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lable expansion of property limits
via novelty-guided exploration

Satoru Fujii, *a Ryo Tamura, bcd Masato Sumita de and Kei Terayama *adef

Finding diverse and high-quality candidates in vast design spaces remains an important challenge in

scientific research, including molecular design and material discovery. A recent line of work treats

observed properties as samples from an unknown distribution and selects candidates that promote more

uniform coverage of the property space using Stein discrepancy as the metric. However, these methods

do not explicitly account for the information gain of newly acquired data, which can limit exploration of

novel regions. In addition, they are not designed for efficient batch selection and may suffer

performance degradation when applied in batch settings. Moreover, they incur substantial computational

cost due to both large per-iteration overhead and increasing cost as the number of observations grows.

To address these limitations, we incorporate predictive uncertainty into the objective function and

introduce diversity-aware batch selection strategies to promote informative and diverse candidates. In

addition, we propose a sampled Stein novelty estimator and efficient tensor calculations that significantly

reduce computational overhead. Performance and runtime evaluations on molecular and materials

datasets show that our method enables scalable and sample-efficient expansion of property-space

coverage.
1 Introduction

Navigating vast design spaces to identify candidates with a wide
range of desirable properties remains an important challenge in
scientic research, for example, in molecular design and
materials discovery, where machine learning and generative
models have increasingly been used to guide the search for
novel structures and functionalities.1–5 In practical applications,
it is oen desirable not only to optimize specic target prop-
erties but also to discover out-of-distribution candidates that
cover distinct regions of the property space or Pareto front.6,7 In
multi-property optimization settings, for example, the objective
function is oen difficult to dene unambiguously. Moreover,
even when explicit objectives are available, objective-free
exploration can in some cases outperform objective-driven
approaches.8 Such exploration paradigms have also been used
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to obtain representative samples that provide a holistic view of
property space,9–11 to discover diverse behaviors in robotics,12

and to efficiently acquire labeled samples that improve predic-
tive models.13,14 As illustrated in Fig. 1(a), the overarching goal is
to expand coverage beyond densely sampled regions and reveal
previously unexplored areas of the property space. Motivated by
this background, efficient exploration methods, including
active learning15,16 and generative models,17,18 have been
proposed to navigate large design spaces and identify novel
materials or molecules with diverse properties.

Since data distributions in property space are oen highly
biased, naive sampling tends to yield points concentrated in
a limited region of the property space. One way to address this
issue is to treat observed property values as samples from an
unknown distribution and iteratively select candidates that
move this empirical distribution toward a uniform distribution
over the property space, as illustrated in Fig. 1(b). In particular,
methods such as BLOX19 iteratively select candidates whose
predicted properties maximize a quantity called Stein novelty,
which measures how much a new point contributes to moving
the empirical distribution closer to a uniform distribution, as
quantied by the kernelized Stein discrepancy.20 This calcula-
tion does not require knowledge of the explicit bounds of the
distribution, making it suitable for problems in which the range
of the property space is unknown or difficult to estimate.

However, several practical challenges remain. One limitation
is that diversity among candidates in the underlying input space
(e.g., molecular descriptors or material features) is not explicitly
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Overview of property-space coverage expansion. (a) Conceptual illustration of expanding the property space for novel discovery, more
efficient learning of accurate predictive models, and better understanding of the data. (b) Illustration of boundary expansion in property space by
driving the distribution of observed points toward a uniform distribution. (c) Illustration of improving property-space expansion by combining
input-space strategies, including predictive uncertainty and in-batch diversity. Note that although both spaces are shown in two dimensions in
this figure, the input space typically has much higher dimensionality than the property space.
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considered when selecting new candidates. Incorporating such
information has also been studied in prior work,13,21 and can be
benecial for two reasons. First, sampling informative points
can accelerate the improvement of the predictive model and
increase sample efficiency. Second, candidates that are unusual
in the input space may correspond to unexplored or extreme
regions in the property space. Therefore, considering input-
space diversity can help guide exploration toward novel
regions of the property space. In this context, we incorporate
predictive uncertainty into the objective function to prioritize
candidates whose experimental assay is expected to provide
high information gain. In addition, we introduce diversity-
aware batch proposal strategies that prevent simultaneously
proposed candidates from becoming overly similar in the input
space. Fig. 1(c) provides an overview of this coverage expansion
strategy.

Another challenge is the computational cost of Stein novelty
calculations, which grows with the number of observed
samples,19 and limits the applicability of the method to large
datasets. Because Stein novelty involves interactions between
candidate points and previously observed samples, the
computational cost increases linearly as the exploration
proceeds. To address this, we propose a sampled Stein novelty
© 2026 The Author(s). Published by the Royal Society of Chemistry
estimator that reduces the asymptotic computational
complexity of the algorithm while maintaining the performance
of the method. In addition, we implement chunked tensor
computations that substantially reduce the runtime of the
method.

We evaluate the proposed framework on photo-functional
molecules19 and electronic materials22 in terms of coverage-
expansion efficiency and runtime, and show that it enables
computationally scalable, sample-efficient exploration. These
results highlight the practical utility of the framework for
property-space exploration in both sample-limited and large-
scale settings. Our framework is freely available as BLOX2 at
https://github.com/ycu-iil/BLOX2.
2 Methods
2.1 Overview

Our method builds on approaches that select points to expand
the empirical property distribution toward a more uniform one,
and extends this paradigm in two directions. First, we improve
data acquisition by incorporating input-space information
through two methods: uncertainty-aware scoring and diversity-
aware batch proposal. Second, we accelerate the computation of
Digital Discovery, 2026, 5, 3756–3765 | 3757
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the novelty score using two techniques: chunked tensor
computation and sampled novelty estimation. An overview of
the workow is illustrated in Fig. 2.
2.2 Stein novelty-based exploration

Given the observed property values, the goal is to select new
candidates whose properties expand coverage of the property
space.

Following BLOX,19 we quantify this objective using the Stein
discrepancy with respect to a uniform distribution. The
contribution of a candidate point to moving the empirical
distribution toward the target distribution is measured by Stein
novelty.

In the present setting, the property space is bounded by the
niteness of the candidate pool, or the physical and chemical
feasibility of the candidates in general. Although its boundary is
generally unknown, the Stein discrepancy depends on density
gradients rather than explicit boundary specication, so no
explicit bound estimation is required during optimization.

The surrogate model predicts a property vector for each
candidate, and the Stein novelty score is calculated from the
predicted properties. Candidates with higher Stein novelties are
considered to contribute more strongly to expanding the
coverage of the property space. The details of Stein discrepancy
and Stein novelty are provided in SI Text T1 and T2. The Stein
novelty score, together with the uncertainty score and the in-
batch diversity score when enabled, are calculated for all
candidates. Aer these values are normalized, the acquisition
Fig. 2 Workflow of the proposed method. Observed points are used to t
calculated in property space from predicted values, together with predic
are then sent to an experimental assay or simulation to obtain new obse

3758 | Digital Discovery, 2026, 5, 3756–3765
score is computed as a convex combination of them, and the
candidate with the highest score is selected for observation.
2.3 Incorporating predictive uncertainty

Although maximizing Stein novelty promotes coverage expan-
sion in the property space, it does not explicitly account for how
newly acquired data improve the predictive model. In active
learning settings, especially in Bayesian optimization,
uncertainty-aware acquisition is a standard and widely used
strategy.15,23

Following this practice, we incorporate predictive uncer-
tainty into the acquisition score. In our experiments, predictive
uncertainty was estimated using quantile regression with
LightGBM.24 Specically, the difference between the predicted
0.9 and 0.1 quantiles was used as an uncertainty score.

Uncertainty scores are normalized for each property and
then averaged across properties.
2.4 Diversity-aware batch proposal

In many practical settings, each experiment or simulation is
costly, so running evaluations in parallel is desirable to reduce
wall-clock time. To enable such parallel evaluation, the method
must propose multiple candidates at each iteration; therefore,
we extend the framework to batch proposal.

Candidates are selected sequentially within each batch. One
way to account for candidates already selected within each
batch is to use virtual observations. Aer a candidate is selected,
it is treated as a virtual observation with the predicted property
value. The acquisition score is then recomputed with respect to
rain the predictor, and new candidates are selected using Stein novelty,
tive uncertainty and in-batch diversity control. The selected candidates
rvations for the next cycle.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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the augmented set of observations. This procedure is repeated
until the given batch size is reached.

However, when simultaneously proposed candidates are
overly similar, the acquired batch tends to be redundant and
less informative for model improvement. Therefore, rewarding
diversity among proposals or penalizing proximity between
candidates is widely used in active learning settings.25,26 We
adopt the same principle here by introducing a diversity score
based on proximity in the input space and incorporating it into
the acquisition score instead of using virtual observations.

In our experiments, we evaluated three diversity metrics
dened on input-space features. Stein-based diversity computes
the Stein novelty in the input space with respect to points
already selected in the batch and uses it as a diversity term,
while Stein novelty in the output (property) space is computed
separately for acquisition scoring, as in the other settings.
Nearest-neighbor diversity calculates the shortest distance to
points already in the batch, similar to greedy sampling,13,21 and
its multiplicative inverse is used as the score. SimHash-based
diversity27 uses random hyperplanes to partition the input
space and applies a penalty when a candidate falls into a parti-
tion that already contains selected points.
2.5 Accelerating Stein novelty computation

The computational cost of Stein novelty increases as the
number of observed samples grows, because each candidate
score depends on interactions with the observed set. To main-
tain scalability on large datasets, we introduce two comple-
mentary acceleration techniques that reduce computational
time.
2.6 Chunked tensor computation

The dominant cost of Stein novelty computation comes from
pairwise interactions between each candidate and the observed
samples, which are largely reduced to pairwise distance calcu-
lations. In our implementation, these distance calculations are
evaluated for chunks of candidate points at once by rewriting
the nested loops in the original BLOX implementation as vec-
torized 3D tensor operations. Although this does not change the
asymptotic complexity of the Stein novelty calculation, it
substantially reduces computation time in settings where Stein
novelty computation becomes a bottleneck. The details of this
calculation are provided in SI Text T3.
2.7 Sampled Stein novelty

We further introduce a sampled estimator of Stein novelty.
Here, n denotes the number of observed samples, vp a candidate
point, vi the i-th observed sample, and u(vp, vi) the pairwise
interaction term in the Stein novelty computation. Instead of
using all observed samples, we randomly select a subset S3 {1,
., n} of size m for each computation and approximate the full
sum by a sum over S. Because a uniformly sampled subset
satises
© 2026 The Author(s). Published by the Royal Society of Chemistry
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minimizer. This approximation reduces the per-iteration
computational cost of the Stein novelty estimation from O(N)
to O(1) with respect to the number of observations N. A detailed
description is provided in SI Text T4.
2.8 Datasets

To evaluate the proposed method in representative multi-
objective molecular and materials design settings, we used
two benchmark datasets: one for photo-functional molecules
and the other for electronic materials. Although the envisioned
application is an iterative proposal-to-experimental-assay loop,
these xed datasets allow controlled comparison among
methods under the same conditions.

The rst dataset comprises 87 268 molecules from the ZINC
database,28 with absorption wavelength (nm) and intensity
values precomputed by density functional theory (DFT) simu-
lations29 at the B3LYP/6-31G* level. These two properties are
directly relevant to the design of photo-functional molecules,
where both spectral position and transition intensity are
important. As input features, we used Morgan ngerprints with
radius 2 and 2048 bits,30 together with RDKit descriptors,31

resulting in a total input dimensionality of 2265.
The second dataset consists of 1277 materials obtained from

a public database.22 The target properties are band gap (eV) and
permittivity, which are fundamental quantities for electronic
and dielectric material design. For these materials, we used 132
composition-based physical-property features generated by
Magpie.32
2.9 Metrics

To quantify coverage, we compute the area of the union of 3-
neighborhoods around observed samples in the property space.
For each dataset, the property space is rst normalized using all
available true property values, and the resulting area is further
divided by the maximum area computed from all available true
property values so that coverage takes values in [0, 1]. The use of
3-neighborhoods is a commonly adopted formulation.33

Throughout this paper, we refer to this quantity simply as
coverage.

In the main text, we report comparisons for 3 = 1 in the
normalized property space. Fig. 3 compares the coverage ob-
tained by the proposed method and by random candidate
selection, showing that the metric is consistent with the visual
extent of the covered region.

When ner local lling behavior is of primary interest,
smaller 3 values may be more appropriate. We also evaluated
the methods with 3 = 0.1 and using other evaluation metrics,
such as the kernelized Stein discrepancy and convex-hull area,
and found broadly similar overall trends across metrics. The
corresponding results are provided in SI Fig. S1–S3.
Digital Discovery, 2026, 5, 3756–3765 | 3759



Fig. 3 Illustrative comparison between the proposed method (denoted as “With exploration”) and random candidate selection (denoted as
“Random”), demonstrating that the defined coveragemetric is consistent with the visual extent of explored regions in the property space. In each
row, the left two panels show the observed-property distributions after 50 and 200 proposals, together with the corresponding coverage regions
(3 = 1). Here, coverage denotes the area of the union of 3-neighborhoods around observed samples. The right panel shows the trajectory of
coverage over steps.
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3 Results
3.1 Experimental setup

In the proposed method, a surrogate model is trained on the
observed data, and new candidates are iteratively proposed by
maximizing Stein novelty computed from the predicted prop-
erty values. In this section, we evaluate how incorporating
predictive uncertainty and in-batch diversity into this selection
criterion affects coverage expansion performance, and then
assess the computational speedups obtained by the proposed
Stein calculation techniques.

All experiments were conducted on the molecular and
materials datasets introduced above. For the coverage
comparisons, each run was initialized with 10 randomly
selected observed points shared across all methods within
a seed. We used 5 seeds and 2000 proposals for the molecular
dataset, and 20 seeds and 400 proposals for the materials
dataset. All samples that were not selected as the initial
observed points were used as the candidate pool, and selected
candidates were removed from the candidate pool aer their
3760 | Digital Discovery, 2026, 5, 3756–3765
property values were revealed. The reported coverage trajecto-
ries are averaged across seeds, and the shaded regions indicate
standard deviation. Details of the used hyperparameters are
provided in the SI Text T5.
3.2 Effect of predictive uncertainty

We rst evaluate the effect of incorporating predictive uncer-
tainty into the acquisition score. In this experiment, uncertainty
is dened as the LightGBM quantile spread (q0.9–q0.1). The
predictive uncertainty-to-Stein novelty ratio was set to 0.75 for
both datasets.

Fig. 4(a) compares the coverage trajectories of two strategies
for the molecular dataset: selection without model condence
(Stein novelty only) and selection with predictive uncertainty.
Fig. 4(b) shows the corresponding results for the materials
dataset. The coverage values are averaged across seeds for each
dataset.

Across both datasets, incorporating model condence
improved coverage expansion performance. This result
© 2026 The Author(s). Published by the Royal Society of Chemistry



Fig. 4 Results of the predictive-uncertainty and in-batch-diversity experiments on the molecular and materials datasets: (a) predictive
uncertainty on the molecular dataset, (b) predictive uncertainty on the materials dataset, (c) in-batch diversity on the molecular dataset, and (d)
in-batch diversity on thematerials dataset. The curves show themean coverage trajectories across seeds, and the lightly shaded regions indicate
the standard deviation.
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indicates that condence-aware acquisition provides more
informative samples and therefore achieves effective explora-
tion of the property space.
3.3 Effect of diversity-aware batch proposal

We next examine batch selection, which is important in prac-
tical settings where multiple candidates can be evaluated in
parallel. For a fair comparison, predictive uncertainty was
disabled in these experiments. We set the diversity-to-Stein
novelty ratio to 0.25 for the molecular dataset and 0.50 for the
materials dataset, xed the batch size at 100, and evaluated the
following methods:

� Virtual observation baseline without diversity score.
� Stein-based diversity.
� Nearest-neighbor diversity.
� SimHash-based diversity.
Fig. 4(c) shows that incorporating diversity within the batch

improves coverage expansion performance compared to raw
batch selection for the molecular dataset, and Fig. 4(d) shows
the corresponding results for the materials dataset. Because
candidate evaluations can oen be performed in parallel, batch
proposal can further reduce the number of learning iterations
required for exploration in practice.

Among the tested methods, Stein-based diversity achieved
the best performance. However, because the computational cost
of the Stein novelty increases proportionally with the number of
target dimensions, it can become expensive in high-
© 2026 The Author(s). Published by the Royal Society of Chemistry
dimensional input spaces. A similar computational-cost
concern also applies to the nearest-neighbor distance,
although algorithmic renements may partially mitigate this
issue. In contrast, SimHash-based diversity required almost the
same computation time as raw batch selection without in-batch
diversity, while still improving performance over the raw base-
line in both datasets. Considering this practical trade-off,
SimHash-based diversity may be a practical default choice.
Fig. 5 further shows the effect of Stein-based in-batch diversity
on the materials dataset across batch sizes from 1 to 256. These
results show that in-batch diversity can substantially suppress
the performance degradation associated with increasing batch
size, highlighting its importance in large-batch settings.
3.4 Acceleration of Stein novelty computation

Next, we evaluate the effect of the chunked tensor calculation of
the Stein novelty. The experiments were conducted on the same
machine for fair comparison. Because the materials dataset has
both lower input dimensionality and fewer data points, its
computation time is trivial and not a practical bottleneck;
therefore, the experiments in this section use only the molec-
ular dataset.

Fig. 6(a) shows that our implementation achieves more than
a 300-fold speedup of Stein novelty computation compared to
the original implementation,19 enabling efficient evaluation of
large candidate sets. Fig. 6(b) presents the same results on
a logarithmic scale, showing that the computation time still
Digital Discovery, 2026, 5, 3756–3765 | 3761



Fig. 5 Effect of Stein-based in-batch diversity as the batch size increases from 1 to 256. Panels (a) and (b) show the mean coverage trajectories
across seeds with and without in-batch diversity (Stein-based), respectively, and the lightly shaded regions indicate the standard deviation.
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increases approximately in proportion to the number of
observed points in both implementations.

Next, we evaluate the sampled Stein novelty estimator.
Fig. 6(c) compares the case with sampled Stein novelty (sample
size 500) and the case without sampling, showing that sampled
Stein novelty makes the computation time constant with respect
to the number of observed points. Fig. 6(d) shows that the
sampled Stein novelty largely preserves coverage expansion
Fig. 6 (a) Comparison of selection time for Stein novelty computation b
implementation, measured on the samemachine. (b) Shows the same res
for Stein novelty computation with and without sampling (sample size
trajectories with and without sampling in Stein novelty computation fo
deviation across seeds.

3762 | Digital Discovery, 2026, 5, 3756–3765
performance. Even with a sample size of 100, the performance
degradation remains small.
4 Discussion

In this study, we extended Stein novelty-based property-space
exploration by incorporating input-space information and
improving the computational efficiency of novelty calculation.
Across molecular and materials datasets, the proposed
etween the original BLOX implementation19 and our chunked-tensor
ults as (a), but on a logarithmic y-axis. (c) Comparison of selection time
= 500, 100) for the molecular dataset. (d) Comparison of coverage
r the molecular dataset. The lightly shaded regions indicate standard

© 2026 The Author(s). Published by the Royal Society of Chemistry
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framework achieved sample-efficient coverage expansion
together with substantially improved runtime, supporting its
practical use in both sample-limited and large-scale settings.

Our method incorporates information from the input space
in order to improve the value of the acquired data. In particular,
predictive uncertainty is used as a proxy for data value in the
acquisition process. An alternative approach is to calculate the
Stein novelty directly in the input space. However, its compu-
tational cost increases linearly with the dimensionality of the
input feature vectors, making it less suitable for high-
dimensional datasets. Although we used LightGBM24 in this
study due to its favorable balance between accuracy and speed,
the framework is not tied to a specic predictor. For example,
TabPFN,34 which directly outputs predictive distributions,
might further improve exploration quality while also providing
uncertainty estimates without separate quantile models, albeit
at a higher base computational cost. In our experiments, this
strategy produced performance comparable to uncertainty-
based selection; details are provided in the SI Fig. S4.

The main practical risk in batch proposal is selecting overly
similar candidates. The diversity score introduced in this work
mitigates this issue by encouraging exploration within each
batch. The computational cost of diversity penalties can be
reduced using dimensionality reduction techniques such as
principal component analysis (PCA). The squared distance in
the original space can be decomposed into the sum of squared
distances along the retained and discarded PCA components.
Since Stein novelty relies on pairwise distances, its accuracy
depends on the fraction of variance captured by the retained
components. We also empirically evaluated this approximation,
and the results are reported in SI Fig. S5. As predictive perfor-
mance improves over the course of exploration, the benet of
enforcing in-batch diversity may decrease. Therefore, a sched-
uling strategy that gradually reduces the weight of the in-batch
diversity term as the number of steps increases may further
improve overall performance.

The sampled Stein novelty signicantly reduces the compu-
tational cost of novelty estimation. Although the estimator itself
has constant complexity with respect to the number of obser-
vations, the overall runtime may still depend on the predictive
model used. In many predictive models, retraining the model
aer each iteration scales at least linearly with the number of
observations. Therefore, when scalability is a primary concern,
predictive models that support online learning are preferable.
Further improvements may be possible by introducing impor-
tance sampling strategies35 that focus on informative regions of
the property space.

We use a Gaussian kernel in Stein novelty, and its bandwidth
is a hyperparameter. In our experiments, the bandwidth is xed
to s = 1 for consistency between datasets. In the input space,
the feature vectors for all candidate points are known in
advance. Therefore, the bandwidth parameters can be esti-
mated using statistics such as the average pairwise distance. In
contrast, property values for unobserved candidates are
unknown, making such estimation difficult in the property
space. Regarding ratios of uncertainty and diversity score, our
experiments were conducted on only two datasets and therefore
© 2026 The Author(s). Published by the Royal Society of Chemistry
do not establish a single set of optimal settings applicable to all
possible datasets. However, from our experience with the tested
settings, an uncertainty-to-Stein novelty ratio of 0.5–0.75 and
a diversity-to-Stein novelty ratio of 0.25–0.5 may serve as useful
default values.

Our method is applicable to datasets with three or more
property dimensions. However, because Stein novelty compu-
tation scales linearly with the dimensionality of the property
space, the computational cost may become substantial in very
high-dimensional settings.
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