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LeMat-GenBench: A Unified Evaluation Framework for Crystal Generative Models
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1. Introduction

The discovery of inorganic crystalline materials
underpins advances across energy storage, catalysis,
electronics, and structural materials, making it cen-
tral to both fundamental science and technological
innovation [1, 2]. Historically, such discovery has
relied on an Edisonian loop of expert intuition and
experimental validation [3], occasionally accelerated
by first-principles simulations such as density func-
tional theory (DFT) [4, 5]. While DFT provides reliable
insights into structural stability and properties, its
computational cost and reliance on fully specified
atomic configurations limit its applicability for large-
scale exploration of chemical space.

Advances in ML [6, 7], particularly geometric
graph neural networks [8] and generative models
[9, 10, 11, 12, 13, 14], have enabled the direct genera-
tion of candidate crystal structures. However, despite
rapid progress, the lack of standardized and repro-
ducible evaluation protocols has made it difficult to
assess whether new models meaningfully advance
discovery or merely exploit evaluation artifacts.

Existing studies differ substantially in how they
define validity, stability, novelty, uniqueness, and diver-
sity, often relying on inconsistent reference datasets,
heuristic filters, or mixed energy estimators. As a
result, reported metrics are frequently incompara-
ble across works and may overestimate real-world

discovery potential.

We introduce LeMat-GenBench, the first unified,
open benchmarking framework for unconditional
crystal structure generation. LeMat-GenBench pro-
vides a standardized evaluation pipeline and a com-
prehensive metric suite designed to assess generative
models under realistic discovery conditions.

2. LeMat-GenBench Evaluation Pipeline

Figure 1 illustrates the LeMat-GenBench evalua-
tion pipeline, which transforms raw outputs from
generative models into a consistent set of discovery-
oriented metrics. The pipeline consists of 3 stages:

1. Stage 1 - Validity Processing: Generated struc-
tures are first filtered using rigorous physical
and chemical validity checks, including charge
neutrality, minimum interatomic distance con-
straints, and basic crystallographic plausibility.
This step ensures that downstream metrics are
not inflated by unphysical outputs.

2. Stage 2 - Structural and Energetic Characteri-
zation: Valid structures are evaluated using an
ensemble of machine-learned interatomic po-
tentials (MLIPs) [15, 16, 17]. These MLIPs pro-
vide estimates of formation energy, relaxation
RMSD, and energy above the convex hull (Ey,),
enabling scalable stability assessment without
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Fig. 1: LeMat-GenBench pipeline from raw generated crystal structures to comprehensive evaluation. The
framework applies validity filtering, structural preprocessing, MLIP-based energetic evaluation, and multi-
dimensional benchmarking metrics. Results for 15+ models have been added to the leaderboard since release.
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Fig. 2: Spider plots summarizing performance across metric families for representative models.

invoking expensive DFT calculations.

3. Stage 3 - Benchmark Families and Metrics:
LeMat-GenBench then computes metrics captur-
ing stability, novelty, uniqueness, diversity, dis-
tributional alignment, practical synthesizability
considerations, and model efficiency.

3. Reference Dataset: LeMat-Bulk

To avoid inflated novelty and stability esti-
mates arising from limited phase coverage, LeMat-
GenBench grounds its evaluation in LeMat-Bulk [18],
a large-scale dataset comprising approximately 5
million crystal structures aggregated from multiple
quantum-chemistry databases.

LeMat-Bulk provides broader compositional and
structural coverage than commonly used references
such as MP-20 [1], leading to more stringent and real-
istic assessments of discovery performance. We see
that novelty and stability scores can drop by factors of
2-3x [19] when evaluated against LeMat-Bulk instead
of smaller references, highlighting the importance
of comprehensive phase coverage.

4. Self-Consistent Stability Evaluation

Accurate stability assessment is particularly chal-
lenging for generative models. Mixing total energies
predicted by Machine Learning Interatomic Poten-
tials (MLIPs) with convex hulls constructed from DFT
references introduces systematic inconsistencies, as
MLIPs and DFT operate on different energy baselines.

To address this issue, LeMat-GenBench employs
a self-consistent MLIP-based convex hull, in which
both candidate structures and reference phases are
evaluated using the same MLIP ensemble. This ap-
proach significantly improves the reliability of Ep;
estimates and stability classification, particularly

near tight thresholds (< 0.01 eV/atom) (Figure Al),
where systematic biases can otherwise dominate.

5. Benchmarking Generative Models

We apply LeMat-GenBench to evaluate 12 state-of-

the-art crystal generative models [20, 9, 21, 22, 23, 24,
, 25,10, 11], spanning GFlowNets, diffusion-based,
RL- and LLM-guided approaches.

The results (Figure 2) reveal a consistent trade-off
between stability and novelty. Models optimized for
thermodynamic plausibility tend to generate conser-
vative candidates close to known phases, while more
exploratory models achieve higher diversity and nov-
elty at the cost of stability. No single model domi-
nates across all dimensions, underscoring the need
for multi-objective optimization.

6. Conclusions and Outlook

LeMat-GenBench addresses a central bottleneck
in generative materials discovery: the absence of
shared, realistic, and reproducible evaluation stan-
dards. By combining a large-scale reference dataset,
self-consistent stability assessment, and a unified
metric suite, the benchmark enables fair compari-
son across diverse generative paradigms.

The current release focuses on unconditional
crystal generation, establishing a necessary base-
line before meaningful evaluation of conditional or
property-guided discovery workflows. Future ex-
tensions will incorporate conditional benchmarks,
synthesis-aware constraints, and tighter integration
with experimental validation pipelines.

By releasing both an open-source evaluation
toolkit and a public leaderboard, LeMat-GenBench
provides a foundation for community-driven
progress toward reliable, discovery-oriented
generative models for crystalline materials.
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Appendix A.

(a) MLIP on DFT Hull (b) MLIP on Own Hull
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Fig. Al: Comparison of stability prediction using (a) MLIP energies evaluated against a DFT-based hull and (b)
a self-consistent MLIP-based hull. The self-consistent approach yields higher Fl-scores and lower MAE
across stability thresholds.
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