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ABSTRACT

The current focus in Autonomous Experimentation (AE) is on developing robust workflows to conduct the AE effectively. This entails the
need for well-defined approaches to guide the AE process, including strategies for hyperparameter tuning and high-level human interven-
tions within the workflow loop. This paper presents a comprehensive analysis of the influence of initial experimental conditions and in-loop
interventions on the learning dynamics of Deep Kernel Learning (DKL) within the realm of AE in scanning probe microscopy. We explore
the concept of the “seed effect,” where the initial experiment setup has a substantial impact on the subsequent learning trajectory.
Additionally, we introduce an approach of the seed point interventions in AE allowing the operator to influence the exploration process.
Using a dataset from Piezoresponse Force Microscopy on PbTiO3 thin films, we illustrate the impact of the “seed effect” and in-loop seed
interventions on the effectiveness of DKL in predicting material properties. The study highlights the importance of initial choices and
adaptive interventions in optimizing learning rates and enhancing the efficiency of automated material characterization. This work offers
valuable insights into designing more robust and effective AE workflows in microscopy with potential applications across various characteri-
zation techniques.

© 2024 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/10.1063/5.0198316

I. INTRODUCTION

In the last few years, autonomous experiment (AE) has become
progressively more important in materials science1–11 Various meth-
odologies have been designed to automate the synthesis of materials
spanning from organic molecules and inorganic nanoparticles
to metal halide perovskites7–9,12–14 In turn, substantial efforts are
directed toward developing AE for local characterization techniques,
including electron microscopy,15,16 scanning probe microscopy
(SPM),17–26 neutron diffraction,27,28 and x-ray scattering.29

Historically, AE was hindered by the need for equipment
modifications to engender remote or automated control. Reflecting
the disruptive changes in the community, today the design of self-
driven systems is supported by the gradual integration of the

Python application programming interfaces (APIs) into operational
equipment.2 Similarly, the development of user-friendly program-
ming libraries wrapping the powerful machine learning (ML) algo-
rithms increases the affordability of advanced ML tools.30,31

Additionally, user-friendly Python libraries improve the attractivity
of AE, enabling its application in solving routine research tasks.
The current significant challenge lies in developing robust work-
flows—the sequence of operations, data analysis, decision-making,
etc.—to conduct the AE effectively.2

The noticeable progress in automatization has been achieved in
SPM.11 Here, the ML agents proved their efficiency in automatizing
tasks such as image analysis, correction, and segmentation24,32–34

Implementations of ML agents to monitor the SPM probe condition
through in situ scan analysis have recently been demonstrated.22,25
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Additionally, several automated approaches have been showcased for
identifying and exploring molecules and molecular clusters adsorbed
on the surface23,26 and surface point defects.21

Recently, we have demonstrated the AE workflow for the dis-
covery of structure–property relations based on myopic optimization
for microscopy applications.19 Biswas et al. introduced the Bayesian
Optimized Active Recommender System (BOARS), enabling the
dynamic construction of the experiment target through a human
operator’s real-time voting for acquired data spectra.35 The core of
these workflows often involves Deep Kernel Learning (DKL)—a
neural network employed to convert high-dimensional input struc-
tural data to low-dimensional descriptors, thereby enabling Gaussian
Process/Bayesian optimization (GP/BO) for decision-making.36 This
DKL-based workflow has been successfully applied to Piezoresponse
Force Microscopy (PFM),17,19 conductive Atomic Force Microscopy
(cAFM),37 Scanning Transmission Electron Microscopy Electron
Energy Loss Spectroscopy (STEM-EELS),16 and 4D STEM.15

Further improvements in workflow also require well-defined
approaches to control the AE process, including strategies for
hyperparameters tuning and opportunities for high-level human
interventions in the workflow loop.2,35 Previously, we have pro-
posed methodologies for the estimation of the learning rate of the
DKL-based AE and approaches for monitoring the progression of
the AE via analysis of learning curves, and real and feature

spaces.38 Here, we explore the influence of the experiment initiali-
zation (seed effect) and seed points interventions, where the loca-
tions are determined not by the AE but via an alternative sampling
model, on the learning dynamic of DKL-based AE.

The exploration of the seed effect and seed points interven-
tions is carried out on the band excitation piezoresponse spectro-
scopy (BEPS) model dataset collected from a PbTiO3 (PTO) thin
film, which was used as a model data to demonstrate DKL-based
AE in SPM previously.19 The dataset consists of the local hysteresis
loops sampled on a uniform grid within the BE PFM scan area.
The main objective of the autonomous experiment in PFM is to
reveal the correlation between the pre-existed structural data and
specific target functionality. This enables the reconstruction of the
distribution target functionality across the PFM scan. For BEPS
data, the PFM image plays the role of structural data, while investi-
gating any local physical properties associated with the shape of
hysteresis loops can be deemed as a target.

The DKL workflow for the SPM measurements can be
described as an iterative four-stage process [Figs. 1(a)–1(d)]. At the
beginning of DKL AE, we have access only to the global PFM
image (structural image). In the first stage, the global image is rep-
resented as a collection of microstructural patches (X*)—small
square regions centered at each individual location [x, y] within the
field of view [Figs. 1(a) and 1(f )]. Following this, it is required to

FIG. 1. Schematic illustration of the DKL autonomous experiment for PFM: (a)–(d) the main stages of the DKL workflow, (e) scalarizers available from the PFM hysteresis
loop, (f ) representation of the DKL training by the pairs of known microstructural patches and spectral data, and representation of the unknown spectra (scalarizer value)
prediction by the trained DKL. The scale bar is 600 nm.
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select a few microstructural patches (i, j) to conduct initial spectra
measurements at the corresponding locations [xi, yi] (seed points).
The second stage of the DKL workflow is devoted to the formation
of prior knowledge for the DKL training [Fig. 1(b)]. Here, we
implement the scalarizer function to extract interesting characteris-
tics from the spectrums collected in the seed points. The extracted
characteristics are interrelated with the aimed physical property. In
our case of BEPS data, hysteresis loop parameters such as area
(work of switching), height (switchable polarization), and build-in
bias (imprint charge) can be used as the scalarizers39 [Fig. 1(e)].

We train the DKL by the available pairs of seed structural
patches and specific scalarizers, utilizing them as inputs and targets
correspondently [Fig. 1(f )]. Note that all structural patches and
only several seed scalarizers are available at the beginning of the
experiment. The trained DKL is implemented to predict both the
values and uncertainties of the scalarizer functionality across
all structural patches. In the final step, Bayesian optimization is
used to determine the next location for spectrum measurement
[Fig. 1(d)]. For this, a classical acquisition function—such as
upper confidence bound (UCB), expected improvement (EI), and
maximum uncertainty (MU)—is constructed based on acquired
predictions and uncertainties. The next location is derived from the
position of the maximum/minimum of the acquisition function.
The seed dataset is expanded by incorporating the newly collected
spectrum and structural patch and process iterated from stage two
while the predefined goal is achieved, or the experimental budget is
exhausted. A more detailed explanation of the primary stages and
general principles of DKL AE along with potential post-experiment
forensic analysis was recently published by us.38

II. CHALLENGES IN DKL AUTOMATED EXPERIMENT

As described above, the DKL AE is a complex multi-stage
decision process driven by the acquisition function. Throughout
the experiment, uncertainties obtained at each iteration can be used
for the examination of the efficiency of exploration or injection of
unknowns, e.g., when DKL continuously learns similar features, the
uncertainty is expected to decline, while injections of new features
(that are unknown to DKL) may lead to an abrupt jump of uncer-
tainty. Another powerful tool to monitor the exploration dynamic

is an experimental trace—the sequence of measuring locations,
determined by the DKL BO, and both scalarizer and full spectra
acquired at these locations.38

Conducting dynamic analysis using the experimental trace
constructed over the real space (across the global image) can poten-
tially be challenging due to the complexity of interpreting variabil-
ity factors among high-dimensional image patches. Implementing
(rotationally invariant) variational autoencoders (rVAE) to the
entire set of microstructural patches allows us to rectify this
problem by disentangling variability factors.40,41 This approach
transforms the patches into points within a two-dimensional latent
space (latent distribution). The distance between these points in the
VAE latent space is proportional to the dissimilarity of the corre-
sponding microstructures. Therefore, the configuration and local
densities of points inside the latent distribution encapsulate infor-
mation about the structural diversity. Observing an experimental
trace both in the real and VAE latent space allows us to compre-
hensively estimate the exploration dynamic.

As a preprocessing for the DKL experiment, the pre-existing
BE PFM image [Fig. 2(a)] was divided into a series of microstruc-
tural patches, each measuring 8 × 8 pixels in size. We applied rVAE
encoding to this set of structural patches. The obtained values of
the latent variables z1 and z2 [Figs. 2(b) and 2(c)] only particularly
correlate with the structural data, emphasizing various aspects of
the microstructure’s variability. It is important to note that the
latent variables do correspond to variations in physical features
inside the scan (domains, domain walls, etc.), but this correlation
can be very complex for human interpretation.42,43 Nevertheless,
we can speculate that in our dataset, z2 represents more of the
global changes in the response level, while z1 is interrelated with
the local domains and domain wall contrasts. The points located in
regions of higher latent distribution density correspond to the
more statistically valuable microstructural patches [Fig. 2(d)].

In our AE experiment simulation, the scalarizer was chosen to
be the area of the hysteresis loops, related to the work of polariza-
tion switching. We initiated the AE exploration multiple times,
employing EI, MU, and UCB acquisition functions. For each initia-
tion, we randomly selected five seed points among the structural
patches to get scalarizer functionality there. The progress of DKL
exploration was estimated by the learning curves representing the

FIG. 2. rVAE representation of the structural data: (a) global image, (b) and (c) z1 and z2 latent variables, (c) latent distribution. The scale bar is 600 nm.
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average DKL uncertainty and its variation following each explora-
tion step [Figs. 3(a), 3(d), and 3(h)]. Through the forensic analysis
of the learning curves after the initial 50 exploration steps (DKL
iterations), we uncovered two distinct scenarios in the DKL experi-
ment evolution: one characterized as “normal” and the other as
“exploratory stagnation.” It is important to emphasize that both
scenarios were observed for each of the acquisition functions. The
examples of the learning curves for them are shown by the violin
plots in Fig. 3.

In the case of a “normal” evolution scenario, the average
uncertainty exhibits substantial variability but generally trends
downward with exploration [Figs. 3(a), 3(d), and 3(h), red graphs].
It is important to highlight that for the MU acquisition function,
which solely focuses on exploration, the learning curve shows
a more consistent and stable decrease throughout the process
[Fig. 3(d)] compared to the learning curves for EI and UCB acqui-
sition functions [Figs. 3(a) and 3(h)]. We associated considerable
redistribution of the kernels within the violin plots particularly
during the initial steps with active exploration. The volume of new
information gained at each step at the beginning of exploration is
compatible with the pre-acquired knowledge, causing significant
fluctuations in predictions and uncertainties between consecutive
steps. The uncertainty fluctuations decrease with the step number,
but some “sharp peaks” within the violine plot kernels are observed
at the entire presented training range. These peaks are associated
with the unexpected discoveries of atypical and rare microstructures
during the automated experiment, leading to the appearance of
enormous DKL uncertainty in these points. The analysis of the
experimental traces, in both real and latent spaces, also demon-
strates active exploration during the initial stages of the experiment
[Figs. 3(b), 3(e), and 3(i)]. Measurement locations are generally
distributed across the entire global image in the real space.
However, a minor clustering near specific points is observed for the
EI and UCB acquisition functions, indicating exploitation compo-
nents in them [Figs. 3(b) and 3(i)]. In the rVAE latent space, the
density of points, representing the microstructural patches chosen
by DKL AE (i.e., measurement locations), correlates with the
overall point density of the entire latent distribution.

Oppositely, we obtained a consistently decreasing and smooth
DKL learning curve for the “exploratory stagnation” scenario,
regardless of the seed point distributions and acquisition functions
used [Figs. 3(a), 3(d), and 3(h), blue graphs]. The DKL uncertainty
possesses minimal variability over the entire presented training
range. The examination of real experimental traces indicates that
measurement locations tend to cluster around specific points
within the global image, neglecting further exploration of the real
space. An analogous trapping effect was also observed within the
experimental traces mapped onto the rVAE latent space [Figs. 3(c),
3(f ), and 3( j)]. The selected by the AE measurement locations cor-
respond to the microstructures represented by the points in the
periphery of the rVAE latent distribution, while central regions,
including the most statistically valuable areas, remain unexplored.
Interestingly, these specific points are the same in all experiments,
indicating the existence of the local maximum of all acquisition
functions in them.

There are several ways of human intervention in the loop of
automated experiment workflow to address the “exploratory

stagnation.” The human interventions can involve adjusting the
scalarizer (e.g., transition from loop area to width or height), cor-
recting the balance between exploration and exploitation, tuning
the hyperparameters of the acquisition function, or even altering
the acquisition function itself.38 Additionally, the selection of initial
measurement locations and the interruption of the AE exploration
through seed point intervention may influence the decision-making
process. These seed point initialization and interventions can
rectify the evolutionary scenarios within the experiment. This high-
lights the potential for discovering more case-specific and sensible
models for choosing the measurement location for DKL priors and
interventions to enhance the learning rate and improve resilience
against experiment trapping.

III. SEED POINT SOLUTIONS

The representation of the microstructural data within the
rVAE latent space offers a comprehensive insight into their diver-
sity and statistical significance within the global image. We utilized
rVAE latent space as a foundation to construct three probabilistic
models for the sampling:

(1) Gaussian kernel density estimation (KDE) over the latent space
distribution—GD [Fig. 4(a)].

(2) Uniform probability across the rVAE latent distribution—UD
[Fig. 4(b)].

(3) Uniform probability across the entire rVAE latent space—ULS
[Fig. 4(c)].

The Gaussian KDE is built over the latent space distribution
of the real microstructures, so employing the GD model is analo-
gous to a random selection of the seed points. The likelihood of
selecting specific microstructures is proportional to the local point
density in a correspondent region of the latent space [Fig. 4(d)].
Put differently, the microstructure types that are more prevalent in
the global image will be chosen more frequently compared to rare
microstructures.

In the UD and ULS models, the selected points are spread
uniformly across the latent distribution region [Fig. 4(e)] or the
entire latent space [Fig. 4(f )]. This occurs regardless of the statisti-
cal significance of the corresponding microstructural patches, pri-
oritizing the diversity of the selected microstructures.

The algorithm of point selection consists of two stages. In the
first step, a chosen sampling model is used to acquire the required
number of seed points. In most instances, the obtained points do
not correspond to the real microstructures from the global image.
To address this, we choose the nearest points from the latent distri-
bution to the acquired ones [Figs. 4(g)–4(i)]. The part of the seed
points selected through the ULS model might fall beyond the
boundaries of the latent distribution [Fig. 4(f )], resulting in the
closest points from the distribution’s edge [Fig. 4(i)]. We pose that
UD and ULS models can exhibit similar behavior for small sub-
samplings, but with increasing subsampling size, ULS prioritizes
the microstructures from the distribution edges. It should be noted
that the extent of edge prioritizing can vary and depends on the
specific shape of the latent distribution. Additionally, as latent dis-
tribution is a subsampling derived from Gaussian KDE, the
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FIG. 3. Examples of DKL AE: (a), (d), and (h) learning curves represented by violine plot for EI, MU, UCD acquisition functions, correspondently; experimental traces
mapped onto real space and rVAE latent space (b,) (e), and (i) for “normal” scenario and (c), (f ), and ( j) for “exploratory stagnation.” The scale bar is 600 nm.
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procedure of selecting the closest points leads to the GD model
influencing the ULS and UD seed point selections.

We have trained DKL using various numbers of initial points,
acquired through the GD, UD, and ULS models to estimate their
efficiency. The trained models were used to predict the scalarizer
functionality across the global image. The quality of prediction was
estimated by the average DKL uncertainty and mean absolute error
(MAE). We repeated this experiment 50 times for each model to
obtain statistical insights and represented results in the form of
violin plots (Fig. 5). The points inside the violin kernels represent
the mean DKL uncertainty averaged across both the feature space
and experiments.

The smooth decline observed in the average DKL uncertainty
and average MAE indicates information accumulation with the
increment in measurement points. Simultaneously, some deviations
in violin kernel sizes for DKL uncertainty plots were observed,
especially for the ULS and UD sampling models. Above ten seed
points, the GD model exhibits relatively smaller kernel sizes com-
pared to the other models. This highlights an enhanced variability
of resulting seed point distributions across the feature space for
ULS and UD sampling models. We speculate that the extent of dif-
ference among the distinct sampling models relies on the variety of
microstructures within the exploring space. So, differences between
the GD, UD, and ULS models might be significantly more

FIG. 4. Initial sampling models: (a)–(c) latent distributions with probability densities, (d)–( f ) 100 points sampled by respective models, (g)–(i) the nearest points from the
latent distributions to the sampled ones.
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pronounced in real experiments involving a larger number of mea-
surement locations and greater microstructural diversity.

IV. SEED POINT INITIALIZATION EFFECT

To discover the influence of the different seed point initializ-
ing sampling policies on AE, we conducted 45 experiment simula-
tions—15 for each of the GD, UD, and ULS models. All
experiments are started from the five seed points selected by the
specific model. The resulting learning curves were categorized
based on their association with either the “normal” or “exploratory
stagnation” scenarios to analyze separately (Fig. S1 in the
supplementary material). The DKL uncertainties were averaged
across both the feature space and “normal” experiments and repre-
sented in Figs. 6(a)–6(c). The variabilities of average DKL uncer-
tainty across experiments are illustrated in Figs. 6(d)–6(f).
Additionally, we carried out 15 DKL experiment simulations
wherein each subsequent measurement location was chosen ran-
domly (Fig. 6, represented by the black line).

We observe the differences between average DKL uncertainty
for “normal” AE started with various sampling models during the
first ∼10–20 steps, suggesting that the seed point choice holds sig-
nificance within this initial interval. The variation in the average
DKL uncertainty typically demonstrates some growth at the first

exploration steps, where the influence of seed points is crucial
[Figs. 6(d)–6(f )]. The average DKL uncertainty shows lower values
for experiments started with the UD model for the MU acquisition
function [Fig. 6(b)]. The ULS sampling model statistically exhibits
higher values of DKL uncertainty compared with the other ones
[Figs. 6(a)–6(c)]. It can be related to the tendency to choose the
most rare and untypical microstructures from the latent distribu-
tion edges. The GD sampling policy shows lower DKL uncertainty
when employing the EI acquisition function [Fig. 6(a)]. The learn-
ing curves showcase similar behaviors as the curve resulting from
random point selection for all acquisition functions. The DKL
uncertainty curves estimated for the AE with subsequent point
selection conducted randomly decrease at the same rate as for AE
guided by BO at the initial exploration stage. It is crucial to note
that the average DKL uncertainty at the initial stage of the experi-
ment cannot directly estimate AE efficiency. However, it does
reveal distinctions in the experiment’s dynamics and aids in esti-
mating the stages where initial sampling models affect evolution.
The extent of influence from the initial point selection could signif-
icantly vary based on the specific dataset.

It is notable that the percentage of AE curves trapped in the
“exploratory stagnation” scenario consistently remains within the
10–25% range across all selected seed point models (Table S1 in
the supplementary material). This “exploratory stagnation” phase

FIG. 5. Average DKL uncertainty and MAE vs number of seed points initialized with GD, UD, and ULS sampling models.
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can extend for over 30 initial exploration steps and persists only
when measurements are conducted at all potential locations in the
vicinity of the trapping points. The choice of the sampling model
used for seed point selection does not notably influence the trap-
ping effect during the subsequent AE evolution.

V. SEED POINT INTERVENTIONS

The human interventions in the experimental loop can be
employed to moderate the evolution of AE. In intervention, the
exploration process driven by BO is halted, and instead, a few sub-
sequent measurement locations are selected directly by the operator

FIG. 6. Learning curves averaged across both the feature space and all experiments for (a)–(c) for DKL uncertainties, (d)–( f ) variations in average DKL uncertainties over
the experiment.

FIG. 7. rVAE latent distributions with (a) values of the scalarizer, probability densities for (b) regional exclusion, (c) regional prioritizing strategies. The blue points at (b)
and (c) correspond to the already studied microstructures during the previous exploration steps.
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or by some alternative algorithm. Following this, the ongoing
process is again reverted to BO’s control.

We have studied the potential of the rVAE-based sampling
models as the algorithms for microstructural choice in the interven-
tions to prompt a transition from “exploratory stagnation” toward
the “normal” scenario. Two different strategies—regional exclusion
and regional prioritizing—have been developed for rVAE-based
interventions.

The regional exclusion method involves an omission of specific
regions within the rVAE latent space from consideration for the
subsequent microstructural choice. To address “exploratory stagna-
tion,” this strategy involves excluding areas surrounding several
previously chosen points in the latent space, associated with the
trapping clusters. The number of these points and the size of the
excluded regions around them are considered the hyperparameters.
The GD, UD, and ULS probabilistic models can be constructed
based on the latent distribution for intervention sampling, ensuring
a zero probability of point selection within the removed regions
[Fig. 7(b)]. These excluded areas correspond to early studied micro-
structures and those similar to them. So, the exclusion type of
intervention enhances the exploration component in AE increasing

the probability of finding another perspective microstructures for
further investigation. From this perspective, the utilization of the
UD model is most reasonable, because it prioritizes a diversity of
the chosen microstructure.

The regional prioritizing strategy focuses on prioritizing certain
regions within the VAE latent space for the microstructural choice.
This approach gives direct ability for the operator to influent the
point selection scenario by choosing the promising regions for sam-
pling in the latent or real spaces. When the operator selects a micro-
structure in real space, the algorithms identify and choose the area
surrounding its latent representation. Afterward, the GD sampling
models are constructed using the points inside the selected region
and employing the location choice during the interventions
[Fig. 7(c)]. The implementation of the VAE region selection instead
of directly choosing the next measurement point enables a focus on
a class of similar microstructures rather than a specific object.

The capability to prevent “exploratory stagnation” using seed
point interventions was tested by the 15 experiment simulations for
both regional prioritizing and regional exclusion approaches and EI
and MU acquisition functions (Fig. S2 in the supplementary
material). Each of DKL experiment simulations began from the five

FIG. 8. Seed interventions in DKL AE: (a) experiments scheme; (b) learning curves for MU acquisition function with regional exclusion intervention and without any inter-
ruptions; experimental trajectories in real and rVAE latent spaces (c) with intervention and (d) without any intervening actions in DKL AE. The scale bar is 600 nm.
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initial points, chosen with the GD sampling model. After the first
20 exploration steps, each trajectory was bifurcated into two
branches [Fig. 8(a)]. In the first scenario, the prioritizing or exclu-
sion intervention model guided the selection of five subsequent
points before the continuation of AE exploration. In the second
branch, AE exploration proceeded without any intervening actions.
Within our simulations, 20% (3 out of 15) of experiments exhibit
exploratory stagnation for branches without intervention for both

considered acquisition functions (Table S2 in the supplementary
material).

The regional exclusion intervention yields varying outcomes
on the AE guided by the MU and EI. The interventions show
∼67% efficiency for the MU acquisition function, where we note a
transition back to the normal scenario immediately following the
intervention for two of three stagnated experiments. Oppositely, in
the case of the EI acquisition function, the number of learning

FIG. 9. Examples of DKL AE with regional prioritizing interventions: (a) and (d) learning curves represented by violin plots with branches prioritizing regions with higher
and lower scalarizer values, respectively; experimental trajectories in real and rVAE latent spaces (b) and (e) with intervention and (c) and (f ) without any intervening
actions in DKL AE. The locations explored before the intervention are represented by blue points, after the intervention by red points, and during the intervention by green
points. The scale bar is 600 nm.
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curves exhibiting exploratory stagnation increased with the inter-
vention. Upon more detailed analysis, it was found that among the
three experiments showcasing exploratory stagnation without inter-
vention, one was successfully alleviated from stagnation through
regional exclusion. Interestingly, two additional experiments, which
initially transitioned to the normal scenario without external influ-
ence, maintained stagnation upon intervention.

Figures 8(b)–8(d) illustrate a successful instance of regional
exclusion intervention for the MU acquisition function. At the initial
stage of the experiment, we observe a smooth decline in the average
DKL uncertainty with the exploration step number associated with
“exploratory stagnation” [Fig. 8(b)]. The seed points intervention leads
to a sharp increase in both the variation (kernel sizes) and the average
values of DKL uncertainty. The noticeable change in the DKL uncer-
tainty following the intervention aligns with the exploration typical of
a “normal” evolution scenario in the experiment. The release effect is
noticeable in the experimental trajectories. The point clusters identi-
fied prior to the intervention [Fig. 8(c), blue points] have been sup-
planted by the points dispersed throughout the real and latent spaces
following the intervention [Fig. 8(c), red points]. Important to note
that in the branch without intervention, the experiment exhibits self-
liberation after the 40 exploration steps; however, the intervention
notably expedites this process.

The efficiency of regional prioritizing was also estimated for
the EI and MU acquisition functions. We examined two extreme
cases in which the selected latent regions during the intervention
exhibited scalarizer values much higher (“good” guess) or lower
(“poor” guess) than those in the trapping regions. The interven-
tions demonstrated 100% effectiveness in liberating the exploration
process using the MU acquisition function for the “good” guess
scenario. However, in the case of the “poor” guess scenario, the
experiment was released in only one out of three cases. Similarly,
with the EI acquisition function, the shift to the “normal” evolu-
tionary scenario occurred exclusively when the scalarizer values in
the prioritizing region were higher compared to those in the trap-
ping region (Table S2 in the supplementary material). It highlights
the primary difference between the predominantly exploitative and
exploratory algorithms. For experiments guided by the MU acquisi-
tion function, the diversity of the selected microstructures directly
impacts the “curiosity” level of the automated experiment. As a
result, the introduction of unusual data during the intervention
may promote experiment release even if the scalarizer values in the
selected points are lower than in the points explored earlier.
Oppositely, when employing the EI acquisition function, the value
of the scalarizer at the selected locations outweighs the diversity of
the chosen microstructures. Thus, trajectory release occurs only
when an operator selects a more promising region for sampling
compared to the regions where an experiment was trapped.

The instances of successful and unsuccessful interventions are
demonstrated in Fig. 9. In the scenario of a “good” guess, the intro-
duction of intervention into AE exploration leads to an immediate
rise in the learning curve’s violin kernel sizes and average DKL
uncertainty [Fig. 9(a)]. Following the liberation, the released algo-
rithm avoids clustering within the prioritizing region, opting
instead to explore the entirety of the latent space [Fig. 9(b)].
Conversely, interrupting the AE with a “poor” guess intervention
does not affect the process. The learning curves for branches with

and without intervention appear nearly identical [Fig. 9(d)]. The
point clustering remains consistently noticeable throughout the
entire AE process [Fig. 9(e)].

VI. CONCLUSION

To summarize, we have explored several strategies to employ the
rVAE latent representation of the predefined structural data for the
experiment initialization and seed point interventions in the AE
process. We introduced three rVAE-based sampling models for the
initialization. These models enable the selection of the most statisti-
cally valuable microstructures (GD model), prioritize microstructural
diversity in sampling (UD model), or favor rare microstructures repre-
sented by points near the latent distribution edges (ULS model). The
importance of the initialization and leveraging of the sampling policy
depends on the diversity of the microstructures within the global
image and selected acquisition function. An initial point selection
plays an important role only at the beginning of the AE exploration.

At the same time, it was observed that the choice of a specific
initialization model does not influence the probability of encounter-
ing “exploratory stagnation” in the AE evolution scenario. To coun-
teract “exploratory stagnation,” we introduced regional exclusion and
regional prioritizing sampling models designed for intervention
within the exploration loop. The regional exclusion approach is
based on the UD model but with the elimination of trapping regions
in the latent space from consideration. Consequently, the probability
of selecting points from these regions is taken as zero. The regional
prioritizing model allows for an operator to directly influence the AE
process by choosing the specific region for sampling within rVAE
latent space. The developed strategies were tested on the AE guided
by EI (mainly exploitation) and MU (pure exploration) acquisition
functions. We achieved a 70% effectiveness rate using the exclusion
intervention strategy for the MU acquisition function. The release of
the experiment trajectory with the EI acquisition function only hap-
pened when employing a prioritizing intervention strategy and the
scalarizer values in the selected points are higher (in the case of max-
imization) compared to previously explored points. The regional pri-
oritizing models with lower scalarizer values in the selected region
yielded the least favorable outcomes—zero out of three liberations
for the EI function and one out of three for the MU function.

This work marks the next essential step in the design of
robust workflows for automated experiments in microscopy. While
the approaches and models detailed here were tested on SPM data,
their principles can be readily adapted and applied to various other
microscopy techniques.

SUPPLEMENTARY MATERIAL

See the supplementary material for the impact of choices for
initial measurements and adaptive interventions on the learning
rates and efficiency of AE. Figure S1 illustrates the learning curves
for experiments started with various initial sampling policies and
guided by different acquisition functions. Table S1 shows the rate
of “exploratory stagnation” for various initial sampling policies and
acquisition functions. Figure S2 displays the learning curves for
experiments with various types of seed interventions. Table S2 pro-
vides information about the rate of “exploratory stagnation” when
various seed interventions are applied.
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