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Supplementary Note 1 Related work

Supervised learning for molecules and crystals

Supervised property prediction for atomistic systems has progressed rapidly from hand-crafted descrip-

tors to end-to-end representation learning on molecular graphs and periodic crystals. Early milestones

include SchNet, which introduced continuous-filter convolutions to learn chemically meaningful embed-

dings for both molecules and materials directly from atomic species and coordinates[1]. For crystalline

solids, CGCNN established a widely adopted paradigm that represents periodic structures as graphs and

performs message passing to predict formation energies, band gaps, and other properties while retain-

ing interpretability at the atom/bond level[2]. Subsequent work highlighted the importance of explicitly

encoding higher-order geometric information beyond pairwise distances: DimeNet incorporated direc-

tional message passing using angular information with spherical basis functions, substantially improving

molecular quantum-property benchmarks[3, 4], while ALIGNN introduced atomistic line-graph message

passing to efficiently model bond-angle interactions and improve accuracy across diverse materials-

property tasks[5]. More recently, symmetry-aware and equivariant architectures such as PaiNN and

NequIP have demonstrated that enforcing rotational equivariance can markedly improve data efficiency

and fidelity for predicting tensorial quantities and interatomic potentials[6, 7]. In parallel, large-scale

supervised training on extensive relaxation trajectories has enabled broadly transferable models such

as M3GNet, which leverages explicit many-body interactions for universal interatomic potentials and

downstream materials screening[8].

Self-supervised learning for molecules and crystals

GNNs have significantly impacted material property predictions [2, 9] by providing an alternative way

for complex quantum chemical computations. However, the costly labeling process requiring expensive

quantum chemical calculations is the bottleneck in GNN application. To address this challenge, various

self-supervised learning (SSL) methods have been proposed. Wang et al. [10] reduced the need for expen-

sive quantum chemical labeling by applying contrastive learning to unlabeled 10 million molecules using

molecular GNNs. Koker et al. [11] emphasized the importance of augmentation techniques when apply-

ing contrastive learning to encoding periodic crystals as graphs with CGCNNs as encoders. Magar et

al. [12] improved the performance of CGCNNs by applying Barlow twins [13], a self-supervised learning

method that does not require negative pairs.

Scientific learning

A growing body of work explores how foundation models can be adapted to scientific learning, where

the goal is not only linguistic competence but also faithful modeling of scientific entities, modalities,

and decision workflows. In biomedicine, BioGPT demonstrated that domain-specific generative pretrain-

ing on large-scale biomedical literature can substantially improve performance on generation-centric and

information extraction tasks, motivating specialized LMs for scientific corpora[14]. Complementarily,

multimodal scientific understanding has been studied through figure-centric supervision: SciCap intro-

duced a large-scale scientific figure–caption dataset and benchmarked end-to-end caption generation,

highlighting both the feasibility and challenges of grounding scientific language in visual evidence[15]. In

materials science, recent systems are attempting to connect language models to downstream scientific
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workflows, but significant limitations remain. CSLLM presents a coordinated language model pipeline

for crystal synthesizability and synthetic pathway prediction[16]. MatLLMSearch integrates large-scale

language models into an evolutionary crystal structure search loop, demonstrating that LLM can guide

exploration[17]. However, existing methods lack an explicit alignment between language and material

representations of structure-property relationships.

Multimodal learning for molecules

In the molecular domain, performing multimodal contrastive learning between graphs and text has been

demonstrated to improve representation ability by encoding knowledge from an unstructured domain-

specific corpus. Zeng et al. [18] proposed to encode both SMILES [19, 20] representation and text corpus

of molecules simultaneously using a BERT [21] model as backbone. To train the proposed model, they

extracted a corpus from the semantic scholar [22], a database of over 136M published scientific literature,

to construct 10k molecule-text pairs. Su et al. [23] proposed to apply the contrastive learning paradigm

with distinguishing graph and text branches. To overcome limited training data, authors utilized pre-

trained models in the biochemical molecular domain for both GNN, GraphCL [24], and text encoder,

SciBERT [25]. Liu et al. [26] pre-trained their model on a larger training set of 280k pairs, and both

previous studies enabled zero-shot tasks and showed improved performance compared to unimodal models

on downstream tasks.

Multimodal learning for crystals

Multimodal learning in crystalline materials has not been explored extensively. Das et al. [27] proposed

CrysMMNet, which simultaneously integrates graph inputs and text inputs describing the structure of

materials generated by a Robocrystallographer [28]. However, this approach focuses on creating joint

representations and using them only to predict material properties and does not address issues related

to zero-shot tasks and downstream tasks using natural language. More recently, Moro et al. introduced

MultiMat [29], a multimodal foundation model that aligns multiple material modalities—including crystal

structures, electronic density of states, charge density, and textual descriptions—into a shared latent

space via contrastive learning. While MultiMat demonstrates strong performance in property prediction

and latent-space–based material discovery, its use of text is primarily auxiliary and it is not explicitly

designed for natural-language-driven querying or zero-shot language-based tasks. In contrast, Suzuki et

al. proposed Contrastive Language–Structure Pre-training (CLaSP) [30], which directly aligns crystal

structures with natural language derived from the materials science literature. By leveraging publication

titles and abstracts as supervision, CLaSP enables text-based retrieval and zero-shot screening of crystal

structures using human-interpretable language, highlighting a complementary direction that emphasizes

language-centric downstream tasks over multimodal property alignment.

Supplementary Note 2 GPT-synthesized narratives

We introduce an example of GPT-synthesized narratives of KNiIO6. These textual data were synthesized

based on realistic properties from publicly available materials databases. This is a promising alternative

to address the data scarcity and bias issues we currently face.
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Supplementary Figure 1 Generated description about KNiIO6. The narrative describes the material property
itself and infers potential applications of it.
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Supplementary Note 3 Brute-force extracted narratives

We introduce an illustrative example of a brute-force extracted textual description of CaSeO3. This

text was reconstructed based on the content and style of descriptions commonly used in prior materials

studies, rather than being directly copied from original source.

Supplementary Figure 2 Illustrative brute-force extracted description of CaSeO3. The text is synthetically
reconstructed and does not reproduce any original description verbatim[31].
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Supplementary Note 4 Generating multiple-choice problems

for zero-shot multimodal understanding

evaluation

To evaluate the multimodal recognition performance of our model, we proposed multiple-choice problems

for various subjects. To evaluate the compositional understanding of the developed model, we generate

10 sentences including only one correct answer. The correct answer is generated from the given materials

while other incorrect answers are randomly synthesized as described in Supplementary Fig. 3.

Supplementary Figure 3 Examples of multiple choice problems for evaluating various understandings of
the CLaC model. Multiple-choice problems are designed to evaluate the basic zero-shot understanding for materials
science.
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Supplementary Note 5 Baseline models

To systematically evaluate the zero-shot multimodal capabilities of the proposed CLaC model, we

compare against several baseline approaches that represent distinct modeling paradigms.

Random baseline

As a lower-bound reference, we include a random baseline in which answers are selected uniformly at

random from the candidate set.

Multimodal contrastive baselines

We evaluate three variants of CLIP-style multimodal models that share the same architecture but differ

in training status and textual supervision:

1. Untrained model, where both the graph encoder and text encoder are randomly initialized and

no multimodal training is performed. This baseline assesses whether the task can be solved without

learned cross-modal alignment.

2. CLaC-Paper, trained using text extracted from academic literature via brute-force matching of

chemical formulas. This setting reflects prior approaches that rely on naturally occurring, literature-

derived text for multimodal supervision.

3. CLaC-Synthetic, trained using property-conditioned synthetic narratives generated by large lan-

guage models. These narratives explicitly encode quantitative material properties and associated

semantic descriptions.

For all multimodal baselines, crystal structures are encoded as graphs using a graph neural network,

and textual inputs are encoded using a Transformer-based text encoder. Similarity between crystals and

texts is computed in a shared embedding space learned via contrastive training.

Text-only large language model baseline

To compare against unimodal language-based reasoning, we include a text-only large language model

baseline using Gemma-3-1b-it. In this setting, the model is evaluated via in-context instruction following.

The crystal structure to be queried and the candidate answer set are serialized into textual form and

provided within the prompt. The model is instructed to select the most appropriate answer based solely

on the textual description.
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Supplementary Figure 4 Baseline and comparison models for zero-shot multimodal retrieval. Schematic
illustration of the evaluation baselines and comparison settings used in this study. a, Random baseline, in which answers
are selected uniformly at random from the candidate set. b, Multimodal contrastive models, including an untrained model,
CLaC-Paper trained on literature-derived text, and CLaC-Synthetic trained on property-conditioned synthetic narratives.
In these models, crystal structures are encoded by a graph encoder and textual descriptions are encoded by a text encoder,
with similarities computed in a shared embedding space. c,d, Prompt-based evaluation of a text-only large language model
(Gemma-3-1b-it), where natural-language instructions are provided to guide selection among candidate materials. Panels
c and d illustrate examples of the prompts and textual inputs used for instruction-following inference.
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Supplementary Note 6 Zero-shot retrieval task

Supplementary Fig. 5 schematically illustrates the zero-shot crystal–text retrieval procedure described

in the Methods (Zero-shot evaluation).

Supplementary Figure 5 Schematic illustration of zero-shot crystal–text retrieval via multimodal con-
trastive representations. Crystal structures and textual descriptions are independently encoded using a graph encoder
and a text encoder, respectively. The graph encoder produces a set of crystal embeddings for candidate materials, while
the text encoder maps a natural-language query to a text embedding. Retrieval is performed by computing similarities
between the text embedding and all crystal embeddings in the shared latent space. The crystal structure with the highest
similarity score is selected as the retrieval result.
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Supplementary Note 7 Text embedding similarity

Supplementary Figure 6 Semantic structure of numerical values within the text embedding space for
untrained CLaC model. 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, Scin-
tillation 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 similarity 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.
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Supplementary Figure 7 Semantic structure of numerical values within the text embedding space for
CLaC-Paper. 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 similarity 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.
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Supplementary Figure 8 Semantic structure of numerical values within the text embedding space for
CLaC-Synthetic trained with LM loss. 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 similarity 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.
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Supplementary Note 8 Ablation study

Supplementary Figure 9 Ablation studies on architectural components, text encoders, and training objec-
tives. Rows correspond to different ablation settings, and columns report evaluation metrics: top-1, top-3, and top-10
accuracy for zero-shot retrieval (left), mean absolute error (MAE) for property regression (center), and Pearson correla-
tion coefficient (right). a, Comparison of graph encoder architectures, including OrbNet-based (orb), CGCNN (cgcnn),
and PaiNN (painn). b, Comparison of text encoders, including SciBERT, MatSciBERT, OPT-125M, and Galactica-125M.
c, Comparison of contrastive objectives, including Jensen–Shannon divergence with dot-product similarity (jsddot) and
InfoNCE loss. d, Effect of enabling or disabling sentence-level text augmentation during training. Bars indicate mean per-
formance across tasks, with black diamonds denoting the average and error bars representing standard deviation. Individual
dots correspond to per-task results.
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Supplementary Figure 10 Ablation results across model components and evaluation metrics. Ablation analy-
sis evaluating the effect of different design choices on multimodal performance. Columns correspond to ablated components,
including the graph encoder architecture, contrastive loss type, text encoder (LLM) choice, and the use of an intra-modality
loss. Rows correspond to evaluation metrics: a, mean absolute error (MAE) for property regression; b, Pearson correlation
coefficient; c, top-1 accuracy; and d, top-10 accuracy for zero-shot retrieval tasks. Bars denote mean performance across
evaluation tasks, black diamonds indicate the average, and error bars represent standard deviation. Individual dots corre-
spond to results on individual tasks or properties.
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Supplementary Figure 11 Pareto front between zero-shot retrieval accuracy and inverse design perfor-
mance for 3 candidates. Scatter plots showing the Pareto relationship between zero-shot retrieval accuracy (x-axis, top-1
accuracy) and inverse design performance (y-axis, mean absolute error) across different material properties, evaluated with
K=3 candidates. Panels correspond to a, band gap; b, density; c, energy above hull; d, scintillation attenuation length;
and e, total magnetization. Each point represents a distinct model configuration, with colors indicating the graph encoder
architecture, marker shapes denoting the text encoder (LLM) type, and marker styles reflecting training objectives and
loss variants. Configurations located toward the lower-right region of each panel define the Pareto front, corresponding to
models that jointly achieve high retrieval accuracy and low inverse design error.
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Supplementary Figure 12 Pareto front between zero-shot retrieval accuracy and inverse design perfor-
mance for 10 candidates. Scatter plots showing the Pareto relationship between zero-shot retrieval accuracy (x-axis,
top-1 accuracy) and inverse design performance (y-axis, mean absolute error) across different material properties, evalu-
ated with K=10 candidates. Panels correspond to a, band gap; b, density; c, energy above hull; d, scintillation attenuation
length; and e, total magnetization. Each point represents a distinct model configuration, with colors indicating the graph
encoder architecture, marker shapes denoting the text encoder (LLM) type, and marker styles reflecting training objectives
and loss variants. Configurations located toward the lower-right region of each panel define the Pareto front, corresponding
to models that jointly achieve high retrieval accuracy and low inverse design error.
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Supplementary Figure 13 Effect of removing the intermodal loss on zero-shot inverse design retrieval.
Zero-shot inverse design retrieval results for CLaC models trained without the intermodal contrastive loss, evaluated across
different candidate set sizes K=3,10, and 30. Each column corresponds to a different value of K, and rows correspond to
different target material properties: a, band gap; b, density; c, energy above hull; d, scintillation attenuation length; and
e, total magnetization. For each query, the retrieved material property value is plotted against the target query value.
The diagonal dashed line indicates ideal retrieval, where the retrieved value matches the target. Circles denote predictions
from the CLaC model without intermodal loss, while crosses indicate a random baseline. Shaded regions represent the
distribution of candidates. Mean absolute error (MAE) is reported for each setting. Across all properties and values of K,
removing the intermodal loss leads to degraded inverse design performance compared to the full model (see main text).
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