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COMPUTATIONAL PROGRAMS FOR PHYSICS

MatSciBench: A flexible benchmarking platform for machine
learning in condensed matter science

Yuqing He(贺雨晴)1,2, Juncheng Xiao(肖俊成)1,2,3, Caiyuan Ye(叶财渊)1,2,3, Zhiyuan Gao(高致远)1,2,5,
Mengshu Ge(葛梦舒)1,2, Ruijuan Xiao(肖睿娟)1,2, Weida Wang(王蔚达)4,6, Mark Meulemans1,2, Shifeng Jin(金士峰)1,2,

Quansheng Wu(吴泉生)1,2, Shufei Zhang(张舒飞)4, Yunqi Cai(蔡云麒)1,2,†, and Hongming Weng(翁红明)1,2,‡

1Beijing National Laboratory for Condensed Matter Physics and Institute of Physics, Chinese Academy of Sciences, Beijing 100190, China
2Condensed Matter Physics Data Center, Chinese Academy of Sciences, Beijing 100190, China

3University of Chinese Academy of Sciences, Beijing 100190, China
4Shanghai Artificial Intelligence Laboratory, Shanghai 200232, China
5University of Science and Technology of China, Hefei 230026, China

6Fudan University, Shanghai 200433, China

(Received 14 April 2026; revised manuscript received 16 June 2026; accepted manuscript online 10 July 2026)

With the increasing application of deep learning and big data technologies in materials science, researchers face
challenges such as fragmented private datasets, inconsistent evaluation standards, and difficulties in reproducing results.
To address these issues, this paper presents MatSciBench: an open and extensible machine learning benchmark platform
for materials science. The platform integrates multi-source data from materials databases such as the Materials Project and
Materiae, as well as open experimental datasets, to provide standardized datasets. It also establishes a multi-dimensional
evaluation system (assessing accuracy, validity, RMSE, etc.) covering multiple task types: property prediction, structure
generation, object detection, and scientific reasoning. Through online model submission and leaderboard functionalities,
MatSciBench enables an integrated workflow for data acquisition, model evaluation, and result sharing. Case studies on
topological materials classification, crystal structure generation, and XRD structure resolution demonstrate the platform’s
effectiveness in model performance comparison, data distribution visualization, and result reproducibility. The open-access
and iterative nature of MatSciBench provides a fair, transparent, and efficient evaluation environment for machine learning
research in condensed matter physics and materials science.
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1. Introduction
Materials science research is entering a new data-driven

era. The integration of machine learning (ML)[1] has emerged
as a transformative force, driving the emergence of a new data-
driven paradigm for materials research.[2] This paradigm is
propelled by the vast amounts of structural and property data
generated from diverse sources, including experimental mea-
surements and high-throughput computations. It complements
traditional theoretical and experimental approaches, as well
as the third paradigm of high-throughput computational sim-
ulation exemplified by density functional theory (DFT),[3,4]

by leveraging patterns within vast datasets to accelerate the
discovery and design of novel materials. ML models have
made significant progress in various tasks including predict-
ing fundamental properties such as formation energy[5,6] and
band gap,[7] determining crystal structures[8,9] and planning
synthetic routes.[10] Pioneering studies have demonstrated this
potential: by extracting knowledge from the enormous repos-

itories of both computational and experimental data, ML
promises to shorten the decades-long materials development
cycle, offering not only rapid property predictions but also new
physical insights derived from the underlying data patterns.

Despite this considerable promise, the rapid proliferation
of ML applications in materials science has exposed a crit-
ical benchmarking gap, posing significant challenges to re-
producibility, reliable model comparison, and the overall rigor
of the field. This gap stems from several interconnected fac-
tors intrinsic to the discipline. The data underpinning these
models are profoundly heterogeneous, originating from di-
verse sources such as DFT computations, experimental mea-
surements, and scientific literature, which leads to inherent
inconsistencies in format, scale, and quality that complicate
aggregation and standardized processing. Compounding this
issue is the vast diversity of ML tasks themselves, from re-
gressing formation energies and classifying material types to
generating novel crystal structures and image segmentation for
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microstructural analysis. Each task presents unique challenges
and demands distinct and tailored evaluation protocols. Fur-
thermore, the landscape of algorithms is continuously expand-
ing, encompassing both general-purpose models and special-
ized architectures designed for materials data, whose perfor-
mance can vary dramatically across different data regimes and
tasks. In the absence of community-wide standards, this com-
plexity culminates in inconsistent evaluation practices, where
studies employ divergent data splits, preprocessing steps, and
performance metrics, rendering direct comparisons between
proposed algorithms unreliable and often misleading. Conse-
quently, the field faces a growing reproducibility crisis, where
published results are difficult to verify or build upon, ulti-
mately impeding scientific progress and eroding trust in data-
driven findings.

Recognizing these challenges, several initiatives have
been established to develop standardized benchmarks. Foun-
dational data repositories such as the Materials Project
(MP)[11] have played a pivotal role by providing extensive
datasets derived from DFT calculations. These resources
have served as a foundation for numerous custom bench-
marks, including the prediction of formation energies and
band gaps across their databases. Building upon such in-
frastructures, more formalized benchmarking platforms have
emerged. Among these, Matbench[12] stands out as one of
the most comprehensive efforts focused on crystalline mate-
rials. It provides a rigorous k-fold cross-validation frame-
work encompassing 13 supervised learning tasks, such as
predicting dielectric constants, band gaps, formation ener-
gies, and steel yield strength, using publicly available DFT
and experimental datasets to emulate diverse materials dis-
covery scenarios. A key strength of Matbench lies in its
standardized evaluation protocol, which mitigates data leak-
age through predefined train-test splits. However, this ap-
proach also constitutes a primary limitation: the retrospective
evaluation framework results in training and test sets being
drawn from identical underlying distributions, thereby failing
to assess model generalization under out-of-distribution condi-
tions. In the molecular domain, a parallel and influential effort
is MoleculeNet,[13] which offers not only a curated collection
of datasets with standardized data splits but also incorporates
challenging scaffold-based splits to evaluate generalization to
novel molecular structures. For more specialized applica-
tions, benchmarks such as the Open Catalyst 2020 (OC20)[14]

have been introduced, focusing explicitly on catalyst model-
ing and advancing the application of machine learning for pre-
dicting energies and atomic forces in catalyst-adsorbate sys-
tems. This benchmark has been particularly instrumental in
driving progress in equivariant graph neural networks. An-
other notable effort is JARVIS-Leaderboard,[15] which aims
to provide a comprehensive, user-friendly, and community-

extensible framework covering diverse modalities including
artificial intelligence, electronic structure, force-field poten-
tials, quantum computation, and experiments.

While each platform has made valuable contributions,
they are collectively constrained by a common and pivotal lim-
itation: their reliance on static and fixed dataset structures.
While JARVIS-Leaderboard broadens the scope of tasks and
integrates multi-modal data, each benchmark remains con-
strained by the same fundamental shortcoming: a design in-
herently centered on algorithm comparison. This prioritizes
the evaluation of algorithmic performance while overlooking
the dynamic, data-centric workflows that are increasingly es-
sential in materials science. As a result, these frameworks fail
to accommodate processes such as training set optimization,
data augmentation, and iterative data curation. They do not
support the simultaneous optimization of both algorithms and
training data composition for a given task, nor do they facil-
itate the study of data-centric strategies like active learning
within a benchmarking context. Consequently, they cannot ad-
equately capture real-world research workflows in which the
continuous curation of high-quality training data is a critical
component of iterative model improvement.

To address the need for a more adaptive and task-
oriented benchmark that accurately reflects the complete ma-
chine learning pipeline, where the curation of high-quality
training data is as critical as algorithmic innovation, we in-
troduce MatSciBench (https://cmpdc.iphy.ac.cn/benchmarks).
This platform is a flexible and comprehensive benchmarking
solution for machine learning in materials science. It offers a
diverse collection of tasks spanning a wide range of material
properties and data types, thereby facilitating a task-oriented
analysis of model performance. By integrating multi-source
data, standardizing evaluation protocols, and employing task-
specific metrics, MatSciBench establishes a unified, fair, and
reproducible evaluation environment aimed at fostering stan-
dardized development in materials science. The core contri-
bution of our platform lies in its dynamic and holistic evalua-
tion framework, which represents a significant departure from
traditional static benchmarks. This design empowers users to
actively augment, refine, and curate their training data while
evaluating against a fixed and held-out test set. Consequently,
it directly enables and assesses data-centric machine learning
strategies within a rigorous benchmarking context.

2. Platform design and architecture
The design of MatSciBench is guided by a core philos-

ophy: to move beyond static, algorithm-centric benchmarks
towards a dynamic, task-oriented evaluation ecosystem that
reflects the complete machine learning pipeline in materials
science. To this end, MatSciBench is structured around a mod-
ular architecture that standardizes evaluation while providing
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the flexibility to explore both model architecture and training
data composition. This section details the system components
of the platform.

2.1. Task modules

MatSciBench is organized into a suite of distinct task
modules, each targeting an application scenario within con-
densed matter science. The initial release encompasses six
core tasks, as summarized in Table 1, covering topological
material classification, structure determination from powder
x-ray diffraction (PXRD) data, crystal structure generation,
automated selected area electron diffraction (SAED) center
identification, bond-valence migration barrier prediction, and
graduate-level condensed matter physics large language model
evaluation, called CMPhysBench. This diversity ensures that

the platform assesses a model’s ability to handle various data
modalities, including crystal structures, spectroscopic data and
images, and different learning paradigms, from regression
and classification to generative modeling. The modular de-
sign of these tasks is a foundational feature of MatSciBench.
Each task is independent, with standardized data and evalua-
tion scripts. To ensure reliability across heterogeneous data
sources, each task module employs a tailored data curation
pipeline; all data within a given task are processed to a uni-
fied format and evaluated against a consistent prediction tar-
get, with ground-truth labels drawn from an internally coher-
ent source. This design allows for the straightforward inte-
gration of new tasks and datasets from the community, and
ensures the benchmark remains at the forefront of the field’s
evolving challenges.

Table 1. Summary of benchmark tasks in MatSciBench, covering diverse data modalities, prediction targets and evaluation metrics.

Task name Data modality Primary data source (s) Dataset size Prediction target Evaluation metric

Topological materials
classification

Crystal structure Materiae,[16] topological
materials database,[17,18]

∼ 35k Topological type of
the material

Accuracy, F1-score, Preci-
sion, Recall, ROC AUC

XRD structure pars-
ing

XRD pattern, crystal
structure

MP[11] ∼ 152k Lattice parameters,
atomic positions

Match rate, RMSE

Crystal structure gen-
eration

Crystal structure MP,[8,11] OQMD[7] ∼ 178k Stable crystal struc-
ture

Validity, diversity, energy
above hull

SAED center identifi-
cation

SAED pattern Experimental data ∼ 0.2k Center coordinates
(x,y)

RMSE, center error failure
rate

Bond-valence barrier
prediction

Crystal structure BVpath ionic transport
database[19]

∼ 72k Migration barrier
(eV)

Mean absolute error,
RMSE

Large language
model evaluation

Text 17 graduate
textbooks[20]

520 Answers to the prob-
lem

Scalable expression edit
distance, accuracy

2.2. Standardized benchmark layout: Leaderboard and
dataset explorer

As illustrated in the architecture diagram in Fig. 1, every
task module in MatSciBench follows a consistent and stan-
dardized structure composed of three primary components: the
task introduction, the leaderboard module, and the dataset ex-
plorer module. This uniform structure lowers the barrier to
entry, allowing researchers to quickly engage with any bench-
mark.

Upon selecting a task, users are first presented with a con-
cise introduction that outlines the task’s scientific motivation,
defines the input and output formats, and specifies the pri-
mary evaluation metrics. This section is designed to enable re-
searchers to rapidly ascertain the task’s relevance to their own
work and to understand the precise problem formulation.

The centerpiece of each task is the leaderboard module,
which provides a comparative and dynamic ranking of submit-
ted models to facilitate assessment and selection. The leader-
board is built upon a fixed, held-out test set that is carefully
curated to be representative of real-world application scenar-
ios and to present a meaningful challenge, thereby ensuring
all model performances are directly comparable. In contrast,

the training set is flexible, as users are encouraged to augment,
curate, or optimize it. This key innovation enables the study
of data-centric ML strategies, such as active learning and data
augmentation, which are critical to real research workflows.

Beyond this foundational framework for evaluation, the
platform is further designed to deliver deep and actionable
insights. It goes beyond a single performance score by pro-
viding multi-dimensional comparative visualizations, such as
bar charts and line graphs, that break down model perfor-
mance across different data subgroups like crystal systems or
element compositions. This allows users to identify model
strengths and weaknesses and select the most suitable model
for their specific sub-task. The platform enhances accessi-
bility and practical utility by providing pre-trained models
through its web interface for rapid material predictions, en-
abling researchers to quickly test models on new materials of
interest without requiring local high-performance computing
resources. For models available for download, the platform
also provides details about the software environment needed
to run them locally. Concurrently, to ensure transparency and
reproducibility, MatSciBench offers open-source evaluation
scripts for local model validation. Additionally, users may
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submit their verified predictions to our leaderboard module,
where they will be displayed publicly after passing our verifi-
cation process; the full submission workflow, verification pro-
tocol, and data-centric training policies are detailed in Subsec-
tion 2.3. Each entry on the leaderboard is enriched with meta-
data, including a link to the exact training data used, model
architecture details, and submission date, while an integrated
commenting functionality promotes the formation of a com-
munity where researchers can discuss results, share insights,
and collaborate to improve model performance.

Beneath the leaderboard lies the Dataset Explorer mod-
ule, a powerful tool for understanding the data that underpins
the models. This module provides a suite of interactive visu-
alizations, such as pie charts, bar graphs, and periodic table
heatmaps; they characterize the composition and properties
of the test set and training sets. Users can visualize distribu-
tions of the dataset under different key attributes, for example,
crystal systems, space groups, and elemental diversities. This
functionality is crucial for diagnosing dataset biases, under-
standing the scope of a model’s capabilities, and assessing its
potential for out-of-distribution (OOD) generalization.

This structured workflow enables researchers to bench-
mark new models against existing ones under consistent con-
ditions, with the diagnostic visuals aiding in the interpretation
of performance gaps.

General description

Data representation

References and contributors

Runnable models

Test set Training sets

Leaderboard

Additional data 

e.g., queryable datasets, more statistics on the datasets...

Compare models

Comments for  

collaboration

Upload your model  

and scores

Fig. 1. The architectural schematic diagram of the benchmark page.

2.3. Task contribution and model submission

MatSciBench is designed to be inherently extensible, en-
abling the community to contribute new task modules and
submit model results through standardized protocols. This
section describes the model submission workflow, the data-
centric paradigm that governs it, and the mechanisms that en-
sure reproducibility and trustworthiness of results.

Each task page provides a submission interface located
directly beneath the leaderboard. Submission requirements are
task-specific and documented on the respective page, specify-
ing the required prediction file format and how model scores
are extracted. A standard submission package comprises pre-
diction results on the sequestered test set, model metadata (ar-
chitecture and hyperparameters), and documentation of the
training data and any curation steps applied. Upon upload,
users affirm the truthfulness of their submission. The plat-
form then performs random verification checks, which may
include re-running the submitted model to verify reported
scores, retraining with the user-provided training parameters,
and screening for data leakage between the claimed training
data and the test set. These measures ensure that leaderboard
rankings remain trustworthy and results reproducible.

MatSciBench embeds a data-centric philosophy directly
into its submission protocol. In conventional benchmarks such
as Matbench and JARVIS-Leaderboard, all data splits are fixed
at release. While this supports clean algorithmic comparisons,
it can conflate model limitations with data quality issues and
restrict the search for better performance to architectural inno-
vations alone. MatSciBench addresses this by fixing only the
test set, thereby treating training data curation as an integral
part of the submission workflow rather than a predetermined
constraint.

Under this protocol, users may start from any training
dataset of their choice, whether the baseline provided on the
platform, their own data, or a hybrid, provided that it contains
no samples from the test set. They may then apply data-centric
strategies locally (data augmentation, label correction, class
rebalancing, etc.), train a model on the curated data, and gen-
erate predictions on the fixed test set. The curated training set
and resulting predictions are submitted together through the
verification pipeline described above. This design is demon-
strated in the topological materials classification case study
(Subsection 3.1), where the same XGBoost model trained on a
baseline and a refined dataset exhibited distinctly different per-
formance profiles against the same test set, directly revealing
the impact of data curation on model behavior.

To ensure that historical results remain reproducible as
the platform evolves, MatSciBench retains all datasets, mod-
els, and evaluation scripts together with their associated meta-
data. Every dataset and leaderboard entry carries a timestamp,
enabling clear distinction between versions. When datasets
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or evaluation scripts are updated, prior versions remain ac-
cessible, and all historical leaderboard entries retain refer-
ences to the exact data and script versions against which they
were evaluated. In addition to timestamps, version distinction
can be based on references to scientific publications, ensur-
ing traceability to the original data sources and methodolo-
gies. This versioning scheme preserves the integrity of past
benchmarking results while allowing the platform to incorpo-
rate improved datasets and refined evaluation protocols over
time.

Researchers interested in adding a new benchmark task
are invited to contact the platform team to discuss require-
ments and coordinate integration. A new task submission re-
quires the following components: a curated dataset with a
clearly defined test set; evaluation scripts capable of scoring
model predictions according to the task’s metrics; at least one
baseline leaderboard entry to initialize the benchmark; a task
introduction including title, scientific motivation, input/output
format specifications, and evaluation protocol descriptions;
and relevant explanatory graphics such as data distribution vi-
sualizations. This modular structure mirrors the layout of the
six existing tasks (Table 1), ensuring that all contributed tasks
follow a consistent and immediately usable format.

3. Case studies: Platform workflow in practice
To demonstrate how MatSciBench functions in practical

research scenarios, we present three case studies covering dis-
tinct computational tasks in materials science. These examples
illustrate the platform’s standardized workflow from data ex-
ploration to model evaluation, highlighting how the platform
facilitates direct comparison and reproducible analysis. Each
case study follows a consistent pathway: researchers begin by
exploring the dataset characteristics, proceed to evaluate their
models using provided scripts, and finally analyze their results
through the platform’s comparative visualization tools.

3.1. Topological materials classification

The identification of topological materials[21–23] is a cru-
cial frontier in quantum materials research.[16,17,24–27] To this
end, MatSciBench has established a benchmark system for
predicting the topological classification of crystalline mate-
rials. We utilize a curated dataset[27] that integrates data
from the Materiae[16] database and the Topological Materials
Database.[17,18] This dataset includes 35608 materials, with all
classifications consistently derived from DFT[3,4] calculations
and topological quantum chemistry (TQC) theory.[28] The
construction of this dataset involved a rigorous multi-stage
curation pipeline — including symmetry standardization, re-
moval of magnetic materials and conventional metals, MP-ID
cross-validation, and resolution of inter-database labeling con-
flicts — as detailed in Ref. [27]. All entries have thus been pro-

cessed to ensure consistent labeling and cross-platform com-
parability. The dataset encompasses trivial insulators (TrIs)
and several major topological phases, such as topological in-
sulators (TIs), topological crystalline insulators (TCIs), high-
symmetry-point semimetals (HSPSMs) and high-symmetry-
line semimetals (HSLSMs). The proportion of TrIs to non-
trivial topological materials (NTMs) in this dataset is similar
to that in most high-throughput screening studies,[16,17,24] a
distribution we consider to be a reasonable approximation of
their natural occurrence. Accordingly, we employed stratified
sampling at a 1:10 ratio to construct a test set that maintains
a distribution consistent with the original dataset across key
dimensions, including crystal system, number of atoms and
material type.

The leaderboard for this task is shown in Fig. 2(a),
presenting results from algorithms including Random
Forest[29] and XGBoost[30] trained on two different datasets,
T 20250501 and T 20250520. The dataset T 20250501 con-
stitutes the remainder of the original dataset after removing the
test set and thus follows the same distribution. The XGBoost
model trained on this dataset achieved the highest overall ac-
curacy (84.02%) and F1-score (83.17%) among all submitted
models. The refined dataset T 20250520 was created by re-
moving potentially mislabeled trivial insulators of specific
space groups from T 20250501. This modification was mo-
tivated by limitations in the theoretical framework of TQC,
where symmetry-based diagnostic methods can fail to cor-
rectly identify certain TIs and TCIs, leading to potential mis-
labeling in the original database. Figure 3 shows the data ex-
plorer module, which compares the relative distribution of the
test set and the training set T 20250520. When the XGBoost
model was retrained on T 20250520, the overall accuracy de-
creased to 83.04% and the F1-score saw a slight reduction to
82.40%, suggesting that the reduction in training volume had
a measurable impact on aggregate performance. However, a
detailed analysis of the confusion matrices in Fig. 2(b) reveals
that the refined dataset improved the model’s discriminative
capability for certain NTMs. Specifically, while the accuracy
for predicting TrIs and TCIs declined, the recognition rates
for the other three categories HSLSMs, HSPSMs and TIs im-
proved. This trade-off arises from the nature of the refinement
process. In T 20250501, the potentially mislabeled trivial in-
sulators acted as “easy negatives” for the classifier, allowing
the model to achieve high overall accuracy. However, the de-
cision boundaries learned by the model could become overly
sensitive to symmetry-related features rather than learning
more meaningful physical features. After removing these
samples in T 20250520, the training set becomes smaller and
the relative proportion of NTMs increases, forcing the model
to learn more discriminative features. Fewer TrI examples
remain which slightly hurts the model’s ability to identify true
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TrIs, but favors the detection of genuine topological phases.
This explains why accuracy for TrIs and TCIs declined while
recognition for other NTMs improved.

The crystal system-wise accuracy trends in Fig. 2(c) cor-
roborate this interpretation: the model trained on T 20250520
performs better in cubic and hexagonal crystal systems, pre-
cisely where NTMs are enriched (as shown in Fig. 3). This
demonstrates that the dataset refinement successfully miti-
gated labeling noise and enhanced the model’s capability to
identify genuine NTMs, despite the slight drop in aggre-
gate metrics. Importantly, the fact that refinement improved
NTM discrimination despite a smaller training set suggests
that the original labels in T 20250501 contain systematic, non-
random noise — concentrated specifically in TrIs of certain
space groups where symmetry-based methods are theoreti-
cally known to be unclear. Therefore, dataset optimization

based on domain knowledge can effectively enhance model
performance on target categories, despite potential trade-offs
in aggregate metrics. These analytical comparisons visually
highlight performance disparities across different topological
phases and crystal systems. Based on these insights, users can
select the most appropriate algorithm according to their actual
task requirements. Specifically, users targeting new HSLSMs
or HSPSMs may prefer models trained on T 20250520. In ad-
dition, users can download the standardized dataset to repro-
duce and verify the listed results, as well as to make further
improvements. Through the data explorer module, users can
quickly understand data structures and distributions through
interactive visualizations like stacked bar charts and heatmaps,
enabling them to assess data representativeness and identify
potential biases.

Fig. 2. The benchmark results for topological materials classification models. (a) Overall comparison of three models across accuracy, F1 score,
precision, recall and ROC AUC score. (b) Comparison of the confusion matrix for two XGBoost models trained on dataset T 20250501 and
T 20250520. (c) Accuracy as a function of the crystal system.

Fig. 3. A screenshot of the data explorer module for topological materials classification task on the MatSciBench website. It compares the
relative distribution of the test set and the training set T 20250520.
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3.2. XRD structure resolution

The crystal structure forms the fundamental basis for un-
derstanding the intrinsic properties and functional behavior of
materials and directly determines their physical, chemical, and
mechanical performance. Consequently, accurate structure de-
termination has become a core task across multiple disciplines,
including materials science, chemistry, physics, and geology.
In practical research and industrial applications, many mate-
rials are only available in polycrystalline or powdered form,
which makes powder x-ray diffraction (PXRD) an indispens-
able tool for structural characterization.[31,32] To advance ma-
chine learning methods for resolving crystal structures from
PXRD patterns, we established a dedicated benchmark on the
MatSciBench platform and constructed a curated dataset com-
prising 152587 high-quality “crystal structure-XRD pattern”
pairs through rigorous data processing and quality control.

The structural data used in this task are mainly drawn
from the MP[11] and several open experimental diffrac-
tion databases.[31] All crystal structures are processed into
both conventional and primitive cell representations and fur-
ther reduced to Niggli cells, so that symmetry information
is standardized and ambiguities arising from duplicated or
symmetry-equivalent representations are removed. We then
compute PXRD patterns under a unified configuration of radi-
ation source, 2θ scan range and angular step size, ensuring
cross-comparability among samples originating from differ-
ent databases and boundary conditions. Finally, all necessary
crystallographic and computational parameters are completed,
yielding a fully reproducible dataset that can be directly used
for visualization, sampling and model training.

To gain a comprehensive understanding of the dataset
composition and distribution, we perform systematic statis-
tical analysis from multiple perspectives. As a macroscopic
manifestation of crystal symmetry, the crystal system strongly
influences material properties at the macroscopic scale by con-
straining anisotropic physical behavior. As shown in Fig. 4,
the distribution of the seven crystal systems in our dataset in-
dicates that monoclinic structures are the most abundant, with
35646 samples accounting for 23.4% of the total, whereas cu-
bic structures are intrinsically less frequent due to their high
symmetry, with 20285 samples (13.3%). This distribution is
broadly consistent with the natural abundance of crystal sys-
tems in inorganic materials, providing a well-balanced and re-
alistic sample basis for structure-related prediction tasks.

To ensure comprehensive evaluation and a fair train-test
split, we adopt a partitioning strategy that combines crystal-
system balancing with complexity-based filtering. Specifi-
cally, we first perform equal sampling from each of the seven
crystal systems to construct an initial test set containing ap-
proximately one-tenth of all samples. We then move all sam-
ples with more than seven distinct atomic species to the test

set in order to strengthen its coverage of materials with com-
plex structures. In the final partition, the training set contains
137347 samples and the test set 15240 samples. This strategy
preserves balance across crystal systems while substantially
increasing the fraction of high-complexity structures in the test
set, enabling a systematic assessment of model generalization
across different structural complexities and providing a more
challenging benchmark for future ML models.

Fig. 4. Distribution of the seven crystal systems in the PXRD dataset.
Monoclinic structures are the most frequent (23.4%), followed by or-
thorhombic (20.9%), reflecting a realistic distribution of inorganic ma-
terials.

To support intuitive data exploration, the interactive inter-
face provides five complementary visualization views: a pie
chart of the crystal-system distribution, a pie chart of the num-
ber of distinct atomic species per structure, a binned pie chart
of the total atom count per structure, a periodic-table heatmap
showing the occurrence frequency of each element, and a sta-
tistical summary table of the space-group distribution.

To objectively compare different models on the PXRD
structure resolution task, MatSciBench provides a unified eval-
uation framework that integrates representative structural re-
construction models such as XtalNet[33] and PXRDGen.[34]

We adopt the match rate and root mean squared error (RMSE)
as the primary evaluation metrics. The leaderboard results
on the retained test set (summarized in Fig. 5(a)) reveal a
clear performance gap among different models. Overall,
the PXRDGen models achieve the strongest performance:
both the diffusion-based (PXRDGen-Diffusion) and flow-
based (PXRDGen-Flow) variants reach a match rate of 0.74.
PXRDGen-Diffusion further achieves the best RMSE of 0.08,
while PXRDGen-Flow obtains an RMSE of 0.11. In com-
parison, XtalNet reaches a match rate of 0.56 with an RMSE
of 0.15. Other baseline models perform substantially worse,
including Uni-3DAR (match rate 0.34, RMSE 0.05), Uni-
3DAR finetuned (0.46, 0.09),[35] Crystalyze (0.35, 0.06)[36]

and PXRDNet (0.28, 0.18).[37] These results indicate that cur-
rent diffusion- and flow-based generative frameworks remain
the most effective solutions for the highly nonlinear inverse
problem posed by PXRD-based structure determination.
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This comparison not only provides a clear ranking of
model performance, but also highlights several systematic
trends from the finer-grained analysis shown in Fig. 5(b). First,
model performance consistently degrades as the number of
atoms in the structure increases, with all methods showing
significantly lower match rates for structures containing more
than 52 atoms. Second, crystal symmetry has a strong in-
fluence on prediction quality: most models perform substan-
tially better on highly symmetric cubic and tetragonal sys-
tems, while triclinic and monoclinic structures remain much
more challenging. Third, increasing chemical complexity also

makes the task harder, as evidenced by the rapid decline in

match rate with increasing element count. These observations

suggest that large-scale, low-symmetry and chemically com-

plex structures remain the major bottlenecks for current PXRD

structure prediction models. Through systematic data con-

struction, multidimensional statistics and unified evaluation,

the PXRD structure resolution task in MatSciBench offers not

only a fair and transparent platform for algorithm comparison,

but also fine-grained diagnostics of model strengths and weak-

nesses across different regions of materials science.

Fig. 5. Benchmark performance of PXRD crystal structure identification models on the retained test set. (a) Overall leaderboard summarizing
match rate and RMSE for all evaluated models. (b) Match rate and RMSE as functions of structural complexity, analyzed by atom count, crystal
system and element count.
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3.3. Crystal structure generation

At present, a wide variety of generative models have been
applied to crystal structure generation,[8,38–46] and AI-based
approaches are regarded as a new opportunity to enhance the
efficiency of discovering novel materials. In MatSciBench, we
design benchmarks focusing primarily on two types of gen-
erative tasks. The first category is general crystal structure
generation, where no additional information is provided to the
model and structures are generated purely at random. The sec-
ond category is conditional generation, in which target phys-
ical properties are supplied as inputs to the model, with the
goal of guiding the generator to produce crystal structures that
satisfy the desired requirements.

For general (unconditional) generation tasks, we typically
expect a model to produce crystal structures that are valid,
stable, and diverse. To comprehensively assess model per-
formance, we employ several evaluation metrics, including
structure validity, composition validity, match rate, normalized
RMSE, uniqueness, and novelty.

A generated structure is considered structurally valid
if the interatomic distance between any pair of atoms ex-
ceeds 0.5 Å. Composition validity is determined using Semi-
conducting Materials from Analogy and Chemical Theory
(SMACT),[47] which evaluates whether the elemental valences
and stoichiometric ratios are chemically reasonable. The
match rate checks whether a generated structure remains sim-
ilar to its relaxed counterpart. The normalized RMSE mea-
sures the magnitude of structural changes before and after
relaxation. Uniqueness quantifies whether each generated
crystal appears only once within the model’s own generated
dataset, while novelty measures whether the generated crys-
tals do not duplicate any structures in the reference dataset. In
this workflow, we replace first-principles relaxation with the
OpenLAM[48] universal machine-learning potential. Although
OpenLAM produces relaxed structures that closely resemble
those obtained from ab initio calculations, it reduces the com-
putational cost by approximately three orders of magnitude.

Fig. 6. Benchmarking results for general and conditional crystal structure generation. (a) Overall comparison of four generative models across
structure validity, composition validity, match rate, normalized RMSE, uniqueness and novelty. (b) Success rate of the Con-CDVAE model under
conditional generation with target formation energies. (c)–(d) Structural validity as a function of the number of atoms in the primitive cell and
the number of distinct elements. (e)–(g) Uniqueness of generated crystals with respect to the number of atoms, number of elements and the total
number of generated samples.
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Table 2. Performance comparison of four generative models on the general crystal structure generation task across multiple evaluation metrics.

Model
Number of Structure Composition Match Normalized

Uniqueness
Novelty in Novelty in

crystals validity validity rate RMSE MP 0220 training set

CDVAE 100000 99.98% 84.19% 67.90% 0.09 95.43% 95.59% 97.94%
DiffCSP++ 100000 99.96% 84.17% 77.78% 0.05 89.25% 94.78% 96.99%

CrystalFormer 115000 85.52% 77.87% 40.13% 0.11 79.04% 86.44% 90.96%
DiffCSP 100000 99.80% 79.67% 71.97% 0.07 85.69% 85.10% 91.09%

In addition, we employ the pymatgen[49] Structure-
Matcher to assess structural similarity and quantify differ-
ences between crystal structures. For uniqueness and nov-
elty evaluation, we adopt the default StructureMatcher settings
(ltol = 0.2, stol = 0.3, angle tol = 5). When comparing pre-
and post-relaxation structures, we use more permissive thresh-
olds (ltol = 0.3, stol = 0.5, angle tol = 10) to increase the
number of matched pairs and enable broader statistical anal-
ysis.

We first evaluate several representative generative mod-
els, including CDVAE,[8] DiffCSP++,[41] CrystalFormer[42]

and DiffCSP.[40] Among them, CrystalFormer is an autore-
gressive model, whereas the other three are diffusion-based
models. For each model, we generate 100000 samples, except
for CrystalFormer, which produces 115000 samples. This is
because CrystalFormer requires specifying a space group be-
fore generation; therefore, we generate 500 samples for each
of the 230 space groups. DiffCSP++ also requires predefined
space groups and Wyckoff positions. To satisfy these con-
straints during sampling, we randomly draw valid combina-
tions of space groups and Wyckoff positions from the train-
ing set. Similarly, DiffCSP requires specifying the number of
atoms in the primitive cell, which we also determine through
random sampling from the training data. In contrast, CDVAE
does not require any predefined structural information for gen-
eration. The evaluation results are summarized in Table 2 and
Fig. 6(a). Figures 6(c) and 6(d) show how the structural va-
lidity of the four models varies with respect to the number of
atoms in the primitive cell and the number of distinct elements.
Figures 6(e)–6(g) illustrate how the uniqueness of the gener-
ated structures changes as a function of the number of atoms
per primitive cell, the number of elements and the total number
of generated samples.

For the conditional generation task, we use formation en-
ergy as the target property. The formation energies of the
newly generated crystals are also evaluated using the Open-
LAM machine-learning potential. Figure 6(b) shows the suc-
cess rate of the Con-CDVAE[43] model when conditioned on
formation energies of 0, 1, 2, 3, and 4 eV/atom, under a tol-
erance of 1.5 eV/atom. On the interactive webpage, users can
adjust the tolerance and examine how the success rate varies
accordingly.

4. Conclusion

In this work, we have introduced MatSciBench, an inte-
grated benchmarking platform designed to establish standard-
ized, reproducible, and transparent evaluation protocols for
machine learning in materials science. By integrating multi-
source data from several authoritative databases and incorpo-
rating representative tasks such as property prediction, struc-
ture generation, object detection, and scientific reasoning, the
platform enables consistent and fair performance comparisons
across a wide range of algorithms.

Through case studies in topological phase classification,
XRD-based structure determination, and crystal structure gen-
eration, we have demonstrated MatSciBench’s capacity to de-
liver nuanced insights into model behavior, facilitate dataset
refinement, and support model selection under realistic sce-
narios. Key design features — including scripted evaluation
interfaces, fixed test sets with flexible training data, and inter-
active visualization tools — collectively foster reproducibility
and help users diagnose model strengths and limitations across
different data regimes.

Looking forward, MatSciBench is developed as an exten-
sible and community-oriented platform. Its modular design
supports the seamless incorporation of new tasks and datasets,
while its open-source evaluation framework encourages col-
laborative improvement and methodological transparency. To
strengthen the platform’s connection with real-world applica-
tions, we are initiating collaborations with experimental re-
search groups to co-develop benchmark tasks that directly
mirror laboratory workflows, such as predicting the synthe-
sizability of theoretically proposed materials. To foster com-
munity engagement, we are organizing a MatSciBench Chal-
lenge, inviting researchers to benchmark state-of-the-art mod-
els, contribute new tasks, and collectively advance the frontier
of ML for materials science. By bridging data curation, model
evaluation, and performance analysis within a unified environ-
ment, MatSciBench aims to accelerate the development of ro-
bust, data-driven ML approaches in condensed matter and ma-
terials science. We envision the platform serving as a founda-
tional tool for fostering reproducibility, enabling benchmark-
ing at scale, and ultimately contributing to the maturation of
ML-based research workflows in the field.
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