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Modern materials science generates vast and diverse datasets from both experiments and computations, yet these
multi-source, heterogeneous data often remain disconnected in isolated “silos”. Here, we introduce MaterialsGalaxy, a
comprehensive platform that deeply fuses experimental and theoretical data in condensed matter physics. Its core innovation
is a structure similarity-driven data fusion mechanism that quantitatively links cross-modal records — spanning diffraction,
crystal growth, computations, and literature — based on their underlying atomic structures. The platform integrates artificial
intelligence (AI) tools, including large language models (LLMs) for knowledge extraction, generative models for crystal
structure prediction, and machine learning property predictors, to enhance data interpretation and accelerate materials
discovery. We demonstrate that MaterialsGalaxy effectively integrates these disparate data sources, uncovering hidden
correlations and guiding the design of novel materials. By bridging the long-standing gap between experiment and theory,
MaterialsGalaxy provides a new paradigm for data-driven materials research and accelerates the discovery of advanced
materials.
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1. Introduction

The fields of condensed matter physics and materials sci-
ence are undergoing a profound, data-intensive transforma-
tion. Decades of experimental exploration and theoretical
computation have amassed invaluable data, from experimen-
tally determined crystal structures (e.g., ICSD,[1] COD,[2,3]

CSD,[4] and the Pauling File[5]) to properties derived from
first-principles calculations (e.g., in databases like Materials
Project,[6] AFLOW,[7] OQMD,[8] MatCloud,[9] NOMAD,[10]

Materials Cloud,[11] Atomly[12]). This data wealth, coupled
with the rise of the data-driven “fourth paradigm”,[13] offers
unprecedented opportunities for materials discovery.[14–20] It
enables the systematic analysis of massive datasets to uncover
and interpret hidden structure–property relationships,[21,22] ac-
celerate the rational design of novel materials,[23–25] and pre-
dict their performance with increasing accuracy.[26–28] In-
deed, the synergistic integration of artificial intelligence, high-
performance computing, and automated experimentation is
emerging as a powerful strategy to enrich and accelerate ev-
ery stage of the discovery cycle.[29–31]

Despite this abundance of data from structured databases,
the full potential of these data resources remains largely un-
tapped due to the pervasive “data silo” phenomenon. An

even larger reservoir of knowledge, including crucial synthe-
sis details, resides within the unstructured text of scientific
literature. Experimental data, theoretical calculations, and
literature-extracted knowledge are fundamentally disparate,
differing in formats, naming conventions, precision standards,
and acquisition methods. This inherent heterogeneity, com-
pounded by a lack of standardized interoperability protocols,
severely hinders cross-source integration and analysis.[32,33]

Consequently, researchers face significant challenges in com-
paring and integrating data from these distinct origins, a bot-
tleneck that diminishes research efficiency.

To address this, the materials science community has
initiated crucial data integration efforts. The OPTIMADE
consortium,[34] for example, has made significant strides in
providing a unified application programming interface (API)
for computational materials databases, enhancing interoper-
ability among them. Concurrently, specialized NLP mod-
els have been developed to extract information from scien-
tific literature.[35–38] However, such efforts predominantly fo-
cus on homogeneous data sources (e.g., linking computational
databases). The deep, cross-modal fusion of experimental data
with theoretical computations — a far more complex chal-
lenge due to fundamental differences in data generation, se-
mantics, and precision — remains a critical and largely un-
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solved frontier.
Bridging the divide between experimental and theoretical

data holds immense scientific merit. High-quality experimen-
tal data provide the ground truth for validating and refining
computational models.[39,40] Crucially, even experimental fail-
ures or “negative results” are invaluable, as they provide crit-
ical constraints that help define the boundaries of successful
synthesis or desired properties, thereby further refining pre-
dictive models.[41] Conversely, theoretical calculations offer
predictive guidance for exploring materials yet to be synthe-
sized or characterized.[42,43] An effective fusion of these two
data modalities would establish a powerful closed loop, where
experiment and theory mutually validate and accelerate one
another, fostering more accurate models and hastening the dis-
covery of new materials.

To address these challenges, we developed the Materi-
alsGalaxy platform, designed for the deep fusion of hetero-
geneous experimental and theoretical databases in condensed
matter physics. Our core innovation is a data-linking method-
ology centered on crystal structure similarity. We transform
crystal structures into fixed-length numerical vectors, or “fin-
gerprints”, that encode key chemical and structural features.
While advanced, end-to-end representation learning methods
like graph neural networks (GNNs) and continuous-filter con-
volutional networks offer state-of-the-art performance,[44–46]

for this foundational work, we opted for a robust and in-
terpretable feature engineering approach from the matminer
library.[47] These descriptor-based fingerprints can be gener-
ated orders of magnitude faster than deep learning embeddings
and are deterministic, and their components (e.g., mean atomic
radius, packing efficiency) have clear physical and chemical
meaning. These vectors are then efficiently indexed in a vector
database. Leveraging this index, we perform high-speed sim-

ilarity searches to dynamically link disparate data records —
from experimental synthesis to theoretical properties — that
correspond to the same or similar materials, effectively dis-
mantling data silos. Beyond this central fusion engine, Mate-
rialsGalaxy integrates a synergistic suite of AI tools, including
a domain-specific large language model TopoChat,[48] a gener-
ative model for crystal structure prediction (Con-CDVAE),[49]

and machine learning models for property prediction. These
tools, coupled with the fused data, create a powerful ecosys-
tem for intelligent data analysis and accelerated materials dis-
covery.

This paper elucidates the architecture and data fusion
methodology of the MaterialsGalaxy platform. We demon-
strate its capabilities through application examples that con-
nect experimental and theoretical data to facilitate materials
discovery. Finally, we discuss the broader implications of
this approach for the research paradigm in condensed matter
physics and materials science, aiming to provide a unified data
infrastructure that fosters deeper synergy between experiment
and theory.

2. Results
2.1. Platform architecture

The overall architecture of the MaterialsGalaxy platform,
illustrated in Fig. 1, is engineered to systematically address
the challenge of heterogeneous data integration in materials
science. At its core, the architecture follows a multi-stage
workflow designed for robust data processing and intelligent
analysis. It begins with a Data Acquisition and Standardiza-
tion Layer that ingests and harmonizes multimodal data from
disparate sources, including public databases, electronic lab
notebooks, and the scientific literature.
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Fig. 1. Architecture of the MaterialsGalaxy platform. The platform employs a systematic workflow to fuse heterogeneous data from three primary
channels: (1) existing public databases, (2) electronic laboratory notebooks, and (3) automated literature extraction. Raw data first undergo a
rigorous standardization process. The core innovation is the structure vectorization module, which uses representation learning to generate a unique
fingerprint for each crystal structure. These fingerprints are indexed in a high-performance vector database, enabling a similarity matching engine to
dynamically link disparate records. The resulting fused data backbone supports a rich application layer featuring interactive querying, visualization
tools, a RESTful API, and a suite of integrated AI tools (e.g., LLM-based assistants, generative models, and property predictors). Crucially, this
architecture not only connects siloed experimental and theoretical data but also enriches them, creating a comprehensive, multi-modal profile for
each material based on shared structural features.
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The central component is a Structure-driven Fusion En-
gine. This engine leverages representation learning to vec-
torize crystal structures and employs a vector database for
high-speed similarity matching. This mechanism is the key
to linking otherwise disconnected records. Critically, this fu-
sion process creates a holistic, multi-modal profile for each
material. For instance, an experimental record, which might
originally contain only synthesis conditions and a diffraction
pattern, can be dynamically linked to its theoretical counter-
parts in the fused database, instantly augmenting it with com-
puted properties like band structure, formation energy, and
topological invariants. This cross-modal enrichment allows re-
searchers to rapidly gain a comprehensive understanding of a
material’s properties, seamlessly bridging the gap between its
experimental realization and theoretical characteristics.

This fused data backbone supports a versatile Application
and Analysis Layer, which provides user-facing functionalities
such as interactive querying, data visualization, API access,
and a suite of integrated AI tools for property prediction and
materials discovery. This cohesive design establishes a sys-
tematic solution to not only bridge data silos but also to create
a synergistically enriched data ecosystem that empowers ad-
vanced, data-driven research.

2.2. Data sources and integration strategy

The MaterialsGalaxy platform is built upon a diverse
and growing collection of multi-source, heterogeneous data
from the field of condensed matter physics, hosted at Con-
densed Matter Physics Data Center, Institute of Physics, Chi-
nese Academy of Sciences. Our data acquisition strategy fol-
lows a three-pronged approach: (1) aggregation of established

public databases, (2) automated ingestion from our in-house
electronic laboratory platform (MatElab),[50] which captures
curated experimental records with full provenance, and (3) au-
tomated extraction of structural and property data from the
scientific literature. This multi-channel approach ensures the
construction of a comprehensive data ecosystem spanning ma-
terial synthesis, characterization, and theoretical properties.

The platform currently integrates a wide spectrum of data
modalities, including crystal structures, electronic band struc-
tures, topological classifications, phonon dispersions, ferro-
electric properties, non-linear optical responses, and single-
crystal growth recipes. The scale and diversity of these data
sources are quantitatively summarized in Fig. 2(a). The ex-
perimental cornerstone of our collection is a large-scale crys-
tal structure database[51] comprising nearly 500000 entries de-
rived from the Crystallography Open Database (COD)[2,3] and
supplemented by literature mining. This is complemented by a
unique single-crystal growth database sourced from our MatE-
lab platform,[50] which contains 2000 detailed experimental
records documenting synthesis parameters and characteriza-
tion results.

On the theoretical front, MaterialsGalaxy incorporates
several high-throughput computation databases. Key among
these is a comprehensive topological materials database,[52]

containing over 8000 unique materials identified as topologi-
cally non-trivial (e.g., topological insulators, semimetals) from
a screening of more than 28000 candidates.[53] Similarly, a
topological phonon database provides phononic band struc-
tures and classifications for over 5000 materials.[54,55] Ad-
ditional computational datasets cover properties such as 2D
ferroelectricity[56] and non-linear optical coefficients.[57]
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Fig. 2. Overview of integrated data sources and their heterogeneity. (a) Distribution of entries across the primary integrated databases, with
experimental sources shown in blue and theoretical/computational sources in orange. The y-axis is on a logarithmic scale to accommodate
the wide range of data volumes. The collection includes a large experimental crystal structure database (COD-derived), various computational
property databases (e.g., topological materials, topological phonons), and a unique database of single-crystal growth experiments. (b) A
conceptual Venn diagram illustrating the complex relationships of overlap and uniqueness among different data modalities. This highlights
the core challenge of data heterogeneity, where, for instance, the materials space of experimental synthesis records, theoretically predicted
topological materials, and the general crystal structure database are partially intersecting yet distinct, necessitating a robust data fusion strategy.
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The primary challenge addressed by our platform stems
from the inherent heterogeneity and fragmentation of these
data sources. As conceptually illustrated by the Venn dia-
gram in Fig. 2(b), these datasets exhibit complex overlaps and
complementarities. For example, the broad chemical space of
experimental crystal structures (including organics) contrasts
with the inorganic focus of most computational databases.
Different property databases may share materials but describe
orthogonal physical phenomena. The experimental growth
database provides unique synthesis context that is often decou-
pled from theoretical entries. This intricate landscape of data
types, formats, precision levels, and semantic contexts neces-
sitates the systematic standardization and fusion methodolo-
gies detailed in the following sections.

2.3. Data standardization

A rigorous and automated data standardization pipeline
is the bedrock of the MaterialsGalaxy platform, transform-
ing raw, heterogeneous inputs into a consistent, analysis-ready
format. This initial step is critical for constructing a truly “AI-
ready” dataset. By this, we mean that the data is not only clean
and structured but is also semantically rich and primed for ef-
fective use by machine learning algorithms, thus preventing is-
sues like data leakage or biased model training that arise from
inconsistent inputs. This disciplined approach is essential, as
disparities in crystallographic conventions, data formats, and
physical units across sources would otherwise prevent reliable
data fusion and undermine model performance.

The standardization process is centered on establishing
a canonical representation for crystal structures, the universal
anchors for data linking. All incoming structural data are pro-
cessed using the pymatgen[58] and spglib[59] libraries to parse,
validate, and resolve symmetries according to IUCr conven-
tions, ensuring identical materials map to a single, unique rep-
resentation. For associated property data, we developed a for-
mal data schema that enforces standardized nomenclature and
units. Crucially, this schema was not developed in isolation;
it is the product of close collaboration with domain experts
— both the original data producers and active researchers —
ensuring that our standards reflect the nuanced requirements
and best practices of the condensed matter physics commu-
nity. This schema is programmatically enforced using data
validation libraries like Pydantic, guaranteeing that every data
point adheres to a predefined type and structure before inges-
tion. This is particularly crucial for parsing the output of di-
verse first-principles calculation packages, such as the widely
used Vienna Ab initio Simulation Package (VASP),[60] ensur-
ing that computational parameters are captured consistently.
This systematic process captures not only the data values but
also essential metadata (e.g., computational parameters or ex-
perimental conditions), providing the robust and reliable foun-

dation required for the structure-based data fusion mechanism
described next.

2.4. Core data fusion: Structure-based similarity linking

Having established a foundation of standardized, canon-
ical data, we implement our core innovation: a dynamic data
fusion mechanism driven by crystal structure similarity. This
approach directly tackles the long-standing challenge of link-
ing records across heterogeneous databases. Traditional meth-
ods for identifying similar crystal structures, such as the struc-
ture matching algorithms found in libraries like Pymatgen,[58]

rely on direct, pairwise comparisons of atomic coordinates and
cell parameters. While precise for near-identical structures,
these methods suffer from two critical drawbacks for large-
scale data fusion: they are computationally expensive, often
scaling poorly to millions of comparisons, and they are brit-
tle, struggling to identify structurally related but not identical
phases (e.g., those with minor distortions or different elemen-
tal decorations). Our approach overcomes these limitations by
moving from direct comparison to a highly efficient, vector-
space similarity search.

Our fusion workflow comprises two key stages. First,
in an offline pre-processing step, every standardized crystal
structure is transformed into a fixed-length numerical vector,
or structural fingerprint, using a representation learning algo-
rithm. For this, we employ the SiteStatsFingerprint featurizer
from the matminer library,[47] which encodes rich informa-
tion about local atomic environments into a high-dimensional
vector. This process effectively maps the complex, variable-
sized crystal graph into a unified, machine-readable vector
space where geometric and chemical similarity is represented
by proximity.

Second, and most critically, data fusion occurs dynami-
cally at query time through a high-performance vector search
index. All structural fingerprints are indexed using approxi-
mate nearest neighbor (ANN) algorithms (e.g., HNSW-based
graphs[61]), enabling sub-second similarity searches. When
a user views a specific material entry, the platform performs
multiple, context-aware searches to retrieve two classes of in-
formation for each property module: (1) direct data, which is
any information directly linked to the queried material’s exact
structure, and (2) analog data, which comprises the properties
of structurally analogous materials. These analogs are iden-
tified in real-time by launching a similarity search within the
relevant data subset.

This “just-in-time” data augmentation is exceptionally
powerful. If a queried material lacks data in a certain di-
mension, for instance, no experimental synthesis record exists,
the platform can still provide crucial insights by displaying
the synthesis conditions of its closest structural analogs. This
mechanism effectively uses the collective knowledge of the
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entire database to enrich the profile of a single material, of-
fering researchers valuable predictive hints and experimental
starting points. It is this dynamic, similarity-driven approach
that robustly bridges data gaps and transforms a collection of
siloed datasets into an interconnected, intelligent knowledge
base.

2.5. Application example: Data fusion for CrGeTe3

To illustrate the practical power of our structure-
driven fusion mechanism, we present a case study on
CrGeTe3, a widely studied two-dimensional magnetic
semiconductor.[62–64] Data for this material are typically frag-
mented across our platform, making it an ideal example
to demonstrate how our platform enables materials analysis
along two orthogonal axes: horizontal integration for a sin-
gle material and vertical comparison across similar materials.

This dual-faceted workflow is visually encapsulated in Fig. 3.

First, the platform facilitates horizontal integration, cre-
ating a comprehensive, multi-modal profile for the target ma-
terial itself. When a user queries CrGeTe3, the system ag-
gregates all its direct data by linking records from disparate
sources. This process connects, for example, its experimental
crystal structure from a diffraction database with its calculated
electronic band structure from a topological database. This
unified view enables powerful cross-modal analyses, such as
correlating experimental conditions with theoretical proper-
ties. Even if a direct record is missing, this horizontal inte-
gration can fill a gap; for instance, if an experimental struc-
ture lacks a corresponding theoretical calculation, our similar-
ity mechanism links it to the closest available computational
entry, providing a robust theoretical proxy.

Electronic structure

Crystal structure and diffraction

Single crystal growth
(recommended analogs)

Topological phonons
(recommended analogs)

Query: CrGeTe3 from
topological crystals database

AI generated structures: CuSiTe3

Topological class: generic momemtum
semi metals

Symmetry based Indicator: 1, 1, 1, 1

Indicator group: Z2, Z2, Z2, Z4

Indicator in SG2: 1, 1, 1, 1

Heating curve

a/. A

b/. A

c/. A

α=90Ο

β=90Ο

γ=120Ο

CrGeTe3(exp.) 99.96% CuSiTe3 99.94%

Crystal system: trigonal

Spacegroup number: 148

Spacegroup symbol: R 3

CrGeTe3 100%

Fig. 3. Data fusion and discovery workflow for CrGeTe3. The platform’s dual-axis analysis is triggered by a query for a target material. Horizontal integration:
Direct data for CrGeTe3 are aggregated across multiple modules (e.g., “crystal structure”, “electronic structure”) to build a deep, cross-modal profile linking
experiment and theory. Vertical comparison: The material profile is enriched with data from structural analogs. For modules where direct data is missing
(e.g., “single crystal growth”), the platform provides actionable references from known similar materials (e.g., AlSiTe3). This comparison is further extended
to novel, AI-generated structures (e.g., CuSiTe3), enabling the exploration of uncharted chemical space for accelerated materials discovery.

Building on this complete single-material profile, the
platform enables vertical comparison, a powerful data-driven
workflow for hypothesis generation and knowledge discov-
ery. This process situates the target material within its broader

“structural family” by identifying a cohort of its closest struc-
tural analogs via vector similarity. This vertical analysis pi-
oneers a dual-pronged exploration strategy. It begins with
knowledge extraction from known materials. By comparing
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CrGeTe3 against existing compounds in the database (e.g.,
FePSe3, AlSiTe3), researchers can systematically mine for
structure–property relationships and identify trends, providing
data-driven guidance to optimize experimental growth and re-
duce trial-and-error cycles.

More profoundly, this workflow accelerates the in sil-
ico discovery-synthesis loop by integrating AI-generated can-
didate structures. The vertical comparison extends beyond
known materials into the vast, uncharted chemical space of
theoretically plausible structures generated by our integrated
deep generative models. By comparing the target material
against these novel, yet-undiscovered candidates, researchers
can identify promising new compositions that may exhibit su-
perior functionalities. This process of generating theoretical
candidates and comparing them against established materials
provides a direct, actionable pathway for guiding future syn-
thesis efforts towards the most promising frontiers, thereby
embodying a key tenet of the data-driven materials discovery
paradigm.

In summary, the CrGeTe3 case study demonstrates a
paradigm shift from static data retrieval to a dynamic, multi-
faceted research process. The horizontal integration offers un-
precedented data depth for a single material, while the vertical
comparison — spanning both known data and AI-generated
possibilities — provides the data breadth required for true
discovery. This powerful combination establishes a virtuous
cycle: integrated data fuels AI models, which in turn gener-
ate new knowledge and propose novel materials, setting the
stage for an accelerated, inverse design approach to materials
science.[65]

Additional application examples, including a topologi-
cal phonon material (CoSi) and a nonlinear optical mate-
rial (LiNbO3), are provided in the supplementary materials
(Figs. S4 and S5).

2.6. Platform features and functionality

Building on its core data fusion engine, the Materials-
Galaxy platform provides a multi-layered suite of features de-
signed to maximize data accessibility, usability, and analytical
power. The primary user entry point is a web-based portal of-
fering a rich, interactive data exploration experience. Through
this interface, users can perform complex queries using a com-
bination of filters, such as chemical composition, space group
symmetry, and calculated property ranges, and assess material
properties through a suite of integrated visualization tools, in-
cluding a 3D crystal structure viewer and interactive plots for
electronic and phononic band structures.

To support the growing need for data-driven research and
ensure interoperability, the platform is designed with the FAIR
Guiding Principles as a cornerstone.[66] Data are programmat-
ically accessible through a well-documented RESTful API.

This API, which adheres to the OpenAPI specification and is
implemented using the FastAPI framework, allows for auto-
mated, large-scale data retrieval in a structured JSON format
suitable for direct integration into machine learning workflows
and custom research pipelines. Full documentation, includ-
ing endpoint specifications and detailed usage examples for
the API, is provided in the supplementary materials. For bulk
analysis, key datasets are also available for direct download.

A key distinguishing feature of MaterialsGalaxy is its
seamless integration of state-of-the-art AI tools that oper-
ate directly on the fused data to accelerate the research cy-
cle. These include our conversational agent, TopoChat, which
is a specialized large language model for condensed matter
physics.[48] For generative inverse design, the platform offers
a modular framework supporting multiple distinct generative
strategies, including the conditional variational autoencoder
Con-CDVAE[49] and DiffCSP++,[67] a diffusion model that
rigorously incorporates space group constraints. To bridge
the experimental–computational gap, the platform also inte-
grates PXRDGen,[68] an end-to-end model for de novo crystal
structure determination directly from powder x-ray diffraction
(PXRD) patterns. Finally, to enable high-throughput virtual
screening, a suite of machine learning models provides on-
the-fly predictions for key properties like formation energy on
any user-provided or AI-generated structure. These powerful,
integrated AI capabilities collectively transform the platform
from a simple data repository into a dynamic and interactive
discovery environment.

3. Discussion and conclusion
The implementation of the MaterialsGalaxy platform

demonstrates that systematic data standardization, when cou-
pled with dynamic, structure-driven data association, can ef-
fectively dismantle the long-standing data silos in condensed
matter physics. Our platform provides a powerful infras-
tructure to accelerate data-driven materials discovery, yet key
challenges and opportunities for future enhancement remain.
The foremost challenge is the scarcity of high-quality ex-
perimental data, which remains a bottleneck for the field
and directly affects the reliability of both data fusion and
downstream AI models.[69,70] Another critical limitation arises
from the dependence of our fusion scheme on structural sim-
ilarity, which makes it sensitive to imperfections in exper-
imental data, such as missing atoms or inaccurate atomic
positions.[71] To enhance robustness, our future work will fo-
cus on developing more invariant structure representations un-
der uncertainty,[72–74] for instance by leveraging graph neural
network embeddings[44,45] and exploring multi-modal fusion
strategies that integrate complementary data modalities such
as electronic band structures, x-ray diffraction (XRD) patterns,
and other spectroscopic features.[75] Given the limited sample
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size within individual modalities, we further plan to investi-
gate cross-modal alignment approaches, such as CLIP-based
frameworks,[76] to better align heterogeneous data and enable
scalable multi-modal representation learning.

4. Methods
4.1. Data acquisition and standardization

The MaterialsGalaxy platform integrates data from mul-
tiple sources as detailed in Section 2, including public
databases, internal experimental data, and data extracted from
scientific literature. Prior to fusion, all data undergo a rig-
orous standardization pipeline. Crystal structures, primarily
from CIF files,[77] are parsed and validated using the pymat-
gen library.[58] Standardized representations (including prim-
itive and conventional cells) are generated according to IUCr
conventions, with symmetry analysis handled by the underly-
ing spglib library,[59] ensuring consistent structural represen-
tation across all sources. Chemical formulas and calculated
properties are also standardized, with metadata schemas (e.g.,
computational parameters) enforced in collaboration with do-
main experts to ensure data comparability. Automated scripts
facilitate this efficient data ingestion and standardization pro-
cess.

4.2. Structure vectorization

To enable structure-based similarity search, each stan-
dardized crystal structure is converted into a fixed-length nu-
merical vector (structural fingerprint). We employed the SiteS-
tatsFingerprint featurizer from the matminer library.[47] This
method computes local atomic environment fingerprints and
then calculates their statistics (mean and maximum) across
all sites to generate a final, 122-dimensional structure-level
vector. This representation effectively encodes key structural
and chemical information into a format suitable for high-speed
similarity comparison.

4.3. Vector database and similarity search implementation

The generated structural fingerprint vectors are indexed
for efficient retrieval using an implementation of the approxi-
mate nearest neighbor (ANN) search algorithm. Specifically,
we utilize an index based on the hierarchical navigable small
world (HNSW) graph method,[61] a state-of-the-art technique
for high-dimensional vector search, often implemented in li-
braries such as Faiss.[78] The index is constructed to balance
memory usage and search accuracy. Similarity is quantified
using the cosine similarity metric. Critically, data linking oc-
curs dynamically at query time. A query structure’s vector is
used to retrieve its k-nearest neighbors (typically k = 10–50)
from the index within the relevant data subset. This ANN ap-
proach enables sub-second query times on datasets of millions

of vectors, providing a scalable and responsive fusion experi-
ence.

Data availability
The data supporting the findings of this study are pub-

licly accessible through the MaterialsGalaxy platform and
its associated services. The main web portal, available at
https://materialsgalaxy.iphy.ac.cn, provides interactive brows-
ing and visualization of all integrated data.

For programmatic access, a comprehensive, OpenAPI-
compliant RESTful API is provided. The API offers tiered
access: endpoints for searching and retrieving summary-level
information for all materials are open to the public without
authentication. Access to detailed data records for individ-
ual materials, such as full crystal structures and specific cal-
culated properties, requires a free, user-registered API key.
Full interactive documentation for the API is available at
https://materialsgalaxy.iphy.ac.cn/docs, with usage guides at
https://materialsgalaxy.iphy.ac.cn/guides/api.

To facilitate reproducibility and large-scale analy-
sis, a static snapshot of the core data summary, con-
taining essential information such as chemical formulas
and crystal structures (in CIF format) for the materi-
als presented in this study, is available for download on
https://materialsgalaxy.iphy.ac.cn/downloads.

The underlying datasets integrated into MaterialsGalaxy
are hosted and maintained by the Condensed Matter Physics
Data Center (CMPDC) (https://cmpdc.iphy.ac.cn). Raw data
originating from external public databases (e.g., COD) are
subject to their original licenses and remain available from
their respective repositories.

Progarm availability
The MaterialsGalaxy platform relies exclusively on pub-

licly available, open-source libraries for its core scientific
methodologies, as cited throughout the text. The key pro-
cedures for data standardization, structure vectorization, and
similarity search can be reproduced using libraries such as
Pymatgen,[58] Matminer,[47] and an appropriate ANN library
implementing HNSW.[61] Further details are provided in Sec-
tion 4.
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