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Abstract

Understanding structure–property relationships is an essential yet challenging as-
pect of materials discovery and development. To facilitate this process, recent
studies in materials informatics have sought latent embedding spaces of crystal
structures to capture their similarities based on properties and functionalities. How-
ever, abstract feature-based embedding spaces are human-unfriendly and prevent
intuitive and efficient exploration of the vast materials space. Here we intro-
duce Contrastive Language–Structure Pre-training (CLaSP), a learning paradigm
for constructing cross-modal embedding spaces between crystal structures and
texts. CLaSP aims to achieve material embeddings that 1) capture property- and
functionality-related similarities between crystal structures and 2) allow intuitive
retrieval via user-provided description texts as queries. To compensate for the lack
of sufficient datasets linking crystal structures with textual descriptions, CLaSP
leverages a dataset of over 400,000 published crystal structures and corresponding
publication records, including paper titles and abstracts, for training. We demon-
strate the effectiveness of CLaSP through text-based crystal structure screening
and embedding space visualization.

1 Introduction

The properties of materials, ranging from low-level properties such as bandgap and formation energy
to high-level functionalities such as superconductivity, are determined by their crystal structures [5, 8].
Thus, unlocking the structure–property relationships of materials is key to accelerating materials
discovery and development.

AI-driven materials science pursues this ambition through the use of machine learning (ML). One area
of research has focused on predicting material properties using graph neural networks [32, 7, 6, 17]
and transformers [34, 28], leveraging large-scale crystal structure datasets annotated with properties
simulated by first-principles calculations. Although this approach has shown success, the models
are specialized for specific simulatable properties, such as bandgap, and are unable to provide a
comprehensive view of materials with diverse properties and functionalities.

Other studies have explored developing embedding spaces of crystal structures to capture their
similarities based on properties and functionalities [33, 26, 16, 22]. However, these efforts are limited
by the lack of dedicated training datasets with diverse property and functionality annotations, resulting
in abstract, unannotated embedding spaces that are not easily navigable for materials discovery.

The annotation cost and model interpretability are common problems in ML, leading to the explo-
ration of learning paradigms that use natural language text descriptions, instead of class labels, for
supervision. The seminal work, CLIP (Contrastive Language–Image Pre-Training) [23], pioneered
this approach by using contrastive learning between image and description text pairs. By learning to
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Figure 1: Contrastive learning paradigm of CLaSP in two stages. (1) Pre-training using pairs of
crystal structures and publication titles. (2) Fine-tuning using pairs of crystal structures and keywords
that are generated from the titles and abstracts using an LLM.

align two embedding spaces across the two modalities, CLIP enables cross-modal retrieval between
images and texts, and zero-shot recognition of images using text-based prompts.

The success of CLIP has inspired language-supervised representation learning for molecular struc-
tures [35, 31, 18, 25, 27, 12] and crystal structures [19, 20]. However, existing methods for materials
use textual descriptions about structural features rather than properties [19, 20], thus limiting the
ability to capture high-level information such as material functionalities.

To overcome this limitation, we introduce Contrastive Language–Structure Pre-training (CLaSP)
(Fig. 1). CLaSP leverages a large-scale dataset of published crystal structures and corresponding
article information retrieved from the Crystallography Open Database (COD) [10]. Speci�cally, we
utilize publication titles for pre-training and a combination of titles and abstracts for �ne-tuning. We
hypothesize that these textual sources offer a comprehensive representation of material characteristics.
Extensive analyses demonstrate that CLaSP effectively learns structure embeddings that capture
abstract and complex material concepts, such as `superconductor' and `metal-organic frameworks'.

2 Contrastive Language–Structure Pre-training

We propose using a dataset of crystal structures paired with their publication information, such
as titles and abstracts, for language–structure contrastive learning. By assuming that these texts
convey material characteristics, this approach aims to link crystal structure embeddings with material
properties and functionalities through human-interpretable linguistic semantics.

We used a total of 406,048 crystal structures associated with paper titles retrieved from the COD, as
detailed in Appendix A. CLaSP uses these captioned structures to jointly train a crystal encoder and a
text encoder. For each training iteration, the crystal encoder transforms a batch of crystal structures
into embeddingsf ci g, whereas the text encoder transforms the paired caption texts into embeddings
f t i g. CLaSP aligns the two encoders by minimizing the large margin cosine loss function [30]:

L = �
1
N

NX

i =1

log
exp(s(cos(ci ; t i ) � m))

exp(s(cos(ci ; t i ) � m)) +
P N

j =1 ;j 6= i exp(s cos(ci ; t j ))
; (1)

whereN is the batch size,s > 0 is a scaling hyperparameter that ampli�es cosine similarities to
make the loss function more sensitive to similarity differences, enhancing training effectiveness, and
m 2 [0; 1] is a margin hyperparameter that enforces a gap between positive-pair similaritycos(ci ; t i )
and negative-pair similaritiescos(ci ; t j ). This loss function is the same as the cross entropy loss in
CLIP [23] whenm = 0 . We found that incorporating the margin leads to better generalization in
downstream tasks, as shown in hyperparameter studies in Appendix B.

We consider keyword-based crystal structure screening as a demonstrative downstream task and hence
perform �ne-tuning using keyword captions instead of titles. To this end, we identi�ed abstracts for
80,813 entries of the training set and generated keywords for these entries from their title–abstract
pairs using a large language model (LLM). We used Meta's Llama3 (70B Instruct) [1] to generate up
to 10 keywords, such as `visible light photocatalysis' and `narrow bandgap', for each crystal structure.
The overall dataset generation procedure is detailed in Appendix A.
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3 Experiments

3.1 Encoder and training details

A CGCNN model [32] was trained from scratch to serve as the crystal encoder. Additionally, a frozen
pre-trained SciBERT model [4] was used for the text encoder, followed by a three-layer multilayer
perceptron (MLP) fed with theCLStoken embedding. We used the embedding dimensionality of 768
for both modalities, and implemented the networks using PyTorch [2] and PyTorch Geometric [9].

We divided the dataset into training, validation, and test splits in an 8:1:1 ratio, and also divided
its keyword-based subset accordingly. We optimized the loss function with scaling factors of 3
and marginm of 0:5, using stochastic gradient descent with global batch sizeN equal to 16,384
(2,048� 8 GPUs). Title-based pre-training was performed for a total of 2000 epochs, followed
by keyword-based �ne-tuning for additional 50 epochs. We used the AdamW optimizer [13] with
a constant learning rate of2 � 10� 5 for pre-training and1 � 10� 6 for �ne-tuning. Training was
performed on a single server with eight NVIDIA A100 GPUs (80GB VRAM), taking approximately
16 hours overall.

3.2 Zero-shot crystal structure screening by text

To evaluate CLaSP's ability to link crystal structures with textual property descriptions, we performed
crystal structure retrieval using keywords representing material functionalities (e.g., `thermoelectric'
and `superconductor'). Given the embedding of a query keyword, we retrieved structure embeddings
from the test set that showed high cosine similarities with the keyword embedding. We regarded
a structure to possess a queried property if the associated paper title contained the keyword or its
variations (e.g., for `superconductor,' the terms `superconductive' and `superconductivity' were also
considered correct). The trade-off between true positives and false positives was evaluated using the
ROC (receiver operatorating characteristic) and ROC-AUC (area under the ROC curve).

Figure 2 shows ROC curves for six query keywords before and after �ne-tuning. While the zero-shot
prediction using the pre-trained model (Fig. 2, left) already demonstrates good performance, with an
average ROC-AUC of 0.7185, �ne-tuning (Fig. 2, right) further improved it to 0.7804. These results
highlight the ability of the CLaSP models to capture complex structure–property relationships across
diverse material functionalities by analyzing crystal structures alone.

To further validate the retrieval performance, we retrieved the top-100 materials using keywords
related to bandgap—speci�cally, `narrow-bandgap material' and `insulator'—and analyzed their
bandgap distributions. Since the COD does not provide property labels, we predicted bandgaps of
materials by using a state-of-the-art property prediction model, Crystalformer [28], with pretrained
model weights (speci�cally the seven-block model trained on the JARVIS-DFT 3D 2021 dataset)
provided by the authors. Figure 3 shows violin plots of the bandgaps for the retrieved materials.
These distributions successfully re�ect the expected bandgap ranges for narrow-bandgap materials
(i.e., bandgaps smaller than1:1 eV) and insulators (i.e., large bandgaps), compared to the random
sampling distribution.

3.3 Embedding space visualization

To demonstrate how the proposed language–structure embedding can intuitively navigate the materials
space, we created several visualizations of the structure embeddings from the test set using t-SNE.

First, we created aworld mapof COD materials to analyze the alignment of the learned materials
space and semantics. We grouped the structure embeddings into 20 clusters using k-means++ and
assigned an LLM-generated keyword label to each cluster that summarizes the associated paper titles,
as detailed in Appendix C. The resulting map in Fig. 4a shows a meaningful distribution of materials,
forming lands of clusters of similar materials, such as an organic materials land, a complexes land,
and an inorganic materials land. The map suggests that the model recognizes material similarities
that are intuitive to human. In contrast, embeddings learned without textual information often fail to
capture such high-level semantic relationships, as shown in a comparison provided in Appendix D.

Furthermore, cosine similarity-based heat maps allow us to easily identify regions relevant to a given
text query. Figure 4b shows that `superconductor' is highly correlated with intermetallic compounds
and oxides, while Fig. 4c shows `metal-organic frameworks' is aligned with organic compounds.
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Figure 2: ROC curves of keyword-based crystal structure retrieval. The zero-shot results with only
pre-training (left) show good performance, and �ne-tuning leads to further improvements (right).

Figure 3: Violin plots of bandgaps for crystals retrieved via keyword searches. The distributions re�ect
the expected bandgap ranges for narrow bandgap materials and insulators, successfully demonstrating
the retrieval of materials with targeted properties.

Finally, we veri�ed the alignment between material properties and the map constitution by overlaying
predicted bandgaps on the map. As done in Sec. 3.2, we used the pretrained Crystalformer [28] to
predict the bandgaps of the COD materials. The resulting bandgap distribution in Fig. 4d shows
consistencies with the map (Fig. 4a). For example, the right part in Fig. 4d with larger bandgaps cor-
responds to organic compounds in Fig. 4a, and the bottom part with near-zero bandgaps corresponds
to intermetallic compounds. These results suggest that the embeddings not only capture intuitive
semantics of materials but also re�ect their similarities in terms of material properties.

4 Discussion and limitations

The results in Sec. 3 have con�rmed that the publication information can provide a strong supervision
in learning crystal structure embeddings and linking them to material properties. However, titles in the
materials science literature tend to highlight a speci�c and potentially intriguing aspect of the reported
materials, rather than provide a comprehensive description. For example, in Fig. 2a, the retrieval
result with `superconductor' outperforms the results with `semiconductor' and the others, despite the
more complex structure–property relationships involved. We hypothesize that this is due to the high
co-occurrence of the presence of superconductivity in the reported materials and `superconductor' in
titles, whereas `semiconductor' is less prioritized in titles. A similar issue may explain the relatively
low retrieval accuracy for `ferromagnetic' in Fig. 2a. Since ferromagnetism is a major characteristic
of Fe, and iron-based materials are widely utilized, paper titles may often omit `ferromagnetic.' This
could introduce noise into the title-based supervision and hinder the learning of this material concept.
Meanwhile in Fig. 2b, �ne-tuning using keywords derived from titles and abstracts improved the
overall retrieval performance, suggesting that abstracts convey more comprehensive information
about the materials. This implies further possible improvements to CLaSP by incorporating richer
training data sources beyond publication titles and abstracts, such as full texts, �gures, and tables. For
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Figure 4: t-SNE visualization of crystal structure embeddings. (a)World mapof COD materials.
The embeddings are grouped into 20 clusters and assigned keywords that represent the paper titles
associated with the clusters. (b, c) Heat maps showing cosine similarities between the structure
embeddings and query-text embeddings (`superconductor' and `metal-organic frameworks'). (d)
Bandgap distribution of crystal structure embeddings. Predicted bandgaps trend to re�ect known
properties of material clusters in (a), such as larger bandgaps for organic compounds and near-zero
bandgaps for intermetallic compounds.

example, when papers cite another publication that reports a speci�c crystal structure, their citation
contexts may provide meaningful text descriptions for the structure.

We also analyzed the source journals used in the COD and found a potential bias in the dataset towards
crystallography and chemistry publications (Appendix E). This bias suggests the need for more
comprehensive and diverse data sources encompassing a broader range of materials and properties.
Given the limited availability of large materials databases with publication records beyond the COD,
we could augment it by utilizing external sources, such as citation contexts and Wikipedia entries
related to materials science, in an approach similar to retrieval-augmented generation (RAG) [15] in
LLM applications. We leave such extensions as future work.

5 Conclusion and broader impacts

In this study, we introduced CLaSP, a literature-driven learning paradigm for constructing cross-
modal embedding spaces that connect crystal structures with their textual property descriptions.
We demonstrated its effectiveness in learning structure embeddings that capture functionality-level
material similarities and in enhancing the materials space with intuitive linguistic semantics.

These promising results indicate the potential to transform how we explore the vast materials space.
Potential applications include crystal structure screening and tagging via text prompts. Furthermore,
inspired by text-to-image generation [24], CLaSP's text embeddings could guide crystal structure
generation models [11, 36], enabling innovative applications such as text-to-crystal generation. These
advancements promise a more intuitive and ef�cient approach to exploring the materials space.
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Appendix

A Details for dataset preparing

Data retrieval

This study used the Crystallography Open Database (COD) [10] as the source of crystal structure data.
Compared to other crystal structure databases, the COD is particularly well-suited for our purposes,
as it provides publication information (including titles and DOIs) for each crystal structure entry and
is available in the public domain. From the COD, we retrieved 512,312 pairs of crystal structures and
their corresponding publication records as of March 2024. Using the DOIs from these records, we
further extracted the abstracts of the papers via the Crossref API. This process collected abstracts for
141,311 entries, representing approximately 27.6% of the entire dataset.

Data preprocessing and spliting

We �ltered out the entries with structures containing more than 500 atomic sites, resulting in a dataset
of 406,048 crystal structures with corresponding paper titles and DOIs. We randomly split the dataset
into training, validation, and test sets in an 8:1:1 ratio, yielding 324,838 entries for training, 40,604
for validation, and 40,606 for testing. We used the train set for title-based pre-training, the validation
set for selecting a model checkpoint during pre-training or �ne-tuning, and the test set for evaluating
the ROC (Fig. 2) and visualizing the embedding space (Fig. 4). We also used this dataset to generate
the keyword-captioned dataset for �ne-tuning, as explained next.

Keyword dataset generation for �ne-tuning

We derived the keyword-captioned dataset from the main dataset by removing entries without abstract
from each split, ensuring no mixing across the splits. For each entry with a title and abstract pair,
we generated up to 10 representative keywords using an LLM, speci�cally Meta's Llama3 (70B
Instruct) [1]. The prompt template used for keyword generation is listed below. The keyword
generation process took 36 hours using a server equipped with eight NVIDIA A100 GPUs (80GB
VRAM) and an ef�cient LLM inference framework, vLLM [14]. Finally, we removed generated
keywords if they were unrelated to material properties, such as `crystal structure', `X-ray diffraction',
`neutron diffraction', `powder diffraction', and `single-crystal X-ray diffraction'. Entries without any
remaining keywords were also removed from the dataset. This process resulted in 80,813 entries for
the training set, which was used to �ne-tune the pre-trained model for the keyword-based retrieval
task. The remaining two sets, containing 10,134 entries for validation and 10,197 for testing, were
never used in this study. Note that the validation during �ne-tuning was done based on the average
ROC-AUC score, instead of the validation loss, for the validation set of the main dataset.

def prompt_format_func(material_id, title, abstract):
"""Formats the prompt for the Gemini model."""
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prompt_template = """Below are title-abstract pairs for materials science papers dealing with crystal
,! structures. For each paper, list up to 10 keywords in English that describe the features,
,! functions, or applications of the material discussed. Focus on the material itself, and do not
,! include general terms or measurement techniques (e.g., Crystal Structure, Crystal Lattice, X-
,! ray diffraction, Neutron Diffraction, Powder Diffraction). Return the results in json format
,! with the following schema.

**Example input 1:**

```
ID: 0001
Title: Enhancement of Critical Temperature in Layered Copper Oxide Superconductors via Lattice

,! Compression Techniques
Abstract: Superconductivity in copper oxides (cuprates) offers vast potential for technological

,! applications due to their high critical temperatures (Tc). Our research presents a novel
,! approach to enhance Tc in layered cuprate materials through the controlled application of
,! lattice compression. Using advanced crystallographic methods, we systematically altered the
,! interlayer spacing and analyzed the resultant changes in electronic properties. Our findings
,! demonstrate a significant improvement in superconducting behavior at elevated temperatures,
,! further supporting the unconventional mechanisms underpinning superconductivity in these
,! materials.

```

**Example output 1:**

```json
[ {

"ID": "0001",
"Keywords": [

"High-Tc",
"Cuprate Superconductors",
"Lattice Compression",
"Electronic Properties",
"Layered Structures",
"Superconducting Phase",
"Temperature Enhancement",
"Unconventional Superconductivity"

]
}]

```

**Example input 2:**

```
ID: 0002
Title: Advancements in Biodegradable Polymers for Sustained Drug Delivery Systems
Abstract: The development of biocompatible and biodegradable materials is critical in the field of

,! medical implants and drug delivery systems. This paper examines the latest advancements in
,! biodegradable polymers tailored for sustained release of therapeutic agents. We analyze
,! various polymer compositions that provide controlled degradation rates and compatibility with
,! a range of drugs. Our results show promising applications in long-term treatments, reducing
,! the need for repeated administration and improving patient compliance.

```

**Example output 2:**

```json
[ {

"ID": "0002",
"Keywords": [

"Biomaterials",
"Biodegradable Polymers",
"Sustained Release",
"Drug Delivery Systems",
"Biocompatibility",
"Controlled Degradation",
"Therapeutic Agents",
"Medical Implants",
"Long-Term Treatment"

]
}]

```
"""
prompt = prompt_template + f"""
**Input :**

```
ID: {material_id}
Title: {title}
Abstract: {abstract}
```
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**Output :**

```json
"""
return prompt

B Hyperparameter studies

We investigated the dependency of the model's performance on the margin and scale hyperparameters
in the loss function (Eq. 1). Note that our loss, adapted from CosFace [30], coincides with the loss in
CLIP [23] when the margin is set to zero. We trained the model with various combinations of margin
m 2 f 0; 0:3; 0:5g and scales 2 f 1:0; 1:5; 2:0; 2:5; 3:0; 3:5g, and evaluated the average ROC-AUC
scores both before and after �ne-tuning.

The results in Table 1 indicate that both parameters impact performance. Particularly, a higher margin
tends to increase validation scores after �ne-tuning, suggesting that the margin loss promotes better
generalization in downstream tasks. We further analyzed the ROC curves of the best CLIP loss model
(m = 0 ands = 2 :0) in Fig. 5, and compared them with the best CosFace loss model (m = 0 :5
ands = 3 :0) in Fig. 2. The comparison shows that introducing a margin leads to well balanced
performance across various keywords.

Table 1: ROC-AUC comparison of keyword-based crystal structure retrieval. The numbers inbold
indicate the best results and the numbers with underlineindicate the second best results.

Loss Margin Scale Pre-trained (val) Fine-tuned (val) Fine-tuned (test)
CLIP [23] 0.0 1.0 0.6310 0.6943 -

0.0 1.5 0.6526 0.6521 -
0.0 2.0 0.7285 0.7837 0.7778
0.0 2.5 0.6553 0.6791 -
0.0 3.0 0.6946 0.7227 -
0.0 3.5 0.6053 0.6856 -

CosFace [30] 0.3 1.0 0.5156 0.6495 -
0.3 1.5 0.7170 0.7273 -
0.3 2.0 0.6074 0.6701 -
0.3 2.5 0.6925 0.7365 -
0.3 3.0 0.6223 0.7395 -
0.3 3.5 0.6498 0.7496 -
0.5 1.0 0.6282 0.6994 -
0.5 1.5 0.7164 0.7763 -
0.5 2.0 0.5832 0.7006 -
0.5 2.5 0.6347 0.7778 -
0.5 3.0 0.7185 0.7828 0.7804
0.5 3.5 0.6764 0.7031 -

Figure 5: ROC curves of keyword-based crystal structure retrieval on the test set (CLIP loss).
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C Details for embedding visualization

The t-SNE algorithm [29] implemented in openTSNE [21] was used for embedding space visualiza-
tion, and k-means++ [3] was used for embedding clustering. Google Gemini 1.5 Pro with the default
temperature parameter of 1.0 was used to generate the cluster keywords in Fig. 4.

D Comparison with an existing approach

We compared CLaSP with an existing crystal embedding learning approach called Contrastive Ma-
terials Metric Learning (CMML) [26]. CMML also employs contrastive learning, but it aligns the
embeddings of two complementary structural representations: crystal structures and their correspond-
ing X-ray diffraction (XRD) patterns. Since XRD patterns can be easily simulated from crystal
structures, CMML is regarded as a self-supervised learning approach that only requires a collection of
unannotated crystal structures for training. However, unlike CLaSP, which learns structure–language
relationships, contrastive learning with purely structural data (structure and XRD pattern pairs)
produces abstract embeddings that limit human-intuitive understanding. This distinction also prevents
a quantitative comparison between CLaSP and CMML on the text-based retrieval task in Sec. 3.2.

To assess how well CLaSP and CMML embeddings capture high-level semantics of materials,
we visually examined how these methods map semantically similar materials in their respective
embedding spaces. Speci�cally, we generated embeddings of the crystal structures in the COD
test set using both the CLaSP model and the pretrained CMML model (trained on the Materials
Project dataset) publicly provided by the authors. We then created t-SNE visualizations of these
embeddings, highlighting entry points whose corresponding publication titles included speci�c
keywords—speci�cally, `superconductor' and `metal-organic framework.'

The results in Fig. 6 show that, while CMML randomly scatters these keyword-speci�ed entries across
the map (left), CLaSP highly concentrates these entries in speci�c areas in the map (right). These
results highlight a key advantage of CLaSP. By incorporating textual information during training,
CLaSP learns to recognize similarities between materials based not only on their structures but also
on their properties and functionalities through text-based supervision. In contrast, CMML, which
relies solely on structural data, struggles to capture these high-level relationships among materials,
particularly when they exhibit diverse structures or compositions.

E Potential biases in the dataset

This study utilized the Crystallography Open Database (COD) [10] as the source of the dataset.
Although the COD is the world's largest database of experimentally determined crystal structures, it
is not systematically constructed to encompass a wide variety of materials. Consequently, the dataset
may contain biases. To investigate this, we analyzed the breakdown of journals that served as data
sources for the COD dataset used in this study.

The resulting histogram in Fig. 7 reveals that over 80% of the 406,048 entries in the COD dataset
originate from just 18 journals, the majority of which are related to crystallography and chemistry.

This dataset trend is reasonable considering the historical context of the COD, which has been
maintained through the voluntary efforts of researchers interested in crystallography [10]. The
presence of this bias suggests the importance of incorporating additional data sources to enhance the
diversity of the COD, as well as the need to adapt ML models trained on the COD for target domains.

F Potential negative societal impacts

A potential risk is the misuse of CLaSP for designing harmful materials. However, since does not
directly synthesize substances, the risk is comparable to other computational methods in materials
development, such as simulations.
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Figure 6: t-SNE visualizations of crystal structure embeddings generated by CLaSP and CMML [26].
Material entries with publication titles that include the keywords `superconductor' (top row) or
`metal-organic framework' (bottom row) are highlighted in red.
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