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ABSTRACT

Active learning (AL) has shown promise to be a particularly data-efficient machine learning approach. Yet, its performance depends on the
application, and it is not clear when AL practitioners can expect computational savings. Here, we carry out a systematic AL performance
assessment for three diverse molecular datasets and two common scientific tasks: compiling compact, informative datasets and targeted
molecular searches. We implemented AL with Gaussian processes (GP) and used the many-body tensor as molecular representation. For the
first task, we tested different data acquisition strategies, batch sizes, and GP noise settings. AL was insensitive to the acquisition batch size, and
we observed the best AL performance for the acquisition strategy that combines uncertainty reduction with clustering to promote diversity.
However, for optimal GP noise settings, AL did not outperform the randomized selection of data points. Conversely, for targeted searches,
AL outperformed random sampling and achieved data savings of up to 64%. Our analysis provides insight into this task-specific performance
difference in terms of target distributions and data collection strategies. We established that the performance of AL depends on the relative
distribution of the target molecules in comparison to the total dataset distribution, with the largest computational savings achieved when their
overlap is minimal.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0229834

I. INTRODUCTION active learning'® (AL) with pool-based sampling to compile smaller

datasets that are free from human bias. AL iteratively improves the
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In recent years, applications of machine learning (ML) in
material science have produced a plethora of new discoveries,
such as the discoveries of millions of novel molecules,* phase-change
materials,” and metallic glasses.® These discoveries rely on accu-
rate property predictions by ML models, which usually require
large amounts of training data.” ’ Such large training datasets are
costly to compile for supervised ML tasks'’"” because the property
labels are obtained from expensive simulations or time-consuming
experiments.

Materials datasets are mostly compiled by human experts,'*
which can lead to bias and redundancy.”” Instead of collecting
larger training datasets to mitigate biases, we propose the use of

performance of ML models by intelligently compiling the model’s
training data via acquisition functions. The strategic data-driven
compilation reduces dataset redundancies in comparison to human
compilation. Moreover, different acquisition strategies (AS) can
be exploited to produce datasets specifically designed for targeted
ML tasks (see Fig. 1).

In materials science, AL has been deployed in the development
of novel algorithms'’ " and applications for material discovery
and property prediction tasks.”' > While AL holds considerable
promise for smart data collection,” " just as often failure or no
improvements are reported (some of these reports are anecdotal
since failures are rarely published).”” " To address the apparent
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FIG. 1. Traditionally, materials datasets with a target property are compiled com-
binatorially, using human intuition. We propose an Al-assisted dataset compilation
scheme that learns to identify materials with the target property iteratively. The
identification improves with each iteration and is free from human bias.
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discrepancy, we present a systematic study into the performance and
benefits of AL for the compilation of molecular datasets. We com-
pare the benefits of AL based on Gaussian process regression (GPR)
in dataset compilation for two different ML tasks: dataset pruning
and inverse material design.

The objective of the first task is to generate a maximally
compact and informative dataset (task 1). In this very common
AL use case, one seeks to balance the redundancy and diversity of
materials data. We propose batch acquisition’”” strategies (AS) for
AL and assess their performance for a variety of parameter choices
and different materials datasets. We seek to identify the acquisition
strategies that generate the smallest training sets and lead to the best
model performance.

In the second dataset compilation task, we address the tar-
geted materials property search (task 2). This objective emulates the
ML use case of backward prediction: given a property target, we seek
the best candidate materials with this feature. For the ML model to
accurately predict the feature, the AL-compiled dataset should bal-
ance data entries with and without this information. We use the AS
approaches from task 1 to explore different routes toward dataset
assembly for this task. Our objective here is to identify the approach
that maximizes the predictive accuracy of the ML model on
task 2.

This study employs three molecular datasets with different
levels of complexity and redundancy.”” We focus on learning the
ionization potential, equivalent to the energy of the highest occupied
molecular orbital (HOMO) computed by ab initio simulations. In
task 2, we seek to identify molecules with a target property: HOMO
values greater than e. We make use of pre-labeled datasets to accel-
erate our study: starting from the large pool of possible molecular
structures, we draw data points with AL and include labels in the
ML model. This is analogous to a realistic AL use case, where
researchers might start with a large pool of unlabeled materials
structures and perform computations to label them as needed.”
Smaller training datasets would require fewer calculations to obtain
the material property labels for ML training. Therefore, the outcome
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of task 1 is to demonstrate whether computational savings can be
achieved by generating maximally informative, compact datasets.
The outcome of task 2 is to compile a list of materials that match
a targeted property and, consequently, identify optimal materials for
a technological application.

Il. DATASETS
A. AA (44 k amino acids and dipeptides)

The amino acid (AA) dataset®* contains 44 004 isolated and
cation-coordinated conformers of 20 proteinogenic amino acids and
their amino-methylated and acetylated (capped) dipeptides. The
molecules reach up to 39 atoms in size and include the chemi-
cal elements H, C, N, O, and S, as well as divalent cations (Ca’*,
Ba®*, Sr’*, Cd**, Pb**, and Hg’*). The amino acid conform-
ers encode different protonation states of the backbone and the
side chains. Since all amino acids share a common backbone, the
complexity of this dataset lies in differing side chains, dihedral
angles, and metal cations. The AA dataset was generated by con-
formational sampling, and all molecular structures and properties
were calculated with density-functional theory (DFT) using the
Perdew-Burke-Ernzerhof (PBE)*” exchange-correlation functional
with Tkatchenko-Scheffler van der Waals corrections (vdW).*
AA was used to benchmark several ML models”'**"** and clus-
tering techniques.”” The HOMO energy values of the AA dataset
follow a bimodal distribution, with one mode approximately
at —14 eV and the second mode at —5 eV. The distribution has its
mean at —10.85 eV, with a standard deviation of 3.97 eV, and ranges
between —19.63 and —0.06 eV.

B. QM9 (134 k organic molecules)

The QM9 dataset'* is a subset of the GDB-17 database,*’ which
was compiled by enumerating all organic molecules that contain up
to 17 atoms of C, N, O, S, and halogen elements. The QM9 dataset
features the first 133 814 molecules from the GDB-17 database.
It contains small organic molecules with up to 9 heavy atoms
(G, N, O, and F), which comprise 621 stoichiometries of small amino
acids and nucleobases (pharmaceutically relevant organic build-
ing blocks). Molecular structures and labels were computed at the
PBE + vdW DFT level by Stuke et al.'® Despite considerable redun-
dancy, the QM9 dataset was used in a variety of ML studies and
has become the drosophila of ML in chemistry. The HOMO energy
values of the QM9 dataset follow a unimodal distribution, with the
mode approximately at —5.78 eV. The distribution has its mean at
-5.77 eV, with a standard deviation of 0.52 eV, and ranges between
-10.45and —-2.53 V.

C. OE (64 k opto-electronically active molecules)

The opto-electronic (OE) dataset’' consists of 64710 large
organic molecules with up to 174 atoms. The structures were
extracted from monomolecular organic crystals in the Cam-
bridge Structural Database** (CSD) by Schober et al. 94 for their
high charge carrier mobility and re-optimized in vacuum at the
PBE + vdW level of DFT theory. OE contains molecules with
16 different elements: H, Li, B, C, N, O, F, Si, P, S, Cl, As, Se, Br,
Te, and I. The molecular structures are more complex than in QM9
and AA, with large conjugated backbones and unusual functional
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groups. Of the three datasets in this work, OE offers the largest
chemical diversity, both in terms of molecule size and the number
of different elements. OE has become one of the benchmark datasets
for molecule generation'® and property prediction.'”*” The HOMO
energy values of the OE dataset follow a skewed unimodal distri-
bution, with the mode approximately at —7.56 eV. The distribution
has its mean at —5.49 eV, with a standard deviation of 0.57 eV, and
ranges between —12.67 and -2.73 eV.

. METHODOLOGY

To establish the AL approach in this study, we first derived
the AL workflow for guided dataset compilation and proposed sev-
eral ASs for picking data. Next, we selected the materials descriptor,
ML model, and the metrics for evaluating the success of AL. Since we
have a fixed set of molecules to choose from, we utilize pool-based
ASs, as compared to query synthesis and streaming selection strate-
gies,'® which are more suited for generative models and situations
where data are obtained in a stream, sequentially. We describe all
these steps and their implementation below.

AL molecular dataset compilation is the process of assembling
the ML training set in an iterative way by selecting groups of data
points from a large pool of molecules called the held-out set. As
illustrated in Fig. 2(a), each batch would typically be labeled by

Gaussian Process

Regression (GPR)

Labelled training Acquisition Strategy(AS)
dataset select new data points

b) =
‘ GPR Predictive power

AS | Held-out

___\

Train
H - HHENBNB
1 2 3 e N

Active learning iterations

FIG. 2. lllustration of AL steps for (a) the active learning iteration and (b) the evolu-
tion of held-out, train, and test set sizes. Before performing active learning, small,
labeled training and test sets are compiled. A Gaussian process regression (GPR)
model is fitted to the training set and then used to obtain property predictions of
the unlabeled held-out set. The acquisition strategy (AS) combines the predicted
property, the corresponding prediction uncertainty, and molecular representation
to select molecules from the held-out set. Selected molecules are then labeled
using ab initio simulation software (DFT) and added to the training set. The larger
training set is used to train a new GPR, and the iteration continues.
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DFT simulations before the GPR ML models’® are fit to the train-
ing set. GPR outcomes are utilized in ASs that determine how
best to select the next batch of data for maximum improvement of
ML models, given the objective.

We encoded this procedure into our AL workflow, depicted in
Fig. 2(b). Before the start, a batch of molecules was set aside from
the held-out set to form the test set, which was kept fixed throughout
all AL experiments. The test set served to evaluate the performance
of the ML models with the evolving training set. At the start, the
first batch of Ninir molecules was selected from the held-out set to
nucleate the training set and fit the first GPR model. The model was
then applied to predict the property for all the remaining molecular
structures in the held-out set. We utilized the prediction results to
construct a selection criterion for the AS, typically referred to as the
oracle in the AL literature.'® Consequently, a batch of N, molecules
was selected from the held-out set and appended to the training
set. Here, DFT simulations would typically be required to label the
molecular structures, but we expedited the tests with pre-computed
labels. A fully labeled augmented training set was the outcome of a
single AL iteration. The next AL iteration began by retraining the
GPR with the updated training set.

The quality of the compiled dataset depends on how intel-
ligently an AS can pick molecules from the held-out set. The
AL literature is rife with various AS designs, for example, strategies
for compiling thin-film materials,”” potentials for metal-organics,”
or the design of layered materials.”” While these strategies addressed
specific tasks (task 2 here), it is also important to consider AS
designs for general ML accuracy with minimal datasets (task 1
here).

The selection strategy in acquisition functions is typically
based on a trade-off between diversity and redundancy. Increas-
ing diversity ensures a good representation of different kinds of
molecules and reflects data space exploration. Higher redundancy
allows models to learn minor variations in property values of sim-
ilar molecules through data exploitation. In practice, the trade-off
is implemented through considerations of Gaussian processes (GP)
prediction uncertainty and clustering algorithms. When GP mod-
els are applied to the molecular structures in the held-out set,
prediction uncertainty is the highest for the structures that dif-
fer most from the molecules in the training set. Uncertainty-based
picking thus increases the diversity of the training set. However,
molecules with high prediction uncertainty could all be similar to
each other. Similarity among the selected structures can be mini-
mized by clustering them and choosing data from each cluster. The
number of clusters correlates with the diversity of the selection, and
the number of molecules selected from each cluster determines the
redundancy.

While all these considerations are relevant, it is unclear which
combination of AS choices and related parameters would lead
to the most accurate ML models, trained on the most com-
pact, maximally informative datasets. To address this question,
we constructed five AS and compared them in the AL workflows
described above. The following AS selection rules are illustrated
in Fig. 3).

A. Random

In the simplest strategy, we randomly selected a fixed num-
ber of molecules from the held-out set, labeled them, and added the
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FIG. 3. lllustration of active learning acquisition strategies: (a) random; (b) utilizing GPR prediction uncertainty; (c) by clustering molecular representations; (d) by first
selecting molecules with high GPR prediction uncertainty and then clustering the selected molecules, selecting the cluster centers; and () by selecting a set of molecules
with GPR predicted property lying within a property value range. Subsequently, a random selection is made from the previous set. The round yellow circles indicate
molecules. Round circles, with a thick red border, illustrate selected molecules. Dashed lines separate groups of molecules and red dashed lines indicate clusters of
molecules. The red dot inside a cluster indicates the cluster center, and the arrow illustrates the molecule closest to the cluster center.

data to the training set. Such sampling ensures an even representa-
tion of data across the held-out set but also encodes all biases and
redundancies. This traditional sampling strategy often yields accu-
rate machine learning models.”” It served as the baseline against
which we compared AL approaches.

B. Uncertainty

This strategy utilized GP prediction uncertainty to add
molecules to the training set. At each iteration, after training the GP,
we computed the predictions and corresponding uncertainty val-
ues on the held-out set molecules. Data indices were sorted based
on their prediction uncertainty, and a batch of N, molecules with
the highest uncertainty was selected. This AS encourages explo-
ration and leads to rapid ML uncertainty reduction, without any
considerations of diversity.

C. Clustering

Molecules in the held-out set were grouped into N, clusters.
From each group, one structure closest to the cluster center was
selected and added to the training set. The objective here was to
maximize the structural diversity of molecules in the training set,
irrespective of uncertainty.

D. Uncertainty and clustering

The trained GP model was applied to compute predictions on
the held-out set, after which the data were sorted by GP prediction
uncertainty. The top 50% of the molecules with the highest uncer-
tainty were selected and divided into N, clusters. Molecules closest
to cluster centers were added to the training set. This AS combines
the two previous ones to overcome their respective shortcomings.

E. Property search

This AS was specifically designed for task 2. The trained
GP model was applied to compute property predictions on the held-
out set, after which the molecular structures were filtered based
on the target property criterion (here, HOMO > ¢). From all the
molecules with this predicted property, N, structures were chosen
at random and added to the training set. In the early stages of AL,
poorer GP model accuracy may lead to less accurate selections. As
iterations proceed, more molecules matching the search criterion
should be found, emulating data exploitation.

The key AS parameter is the batch size (N,), the number of
molecules added to the training set with each iteration. N}, can be
fixed (e.g., Neonst = 1000 or 1 k molecules) or adaptive, evolving
with each iteration. Adaptive N;, could prove important because
GP models may have limited accuracy in the early iterations of active
learning, favoring small N;,. However, proceeding with small batches
would be inefficient later on, because frequent GPR fitting would
slow down AL. During later stages, when model accuracy improves
and molecular properties are predicted more reliably, larger batches
are better suited. We implemented a power law (POW) batch
scheme to evolve N, with iteration ¢ as N(¢t) = 2" % Neonst, Where
Neonst = 1000. This meant that the batch size doubled in size with
each AL iteration ¢, making the training set size Ng(t),

NTR(t) = 2t # Neonst + Ninit VteN (1)

We also tested a constant batch scheme, where Nconst Was either
1,2,4,0r 8Kk,
NTR(t) = t* Neonst + Ninit ViteN. 2)

The initial batch size of Ny was set to 1000 molecules and
remained fixed for all increment schemes. The indices of molecules
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in the initial batch were kept exactly the same while computing the
learning curves to ensure comparable results.

Molecular structures were encoded with the many-body tensor
representation (MBTR),”” which has demonstrated superior accu-
racy in ML studies on molecular datasets.”’ " The MBTR records
atomic species, pairwise distances, and angles between atoms as
components of a vector denoted by k1, k2, and k3, respectively. Pre-
vious work"® has shown that omitting terms k1 and k3 results in a
small loss in accuracy with molecular datasets but a large reduction
in descriptor size. Consequently, we restricted our MBTR vectors to
k2 terms only. For details on MBTR hyperparameter optimization,
we refer the reader to our previous work.'”

Since the MBTR vectors vary smoothly, they can be mod-
eled well with GPs in kernel-based supervised learning regression.
These non-parametric models access the entire training data in
the form of a kernel matrix for the model to learn. While stan-
dard GPRs do not scale very well to large training datasets, scal-
ing and data volume improvements can be achieved with sparse-
GPs’*”” or GPs trained and deployed on graphics processing units
(GPUs).”°

We trained the GP to predict molecular HOMO energy lev-
els (target y) based on the molecular representations (input X).
The trained model was then applied to previously unseen molec-
ular structures X., to compute the posterior predictive mean
Hored (HOMO level prediction) and posterior predictive variance or

uncertainty asred. Given a data noise of o7,
-1
tpred = KX, X)[K(XX) + 071] 'y, (3)

Ored = K(Xa, X ) = K(Xa, X)K; 'K(X, X0 ). (4)

In Egs. (3) and (4), the symmetric kernel matrix K has individ-
ual matrix elements computed through the kernel function. Because
the MBTR vector is smoothly varying, we selected the radial basis
function (RBF) kernel (krar),

Ky = K(X,X) + 0,1, 5)

_ _ )2
krar(x, x') =0f exp (w) (6)

In Eq. (6), the exponent can be expanded as follows:

S (xi - %)% )

1

=]l =

This is the Euclidean distance between the two MBTR vec-
tors x and x'. In Eq. (6), o refers to a global scaling factor or
signal variance in the GP literature,”® and I represents the length
scale.

We implemented the GPR in the Scikit-learn”” (SKLearn) pack-
age and optimized the model hyperparameters by maximizing the
log marginal likelihood,"® which is a function of the training labels
y and GP mean and variance computed on the training data [y and
o® computed with X, = X in Egs. (3) and (4)]. The length scale
and output variance were initialized to 700 and 20 to match the
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hyperparameters from previously published'® ML models trained
on the same datasets. The hyperparameters were optimized over a
range (bound of kernel hyperparameters in SKLearn) that varied
four orders of magnitude, with the lower and upper hyperparam-
eter search bounds set 100 times smaller or larger than the initial
value. The GP prior mean was set to zero (normalize_y = False
in SKLearn), and the number of optimizer restarts were set to 2.
Given that the data labels were obtained with accurate DFT sim-
ulations, we set the model noise to a very low value of o7 = 107'°
(unless otherwise stated). The optimal value of o2 was identified by
performing a grid search on a log-scale from [107*,1]. Using the
default GPR and optimizing the noise on a grid (instead of using a
White Kernel) enabled us to keep the GPR kernel as close as possible
to the KRR kernel to ensure easy comparison of the hyperparam-
eters with our previous work.'® For each value of o2, we optimized
the GPR log-marginal likelihood. For the optimized hyperparameter
values, we computed the mean absolute error (MAE) on the test set.
The grid search was repeated to find the hyperparameters with the
lowest test set MAE.

To evaluate GPR model performance, we used both regression
and classification metrics. To monitor regression, we computed the
mean absolute error (MAE) of the model on the test set as a func-
tion of training set size. This allowed us to build ML learning curves
and compare different AS approaches. In task 2, we gained further
insight into the classification accuracy via the following classifica-
tion metrics.”® TPR is the ratio of the number of molecules correctly
classified to be in-range (true positive or TP) and the total num-
ber of molecules in this class (positives or P). Similarly, FPR is the
ratio of the number of molecules incorrectly classified to be in-range
(false positive or FP) and the number of molecules that are not in
the correct class (negatives or N). The TPR and FPR values range
between 0 and 1. As the classification accuracy of the ML model
improves, TPR tends toward 1 and FPR toward 0,

P (8)
FPR = —.
N

IV. RESULTS

We began by identifying the best performing AS to compile
maximally compact and informative datasets, as defined in task 1.
The relative performance of different acquisition strategies (AS) was
evaluated by comparing their learning curves. We explored the effi-
cacy of different AS as a function of key method parameters: the
acquisition batch size Ny, which affects the growth rate of the train-
ing set, and the estimated data noise o, in the GP model, which
determines the smoothness of the model and, consequently, its per-
formance. We also considered how the proposed ASs perform on
different molecular datasets.

The first series of AS tests was carried out with the AA dataset
because it was structurally the most redundant one. In our bid to
actively learn the most compact training set, there was considerable
similarity to be eliminated from the pool of AA molecules, and we
expected to observe the largest difference in performance between
the proposed AS schemes. Figure 4(a) presents the AS learning
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FIG. 4. AL learning curves in log-log scale for task 1, with test set MAEs computed from GP model predictions as a function of increasing training set size. (a) Performance
of different AS for the AA dataset with the POW batch scheme. (b) Performance of different batch strategies for the AA dataset and AS D. (c) Strategy A and D performance
on all datasets with o2 = 10~"°. (d) Strategy A and D performance on all datasets with 2 = 0.05. The data corresponding to the plots have been included in tables in

Appendix B.

curves (averaged over 5 runs) computed with the POW N, incre-
menting scheme for task 1, as the training set was compiled from
1 to 16 k molecules. Uncertainty-based strategy B was the worst
AS, consistently achieving prediction errors higher than the ran-
dom picking baseline A. At maximum training set size, we observed
MAEg = 0.164 +£0.001 eV compared to MAE, = 0.170 +0.009 eV.
AS C, which clusters molecules based on their structural similar-
ity, performed on par with the baseline, achieving an MAEc = 0.166
+0.001 eV. Strategy D, which combines uncertainty and clustering,
performed the best with MAEp = 0.148 +£0.002 eV. It was selected for
the next set of tests. The error bars were obtained from five AL runs
with the same GPR hyperparameters but different initial random
seeds. Moreover, the reported error is caused by the variation over
five runs in the GPR prediction mean, which is utilized to predict the
HOMO values.

Batch sampling selects multiple molecules at a time, and while
it allows AL to scale to larger datasets,” it is more susceptible to
sampling redundant molecules. This is why we tested the sensitiv-
ity of strategy D to N;, choice. The POW incrementing scheme was
compared to the constant N, approach, with Neonst 0f 1, 2, 4, or 8 k.
Results are presented in Fig. 4(b). Surprisingly, all sampling schemes
exhibited the same ML performance. However, smaller constant
N, resulted in more AL iterations and was, consequently, slower
to execute. We selected the POW scheme to proceed with because
it covers a wide range of training set sizes with the fewest
AL iterations.

Next, we considered whether strategy D performs equally well
for different datasets. Figure 4(c) illustrates the learning curves for
strategy D against random picking for datasets AA, QM9, and OE.
The learning rates for the three datasets were very different, as indi-
cated by our previous study.'” In all cases, strategy D appeared
to lower MAEs compared to the baseline, suggesting that similar
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FIG. 5. AL model performance for task 2. (a) Number of correct structures (HOMO
> ¢) identified by AS A and E, presented as a percentage of the total in-range
molecules in the dataset. (b) As shown in panel (a), AS E requires fewer training
examples to achieve the same predictive accuracy as AS A. The plot presents
the number of additional in-range molecules identified by AS E relative to AS A,
expressed as a percentage of total in-range molecules in each dataset.
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FIG. 6. Task 2 classification metrics TPR and FPR as a function of training set
size, evaluated with strategy E for all 3 datasets on the (a) test set and (b) held-out
set.

learning could be achieved with a smaller training set size. How-
ever, the MAEs for the baseline strategy A were consistently higher
compared to the same data from previous work,'® alerting us to a
problem.

A careful review of our GPR revealed that our data noise
settings o7 = 10™'° were quite low and led to over-fitting. We con-
ducted a grid search for optimal GP noise and found it to be as high
as 07 = 0.05. To establish how data noise settings affect the perfor-
mance of the AL, we recomputed the learning curves of strategies
D and A for all datasets with the optimal o2 levels. The results in
Fig. 4(d) now indicate that at higher noise levels, the performance
of strategy D is indistinguishable from random picking A. Apart
from minor savings for the redundant AA dataset, we discovered no
benefit of active learning for task 1.

ARTICLE pubs.aip.org/aipl/jcp

Next, we focus on task 2, where the objective is to identify
molecules with HOMO energy greater than e, merely based on
structure. ¢ was chosen such that ~30% of the molecules in the
datasets belong to this category. This resulted in equmo = —5.55 eV,
eaa = —8.5eV, and eog = —5.2 €V. Here, we inspect the performance
of strategy E against strategy A for all datasets, with the POW batch
scheme and optimal 0,2, = 0.05. Since this is a classification task,
model performance can be evaluated by how many molecules of the
correct class (HOMO in-range) are extracted by the AS from the
total structural pool, verified against the computed HOMOs.

The learning curves in Fig. 5(a) illustrate the success of molec-
ular classification as a function of the GP model training set size.
Since QM9, AA and OE have different dataset sizes, the number of
correct structures is presented as a percentage of the total in-range
molecules in the dataset. Model performance increases linearly with
the training set size, with a larger slope indicating a faster rate of
extracting in-range molecules.

It is evident that AS E achieves systematically higher identifi-
cation rates and extracts more correct structures compared to the
random baseline. Different learning rates indicate that the molecules
in the AA datasets were easiest to classify (over 70% correctly identi-
fied), followed by OE and QM. Better AS E performance against the
random baseline means that the same number of correct molecules
could be identified in fewer iterations. For AA, 39% of the in-range
molecules were identified with a training set size of 5600 with strat-
egy E (dotted line), and the same percentage was achieved by the
baseline with 16 000 training molecules. Less training set data trans-
lates to 10400 fewer HOMO computations for the same model
quality. We used the two learning curves to calculate the fraction of
relative computational savings produced by strategic sampling. The
data are illustrated in Fig. 5(b). The best savings could be obtained
for the AA dataset (64%), while the savings for OE and QM9 were
surprisingly similar (57%).

Next, we inspect the classification accuracy of AS E. Figure 6
illustrates the rate of TP and FP classifications as a function of train-
ing set size. The metrics computed on a randomly chosen test set in
Fig. 6(a) assess the objective improvement in classification accuracy.
It is interesting to observe that the model classifies well already with
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FIG. 7. Task 2 regression MAE metrics evaluated on (a) QM9, (b) AA, and (c) OE datasets. MAE evaluated with AS E on the test set (pink solid line) and a test set of
in-range molecules (pink dashed line) are compared with those evaluated with AS A on the test set (black solid line).
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little training data. The improvement in TP with more data is very
slight, almost none for the AA dataset. The FP wrong classifications
register a very small decrease on the test set.

We also explore the metrics on the held-out set in Fig. 6(b) to
establish if the classification accuracy changes as the held-out set is
depleted of relevant molecules with subsequent iterations. There is
a slight overall decrease in accuracy, which suggests that as more
relevant molecules are moved from the held-out set to the training
set, the model cannot classify the remaining structures as well. This
trend is most notable in TP data for the AA and OE datasets, where
structural diversity is high. The drop in accuracy leads to fewer rel-
evant molecules being added to the training set in the later stages
of AL.

In this task, the classification accuracy of the model acutely
depends on the quality of supervised regression: the prediction of the
HOMO energy based on molecular structure. Figure 7 presents the
evolution of prediction MAE with training set size for all datasets.
Overall, we observe the prediction errors decreasing, as expected.
The results are most notable for the AA dataset in Fig. 7(b). Here,
the prediction MAEs on the in-range molecules are reduced dra-
matically compared to the errors on the random subset. This is not
the case for the QM9 and OE datasets, where the MAE of predic-
tions on the in-range and randomly selected molecules are nearly
identical.

V. DISCUSSION

Among the two proposed active learning objectives, task 1 is
the most commonly studied in the literature.'”*" "' We carried out
a comparative study of AL strategies to explore which selection cri-
teria compile superior training sets for the best predictive models
[see Fig. 4(a)]. We observed that combining prediction uncertainty
with clustering molecular structures (strategy D) yields the best
results (lowest test set MAE), which corroborates similar findings
in the literature.'””’

In this study, uncertainty alone was a sub-optimal criterion
and consistently yielded higher MAEs compared to all other strate-
gies. This, however, contradicts other findings in the literature.””®’
Such a discrepancy can be explained by two key differences: the
choice of machine learning model and the optimization task. In this
GP-based study, uncertainty is modeled differently®’ than with the
neural networks employed in earlier work.®! Similarly, the focus here
is on predicting HOMO energy value instead of inter-atomic poten-
tials.”” Minimizing the HOMO prediction error belongs to task type
1, while training an inter-atomic potential is of task type 2, as alluded
to later in this section. For this reason, the same uncertainty-based
acquisition strategy performs very differently in the two cases. Both
these factors could lead to different learning outcomes, a factor to
which we will return later in this section.

Despite previous work with different batch sizes in AL,** there
is no insight into how batch size affects the quality of the GP models.
Here, we compare constant and adaptive batch schemes and observe
that batch size has a negligible effect on the performance of the best
acquisition strategy.

In contrast, dataset noise (¢) has a significant impact on the
performance of AL. If the GP overfits on the training data for low
Oﬁ values, the test set MAE increases, as observed for the random

ARTICLE pubs.aip.org/aipl/jcp

strategy (see AS A in panels c and d of Fig. 4). AL can then provide a
benefit by balancing the dataset through clustered uncertainty mini-
mization [compare AS A and D in Fig. 4(c)]. Strategy D thus ensures
a higher diversity than random sampling, which reduces overfitting.
The GPR of strategy D subsequently generalizes better to the test set,
and the MAE drops faster. For larger noise values, the accuracy of the
GP increases as overfitting on the training set reduces, as observed in
Fig. 4(d). The AL benefit disappears since the best strategy to resem-
ble the randomly drawn test set also in the training set is to randomly
assemble it. In future research, strategies C and D could be further
improved by incorporating an updated loss function weighted by the
cluster sizes.

There are conflicting reports in the literature on the benefits of
AL in dataset compilation. However, a closer look reveals that ben-
efits depend on the prediction task and, more specifically, on the
bounds of the search space sampled by AL. Training interatomic
potentials is a prototypical example of an unbounded search task,
where atomic configurations are sampled from a near-infinite pool
of possible structures. Since atoms in these tasks can explore real-
space continuously, there is no limit to the number of possible
structures to pick. The test set, however, is constrained to a cer-
tain part of real space governed by the laws of quantum mechanics,
namely, the vicinity of equilibrium structures (interatomic poten-
tials) or the surroundings of a molecular dynamics trajectory. This
generates an intrinsic difference between the distributions of struc-
tures in the training and test sets. AL can then efficiently reduce the
number of training structures as it aligns the training with the test
set.”’

This work deals with dataset compilation from a large but finite
pool of molecular structures. This is standard for property pre-
diction tasks, in the absence of generative models to open up the
search space bounds. Here, mere random picking already generates
a matching distribution of the training and test sets, as illustrated in
Fig. 8(a). AL sampling can hardly offer any benefit in re-sampling
the training set, since there is no difference to bridge. Our finding in
task 1 is, therefore, consistent with previous work.®® In task 2, how-
ever, targeting molecules with particular HOMO values translates
to a target distribution shifted away from the general structure pool
[Fig. 8(b)]. The HOMO > ¢ target constitutes the upper third of the

a) Task 1: Target chosen randomly b) Task 2 : Target from narrow range

>
>

[ original distribution [ Active learning selection

El Target distribution |:| Random sampling selection

FIG. 8. lllustration of the two active learning tasks. (a) In task 1, the target is
selected randomly from the entire original distribution; consequently, random sam-
pling achieves a good representation of the target, and active learning provides no
benefit over random sampling. (b) In task 2, the target is selected from a narrow
region of the original distribution; here, active learning can adapt and represent the
target well, outperforming random sampling.
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FIG. 9. Distribution of HOMO energy values for (a) QM9, (b) AA, and (c) OE. The vertical line indicates the classification boundary (¢), and the dashed line indicates the
cumulative sum of the distribution of molecules. The classification boundary roughly includes 30% of the molecules from the dataset. This includes molecules with HOMO

greater than —5.55, —8.5, and —5.2 eV for QM9, AA, and OE, respectively.

label distribution, which would be sampled poorly by the random
strategy A. For such a use case, AL quickly focuses on the appro-
priate structures and provides a distinct benefit. It follows that the
benefits of AL can be observed only in the case of a shift between the
structural distributions of the test set and the overall search space.
When the structure pool is finite, test set engineering can be used to
fabricate a shift.

Targeted property search presents an example of intrinsic test
set engineering, where AL can yield computational benefits. Strat-
egy E was able to identify more desirable molecules in fewer AL
iterations in comparison to random selection. This occurs because
strategy E biased the training set with more molecules in the cor-
rect HOMO category, which improves the predictive accuracy of
the model in the target HOMO range. Such a strategy of biasing the
training set can be detrimental to the learning process.”””"*" How-
ever, when used judiciously for a specific task, biasing the training
data has been shown to improve model performance.'”**%

We observed that AL benefits can vary considerably with
dataset type. The magnitude of computational savings identified in
Fig. 5 arises directly from the classification accuracy observed in
Fig. 6. For the AA dataset, near-perfect classification was observed
even for small training sets. Accuracy for the QM9 and OE datasets
improved slowly but converged to a constant value below 0.8 in TPR.
To interpret this, we review the distribution of HOMO labels in
Fig. 9 of the Appendix with regard to the position of the ¢ property
boundary for correct classification. QM9 and OE boast an unimodal
HOMO distribution. Since the decision boundary is placed near
the distribution mode, many molecular structures are vulnerable to
misclassification already for small HOMO prediction errors. This
ultimately limits the classification accuracy, even with large train-
ing sets. In the bimodal distribution of HOMOs for the AA dataset,
the decision boundary includes much of the relevant peak, which is
why the initial accuracy is high. The subsequent addition of struc-
tures from the second mode of low HOMO values cannot improve
this classification training set. AA classification accuracy is, there-
fore, consistently high, and that translates to good selectivity and
large-scale computational savings.

The position of the decision boundary within the HOMO dis-
tribution also explains the quality of supervised regression in Fig. 7.
For QM9 and OE datasets, the boundary near the HOMO label
mode means that the molecules on either side of the classification

boundary are similar. The randomly drawn dataset and the
AL dataset capture similar information. For the bi-modal distri-
bution of AA HOMO values, the AL model is primarily built on
molecules from one mode of the distribution, whereas the random
model contains both. Since the lower HOMO peak contributes lit-
tle useful structural information to the model, AL performance is
notably better.

As the GPR models grow more accurate, it is interesting that
the classification accuracy on the held-out set molecules in Fig. 6(b)
is reduced for all datasets. This indicates that successive AL iter-
ations deplete the held-out set of molecules that are relevant and
easy to classify. The GPR model accuracy is improved, but because
the remaining structures are harder to classify, the net effect is the
decrease of TPR for all three datasets.

VI. CONCLUSION

In this study, we proposed novel applications and presented
a systematic analysis of AL methodology in molecular and materi-
als science. The objectives were to compile compact and maximally
informative datasets or identify molecules with targeted properties
with the fewest calculations performed. The performance of the
proposed algorithms was analyzed to identify the best settings to
employ AL. Our results revealed that, for finite size datasets deployed
in this work, AL provides no benefits for minimizing global error
metrics such as the MAE. Instead, we found that computational sav-
ings achieved with AL are dependent on the distribution of target
molecules in the task with respect to the total dataset distribu-
tion. These observations help to reconcile seemingly contradictory
reports in the AL literature.

For applications minimizing global errors such as MAE, the
target distribution is drawn randomly and resembles the parent dis-
tribution. Here, the best AL strategy is to draw randomly, instead
of using criteria based on uncertainty and diversity. Our find-
ings indicate that AL provides significant computational savings
in applications where the target molecules are drawn from a nar-
row region of the dataset. For targeted property search, the pro-
posed AL strategy provided significant computational savings of
up to 64% as compared to random sampling. The savings can
vary considerably with the compound space sampled. Searching for
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TABLE I. Data to reproduce Fig. 4(a). The table contains MAE values (in eV) averaged over 5 runs and the corresponding
standard deviation.

Figure 4(a) (POW, o2 =10710)

AA

Training set

size (x1000) A B C D

1 0.547 + 0.036 0.547 + 0.036 0.547 + 0.036 0.547 + 0.036
2 0.405 + 0.024 0.464 + 0.030 0.397 £ 0.012 0.379 £ 0.017
4 0.304 + 0.009 0.336 + 0.022 0.305 +0.013 0.278 £ 0.013
8 0.232 + 0.006 0.254 + 0.034 0.231 + 0.002 0.206 + 0.006
16 0.173 £ 0.003 0.166 + 0.008 0.167 + 0.002 0.151 + 0.003

TABLE I1. Data to reproduce Fig. 4(b). The table contains MAE values (in eV) averaged over 5 runs and the corresponding
standard deviation.

Figure 4(b) (D, 02 =107

L€:5%:01 G20z Areniged Gz

AA
Training set
size (x1000) 1k 2k 4k 8k POW
1 0.547 £0.036  0.547 £0.036  0.547 £0.036  0.548 +0.041  0.547 + 0.036
2 0.378 +0.017 0.151 + 0.003
3 0.318 £0.010  0.320 + 0.012
4 0.284 + 0.008 0.151 +0.003
5 0.258 +£0.007  0.253 +£0.010  0.258 + 0.011
6 0.241 + 0.008
7 0.225 +0.007  0.217 + 0.006
8 0.213 + 0.004 0.151 +0.003
9 0.201 +£0.004  0.197 £0.005  0.197 +£0.006  0.207 + 0.011
10 0.195 + 0.005
11 0.184 +0.004  0.182 + 0.005
12 0.177 + 0.004
13 0.171 +£0.002  0.168 + 0.005  0.170 + 0.006
14 0.166 + 0.003
15 0.162 +0.003  0.158 + 0.004
16 0.157 +0.003 0.151 +0.003
17 0.153 +£0.004  0.150 +£0.003  0.153 +£0.012  0.150 + 0.001
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TABLE IIl. Data to reproduce Fig. 4(c). The table contains MAE values (in V) averaged over 5 runs and the corresponding standard deviation.

Figure 4(c) (POW, o2 =1071%)

QM9 AA OE
Training set
size (x1000) A D A D A D
1 0.283 £ 0.004 0.283 £ 0.004 0.547 £ 0.036 0.547 £ 0.036 0.305 +£0.003 0.305+0.003
2 0.261 +0.003 0.243 +0.003 0.405 +0.024 0.379+0.017 0.293 +0.004 0.281 +0.002
4 0.242 +0.002 0.220 + 0.003 0.304 +0.010 0.278 +£0.013 0.283+£0.013 0.262 +0.003
8 0.224 £ 0.002 0.197 £ 0.003 0.231 £ 0.006 0.206 + 0.006 0.264 +£0.004 0.243 £ 0.003
16 0.204 £ 0.001 0.175+0.001 0.173 £ 0.003 0.151 £ 0.003 0.247 £0.003 0.224 £ 0.002
TABLE IV. Data to reproduce Fig. 4(d). The table contains MAE values (in eV) averaged over 5 runs and the corresponding standard deviation.

Figure 4(d) (POW, 02 =0.5)

QM9 AA OE
Training set
size (x1000) A D A D A D
1 0.211 + 0.003 0.211 + 0.003 0.515 + 0.021 0.515 + 0.021 0.252 + 0.007 0.252 + 0.007
2 0.189 + 0.002 0.189 + 0.003 0.369 + 0.005 0.353 + 0.003 0.234 + 0.004 0.234 + 0.004
4 0.173 + 0.002 0.174 + 0.002 0.278 £ 0.004 0.263 + 0.004 0.222 + 0.003 0.222 + 0.003
8 0.159 + 0.001 0.160 + 0.001 0.212 + 0.003 0.204 + 0.002 0.211 + 0.002 0.211 + 0.002
16 0.147 £ 0.001 0.147 £ 0.001 0.161 + 0.002 0.160 + 0.002 0.199 + 0.001 0.199 + 0.001
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available in Zenodo, record numbers 3967308, 4035923,°° and
4035918.%” The code to reproduce the results in this publication can
be found on GitHub.”’

APPENDIX A: DISTRIBUTION OF HOMO
ENERGY VALUES

Figure 9 shows the distribution of HOMO energy values for
(a) QMY, (b) AA, and (c) OE.

APPENDIX B: DATA TO REPRODUCE FIC. 4

Data to reproduce Figs. 4(a)-4(d) can be found in Tables [-1V.
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