when CLaC is trained on text

Fig. 3 | Zero-shot generalization ability. A graphical representation of the
material-application similarity matrix. The matrix showcases six different materials
- Li7La3Zr2O12, GaAs, BaTiO3, B4C, Zr, and RuO2 - and their associations with six
distinct application categories: solid-state batteries, fuel cells, semiconductors,

nuclear structural materials, supercapacitors, and neutron shielding. Colored dots
indicate the relevance of eachmaterial to the respective application, with the color
coding corresponding to the degree of suitability based on underlying material
properties. Source data are provided as a Source Data file.
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fragments brute-force-extracted from scientific papers (CLaC-Paper),
its retrieval performance is largely indistinguishable from random
selection across all properties considered. The retrieved candidates
show little correlation with the target values, indicating that noisy,
weakly aligned literature text is insufficient to induce meaningful
multimodal grounding in this setting.

In contrast, CLaC-Synthetic, trained on LLM-generated synthetic
descriptions, consistently retrieves candidates that are more closely
aligned with the target properties and substantially outperforms the
random baseline. The improvement is evident in both reduced mean
absolute error and stronger monotonic trends between retrieved and
target values. These results suggest that synthetic text, despite being
artificially generated, provides clearer and more structured super-
vision that better aligns language with graph-based material
representations.

Taken together, these findings demonstrate serious limitations in
building multimodal material models using the full text of scientific
papers, highlighting the importance of text curation and generation
strategies. Furthermore, multimodal learning using graph neural net-
works in the CLIP approach enables effective zero-shot queries of
material databases only when the text modalities contain sufficient
information. As with multimodal models in general, careful con-
sideration of data structure and evaluation is essential. Continued
research is needed to understand how dataset composition, text
generation strategies, and deployment environments impact retrieval
behavior and potential biases, and to identify optimal approaches for
reliable and responsible use in materials discovery.

We further evaluate CLaC under a more linguistically realistic
setting, where queries resemble qualitative natural-language descrip-
tors rather thanexplicit numerical property specifications. This regime
probeswhether themodel can associate abstract vocabulary—closer to
how researchersmight describematerials informally—withmeaningful
trends in the underlying materials space. As shown in Fig. 5, CLaC-

Paper again fails to demonstrate meaningful structure: the distribu-
tions of retrieved candidates closely mirror those of the full database,
indicating that text fragments extracted directly from the literature do
not provide sufficient semantic grounding for qualitative language.

In contrast, CLaC-Synthetic exhibits markedly different behavior.
When trained on LLM-generated descriptions, the model retrieves
candidates whose property distributions shift systematically with the
intended semantic meaning of the query, producing clear ordering
and separation across qualitative categories. This result suggests that
synthetic text enables the model to internalize latent mappings
betweennatural-language concepts andmaterial attributes, evenwhen
those concepts are not explicitly defined in quantitative terms. Toge-
ther with the quantitative-query results, these findings reinforce that
effective multimodal alignment in materials science depends less on
the volumeof textual data thanon its semantic clarity and consistency,
and that synthetic language can play a crucial role in bridging human
vocabulary and structured scientific representations.

This section presents an example of applying a more complex
text-based query. For instance, the development of novel solid-state
electrolytes for lithium-ion secondary batteries requires the identi-
fication of materials that exhibit not only high ionic conductivity but
also a sufficiently large band gap to suppress electronic conductivity.
However, since ionic conductivity information is not included in our
synthetic narrative dataset, this criterion was excluded, andmaterials
were retrieved solely based on a high band gap condition. As a result
shown in Table 1, the top 30 retrieved materials ranked by similarity
all contain lithium, with an average band gap of 3.23 eV. Notably,
Li6PClO5, which ranks fourth in the list, has been identified as a
promising candidate in independent studies42, while Li4SiO4, ranked
ninth, has previously been synthesized as a thin film for use as a
stable solid electrolyte43. These findings provide additional valida-
tion for the reliability and effectiveness of the proposed
methodology.

Fig. 4 | Zero-shot inverse design performance for text-to-materials property-
guided retrieval. For each textual query describing a target property, the top 30
most similar candidatematerials are retrieved and evaluated against the true target
value.aCLaC trainedon text extracted from literature (CLaC-Paper) is compared to
(b), CLaC trained on synthetic narratives (CLaC-Synthetic). Each panel reports

retrieved versus target values for different material properties. Error bars denote
± 1 standard deviation of the property values of the top 30 retrieved candidates
(n = 30), and dashed lines denote ideal agreement. Grey marginal distributions
show the overall candidate pool.Mean absolute errors (MAE) are reported forCLaC
and for a random retrieval baseline. Source data are provided as a Source Data file.
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Text embedding analysis
To evaluate whether the learned text embeddings capture continuous
material property information, we performed a similarity analysis on
natural language queries describing five representative material
properties. For each property, we encoded templated text queries
spanning the full value range and computed pairwise cosine simila-
rities between the resulting embeddings. The results are visualized
using similarity heatmaps, reference-based similarity decay curves,
and similarity-difference plots (Fig. 6).

The analysis indicates that the CLaC-Synthetic model learns con-
tinuous representations of material property space. The similarity
matrix heatmaps (Fig. 6, left column) exhibit a diagonal-dominant
structure, with the highest similarity (cosine > 0.95) concentrated
along the diagonal where property values are identical. The similarity
gradually decreases formore distant value pairs. This pattern confirms
that the model encodes property magnitude information rather than
treating distinct numerical queries as independent discrete categories.

The reference value decay curves (middle column) demonstrate
similarity degradation as property values diverge from a given refer-
ence point. For instance, in the band gap analysis, a reference value of
2.0 eV shows cosine similarity declining from 1.0 (self-match) to
approximately 0.65 at 4.0 eV (Δ = 2.0 eV). The decay is approximately
symmetric around each reference point, indicating that the model
captures bidirectional property relationships without directional bias.

Crucially, we observed that the steepness of the similarity decay in
the text latent space correlates with retrieval precision. Properties
exhibiting sharp similarity gradients, such as density and scintillation
attenuation length (Fig. 6b, d), demonstrate high discriminative
power, where embedding similarity drops rapidly as values diverge.
This sensitivity effectively penalizes small deviations, translating to

superior retrieval performance characterized by a tight alignment
between query targets and retrieved values (Fig. 4). In contrast,
properties with more gradual decays, such as energy above hull
(Fig. 6c), retain high similarity even across larger value differences.
This broader tolerance in the embedding space corresponds to the
relatively higher variance observed in retrieval, suggesting that a
sharper metric in the latent space is advantageous for precise con-
tinuous value regression.

We further compared these results with those from CLaC-Paper
and Galactica-125M (Suppl. Fig. 6) to assess the necessity of our pro-
posed alignment method (Suppl. Fig. 7). In contrast to the smooth,
monotonic gradients observed in our model, these baselines failed to
capture the continuous variations of physical quantities. Their
embedding spaces exhibited disordered similarity patterns with neg-
ligible correlation to numerical differences, indicating that standard
language modeling objectives alone are insufficient to induce a phy-
sicallymeaningful metric space. This comparison underscores that the
proposed cross-modal training is essential for structuring the text
latent space to respect physical magnitudes.

Finally, we investigated the impact of incorporating a standard
language modeling (LM) loss on the embedding structure. When
trained with an auxiliary next-token prediction objective, the similarity
gradients became notably more gradual across all properties (Suppl.
Fig. 8). This smoothing effect implies that the LM objective, which
prioritizes contextual probability and semantic coherence, conflicts
with the formation of a precise metric space required for continuous
regression. While next-token prediction helps the model understand
the semantic role of numbers within a sentence, it tends to blur the
strict Euclidean or cosine distance between distinct magnitudes. This
trade-off suggests that the objectives of semantic fluency and

Fig. 5 | Zero-shot inverse design performance for text-to-materials language-
guided retrieval. Performance of text-to-materials retrieval when the queries are
expressed using qualitative, natural-language-like descriptors rather than explicit
quantitative property values. a CLaC trained on text extracted from literature
(CLaC-Paper) is compared to (b), CLaC trained on synthetic narratives (CLaC-Syn-
thetic). For each query, the distributions of the top-ranked retrieved materials are
shown as box plots across different semantic categories, with individual points

indicating retrieved candidates. In each box plot, the center line denotes the
median, the box limits denote the lower and upper quartiles (interquartile range,
IQR), and the whiskers extend to 1.5 × IQR; outliers beyond the whiskers are not
shown, as all individual retrieved candidates are overlaid as points. Shaded regions
indicate the range of the full candidate pool. Source data are provided as a Source
Data file.
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continuous physical encoding may be mutually interfering, high-
lighting a critical design consideration for developing future language
models specialized in materials science.

Visualization of latent space
To qualitatively validate the representation learning capabilities of our
model, we visualized the high-dimensional embeddings of the test
dataset using Uniform Manifold Approximation and Projection
(UMAP)44. As illustrated in Fig. 7, the projection reveals two distinct
global clusters: the left cluster represents the text embeddings pro-
cessed by the language model, galactica-125M, while the right cluster
corresponds to the crystal structure embeddings encoded by our GNN
backbone, PaiNN. While this separation indicates a modality gap often
observed in contrastive learning45, the twomodalities share a common
neighborhood structure over the same materials. On average, 57% of
the fifty nearest neighbours of a crystal in the graph embedding space
are also among its fifty nearest neighbours in the text embedding
space, compared with 0.4% expected by chance. This alignment
implies that, although the contrastive objective enforces alignment
only for paired examples, the learned representations generalize to the
neighborhood structure of the test set. The structure is also chemically
meaningful, as oxide type, which is never used as a training label, can
be recovered from either modality with accuracies of 0.95 and 0.96
using a nearest-neighbor classifier, comparedwith amajority-class rate
of 0.51 (Supplementary Note 8 and Supplementary Fig. 9).

We analyzed the model’s capability to capture continuous physi-
cal magnitudes by probing the latent space with numerical text
prompts. Figure 7a and b present the distributions for bandgap and
density, respectively. The leftmost panelsmap the ground truth values
onto the crystal embeddings as a reference. Subsequent panels illus-
trate the cosine similarity between the embeddings and specific
numerical queries, such as “2.0 eV” or “4.0 g/cm3.” The regions exhi-
biting high similarity shift spatially as the queried value increases,
following the distribution of the ground truth data. This spatial cor-
respondence indicates that the model encodes continuous physical
properties through cross-modal alignment without explicit regression
objectives.

Furthermore, we examined the representation of categorical
material classes and functional applications (Fig. 7c). Queries using
semantic descriptors (e.g., “Ceramic,” “Conductor”) or functional
keywords (e.g., “Li-ion battery,” “Thermoelectric”) resulted in localized
activation patterns within the crystal embedding cluster. These pat-
terns suggest that materials sharing similar chemical compositions or

application domains are grouped in the latent space. For instance, the
prompt “Li-ion battery” activates specific sub-regions associated with
relevant structural features. Combined with previous evaluations on
zero-shot tasks, these results highlight the superior embedding quality
of CLaC caused by joint contrastive learning. Future research could
focus on enhancing data generation methodologies and refining
training processes to achieve a more precise alignment between the
linguistic hypothesis space of scientists and the materials space,
thereby enabling novel approaches for exploring this intersection.

Ablation study
To better understand the contribution of each component in our
proposedmodel, we conduct an ablation study across four key design
dimensions: graph encoder architecture, contrastive loss formulation,
language model backbone, and intramodal loss incorporation. We
evaluate all component combinations on zero-shot retrieval and
inverse design tasks spanning five material properties (band gap,
density, energy above hull, scintillation attenuation length, and total
magnetization) with retrieval depth k = 10, yielding 200 experimental
configurations (Table 2 and Suppl. Figs. 10, 11).

Cross-modal retrieval and inverse design tasks impose distinct
representational requirements that may lead to trade-offs. Retrieval
emphasizes global pattern matching by capturing holistic material
similarity across compositional, structural, and symmetry-related fea-
tures, enabling the identification of semantically related materials
irrespective of specific property values. In contrast, property predic-
tion relies on local pattern matching, which requires precise encoding
of fine-grained structural motifs and bonding environments that are
strongly correlated with target properties. Architectural choices that
improve global semantic alignment can inadvertently obscure local
structural details that are essential for accurate property prediction,
and the converse can also occur. This tension between global and local
feature preservation is consistently observed across multiple design
dimensions in the ablation study.

We compare three graph neural network architectures for crystal
structure encoding. PaINN (polarizable atom interaction neural
network)46 and CGCNN (crystal graph convolutional neural network)3

were trained from scratch, and a machine learning interatomic
potential mode, ORB (orbital-materials)47, pretrained on large-scale
potential energy surface datasets, was selected for comparison. PaINN
achieves superior retrieval accuracy (76.7% top-1 vs. 71.7%) while
CGCNN excels at property prediction (2.735 MAE and 0.836 correla-
tion vs. 3.070 MAE and 0.757 correlation). This task-dependent trade-

Table 1 | Materials containing Li ions with high bandgap for solid-state electrolyte candidate (Top 30)

Rank Formula Similarity Band Gap (eV) Ehull (eV/atom) Rank Formula Similarity Band Gap (eV) Ehull (eV/atom)

1 Li10Sn(PO6)2 0.7131 3.642 0.125 16 Li5Cu(PO4)2 0.6217 1.847 0.029

2 Li2SnP2O7 0.6782 4.062 0.021 17 Li3SiBiCO7 0.6216 3.437 0.074

3 Li10Si2PbO10 0.6752 2.961 0.015 18 Li5Cu(PO4)2 0.6214 1.707 0.030

4 Li6PClO5 0.6493 5.276 0.006 19 Li3P2WO9 0.6191 3.348 0.042

5 Li5NiP3O11 0.6466 3.527 0.074 20 Li3ThF7 0.6179 5.686 0.209

6 Li9Sn3P8O29 0.6450 0.000 0.073 21 Li3TaF6 0.6167 0.000 0.500

7 Li4ZrO4 0.6423 4.323 0.037 22 Li3Ti(PO4)2 0.6153 0.242 0.074

8 Li5MnP3O11 0.6381 4.163 0.284 23 Li3Sn2(PO4)3 0.6145 2.928 0.079

9 Li4SiO4 0.6343 4.656 0.058 24 Li3AsO4 0.6145 4.151 0.004

10 Li4Ga3Si3BrO12 0.6333 3.951 0.000 25 Li5V(PO4)3 0.6137 1.584 0.093

11 LiSnPO4 0.6331 3.290 0.082 26 Li8BiO3 0.6116 0.000 0.449

12 Li2SO5 0.6293 0.000 0.363 27 Li4Zn(PO4)2 0.6114 4.686 0.001

13 Li4Ga3Si3ClO12 0.6292 4.412 0.000 28 Li4Fe(PO4)2 0.6079 4.207 0.053

14 Li3Bi(BO3)2 0.6243 2.937 0.086 29 Li2SO4 0.6065 6.220 0.055

15 Li3Sn2P5O16 0.6235 4.095 0.038 30 Li2S2O7 0.6063 5.536 0.000
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Fig. 6 | Semantic structure of numerical values within the text
embedding space. Cosine similarity analysis of text embeddings generated using
the prompt template “material with [property] of [value] [unit]” for five continuous
properties: (a) Band Gap, (b) Density, (c) Energy Above Hull, (d) Scintillation
Attenuation Length, and (e) Total Magnetization. The left panels display pairwise
similarity heatmaps across a range of property values, where yellow indicates high

similarity (1.0) and blue indicates low similarity. The middle panels illustrate simi-
larity profiles relative to specific reference values (marked with stars). The right
panels show the correlation between cosine similarity and the absolute difference
between values. The red solid line represents the mean similarity, and the shaded
region indicates ± 1 standard deviation. Source data are provided as a Source
Data file.
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off indicates that neither architecture is universally superior. Despite
being pretrained on large-scale datasets, ORB dramatically underper-
forms both randomly initialized encoders. We hypothesize this failure
stems from a fundamental mismatch between pretraining and down-
stream objectives: ORB’s representations are optimized for potential
energy surface (PES) prediction, which requires atomic forcefields and
local energy landscapes. During pretraining, the network likely filters
out or deprioritizes structural information irrelevant to PES prediction
that are critical for material-text alignment and property prediction.
This suggests that task-specific pretraining may be less effective than
training from scratch for cross-modal materials informatics.

We compare four pretrained language models across two archi-
tectural families: encoder-only models (SciBERT, MatSciBERT) and
decoder-only models (OPT-125M, Galactica-125M). MatSciBERT and
Galactica-125M are further fine-tuned on materials science and scien-
tific literature from SciBERT and OPT-125M, respectively. They were
selected under the hypothesis that domain-specific pretraining would
encode material- and property-related semantics beneficial for cross-
modal alignment. Decoder-only architectures consistently achieve
higher retrieval accuracy than encoder-only architectures, with OPT-
125M leading at 51.2% top-1 accuracy. However, within each archi-
tectural family, domain-specific pretraining showsminimal impact: the
general-domain OPT-125M and scientific-domain Galactica-125M differ
by only 1.9 percentage points in top-1 accuracy, while SciBERT and
MatSciBERT differ by 0.5 percentage points. Despite being pretrained
on materials science literature, MatSciBERT does not outperform the

Fig. 7 | Latent space visualization of cross-modal alignment between crystal
structures and text.TheUniformManifoldApproximation and Projection (UMAP)
of the test dataset embeddings generated by CLaC. The visualization reveals two
distinct main clusters, corresponding to the text modality (left) and the crystal
graph modality (right). Visualization of continuous physical properties: (a) Band
gap and (b) Density. The leftmost panels display the ground truth values mapped
onto the latent space. Subsequent panels illustrate the cosine similarity between

the learned embeddings and specificnumerical text prompts (indicatedabove each
plot). The spatial progression of high-similarity regions (red) aligns with the
increasing values in the text prompts, demonstrating the model’s ability to regress
continuous physicalmagnitudes. c Visualization of categorical material classes and
functional applications. Each subplot displays the cosine similarity distribution for
a specific text query (e.g., “Conductor'', “Li-ion battery'').

Table 2 | Comprehensive ablation study across four archi-
tectural components

Component Variant Top-
1 ↑

Top-
3 ↑

Top-
10 ↑

MAE
↓

Corr ↑

Graph
Encoder

PaINN 0.767 0.917 0.975 3.070 0.757

CGCNN 0.717 0.869 0.944 2.735 0.836

ORB 0.097 0.218 0.437 3.455 0.776

LLM
Backbone

OPT-125M 0.512 0.646 0.769 3.250 0.784

Galactica-
125M

0.493 0.606 0.713 2.762 0.816

MatSciBERT 0.478 0.632 0.768 3.579 0.747

SciBERT 0.473 0.627 0.765 3.038 0.775

Loss Type InfoNCE 0.566 0.701 0.817 3.079 0.811

JSD+Dot 0.374 0.518 0.658 3.275 0.734

Intramodal
Loss

True 0.517 0.668 0.806 3.241 0.754

False 0.461 0.587 0.701 3.073 0.807

All values are averaged across 200 experimental configurations (5 properties × 40 model var-
iants, k = 10 retrieval depth). Within each component group, bold entries indicate the best value
for each metric (highest for Top-1, Top-3, Top-10, and Corr; lowest for MAE).
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general-domain OPT-125M, and Galactica-125M shows no clear advan-
tage over OPT-125M. This indicates that contrastive fine-tuning on
material-text pairs largely overcomes the gap between general and
domain-specific pretrained representations.

Two contrastive loss functions were evaluated. InfoNCE is the
standard objective widely adopted in CLIP-style models, and Jensen-
Shannon divergence with dot product similarity (JSD) was proposed to
improve training efficiency with small batch sizes. InfoNCE con-
sistently outperforms JSD across all metrics, achieving 56.6% top-1
accuracy compared to 37.4% for JSD—a substantial 19.2 percentage
point improvement. The performance gap widens for lower retrieval
depths, suggesting InfoNCE produces tighter, more discriminative
clusters in the joint embedding space. These results indicate that
despite JSD’s theoretical advantages for small-batch training, InfoN-
CE’s proven effectiveness in large-scale vision-language models
transfers successfully to cross-modal materials informatics.

Overall, the ablation study reveals clear trade-offs between graph
and text encoder architectures, with no single choice uniformly
dominating all tasks. In contrast, the contrastive objective and the
incorporation of intramodal loss show consistent and substantial
effects on performance. Based on a Pareto analysis of all evaluated
configurations (Suppl. Figs. 12, 13), PaINN-Galactica-InfoNCE with
intramodal loss emerges as a Pareto-optimal configuration with a
favorable balance between cross-modal retrieval accuracy and inverse
design performance. We therefore adopt this configuration in all
subsequent experiments presented in the main text.

Discussion
In conclusion, we developed a crystal graph-aware multimodal lan-
guage model that is trained on crystal graphs and materials science
corpora, including GPT-synthesized narratives. Through a series of
experiments on zero-shot tasks, we confirmed that leveraging syn-
thetic data is a promising approach to addressing data scarcity and
bias within the materials science domain. The multimodal model,
trained with 3D crystal structure information from synthetic data,
enabled the execution of zero-shot tasks, which were challenging to
achieve with previous language models. Our model can serve as a
baseline for future work, for example, providing similarity metrics for
evaluating text-based crystal generation tasks.

Despite the strengths exhibited by our current models, there are
limitations; Our model is currently only applicable to crystalline
materials. However, contemporary materials science research handles
polycrystals or materials with defects that affect their properties,
rather than single crystals. Furthermore, the model cannot handle
metal-organic frameworks at this stage. Therefore, our next step is to
cultivate models capable of identifying correlations that encompass a
broader spectrum of materials and structures, thereby achieving a
higher level of comprehension. Such advancements will require the
development of representations that can simultaneously handle not
only single crystals but also high-dimensional structures such as
polycrystals and defects. Additionally, advancements in data synthesis
methods are needed to minimize hallucinations and generate more
informative data. Another challenge is the lack of a standardized
nomenclature in the field of inorganic materials science, unlike in the
molecular domain. For example, IUPAC names naturally included in
academic literature provide opportunities to learn various concepts
from the surrounding context. On the other hand, terms like SiO2 in
the literature cannot be distinguished by nomenclature alone as to
whether they refer to a crystal or non-crystal, bulk material, or nano-
particles. Future research should carefully address these limitations.

Methods
Data collection
For training a language-materials multimodal contrastive learning
model, we follow two steps: data preparation andmodel training. First,

we use language-material pair data, which is language model-based
synthetic data that Park et al.31 have worked on previously. We also
retrieve domain-specific natural language text from large-scale unla-
beled materials in the SCI paper dataset. Afterward, the data of each
modality passes through a graph encoder and a text encoder and is
trained tobemapped to the joint representation space. In thisway, our
model can link materials graphs with materials engineering text
descriptions.

We collect 126k materials data from Materials Project30 to train
our multimodal foundation model. To obtain crystal structure graphs
of the collected compounds, we use the function to convert to crystal
graphs from the Jarvis-tools library48. To obtain the text for each
material, we use 126k material-synthesized text pairs from our pre-
vious work31. We also search the corpus with weak supervision using
the full text of 4M academic papers exclusively available to our group
using chemical formulas as queries. In the collected data, there are a
total of 400k material-natural language sentence pairs corresponding
to approximately 400 inorganic compounds.

To improve the robustnessofmultimodal contrastive learning,we
employ modality-specific data augmentation strategies for both crys-
tal graphs and textual descriptions.

For contrastive pre-training on crystalline graphs, we employ
physically motivated augmentation strategies designed to preserve
material identity while encouraging robustness to realistic structural
variations, guided by insights from CrystalCLR39. While CrystalCLR
identifies structure perturbation and column replacement as an
effective augmentation pair, we intentionally exclude column repla-
cement in this work. Although column replacement preserves formal
valence, it can substantially alter key material properties such as ionic
radius, coordination environment, lattice parameters, and electronic
structure, effectively changing the semantic identity of the material.
Instead, we combine structure perturbation (randomly displaces each
atom by up to 50% of the minimum interatomic distance) with strain-
based augmentation (scales lattice vectors by factors sampled from
[1.0, 1.05]), which continuously deforms lattice parameters while pre-
serving composition and bonding topology. This choice encourages
invariance to elastic distortions and local structural noise that naturally
arise in crystalline datasets, without introducing chemically distinct
structures.

To enhance robustness against sentence ordering and partial
information loss, we apply sentence-level augmentation to textual
inputs. Given a text description composed of a sequence of sentences
S= {s1, s2,…, sm},weconstruct anaugmented text sequence Ŝ through a
stochastic process consisting of sentence dropping and shuffling.

Specifically, each sentence si is independently retained with
probability pkeep = 0.5. To avoid degenerate cases where all sentences
are removed, we enforce a minimum constraint such that at least one
sentence is preserved by randomly selecting a sentence from the ori-
ginal sequence when necessary. The retained sentences are then ran-
domly permuted to form the final augmented text:

Ŝ=Shuffle fsijBernoulliðpkeepÞ= 1g
� �

:

This augmentation strategy encourages the model to learn
representations that are invariant to sentence order and resilient to
missing contextual information, thereby promoting semantic con-
sistency across diverse textual realizations.

Within the contrastive learning framework, multiple augmented
views of the same text are generated by independently applying the
above augmentation strategies. The model is trained to align repre-
sentations derived from these views, thereby enforcing invariance to
sentence-level perturbations and chemical formula substitutions. This
design complements structural augmentations applied to crystal
graphs and contributes to learning robust and semantically mean-
ingful multimodal representations.
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Graph encoder
In the landscape of predictive analytics for material properties, Graph
Neural Networks (GNNs) have emerged as one of the most prominent
methodologies, demonstrating substantial success in modeling crys-
talline materials3,4. By effectively capturing local atomic environments
and modeling interatomic interactions, GNNs have significantly
advanced the performance of material property prediction models. A
representative example is the Crystal Graph Convolutional Neural
Network (CGCNN)3, which applies graph convolution operations to
crystal graphs and substantially outperforms conventional machine
learning approaches.

Recent developments have further enhanced graph-based repre-
sentations by incorporating higher-order interactions, such as line-
graph constructions to capture three-body and four-body angular
information4, as well as equivariant vector operations for improved
representational capacity46. In our study, to examine the impact of
different graph hidden representations within the CLaC model archi-
tecture, we employ CGCNN and PaiNN as graph encoders, enabling a
systematic comparison of their effectiveness.

Furthermore, to assess the effect of large-scale pre-training for
graph encoders, we additionally adopt ORB47,49, an open-source
machine learning interatomic potential (MLIP) model, as a backbone
graph encoder. ORB is pre-trained on large and diverse atomic con-
figuration datasets, providing rich structural and chemical repre-
sentations. By comparing ORB-based representations with those
learned from CGCNN and PaiNN, we investigate whether large-scale
pre-trained graph encoders offer transferable advantages in multi-
modal contrastive learning for crystalline materials.

The graph encoder is formulated as follows:

hG = f g G, fxvjv 2 V g, feuvjðu, vÞ 2 Eg� �
, ð1Þ

where G= ðV , EÞ denotes a crystal graph with nodes V and edges E, xv
represents the feature vector of node v, euv represents the feature
vector of edge (u, v), fg denotes the graph encoder, and hG is the
pooled graph-level representation. For CGCNN-basedmodels, CGCNN
embeddings3 are used as initial node features, and radial basis
functions of interatomic distances are adopted as edge features.

Text encoder
The BERT architecture has been widely used to extract meaningful
features from text and has served as a standard text encoder in
vision–language multimodal models such as DeCLIP and CLIP-lite32,50.
Beltagy et al.35 introduced SciBERT, which was pre-trained on 1.14M
scientific papers from the biomedical and computer science domains.
Building upon this, Gupta et al.51 applied domain-adaptive pre-training
to SciBERT to develop MatSciBERT, a materials-aware languagemodel
trained on a materials science corpus with an expanded domain-
specific vocabulary. MatSciBERT has demonstrated improved perfor-
mance ondownstream tasks such asnamed entity recognition and text
classification.

In this study, SciBERT and MatSciBERT are adopted as encoder-
based text encoders for comparative evaluation. To mitigate cata-
strophic forgetting in BERT-based models during multimodal pre-
training, we additionally incorporate a masked language modeling
(MLM) loss.

In addition to encoder-only architectures, we also explore
decoder-based causal language models as text encoders. Specifically,
we employ OPT-125M and Galactica-125M, which are lightweight
autoregressive language models pre-trained on large-scale general-
domain and scientific corpora, respectively. When using thesemodels,
text representations are extracted from the hidden states of the causal
language model, and training is supplemented with a causal language
modeling (CLM) loss instead of MLM. This allows us to systematically

compare encoder-based and decoder-based text encoders within a
unified multimodal contrastive learning framework.

Text encoders can be formulated as follows:

ht = f t xiji 2 1, . . . ,nf g� �� �
, ð2Þ

where xiji 2 1, . . . ,nf g� �
denotes the sequence of input token

embeddings, ht represents the resulting hidden representations pro-
duced by the text encoder, and ft corresponds to either a BERT-based
encoder or a causal language model, depending on the architecture.

Optimization
In this section, we describe our pre-training framework (Fig. 1) for
crystal graphic representation learning. Given a dataset of graph–text
pairs, our objective is to train a graph encoder and a text encoder such
that the learned representations from each modality maximize their
sharedmutual information. Let fg and ft denote the graph encoder and
text encoder with parameters θg and θt, respectively. Given a sampled
graph–text pair (xg, xt), the corresponding representations are
obtained as hG = f g ðxg Þ and ht = ft(xt).

Themutual information between the crystal graph xg and the text
description xt is defined as the Kullback–Leibler (KL) divergence
between their joint distribution p(xg, xt) and the product of their
marginal distributions p(xg)p(xt):

Iðxg ; xtÞ=DKL pðxg , xtÞ k pðxg ÞpðxtÞ
� �

: ð3Þ

However, directly estimating mutual information for high-
dimensional continuous variables is challenging. To address this
issue, we adopt tractable lower-bound objectives that can be opti-
mized efficiently in practice.

We estimate and maximize mutual information using a
Jensen–Shannon divergence (JSD)-based lower bound, which has been
widely adopted in contrastive representation learning and generative
modeling. This formulation is fully differentiable and does not expli-
citly depend on the number of negative samples32.

The JSD-based mutual information estimator is given by:

IðhG;htÞ≥ Î
JSD
ω ðhG;htÞ : =EPðhG,ht Þ � log 1 + e�Tω

� �� 	�EPðhGÞPðht Þ log 1 + eTω
� �� 	

,

ð4Þ

where Tω : Xg ×X t ! R is a discriminator network parameterized by
ω. The discriminator is jointly optimized with the encoders to distin-
guish between samples drawn from the joint distribution (positive
pairs) and those drawn from the product of marginal distributions
(negative pairs).

Accordingly, the optimization objective is defined as:

ðω̂, θ̂g , θ̂tÞ= argmaxω, θg , θt Î
JSD
ω f g ðxg Þ, f tðxtÞ

� �
: ð5Þ

Based on this formulation, we define the inter-modal and intra-
modal contrastive losses as follows:

Linter�modal = � EPðhG ,ht Þ � logð1 + e�Tω Þ� 	�EPðhGÞPðht Þ logð1 + e
Tω Þ� 	� �

,

ð6Þ

Lintra�modal, graph = � EPðhG ,hG0 Þ � logð1 + e�Tωg Þ
h i

�EPðhGÞPðhG0 Þ logð1 + eTωg Þ
h i� �

,

ð7Þ

Lintra�modal, text = � EPðht ,ht0 Þ � logð1 + e�Tωt Þ
h i

�EPðht ÞPðht0 Þ logð1 + eTωt Þ
h i� �

:

ð8Þ
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In addition to the JSD-based objective, mutual information can
also be optimized using the InfoNCE loss, which is a widely
used contrastive objective in multimodal and self-supervised repre-
sentation learning. InfoNCE formulates mutual information max-
imization as a multi-class classification problem, where the model is
trained to correctly identify a positive pair among a set of negative
samples.

Given a positive graph–text pair ðhG,htÞ and a set ofN − 1 negative
text representations fht� g, the InfoNCE loss is defined as:

LInfoNCE = �E log
exp simðhG,htÞ=τ

� �
exp simðhG,htÞ=τ

� �
+
P

t� exp simðhG,ht� Þ=τ
� �

" #
,

ð9Þ
where simð�, �Þ denotes a similarity function (e.g., cosine similarity), and
τ is a temperature hyperparameter controlling the sharpness of the
distribution. By contrasting positive pairs against a set of negatives,
InfoNCE provides a lower bound onmutual information that becomes
tighter as the number of negative samples increases.

Overall training objective. In addition to contrastive alignment across
modalities, we incorporate language modeling objectives to further
enhance the quality of textual representations. Depending on the
underlying text encoder architecture, we employ either a masked
language modeling (MLM) loss or a causal language modeling
(CLM) loss.

For encoder-based architectures, we adopt the MLM objective,
which encourages themodel to recover masked tokens based on their
surrounding context:

LMLM = �
X
i2M

logPðxijxniÞ, ð10Þ

where M denotes the set of masked positions, xi is the ground-truth
token at position i, and x\i represents the input sequence with the
token at position i masked out.

For decoder-based or causal architectures, we instead employ a
causal language modeling (CLM) objective, which maximizes the
likelihood of each token conditioned on all preceding tokens:

LCLM = �
XT
i = 1

logPðxijx < iÞ, ð11Þ

where x<i denotes the sequence of tokens preceding position i.
The choice of whether to apply a language modeling loss, as well

as the selection betweenMLMandCLM, is treated as a hyperparameter
and configured according to the model architecture and training set-
ting. This design enables flexible integration of language modeling
supervision while preserving the generality of the multimodal con-
trastive framework.

The final training objective is defined as:

Ltotal =Linter�modal +Lintra�modal, graph +Lintra�modal, text + λLMLLM, ð12Þ

where LLM denotes either LMLM or LCLM, and λLM is a hyperparameter
controlling the contribution of the language modeling loss. When
λLM = 0, the language modeling objective is disabled.

Training configuration
Table 3 summarizes the hyperparameters used for model training. We
optimize themodel usingAdamW52with a low learning rate suitable for
pre-trained language models. To stabilize training with small batch
sizes, we employ gradient accumulation over 16 batches, yielding an
effective batch size of 256 samples per update. Gradient clippingwith a
maximumnormof 0.05 prevents exploding gradients.We use bfloat16
mixed precision training for computational efficiency and distribute
training across 2 GPUs using PyTorch’s Distributed Data Parallel (DDP)
strategy.

The contrastive learning objective uses InfoNCE loss53 with a
temperature parameter of 0.07. To enhance representation learning,
we incorporate intramodal contrastive losses alongside the standard
cross-modal objective: graph-graph contrastive learning aligns aug-
mented views of the same crystal structure, while text-text contrastive
learning aligns different textual descriptions of the samematerial. This
multi-task learning approach encourages both modality-specific
invariances and cross-modal alignment.

All models were implemented using PyTorch54 and PyTorch
Lightning. Graphneuralnetworkswerebuilt with PyTorchGeometric55.
Text encoding leveraged the HuggingFace Transformers library56.
Training was performed on NVIDIA GPUs with CUDA 11.8. For repro-
ducibility, we set random seeds for Python, NumPy, PyTorch, and
CUDA operations. Model checkpoints were saved based on validation
loss, retaining the top 2 checkpoints and the final checkpoint.

Training CLaC for 5 epochs on the full Materials Project dataset
(containing approximately 140,000 materials with paired crystal

Table 3 | Training hyperparameters for CLaC pre-training

Hyperparameter Value

Model Architecture

Graph encoder PaiNN / CGCNN

Text encoder OPT-125M / Galactica-125M / SciBERT /
MatSciBERT

Embedding dimension 512

Graph encoder hidden dim 512

Graph cutoff radius 5.0Å

PaiNN message-passing layers 5

CGCNN convolutional layers 3

Optimization

Optimizer AdamW

Learning rate 2 × 10−5

Adam β1, β2 0.9, 0.999

Adam ϵ 10−8

Weight decay 0.0

Gradient clip norm 0.05

Training Strategy

Batch size (per GPU) 16

Gradient accumulation steps 16

Effective batch size 256

Number of GPUs 2

Training precision bfloat16 mixed

Distributed strategy DDP

Maximum epochs 5

Random seed 42

Contrastive Learning

Loss function InfoNCE / JSD

Temperature (τ) 0.07

Visual intramodal loss Enabled / Disabled

Textual intramodal loss Enabled / Disabled

Data Augmentation

Graph Augmentation:

Structure perturbation 50% of min distance

Strain magnitude 0–5%

Text Augmentation:

Sentence dropout rate 50%

Sentence shuffling Enabled
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structures and text descriptions) required approximately 20–30 GPU-
hours on 4 NVIDIA A6000 GPUs (48GB each). The use of bfloat16
mixed precision training and gradient accumulation enabled efficient
training without sacrificing model performance.

Zero-shot evaluation
We evaluate the zero-shot capabilities of CLaC using a multimodal
similarity-based framework that requires no task-specific fine-tuning
and relies solely on the representations learned during multimodal
pre-training. Given a natural-language query, the text encoder pro-
duces a text representation, which is compared against precomputed
crystal representations of all candidate materials in the shared latent
space; the crystal structure with the highest similarity score is selected
as the retrieval result (Suppl. Fig. 5). Zero-shot classification and
understanding tasks are evaluated using amultiple-choice protocol, in
which the correct answer is selected from a finite candidate set. For
zero-shot inverse design, a natural-language query describing a target
property is used to retrieve the top-kmost similar candidatematerials,
whose property values are then compared against the target.

Text embedding analysis
To evaluate the quality of learned text embeddings and their ability to
encode continuous material property information, we conducted a
comprehensive similarity analysis across six material properties: band
gap (0.0–4.0 eV), formation energy per atom ( −3.0–1.0 eV/atom),
density (2.0–10.0 g/cm3), scintillation attenuation length
(0.5–20.0 cm), total magnetization (0.0–50.0μB), and energy above
hull (0.0–1.0 eV/atom).

For eachproperty, wegeneratedNquery texts using standardized
templates (e.g., “material with band gap of X eV”) spanning the prop-
erty range with uniform spacing. Each text query was tokenized (max
length: 128 tokens) and processed through the trained text encoder to
obtain contextual features from the final hidden layer. The resulting
embeddings were L2-normalized to unit vectors, ensuring that simi-
larity measurements represent angular distance in the embed-
ding space.

We computed the pairwise cosine similarity matrix S 2 RN ×N for
all property values, where Sij = ei ⋅ ej/(∣∣ei∣∣∣∣ej∣∣)represents the similarity
between embeddings for values i and j. Three complementary visua-
lizations were generated to assess embedding quality:
(A) Similarity Matrix Heatmap: The full N × N similarity matrix was

visualized using a plasma colormap (range: 0-1), with both axes
representing property values. This reveals the global structure
of the embedding space and identifies whether similar property
values cluster together.

(B) Reference Value Decay Curves: We selected three reference
values at the 25th, 50th, and 75th percentiles of each property
range. For each reference point vref, we plotted the similarity
decay curve showing how cosine similarity decreases as ∣v − vref∣
increases. Well-trained models should exhibit smooth, mono-
tonic decay, with self-similarity (v = vref) at 1.0 and gradually
decreasing similarity for more distant values.

(C) Similarity vs. ValueDifference: All pairwise comparisons (N(N-1)/
2 pairs) were aggregated into a scatter plot with absolute
property difference Δv = ∣vi − vj∣ on the x-axis and cosine
similarity on the y-axis. To quantify the trend, we binned the
data into 20 equal-width intervals and computed the mean
similarity ± 1 standard deviation within each bin. This
visualization directly tests the hypothesis that embedding
similarity should inversely correlate with property value
difference.

Data availability
The property-conditioned synthetic narratives and the associated
crystal–text pair data generated and used in this study are available on

Hugging Face Datasets at https://doi.org/10.57967/hf/277057. The
crystal structures and materials properties were obtained from the
Materials Project database (https://materialsproject.org). The
literature-derived text corpus of approximately four million full-text
academic papers used to train the CLaC-Paper baseline cannot be
shared publicly because it is subject to copyright and licensing
restrictions imposed by the respective publishers, which prohibit
redistribution of the full-text content; access to thesepapers requires a
separate licensing agreement with the corresponding publish-
ers. Source data are provided with this paper.

Code availability
The Python code used for this work is available on GitHub at https://
github.com/parkyjmit/CLaC and is archived on Zenodo58 (https://doi.
org/10.5281/zenodo.21203843).
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