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The design of materials for electrochemical energy conversion is complicated by a vast search space of
candidate materials and multifaceted property requirements: multicarrier conductivity, stability, and cat-
alytic activity are all necessary but rarely intersect. Although self-driving laboratories are rapidly rising to
address such material optimization problems, the required infrastructure for integrated, large-scale robotic
facilities can be cost-prohibitive. Here we develop and evaluate a closed-loop measurement system for
efficient screening of proton-conducting oxide electrodes for ceramic fuel cells and electrolyzers, building
on top of an existing benchtop instrument and integrating techniques for rapid impedance measure-
ment and automated analysis. This system exemplifies a “minimum viable” self-driving implementation
that can deliver substantial benefits with relatively simple infrastructure. Combinatorial thin-film micro-
electrode libraries are characterized with a recently developed joint time-domain and frequency-domain
impedance measurement technique, which provides an order-of-magnitude acceleration relative to con-
ventional impedance spectroscopy. The distribution of relaxation times is extracted from impedance data
and analyzed without human intervention. These results feed an active learning and Bayesian optimization
process that learns to predict electrochemical impedance as a function of material composition, mea-
surement temperature, oxygen partial pressure, and electrical bias, which further reduces the screening
time by tenfold with optimized experimental sequences. We apply this system to Ba(Co, Fe, Zr, Y)O3_;
combinatorial libraries and evaluate its effectiveness for learning material property trends and optimizing
expensive-to-evaluate properties such as activation energy. This offers insights into key methodologi-
cal aspects of practical autonomous experimentation, including surrogate model validation, cost-aware
acquisition functions, and high-throughput data interpretation. Our results demonstrate the efficacy of
the system for rapidly gathering information, but also highlight real-world experimental challenges of

thin-film degradation and numerical instability in surrogate models.

DOI: 10.1103/nkhy-y2nz

I. INTRODUCTION

Material design and discovery is entering a new era
in which sophisticated computational and experimental
tools can substantially enhance the abilities of human
researchers. High-throughput computational screening can
quickly provide a set of candidate materials that are
likely to be stable and/or provide desired properties [1-4].
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Meanwhile, high-throughput experimental systems can
quickly screen materials via rapid synthesis and char-
acterization [5—7]. By the pairing of recent develop-
ments in artificial intelligence with computational tools
and automated experimental systems, the vision of self-
driving laboratories is now much nearer to reality [8—10].
Successful demonstrations already exist, e.g., for com-
bustion synthesis of palladium films [11], optimization
of optoelectronic properties in organic thin films[12],
and inorganic powder synthesis [13]. Self-driving lab-
oratories are rapidly growing in diversity and capabil-
ity, as evidenced by the emergence of ambitious frame-
works leveraging fully robotic laboratories [14] and
sophisticated distributed infrastructures [15,16]. How-
ever, given that not all institutes can build large-scale,
capital-intensive autonomous laboratories, it is also worth-
while to deploy small, modular autonomous systems to
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harness expanding artificial intelligence tools in ordinary
facilities.

Within the ecosystem of autonomous materials research,
materials for solid-state electrochemical energy storage,
such as solid-state batteries or solid oxide fuel cells,
have received relatively little focus. While conventional
solid-state inorganic synthesis is challenging to automate
[8,13,14,17], chemical and physical vapor deposition pro-
vide a relatively facile route to programmable synthesis
of thin films. Combinatorial deposition can produce com-
positionally graded films that span broad chemical spaces
[18,19]. Several recent studies demonstrate autonomous or
semiautonomous deposition of inorganic thin films with
targeted compositions or properties [20-—23]. These auto-
mated synthesis routines provide, in principle, a foun-
dation for closed-loop electrochemical materials screen-
ing. Nonetheless, understanding the intricate processes in
these materials, such as ion and electron transport, interfa-
cial charge transfer, and surface reactions, is challenging.
Electrochemical impedance spectroscopy (EIS) is a valu-
able analytical technique, but is limited by the need for
time-consuming measurements under various conditions
and ambiguous, manual data analysis [24,25]. Although
simulations consistently indicate that techniques such as
Bayesian optimization can accelerate materials design
[26], real-world autonomous experimentation brings addi-
tional challenges such as sample degradation and anoma-
lous measurements. Thus, characterization and data inter-
pretation remain a challenge in autonomous electrochemi-
cal materials screening [6].

Recently, we developed a benchtop system for high-
throughput electrochemical measurements of thin-film
microelectrode libraries fabricated via combinatorial
pulsed laser deposition (PLD) [19,27]. The perovskite
oxide BaCoFe,Zr.Y|_,_,_.03_5 (BCFZY), a promising
cathode material for proton-conducting ceramic fuel cells
[28,29], was synthesized via PLD with varying composi-
tions. Combinatorial libraries of BCFZY electrodes then
underwent EIS characterization by a robotic electrochem-
ical probe at different temperatures and atmospheres. A
multidimensional equivalent-circuit model was developed
to analyze the resulting data, revealing trends in electrode
performance with composition. However, exhaustive EIS
measurements over all electrodes, temperatures, and atmo-
spheres required several days of measurement time per
library, while manual data analysis required substantial
effort and additional time investment. Our recent work
in solid oxide fuel cells at the button-cell scale offers
tools to mitigate these limitations: a current-interrupt tech-
nique enables accelerated impedance measurement [30],
while robust algorithms enable self-tuning distribution of
relaxation times (DRT) transformation of impedance data
[31,32].

Here we implement a “minimum viable” autonomous
workflow for efficient characterization and screening of

combinatorial microelectrode libraries, integrating the
existing instrument with rapid EIS measurement and auto-
matic DRT transformation techniques. We develop a
self-driving PYTHON engine to efficiently determine prop-
erty trends and autonomously identify property optima,
replacing the previous automated grid measurement. The
rapid EIS technique accelerates impedance measurement
20-fold, while the DRT provides a basis for facile interpre-
tation without a human in the loop. Autonomous data col-
lection and analysis enables active learning experiments to
efficiently identify trends in electrode performance, using
the DRT as a vector property that provides insight into
the processes that contribute to electrode losses. Exami-
nation of the same BCFZY libraries under an expanded
range of measurement conditions provides new insight
into electrode processes and nuances of the microelectrode
stack configuration. We examine the efficacy of variance-
based and cost-aware learning algorithms, and apply
principal component analysis (PCA) and partial depen-
dence analysis to extract physicochemical insight from
the active learning results. In addition, a Bayesian opti-
mization algorithm for identifying the electrode composi-
tion with the minimum activation energy is implemented.
Although the connection between thin-film screening and
real-world utility should be studied further, our results
highlight Co-rich BCFZY compositions as promising elec-
trode materials, in good agreement with demonstrated
device performance [28,33]. We develop a variety of met-
rics to evaluate both active learning and Bayesian opti-
mization experiments, which highlight both strengths and
weaknesses of the closed-loop process. We examine our
results critically, illustrating how autonomous processes
can accelerate electrochemical data acquisition and anal-
ysis, while also discussing the challenge of sample degra-
dation during prolonged measurements and opportunities
for further development of autonomous approaches.

II. METHODS

A. Synthesis and instrumentation

We give a brief overview of the experimental sequence
of the study here and in Fig. 1; detailed descriptions are
given in Sec. S1 in Supplemental Material [34]. Three thin-
film libraries, each comprising a 12 x 12 grid of BCFZY
microelectrodes, were synthesized with varying composi-
tion at the B site of the ABO; structure via combinatorial
PLD as described previously [19]. The crystal structure
and chemical composition of the libraries were deter-
mined by spatially resolved x-ray diffraction and x-ray
fluorescence (Sec. S.2 in Supplemental Material [34]). The
composition gradient for library 1 is illustrated in Fig.
I(a), while quantitative composition maps for all three
libraries are shown in Fig. S1 in Supplemental Mate-
rial [34].
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FIG. 1.

Overview of autonomous measurements of microelectrode libraries. (a) Each library consists of a 12 x 12 grid of microelec-

trodes with differing composition. Library 1 is displayed here, with color illustrating the variation in B-site composition. (b) A robotic
probe measures out-of-plane impedance at each microelectrode, with BCFZY acting as the working electrode (WE), BZY acting as an
electrolyte layer, and ITO serving as the counter electrode (CE). A thin Ti/Au layer on top of BCFZY ensures electrical contact with
the probe. A glass “skirt” contains controlled gas flow at the probe tip to maintain the local atmosphere of the microelectrode under
measurement. (¢) An autonomous measurement and analysis cycle is used to investigate each library, allowing closed-loop active
learning and property optimization. See also Fig. S2 in Supplemental Material [34] for a photograph and schematic of the instrument.

Each microelectrode is part of a layered stack of
materials, as shown in Fig. 1(b), which serves as an
electrochemical half cell. A robotic electrochemical test
station, which uses an x-y-translating heating stage and
a z-translating probe arm to access individual micro-
electrodes, was used to perform out-of-plane measure-
ments at controlled temperature and atmosphere (Sec.
S1.3 in Supplemental Material [34]) [19]. For these mea-
surements, indium tin oxide (ITO) acts as the counter
electrode, BaZrysY¢,03;_s (BZY) as a proton-conducting
electrolyte, and BCFZY as the working electrode, while
the Ti/Au layer ensures electrical contact with the probe
tip, as shown in Fig. 1(b).

B. Autonomous electrochemical measurements

The electrochemical measurement system is controlled
by an autonomous experimentation engine implemented
in PYTHON, described in detail in the following sections
and in the Appendix. The engine iteratively selects, exe-
cutes, and analyzes impedance measurements to develop
a surrogate model of the library under measurement

[Fig. 1(c)]. The PYTHON engine controls the entire flow of
the experiment via bidirectional communication with all
hardware, including x-y- and z-translating stages, a heat-
ing stage, mass flow controllers, and a potentiostat (image
and schematic shown in Fig. S2 in Supplemental Mate-
rial [34]). At each iteration, the engine selects a set of
coordinates x; in the experimental search space, which is
described by the electrode position (row and column), film
temperature Tgim, 0OXygen partial pressure po,, and applied
dc voltage bias n (Sec. II B 1). The measurement condi-
tions are adjusted to the new coordinates, and the sam-
ple is allowed to equilibrate (Appendix A 1), after which
an accelerated impedance measurement is performed at
these coordinates, and the measurement is transformed
to the property of interest (Sec. 11 B2). The newly mea-
sured property value (in combination with all preceding
measurements) is used to train a Gaussian process (GP)
surrogate model, which learns the property as a function
of the search space coordinates (Appendix A 2). The sur-
rogate model then drives autonomous experimentation in
one of two different modes: active learning or Bayesian
optimization (Sec. I B 3).
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1. Experimental search space

Experimentation involves the exploration of a search
space. Material discovery efforts, generally speaking,
are concerned with the exploration of the space of
candidate materials for a particular application. High-
throughput combinatorial synthesis addresses this space by
rapidly generating candidate materials. However, this work
focuses on the characterization of individual combinato-
rial libraries, in which the space of candidate materials is
constrained by the available (synthesized) electrode com-
positions. We seek to learn not only how properties vary
with composition within the library, but also how they vary
with measurement conditions, which can provide insight
into the underlying mechanisms. Thus, for the characteri-
zation of a single electrode library, we consider the search
parameters to be the film composition (determined by elec-
trode row index m and column index #, set by the x-y
stage position), the heating stage temperature T,ge (result-
ing in surface temperature Tjq,), oxygen partial pressure
Po, (determined by the mixing ratio of air and nitrogen,
set by two mass flow controllers), and dc electrical bias 7
(applied by the potentiostat). The range of values explored
for each dimension is summarized in Table S1 in Supple-
mental Material [34]. Any point in the search space can
then be expressed in terms of coordinates x:

X = [m n Tstage Po, 77] . (1)
If one wished to perform exhaustive grid measurements
over this search space with only five grid points per condi-
tion dimension, 5° x 144 = 18 000 measurements would
be required per library, which is clearly impractical.

2. Target properties and measurement approach

Electrode materials must provide a suitable combination
of charge transport and catalytic activity to facilitate the
desired electrochemical reaction. The polarization resis-
tance R, of the electrode can be viewed as a proxy for the
electrode’s effectiveness in this function: a lower R, value
indicates a more facile reaction at the electrode. Although
the operational performance of the electrode depends on
cumulative losses (the integral of R, over current den-
sity), R, is a reasonable metric of electrode performance.
Frequency-dependent impedance provides greater insight
into this metric: the relaxation of distinct processes at
different characteristic frequencies can identify major con-
tributions to R,. The DRT enables model-free, intuitive
analysis by transforming the impedance spectrum to a dis-
tribution over time constants. Peaks in the DRT can gen-
erally be interpreted to represent different physicochemical
processes [35,36]; their time constants and resistances are
indicated by peak position and integrated area, respec-
tively. Meanwhile, R, is given by the integral of the DRT

across all timescales. Thus, we use the DRT as an informa-
tive representation of impedance for active learning and
optimization experiments, as it both captures the overall
metric of performance (R, ) and provides information about
the underlying processes.

EIS measurements were used to probe the electrodes
under various conditions. To reduce the time cost associ-
ated with conventional impedance measurements (approx-
imately 8 min per sample for the frequency range from
100kHz to 50mHz), joint-domain “hybrid” impedance
measurements [30] were implemented to accelerate data
collection 20-fold, enabling measurement over the same
frequency range in just 20 s. A robust self-tuning inversion
algorithm [32] was used to transform the joint-domain data
to the DRT, allowing direct R, calculation subsequently.

3. Autonomous experimentation modes

Two different modes of autonomous operation are
considered: active learning and Bayesian optimization.
Both modes rely on a machine-learned surrogate model
(Appendix A 2), which is trained to predict the target prop-
erty as a function of search space coordinates. At each
iteration, the surrogate model is evaluated with acquisi-
tion functions that drive the selection of a new set of
coordinates to measure.

In active learning experiments, the engine is directed
to learn the DRT as accurately as possible using a min-
imum number of measurements as a function of all five
search space dimensions, providing basic physicochemi-
cal insight. In an active learning experiment, we seek to
maximize the predictive accuracy of the surrogate model
by using acquisition functions that prioritize uncertainty
reduction. We compare two acquisition functions: point-
wise variance reduction (PVR), which evaluates surrogate
model uncertainty only at the test coordinates, and inte-
grated variance reduction (IVR), which considers uncer-
tainty throughout the entire search space (see Appendix
A 3 for details).

In Bayesian optimization experiments, the engine is
directed to identify the optimum of a target property within
the search space in a minimum number of measurements.
In contrast to active learning, Bayesian optimization may
not accurately determine properties throughout the entire
search space, but rather seeks to quickly identify the
region of the property optimum. Instead of simply target-
ing R,, we seek to minimize the activation energy F,,
which can be estimated only via temperature-dependent
R, measurements. Fixing po, = 0.2l atmand n =0V, we
seek the composition (electrode row and column) with
lowest £, under these conditions, which necessitates also
exploring a third experimental dimension, Ty, to deter-
mine E, as a function of composition. We implement
a gradient-predicting GP (Appendix A2) and a modi-
fied probability of improvement (PI) acquisition function
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(Appendix A 3) to directly optimize £, from R, measure-
ments alone, reducing the number of required measure-
ments and accounting for uncertainty in £, estimation (see
Appendixes A 2 and A 3).

For both active learning and Bayesian optimization,
cost-aware variants of the acquisition functions were
developed to further increase efficiency by accounting
for the time required to change measurement conditions
(Appendix A 4). The empirical cost model indicates that
the relatively long time required to change the film temper-
ature dominates costs (Fig. S3 in Supplemental Material
[34]). To handle experimental anomalies and errors in real
time, measurement quality was validated at each iteration,
and corrupted or invalid data were flagged and removed by
a Bayesian outlier detection procedure (Appendix A 5).

Ideally, all three thin-film libraries would undergo
the same set of experiments to generate a comprehen-
sive dataset. However, several experimental challenges
prevented this. Library 3 was affected by prolonged
high-temperature exposure during initial exploratory
measurements and underwent a substantial and system-
atic change in impedance, likely due to degradation of one
or more thin-film layers or interfaces. Although library
3 still produced suitable results for evaluation of active
learning approaches, the corresponding data are inconsis-
tent with libraries 1 and 2 (and preceding measurements of
library 3), and are thus excluded from the physicochemi-
cal analysis presented in Sec. III C. Subsequently, libraries
1 and 2 began to exhibit increasingly frequent electrical
contact issues during testing of the Bayesian optimization
approach, perhaps due to damage or delamination of the
metal contact layer. This became severe enough to pre-
clude meaningful autonomous experiments, such that only
library 3 could be evaluated with the finalized Bayesian
optimization procedure.

ITI. RESULTS AND DISCUSSION

A. Measurement validation and reproducibility

To wvalidate the methods used in this work, an
independent validation dataset was collected for each
electrode library. Each validation set consists of 192 coor-
dinates sampled randomly from the experimental search
space. The electrochemical measurement system was pro-
grammed to evaluate the randomly selected coordinates
using the autonomous ramping and equilibration proce-
dures described in Appendix A 1. Upon equilibration, the
system performed an initial hybrid impedance measure-
ment, then a conventional EIS measurement, and finally
a second hybrid measurement. The first hybrid impedance
measurement (“initial”) is representative of the data that
were collected during the subsequent autonomous exper-
iments. The conventional EIS measurement provides a
reference spectrum against which the hybrid measurement
is validated. The second hybrid measurement (“final”),

which is initiated approximately 8 minutes after the first, is
compared with the initial hybrid data to determine whether
the sample was fully equilibrated at the initial measure-
ment time. The validation set also provides an independent
means of checking the progress of active learning cycles:
since the validation set is randomly selected from the
experimental search space, it can be used to determine the
predictive accuracy of the surrogate model generated by an
active learning experiment, as discussed in the following
section.

Figure S4 in Supplemental Material [34] displays exem-
plary data collected during the equilibration period, which
illustrates how the stability of fixed-frequency impedance
is used to trigger the measurement. Because the electrode
and electrolyte layers are thin, the samples equilibrate
quickly to changes in conditions and are generally close
to equilibrium by the time the controllers stabilize. Small
nonmonotonic oscillations during the equilibration period
were consistently observed, which likely represent the
combination of measurement error and fluctuations in film
temperature and gas flow. Approximately 90% of sam-
ples equilibrate within 100 s after the controllers stabilize
and exhibit impedance shifts of less than 10% during the
equilibration period (Fig. S5 in Supplemental Material
[34]).

As illustrated in Figs. 2(a)-2(c), the hybrid impedance
technique uses EIS to probe high frequencies (100 kHz
to 100 Hz) and a chronopotentiometry measurement to
probe low frequencies (100 Hz to 50 mHz), and then joins
the two measurements via DRT transformation. Despite
low-frequency perturbations, the impedance spectrum and
DRT extracted from the initial hybrid measurement match
conventional EIS data very closely. The second hybrid
measurement indicates the same relaxation time constants
but a slightly larger resistance than the initial hybrid data
[Fig. 2(b)], which is consistent with the magnitude of
nonmonotonic oscillation observed during equilibration.
Aggregating validation results across all three libraries,
we find strong agreement between hybrid measurements
(initial and final) and conventional EIS. The coefficient
of determination 7% between conventional EIS and hybrid
impedance exceeds 0.99 for more than 99% of mea-
surements [Fig. S6(a) in Supplemental Material [34]].
Meanwhile, the x? goodness-of-fit values obtained by
comparing spectra measured via conventional EIS and the
hybrid impedance method are consistent with the observed
degree of measurement error and run-to-run variability
[Fig. S6(b)]. Figure 2(d) compares hybrid initial and con-
ventional impedance spectra corresponding to the 10th,
50th, and 90th percentiles of the x? distribution for the
validation datasets for all libraries. While low-frequency
perturbation of conventional EIS data is visible, which
may be due to film temperature fluctuations or poor con-
tact, hybrid impedance is well-aligned with conventional
impedance in all cases. Finally, the R, values obtained
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FIG. 2. Measurement validation. (a)+c) Exemplary hybrid measurement: (a) time-domain component; (b) conventional impedance
spectrum compared with impedance spectra extracted from hybrid measurements (initial and final); (c) DRT extracted from conven-
tional and hybrid measurements. In (b), markers for hybrid measurements indicate measured frequency-domain component, while
lines indicate impedance extracted from joint-domain data transformation. The measurement displayed corresponds to the 50th x>
percentile for library 2 as shown in (d). (d) Comparison of hybrid and conventional impedance measurements from validation datasets.
Each panel shows the conventional impedance (markers) and hybrid initial impedance (lines) corresponding to the 10th, 50th, and 90th
percentiles of x? values for a single electrode library. In (b),(d), spectra are offset along the y axis for visual clarity. (e}~(g) Comparison
of R, values extracted from different measurements: (e) conventional EIS vs hybrid initial; (f) hybrid final vs hybrid initial; (g) hybrid
final vs conventional EIS. MAE, mean absolute error; Meas., measurement.

from all three measurements are in excellent agreement,
with no systematic divergence, as shown in Figs. 2(e) and
2(f). Taken together, these data indicate that the electrodes
are sufficiently equilibrated at the time of the initial hybrid
measurement, and that the hybrid transformation provides
an accurate reconstruction of steady-state impedance.

We also investigated the reproducibility of the hybrid
measurement and data transformation by examining the
initial seed measurements for active learning experiments.
A series of eight randomly selected coordinates served as

seed measurements for each active learning run; the same
seeds were used for all experiments to provide a consis-
tent initial state. Figures S7—S9 in Supplemental Material
[34] compare the results of the nominally identical seed
measurements between runs. While there is minor run-to-
run variation, the extracted DRT and impedance exhibit
high qualitative and quantitative consistency. However,
one sample exhibits a severe increase in impedance over
time [Fig. S7(c)], suggesting degradation of the film. While
most samples remained stable throughout this study, the
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FIG. 3.

Exemplary progression of an active learning experiment using the IVR acquisition function. Results are shown after (a) 10,

(b) 50, and (c) 150 iterations. Left: Number of measurements taken at each electrode; multiple measurements at the same electrode
represent different Thim, po,, and n coordinates. Center: Surrogate model R, predictions vs measured values for coordinates in the
validation dataset. Right: Surrogate model prediction of the DRT compared with the measured DRT for the validation coordinate
corresponding to the median DRT 72 score at each iteration. Meas. measurement; Pred., prediction.

degradation of some microelectrodes presents challenges
(and opportunities), as discussed later.

B. Performance of active learning approaches
1. Definition and evolution of performance metrics

We first evaluate the performance of the active learning
approaches tested here. To do so, we first define quanti-
tative performance metrics. Since the objective of these
experiments is to determine the landscape of the DRT and
R, as a function of composition and measurement con-
ditions, a primary metric should be the accuracy of the
surrogate model in describing the DRT and R, through-
out the search space. Since exhaustive measurements of
the entire search space are infeasible, we use the ran-
domly selected validation measurements described in the
previous section to evaluate surrogate model accuracy. The
surrogate model (trained on active learning experiment
data) is used to predict the DRT and R, for the entire vali-
dation set. The R, prediction accuracy is quantified with
the coefficient of determination 7. The accuracy of the

DRT prediction for a single coordinate can be quantified
with 72 [32], while the overall DRT prediction accuracy
is expressed as the median #* value across all validation
coordinates. To separate DRT prediction accuracy from
R, prediction accuracy, the DRT is normalized to R, for

evaluation. Since the number of coordinates contained
in the validation set and each active learning experiment
is only a small fraction of the search space, the overlap
between validation coordinates and active learning (train-
ing) coordinates is small (see Sec. S1.5 and Figs. S10
and S11 in Supplemental Material [34]). Thus, the metrics
evaluated on the validation set are a reasonable represen-
tation of the generalization error of the model (within the
search space of the library under consideration).

Figure 3 illustrates the progression of a representa-
tive active learning experiment using the IVR acquisition
function. After measurement of only ten coordinates, the
surrogate model’s predictions of both the DRT and R,
are relatively homogeneous and simply reflect the typical
values in the initial measurements [Fig. 3(a)]. As the exper-
iment progresses and more coordinates are measured, the
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(bottom) acquisition functions, shown for exemplary experiments after 300 iterations. (b),(c) Surrogate model R, prediction accuracy
vs (b) iteration and (c) time for different acquisition functions. Lines represent the mean of three runs (one run per library), while
shaded regions indicate the minimum and maximum values across three runs. (d),(e) Surrogate model DRT prediction accuracy vs (d)

iteration and (e) time for the same runs as shown in (b),(c).

surrogate model predicts R, and the DRT with increasing
accuracy, better capturing the trends in R, and variation in
DRT peak sizes and positions [Figs. 3(b) and 3(c)]. The
7* values can be tracked throughout the experiment, as
shown in Fig. S12 in Supplemental Material [34]. We find
that across libraries and acquisition strategies, DRT and
R, 7 values both rise quickly during the first 100 itera-
tions, then tend to plateau at 0.85—0.9, with only marginal
improvements throughout the rest of the experiment. The
7* ceiling at 0.9 can likely be attributed to electrode vari-
ations due to deposition artifacts, combined with varying
electrical contact quality depending on the exact position
of the probe, which lead to unavoidable and unpredictable
electrode-to-electrode variability.

We next compare the various active learning strate-
gies tested. While the PVR acquisition function exhibits
a strong preference for coordinates at corners and edges
of the search space, the IVR function tends to sample the
space more uniformly [Fig. 4(a)]. Whereas the PVR is
heavily influenced by the inherently higher GP uncertainty
at the edges of the search space, the IVR also considers
the uncertainty reduction in points surrounding the mea-
sured coordinate, which favors interior points. Despite the
substantial difference in sampling, both IVR and PVR per-
form similarly across libraries [Fig. S12(c)]. Interestingly,
IVR and PVR also perform similarly to random Sobol
sampling, yielding only a slightly faster rise to the R, 7

plateau [Fig. S12(d)]. The nearly equal efficacy of all
acquisition strategies, despite substantially different sam-
pling, can be explained by relatively uniform property
gradients within the search space. Because the DRT and
R, tend to vary smoothly without discontinuities, even ran-
dom sampling provides sufficient information to enable the
surrogate model to reasonably interpolate unseen coordi-
nates. However, this would likely differ in cases where the
properties of interest change dramatically between differ-
ent subspaces (e.g., at phase boundaries). In these cases,
acquisition functions that favor discriminatory sampling at
the boundaries of such subspaces would be expected to
substantially outperform random sampling.

Cost-aware acquisition functions were developed to bal-
ance the information gained from a new measurement
against the time required to execute the measurement.
The introduction of these cost-aware acquisition functions
causes the algorithm to change measurement conditions,
especially temperature, less frequently to reduce ramp-
ing and equilibration times, as shown in Fig. S13 in
Supplemental Material [34]. However, cost-aware acqui-
sition functions do not substantially change the evolution
of 7% vs iteration [Figs. 4(b) and 4(d)], indicating that cost-
aware coordinate selection does not reduce the incremental
information gained via each new measurement. This can
be explained by the dominant influence of temperature on
cost: as long as the temperature remains fixed, the other
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dimensions can be explored relatively freely without incur-
ring large costs, ensuring that information is gained at
each iteration despite time expenditure being constrained.
However, each cost-aware measurement requires, on aver-
age, half as much time as a cost-blind measurement due
to the reduction in ramping and equilibration times. As
a result, the cost-aware functions accelerate learning by
a factor of 2 [Figs. 4(c) and 4(e)] relative to their cost-
blind counterparts. The cost-aware functions also provide
a compelling speed advantage over random sampling [Fig.
S12(h)]. Although random samples could be presorted for
efficiency, this would require a predetermined number of
samples or batching of random samples, limiting the utility
of this approach in the autonomous context.

We also compared discrete and continuous parameter-
izations of the search space. In the discrete case, each
condition parameter (Thim, po,, and n) was discretized
into a grid of five to ten allowed values, whereas in the
continuous parameterization, any value in the range could
be selected. While the continuous parameterization yields
slightly higher 7* values [Fig. S12(b)], the difference is
within the margin of experimental variation, suggesting
that both parameterizations are reasonable.

2. Determining experiment completion

Finally, we consider criteria for determining the com-
pletion of an autonomous learning experiment. While we
used validation sets to evaluate surrogate model accu-
racy, these validation sets would not be available in the
typical context. Thus, a determination of whether the sur-
rogate model is accurate enough must be made on the
basis of only the data collected within the experiment. To
identify suitable criteria, we compare acquisition function
values throughout the course of active learning experi-
ments with accuracy metrics evaluated on the validation
sets. As shown in Figs. 5(a)}-5(c), there is a strong correla-
tion between DRT and R, #? values (validation set metrics)
and the mean and maximum values of the acquisition func-
tion at any given iteration of the active learning experiment
(available without validation data). While both mean and
maximum acquisition function values tend to decrease as
prediction accuracy increases, the mean correlates espe-
cially well with both > metrics. This suggests that the
aggregated acquisition function values can serve as a proxy
for surrogate model accuracy.

To demonstrate this, we train a support vector machine
classifier to predict whether an active learning experiment
can be considered complete. For the sake of this illustra-
tion, we define a completion threshold of 2 > 0.83 for
both DRT and R, prediction accuracy; i.e., we consider
the surrogate model to be sufficiently informative when
its prediction * exceeds this value. The threshold value
of 0.83 was selected to assign roughly equal numbers of
complete and incomplete labels in the training data. The

classifier uses the mean and maximum acquisition func-
tion values as inputs to predict whether the surrogate model
has reached each of these thresholds. As shown in Fig.
5(d), the probability of experiment completion can then
be predicted during the experiment, and the experiment
can be terminated once the probability reaches a satisfac-
tory level. The classifier is able to differentiate between
well-trained and insufficiently-trained surrogate models
with accuracy 0.89 for R, completion and 0.86 for DRT
completion [Figs. 5(e) and 5(f)]. Receiver-operator charac-
teristic curves, shown in Fig. S14 in Supplemental Material
[34], further highlight the robustness of the classifiers with
area-under-the-curve values greater than 0.9 for both R,
and DRT completion. While the exact correlation between
acquisition function values and surrogate model accuracy
is likely to depend on the physical system, properties under
study, and model architecture, this result suggests that the
evolution of acquisition function values during an experi-
ment can be used quite effectively to monitor the learning
of the surrogate model and determine when to terminate an
experiment.

These results illustrate how the autonomous system can
accelerate combinatorial characterization. With cost-aware
acquisition and hybrid impedance measurements, the aver-
age total time per iteration (ramping, equilibration, and
measurement) is 2 min, allowing the surrogate models to
achieve a sufficient level of learning in just Sh (150 iter-
ations). If we assume the same ramping and equilibration
times, each iteration would require 10 min with conven-
tional EIS. Applying this to the exhaustive grid of 18 000
coordinates, we find that exhaustive automated EIS would
require 3000 h (125 days) per library—600 times longer
than 5h with our approach. At the other extreme, one
could greatly sparsify the grid, selecting only two values
per condition dimension and one quarter of the electrodes,
reducing the number of measurements to 23 x 144/4 =
288, which would then require only 48 h. However, such
a sparse grid would still be 10 times slower, and likely
provide coarser information than obtained from the sur-
rogate models here. Thus, it is reasonable to estimate that
the autonomous workflow with hybrid EIS and cost-aware
acquisition provides at least an order-of-magnitude accel-
eration relative to automated grid measurement. However,
these results may not be transferable to all systems. The
radial basis function (RBF) kernel used here (Appendix
A2) is amenable to the smoothly varying DRT in the
libraries studied here, but might perform poorly for materi-
als with different phase regions. Physics-informed kernels
or other model architectures might be necessary depending
on the application.

C. Physicochemical insights from active learning

Next, we examine the surrogate models trained by active
learning experiments to extract physicochemical insights
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FIG. 5.

Active learning stopping criteria. (a) Evolution of acquisition function (AF) values and surrogate model accuracy during an

exemplary experiment. Maximum AF (max. AF) and mean AF values at each iteration are normalized to the starting values. (b),(c)
Correlation between surrogate model accuracy and normalized AF: (b) maximum AF and (c) mean AF, shown for the exemplary
experiment in (a). Horizontal dashed lines indicate the 7? threshold for experiment completion. (d) Probability of experiment com-
pletion for the experiment shown in (a), predicted by a classifier trained on data from all experiments. (e),(f) Confusion matrices for
the classifier obtained from cross-validation across all experiments, shown for (e) R, determination and (f) DRT determination. Pred.,

predicted; prob., probability.

about the BCFZY material system. For each library, we use
the surrogate model trained by the active learning experi-
ment with the highest validation 7? scores to predict DRT
and R, trends. As noted in Sec. II B 3, library 3 is excluded
from this analysis due to anomalous changes in impedance
during initial testing.

1. Trends with composition

First, we consider the variation of R, with composi-
tion under fixed conditions (Tjim = 500°C, po, = 21%,
n =0V). As shown in Fig. 6(a), R, values are gener-
ally higher in library 2, which occupies the Zr-rich corner
of the quaternary B-site composition space. As Zr con-
tent decreases and total Co plus Fe content increases, R,
tends to decrease. This is in good agreement with our pre-
vious measurements [19]. Meanwhile, the low-R,, region
in the center of library 1 (Co plus Fe approximately 80%,
Co:Fe ratio 1 or greater, Zr approximately 10% to approx-
imately 20%, Y approximately 0% to approximately 10%)
corresponds closely to the well-known, high-performing
BaCog 4Fe 4719 1Y.105_s composition [28].

The DRT provides more insight into R, trends. The
mean (composition-averaged) DRT for each library [Fig.
6(b)] indicates two primary peaks that consistently appear
at all compositions and conditions: P1, which appears at

7~ 107* s in library 1 and T ~ 1073 s in library 2, and
P2, which appears at T ~ 10~! s in both libraries. A much
smaller peak, likely attributable to proton transport through
the BZY layer [19], is typically visible near 10~°s, but
tends to be dominated by the shoulder of P1. Since the peak
positions and magnitudes vary substantially, as indicated
by the ranges in Fig. 6(b), these composition-averaged
distributions are only a coarse representation of the typi-
cal DRT. To more comprehensively visualize the variation
within libraries, Fig. S15 in Supplemental Material [34]
shows the DRT as a function of electrode position with
respect to the substrate. An additional peak between P1 and
P2 is visible for some electrodes, but is typically strongly
overlapped with or completely obscured by the primary
peaks. This suggests that more than two processes con-
tribute to the electrochemical activity of the electrodes.
However, since meaningful separation of additional peaks
is generally not possible due to frequency dispersion and
peak overlap, we focus on analyzing the two consistently
separable peaks, with the caveat that they likely represent
multiple process contributions.

To take a deeper look at the influence of composi-
tion, we also examine the partial dependence of the DRT
on B-site cation fractions. Since the cation fractions are
inherently correlated, we use PCA to obtain meaning-
ful partial dependence plots that both obey site balance
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FIG. 6. Trends with composition. (a) Polarization resistance R, under fixed conditions (Txim = 500°C, po, = 21%, n =0V) for
libraries 1 and 2, displayed as a function of B-site composition. Compositions are visualized in the ternary Co-Fe-Zr plane for sim-
plicity; Y content varies in the range from 0.0% to 6.7% in library 1 and from 5.6% to 24.2% in library 2. Full composition details are
given in Fig. S1. (b) Mean DRT (lines) and 10th percentile to 90th percentile range (shaded regions) for each library under the same
fixed conditions. Two primary peaks, labeled “P1” and “P2,” are consistently visible in each library.

and reflect the measured compositions. This analysis pro-
vides interesting insight into the importance of total Co
plus Fe content, the trade-off between Co and Fe, and
the importance of Y doping (see Sec. S2.1 and Fig.
S16 in Supplemental Material [34]). In addition, PCA
results for library 1 indicate that high-Co compositions
with Co plus Fe content of approximately 80% tend to
exhibit the lowest R, values [Fig. S16(a)]. This finding
is corroborated by a kinetic study of BCFZY composi-
tions with differing Co:Fe ratios, which found that Co-rich
BaCog7Feq.1Z1r91Y(103_s exhibits high oxygen vacancy
diffusivity, fast oxygen surface exchange, and strong per-
formance in both fuel cell and electrolysis operation [33].
While this PCA approach is useful for extracting insights
from surrogate models of constrained composition spaces,
the interpretability of the data is limited by the outstand-
ing questions regarding the electrode stack discussed in the
next section.

2. DRT dependence on measurement conditions

To gain insight into the nature of each DRT peak, we
examine the influence of measurement conditions on the
DRT. We use partial dependence plots [37], which are
commonly used to interpret the influence of individual
variables in machine learning models, to visualize the
influence of conditions independently. With decreasing
temperature, the magnitude of both DRT peaks increases
[Figs. 7(a) and 7(d)] as expected for thermally activated
processes. The surrogate model identifies a linear rela-
tionship between inverse temperature and the logarithm of
total resistance (integrated area) of each peak [Figs. S17(a),
S17(d), and S17(g) in Supplemental Material [34] —that

is, the model learns the Arrhenius relationship. Oxy-
gen content has a smaller but noticeable effect: as po,
decreases, the resistance of P2 increases, while P1 is nearly
unchanged [Figs. 7(b) and 7(e)]. This suggests that P2
reflects an oxygen-dependent process or processes, such as
a surface reaction step. Finally, the applied dc voltage bias
has a surprisingly dramatic monotonic influence. As the
voltage moves from negative (oxygen reduction) to posi-
tive (oxygen evolution) values, P2 becomes increasingly
resistive [Figs. 7(c) and 7(f)]. Under the most oxidiz-
ing potentials, a third peak becomes visible in library 1
[Fig. 7(c)] at intermediate timescales (tr ~ 107%s). The
trend of P1 with n is less clear: in library 1 (Co and Fe
rich), P1 appears to be largely unaffected by n, whereas in
library 2 (Zr and Y rich), P1 appears to grow and shift to
longer timescales at oxidizing potentials. However, given
the appearance of a third peak at T ~ 1073 s in library 1,
this may simply reflect two overlapping processes—one
independent of 1 and the other dependent on n—which
both appear near T ~ 107> s in library 2.

The typical model of processes in the electrode stacks
studied here would include proton transport through BZY
(likely assigned to the small, obscured peak near v =
107> s), mixed hole and proton transport in BCFZY
(likely assigned to P1), and oxygen reduction and evolu-
tion reactions at the BCFZY surface (likely assigned to
P2) [38]. However, the dramatic monotonic influence of
n warrants caution, as one would expect the resistance of
P2 to decrease with increasing |n| due to Butler-Volmer
kinetics. To examine polarization effects more closely,
we measured the current-voltage relationship for a sin-
gle electrode, varying n between —200 and 200 mV. We
observe diodelike behavior in which current rises rapidly
for n < 0 but asymptotically for n > 0 [Fig. S18(a) in
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FIG. 7. Partial dependence of the DRT on measurement conditions. Results for libraries 1 and 2 are shown in (a)~(c) and (d)~f),

respectively. Partial dependence is shown for (a),(d) temperature, (b),(e) oxygen partial pressure, and (c),(f) applied dc voltage. In each
panel, the DRT is normalized to the maximum calculated value for consistent visual scaling.

Supplemental Material [34]], while differential resistance
increases exponentially with n [Fig. S18(b)]. There are
many potential influences to consider when interpreting
this trend: mass transport limitations, gas adsorption and
desorption, potential-dependent defect chemistry, or a pos-
sible p-n junction at the BZY/ITO interface. On the
basis of the microelectrode stack configuration, observed
DRT trends vs bias, corroborating single-electrode bias-
dependent impedance (Fig. S19 in Supplemental Material
[34]), and current-voltage measurements under differing
atmospheres (Fig. S18), we suggest that the observed
diodelike behavior is most likely explained by a Schottky
barrier between BCFZY and the Ti/Au contact layer, while
other mechanisms can be ruled out (Sec. S.2.2 in Supple-
mental Material [34]). A Schottky barrier might form at the
BCFZY/Ti interface because BCFZY is a p-type semicon-
ductor and Ti has a low work function relative to common
current collectors (e.g., Au, Pt, and Ag). This barrier would
increasingly impede electron transfer with increasing 7,
hindering reactions at the BCFZY surface and leading to
the observed growth of P2 with increasing n. Nonetheless,
given the unexpected results and lack of information about
the BZY/ITO and BCFZY/Ti interfaces, further investiga-
tion is required to conclusively assign the observed DRT
peaks and explain this polarization behavior.

Although the electrode configuration studied here
requires further study, the analysis approach is flexible and
interpretable. The DRT provides a useful semiquantitative
tool for understanding electrode behavior. Peak analysis
can provide quantitative insights, but is limited by broad
frequency dispersion and peak overlap, which is common

in solid oxide devices. One must also keep in mind that
the DRT extracted from the surrogate model is unavoid-
ably biased by the model itself, while partial dependence
analysis averages over many coordinates and may smooth
out fine details. Nonetheless, major trends in the DRT can
be extracted with partial dependence analysis supported by
PCA, providing a straightforward means to deconvolute
the influence of multiple variables on frequency-dependent
impedance. We suggest that such an approach can be
applied to quickly and autonomously construct an over-
all picture of electrochemical behavior, at which point
human researchers could enter the loop to identify interest-
ing or unusual results for further investigation (such as the
unexpected polarization behavior discussed above). The
physicochemical intuition of humans is also invaluable for
data interpretation as well as potential creative innovations
based on the autonomously generated data.

D. Activation energy minimization

Finally, we consider autonomous property optimization.
As explained in Sec. IIB, to create a nontrivial opti-
mization problem, we seek to identify the electrode com-
position with the lowest activation energy, fixing po, =
21% and n = 0 V. E, optimization experiments were per-
formed with library 3, which was excluded from the
preceding physicochemical analysis due to sample degra-
dation. Nonetheless, the trends within library 3 remained
self-consistent, such that it still serves as a suitable
test system for the optimization strategy, although the
composition-property trends are difficult to interpret.
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Evolution of an exemplary activation energy optimization experiment. (a) Predicted activation energy values for all elec-

trodes and (b) predicted probability that each electrode represents the optimum (lowest activation energy). The leftmost column
represents values extracted from exhaustive grid measurements, while the remaining columns represent surrogate model predictions
after 10, 50, and 100 iterations (left to right). Acc., accuracy score; Conf., confidence score; Pred., predicted; prob. probability.

For validation purposes, exhaustive grid measurements
were first performed at every electrode from 450 to 550 °C
in 25 °C increments. Activation energies were extracted by
fitting the measured R, values with the composition-kernel
GP described in Sec. 11 B. The resulting activation energy
estimates, shown in Fig. 8(a), represent a GP them-
selves (i.e., E, and the preexponential factor are treated
as composition-dependent GPs). As a result, the E, esti-
mates for all electrodes comprise a multivariate Gaussian
distribution. We sample this distribution to obtain the prob-
ability that each electrode represents the optimum in E,,
shown in Fig. 8(b). This indicates that the minimum £,

most likely appears in the lower-right corner of the library,
but could exist at any of the five bottom electrodes in the
rightmost column. The uncertainty in which electrode is
the true optimum arises not only due to uncertainty in the
Arrhenius fit of R, vs temperature but also because some
electrode-to-electrode variability originates from PLD and
contact artifacts rather than chemical differences.
Similarly to active learning experiments, the evolution
of the surrogate model can be evaluated over the course of
an optimization experiment. Following the same approach
used for the exhaustive data, E, values and optimum
probabilities are extracted from the surrogate model at each
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FIG. 9. Performance metric evolution in activation energy optimization experiments: (a) confidence score; (b) accuracy score; (c)
combined score (confidence times accuracy). Sudden drops and immediate recovery in score sometimes appear due to numerical
instability during training of the surrogate model. In all cases, confidence tends to increase over time, whereas accuracy can decline.
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iteration (one iteration represents one R, measurement),
as shown for an exemplary experiment in Fig. 8. At the
start of the experiment, the prediction of E, is inaccurate
and the location of the optimum is unclear, as reflected
by distributed optimum probabilities. As the experiment
progresses, E, predictions align better with the true val-
ues, and the predicted optimum region narrows, ultimately
converging with the true optimum region.

As for active learning, we introduce quantitative metrics
for the success of £, optimization experiments, detailed in
Sec. S1.6 in Supplemental Material [34]. We quantify the
accuracy of the surrogate model on the basis of how well
it identifies the optimum region, constructing an accuracy
score ranging from 0 to 1 based on the Kullback-Leibler
divergence [39]. We quantify the confidence of the model
on the basis of the spread of the predicted optimum region
(Fig. S20 in Supplemental Material [34]), again defining a
confidence score ranging from 0 to 1. Confidence and accu-
racy scores for six different £, optimization experiments
are shown in Fig. 9. The six runs all use the same opti-
mization approach, but with differing acquisition function
configurations, summarized in Table S2 in Supplemental
Material [34]. The primary differences include cost-aware
vs cost-naive acquisition functions, alternation between
exploitation and exploration acquisition functions, and
handling of duplicate coordinate selection. Confidence and
accuracy scores are unstable during the first 2040 iter-
ations, as each new measurement can have a substantial
influence, but can stabilize thereafter. For all six experi-
ments there is convergence to reasonably high accuracy
scores (0.7 or greater) by iteration 40 [Fig. 9(b)], indicating
the effectiveness of the modified PI acquisition function.
However, for two of the experiments (runs 2 and 4) there
is later divergence to lower accuracy scores. This is most
likely due to numerical instability of the GP model when
repeated measurements of the same coordinates (or very
closely neighboring coordinates) are performed or when
invalid measurements (e.g., due to contact loss or degraded
electrodes) are not flagged by the outlier detection proce-
dure. Meanwhile, the surrogate model’s confidence rises
over time in all cases [Fig. 9(a)] despite the instability in
accuracy. To capture the balance of accuracy and confi-
dence, we also create a combined score by multiplying
the accuracy and confidence scores, shown in Fig. 9(c).
Positive values indicate accurate models, while negative
values indicate inaccurate models; in both cases the magni-
tude of the score increases with confidence. This provides
a unified metric for evaluating optimization experiments,
as only confident and accurate models can achieve high
scores approaching unity.

These results highlight the potential advantage of
closed-loop optimization, but also reveal the risk for
autonomous agents to develop an incorrect representation
of the system under study while reporting a high degree
of confidence. We note that the degradation of library 3

causes a large number of corrupted measurements, while
E, extraction from the R,-trained GP kernel is more sensi-
tive than simple R, prediction, which creates a challenging
setting for optimization. The standard PI acquisition func-
tion can also exhibit “greedy” behavior (overprioritization
of exploitation) [40], which may contribute to the observed
instability. Thus, reliable measurement quality, automated
data curation, and stable, noise-tolerant models and acqui-
sition functions are all essential for autonomous optimiza-
tion. The degree to which each criterion is met determines
the reliability of the results. Just as for active learning,
periodic human review of optimization results could be
valuable for validation and identification of notable trends
that may be overlooked by artificial agents.

IV. CONCLUSION

In this work, we develop a system for closed-loop elec-
trochemical characterization of combinatorial thin-film
libraries, integrating a benchtop instrument for spatially
resolved measurements with techniques for accelerated
impedance measurement and robust DRT analysis. This
enables efficient active learning of impedance and DRT
trends, producing informative surrogate models in a frac-
tion of the time required for conventional grid measure-
ments. We apply the system to BCFZY microelectrodes to
understand electrochemistry as a function of B-site com-
position. Partial dependence analysis of the DRT provides
a straightforward means of separating the influence of
different search space parameters. Active learning exper-
iments identify anticipated physicochemical trends such
as the Arrhenius relationship and the beneficial impact
of Co content on performance, but also reveal unex-
pected polarization behavior. Unfortunately, outstanding
questions about the pathway for current flow through the
electrode stack hinder deeper physicochemical interpreta-
tion. Nonetheless, our results are in good agreement with
device studies, highlighting Co-rich BCFZY as a promis-
ing electrode material. Bayesian optimization of activation
energy using a modified gradient-based acquisition func-
tion is effective for quickly identifying the optimum, but
highlights the importance of measurement quality and
numerical stability.

In comparison with larger integrated systems com-
bining synthesis and characterization, this is a minimal
demonstration of self-driving instrumentation. Nonethe-
less, the benchtop tool provides significant return on a rela-
tively small investment, exemplifying a modular autonomy
that is feasible in typical laboratory spaces. The char-
acterization system could be coupled in the future with
developing systems for autonomous deposition to create
a full synthesis-characterization loop.

Further studies are needed to determine the transferabil-
ity of thin-film screening to practical device performance.
We note that degradation of the thin films caused some
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challenges in this study. Since it can be anticipated that
samples may degrade over time during long-term high-
temperature experiments, it is important to use experi-
mental designs that allow decoupling of degradation from
the influence of search space parameters. While a detailed
analysis of degradation in this work is stymied by the
highly varying treatment histories of different electrodes,
it should be possible with careful experimental design to
harness thin-film decomposition as a tool for automated or
autonomous accelerated degradation studies.

While artificial intelligence is rapidly developing, we
still see important roles for human researchers to play
in (semi)autonomous experimentation. At this stage,
human creativity and physicochemical intuition remains
a valuable complement to the automated efficiency and
statistical power of autonomous systems. Thus, while
self-driving laboratories will no doubt become increas-
ingly commonplace, we encourage researchers to pur-
sue synergy with their artificial counterparts, rather than
completely outsourcing scientific thinking. “Human-in-
the-loop” workflows could be the best of both worlds,
allowing autonomous agents to quickly generate digestible
results that can inform and inspire human insight.
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APPENDIX: AUTONOMOUS EXPERIMENTAL
OPERATION DETAILS

The electrochemical measurement system is controlled
by an autonomous experimentation engine implemented
in PYTHON, as described in Sec. IIB. The engine uses
the PYTHON packages GPyTorch [42] to construct the GP
surrogate model, BoTorch [43] to implement acquisition
functions, and Ax [44] to manage the experimental search
space. Additional details of the implementation are given
in the following sections.

1. Ramping and equilibration

At each iteration, a new set of search space coordinates
is selected for measurement as described below. The elec-
trode row and column indices, po,, and T, coordinates
are translated to set points and sent to the correspond-
ing controllers. The controller values are then monitored
until they settle at the new set points. To ensure alignment
with the electrode, the impedance is measured at 40 Hz to
verify electrical contact, and the probe position is automat-
ically adjusted if necessary to achieve electrical contact.
The electrode is then allowed to equilibrate to the new
conditions before undergoing impedance measurement.
Continuous single-frequency impedance measurements at
40 Hz are performed to monitor the equilibration of the
electrode. The hybrid impedance measurement is initi-
ated once the rate of change in both real and imaginary
impedance declines below 1%/min. The voltage bias 5 is
applied only at the start of the equilibration procedure to
avoid prolonged exposure of the film to dc voltages that
might promote degradation. The position-dependent film
surface temperature is estimated from a model based on
infrared images, as described in Sec. S1.4 and shown in
Figs. S21-S23 in Supplemental Material [34]. The total
gas flow rate was fixed at 100 standard cubic centime-
ters per minute, which was sufficient to flood the local
atmosphere of the electrode while minimizing convective
cooling (Fig. S24 in Supplemental Material [34]).

2. Surrogate model

We use a GP surrogate model with an anisotropic RBF
kernel, which is a popular choice for active learning and
Bayesian optimization [45,46]. This model has several
benefits: it is a noise-tolerant, versatile function approxi-
mator; the hyperparameters can be automatically selected
by maximization of the log-marginal-likelihood to avoid
overfitting; and it inherently provides Bayesian uncer-
tainty estimates [47]. Since the oxygen partial pressure is
expected to have a power-law or similar influence on elec-
trode processes, po, is log-transformed to construct the
model input, i.e., f (po,) = In (po2 +2x 10’4), where the
offset of 2 x 10~* atm prevents infinite values and reflects
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the fact that the practical po, is nonzero even under pure
nitrogen flow.

To model the DRT for active learning experiments, we
first discretize the distribution over a grid of time constants
ranging from 1077 to 10?3 s with log-uniform spacing
of 10 points per decade, resulting in a vector property
with 101 elements. We then construct a multioutput GP
in which each output represents the DRT at a single time
constant in the discretization grid. Since impedance can
vary by orders of magnitude within the search space, the
model is fitted to the log-scaled DRT. For computational
efficiency, all outputs share the same kernel. The model
is implemented in GPyTorch [42] with weakly informa-
tive hyperparameter priors that help avoid overfitting in the
early stages of the experiment.

For Bayesian optimization of E,, the log-scaled R, is
the only model output. The input features are electrode
row m and column » and inverse temperature 7!, Tem-
peratures are inverted since the relation between inverse
temperature and the In R,, output is anticipated to be linear.
We then use a composition kernel that is linear along the
inverse temperature dimension, but uses the standard RBF
covariance in the electrode row and column dimensions.
The composition kernel is given by

k(m,n, T™") = ky(m,n) + ka(m,n) x ks(T""),  (Al)
where ki(m,n) and k,(m,n) are RBF kernels over the
electrode row and column and k3(7~!) is a linear ker-
nel over the inverse temperature. Intuitively, the model
represents an Arrhenius description of every electrode in
the library, in which the preexponential factor (represented
by k) and activation energy (represented by k,) are both
position-dependent GPs. This physics-constrained kernel
accelerates learning and increases the robustness of £, esti-
mation. Because £, is proportional to the gradient of In R,
with respect to 7~!, E, also carries all the properties of a
GP, such that E, values and uncertainties can be extracted
directly from the model kernel. Thus, even though the
model is trained on R, measurements, it can directly pre-
dict E£,. We contrast this with the direct approach: multiple
T-dependent R, measurements are performed for a single
electrode; E, is estimated via a linear fit of InR, vs T -1,
and finally E, is provided to the model. With the gradi-
ent model, £, can be estimated without requiring multiple
measurements per electrode, and the error in R, measure-
ments is directly accounted for, rather than being hidden in
the linear fits underlying the £, values.

3. Acquisition functions

In materials discovery, we must strike a balance between
gathering novel information (exploration) and pursuing
direct property improvements based on our current under-
standing (exploitation) [48—50]. Acquisition functions are
designed to manage this trade-off: autonomous search

strategies commonly define acquisition functions that bal-
ance these considerations with a Bayesian perspective
(Bayesian optimization) [40,45,49,51,52].

The surrogate model can predict property values and
corresponding uncertainties for any coordinates in the
search space. For any search space coordinates x,, an
acquisition function « takes the predicted property value
f(x,) and variance o(x,) at those coordinates as inputs
and returns a scalar value that quantifies the priority of
taking a measurement at those coordinates:

a(x) = g(f (), 02 (x0)).

The coordinates at which to perform the next measurement
are then selected by maximizing the acquisition function,
ie.,

(A2)

Xiy1 = argmax «(x). (A3)
X
For active learning of the DRT, reduction of model
uncertainty is the sole objective. The simplest acquisition
function for this case is the pointwise variance:

opy(xe) = 02 (x,). (A4)

With this acquisition function, the coordinates at which the
model uncertainty is greatest will always be selected. How-
ever, coordinates at or near the edges and corners of the
search space tend to remain more uncertain than those in
the interior of the space, even after they have been mea-
sured. To account for this, we instead use the reduction in
pointwise variance that can be expected if the test point is
measured:

opvR (%) = 07 () — 07 (x), (A5)
where o represents the current model variance and o2
represents the expected variance after measurement at the
test coordinates x,. While simple to calculate, PVR is
somewhat myopic, as it considers only how the variance
changes at a single point in the search space. For a more
comprehensive estimate of how a new measurement will
change our state of knowledge, we also consider the IVR
over the entire search space:

o) = (@ - o2 (A6
Unlike the PVR, the IVR accounts for global uncertainty
reduction. Although it cannot be evaluated analytically, it
can be estimated via random sampling [43].

For E, optimization, we begin with the standard PI
function:

opi(x) = @ (¥ — f(x,), 07 (x,))

where @ is the Gaussian cumulative distribution function
and y’ is the best (lowest) property value observed thus

(A7)
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far. PI estimates how likely we are to observe a new prop-
erty minimum at x,, thereby balancing exploration and
exploitation [40]. However, since we are optimizing £,
but measuring R),, use of this acquisition function directly
is problematic: coordinates can retain high E, uncertainty
even after R, measurement, which means that the standard
PI function may indefinitely reselect previously measured
points. Thus, we modify PI to account for information
gained through R, evaluation:

(A8)
(A9)

ogpi(xs) = @ (y/ —f (%), Gz(x*)) 01%1, ()

2
= UPI(x*)URP (x4),

where o2 and cr,%p are the £, and R, variance, respectively.
As shown in Fig. S25 in Supplemental Material [34], the
modified PI function accounts both for the opportunity to
learn new information about R, (and thus about E,) and
for the likelihood of reducing E,.

We build upon the Bayesian optimization software pack-
age BoTorch [43] to implement these acquisition func-
tions.

4. Cost-aware acquisition functions

The acquisition functions described thus far quantify the
value to be gained by taking a measurement at a particular
coordinate set. However, we may also consider the cost of
taking a measurement. In this study, cost is simply the total
time required to perform a measurement, which includes
the ramping time (to adjust the controllers to the new set
points), the equilibration time (to let the sample adjust to
the new conditions), and the actual measurement time. We
can construct a cost function C to describe the expected
duration of evaluating a test point, which depends on both
the current coordinates x; and the test coordinates x,:

C = C(xs, x;). (A10)
We can then construct a cost-aware acquisition that bal-
ances value gained with resource expenditure:

o (xy)

Cxsx) (A1D

o (X, X;) =

Because the base acquisition function is divided by the
expected duration, the cost-aware acquisition function
seeks to maximize the rate of utility gain per time, rather
than the rate of gain per iteration.

A cost function was constructed empirically to reflect
each controller’s response and settling time as well as typ-
ical sample equilibration times. The direct measurement
time and minimum equilibration time represent a fixed cost
independent of the test coordinates, which is set to a fixed
value of 60 s. Cost contribution functions for ramping time

and equilibration time are defined independently for each
search space parameter, as described below.
For electrode position (row and column) and stage
temperature, the cost contribution function is given by
c®) =m(f(5) —f(O) +b(1 —$(B)),  (Al2)
where § represents the physical distance between elec-
trodes or the change in stage temperature, m and b are

constants, f'(x) is a smooth approximation of the absolute
value function given by

1
f@) =—1In(e ™ +ev), (A13)
o
and ¢ (x) is the Gaussian RBF with length scale p:
\2
¢(x) = exp (— (—) ) (Al14)
0

Equation (A12) reflects the fact that staying at the same
electrode or stage temperature incurs no cost, while mak-
ing a change incurs a nearly fixed overhead cost due to
controller settling time (expressed by the RBF) and a vari-
able cost that increases with the magnitude of the change
(expressed by the smooth absolute value function). The
values of m, b, o, and p were determined empirically: for
electrode position, m =1, b =5, « = 16, and p = 0.25;
for stage temperature, m = 1.7, b = 160, ¢ = 16, and p =
0.5.

A different cost contribution function is defined for po,
and n to reflect nonlinear scaling of time cost with §. Upon
selection of new search space coordinates, the selected
electrode begins at certain initial conditions that influence
its equilibration. If the selected electrode is the same elec-
trode that was measured in the last iteration, then the initial
po, value at the selected electrode is equal to the po,
value applied in the previous iteration. Otherwise, the ini-
tial po, is determined by the ambient atmosphere because
gas flow is controlled only at the probe tip. Thus, it is the
change & =1In(po, . +2 x 1074 — In (po,,i +2 % 1074
in the log-transformed partial pressure, where po, ; is the
relevant starting value, that determines the cost. In the
case of dc voltage, the initial value faced by the electrode
is always the open-circuit voltage because the measure-
ment circuit is opened at the conclusion of each measure-
ment. Thus, § = n* because the open-circuit voltage is
approximately zero. The cost contribution is given by

c(8) = a(Inf(bs) — Inf(0)), (A15)
where f(x) is the smooth absolute value function with
o = 8, and a and b are empirically determined constants.
For po,,a =5and b = 0.5; forn,a = 15 and b = 5. The
logarithmic scaling of f(b§) reflects declining incremental
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equilibration time with increasingly large changes in po,
or 1.

The individual cost contributions are combined to esti-
mate the total cost. The change in electrode position and
subsequent equilibration of the new electrode to the new
po, value occur in series, so these costs are summed.
Meanwhile, the change in stage temperature occurs in
parallel, so the maximum of the temperature cost contri-
bution and the summed position and po, costs reflects the
expected cost for these changes. The equilibration of the
new electrode to the selected 1 value begins once all other
conditions are equilibrated, so this cost is added to the
cost of the first set of steps. Finally, this search-parameter-
dependent cost is added to the fixed cost of 60 s to obtain
the overall cost. The cost contributions and overall cost
function are illustrated in Fig. S3, which illustrates that
changing the sample temperature incurs the largest costs
due to long ramping, settling, and equilibration times.

5. Data quality validation

Data quality checks are essential in the autonomous set-
ting. To evaluate the validity of each hybrid impedance
measurement, we use the Bayesian log-likelihood of the
DRT fit of the joint-domain data. The log-likelihood In £
(excluding additive constants) is given by

N

N
1 YVimeas — Vi DRT 2
11’5:—52(7 —i;lnai, (A16)

i=1

where N is the number of data points in the measurement,
Vimeas 1S the measured value (voltage or impedance) at
point #, y;prt is the value given by the DRT fit, and o; is
the square root of the estimated error variance. Larger log-
likelihood values indicate better agreement between the
model and the experiment. A normalized log-likelihood
value is obtained by dividing the expression in Eq. (A16)
by the number of data points N.

To identify invalid measurements (due to poor electrical
contact, instability, or other measurement issues), we use
a Bayesian outlier test. We assume that the distribution of
log-likelihood values comprises two groups: inliers (nor-
mal, valid measurements) and outliers (abnormal, likely
invalid measurements). We assume that each group is
normally distributed with its own mean and variance:

In Ein ~ N(Min, 0'1%1)5
ln Eout ~ N(Mouta 0()2ut)'

(A7)
(A18)

Although outliers may follow a non-normal distribution,
we treat them with a normal distribution for simplicity, as
it is not obvious a priori which kind of distribution they
will follow. Because the inlier and outlier distributions are
distinguished primarily by their spreads, the outlier test is

not overly sensitive to the choice of outlier distribution. We
use a Bernoulli distribution to define the prior probability
that any measurement is an outlier:

k ~ B(pou), (A19)
where k=1 (with prior probability p.,) indicates the
outlier group and k£ = 0 (with prior probability 1 — pgyt)
indicates the inlier group. We can then define the poste-

rior probability that any measurement is part of the outlier
group as

Plk=1|InL)

SUnL | k= Dpou

T fnL k= 0)(1 - pou) +/(nL [ k= Dpou’
(A20)

where f(InL | k=0) and f(InL | k= 1) are the InL
probability density functions for the inlier and outlier

groups:
1 1 (InL — win\*
fUnL|k=0)= exp| —= [ ————=) ),
2o 2 Oin
(A21)
1 1 /Inl— Mm)z
nl|lk=1)= ——exp| = ———— .
S(nL | ) ol p < 7 ( o
(A22)

To use the above equations, we first estimate the param-
eters of the inlier distribution by calculating the median
and interquartile range (1) of the observed log-likelihood
values, which should be outlier-robust metrics. We set (i,
to the median and o3, = rig/1.349, the values expected for
a normally distributed variable. We then use the sample
mean and variance of any points lying outside the win-
dow [ftin — Oin, [in + Oin] tO estimate fLoy and o2, for the
hypothetical outlier group. The estimated outlier standard
deviation is forced to be at least twice the inlier standard
deviation. We set the Bernoulli prior po,: = 0.01. Equation
(A20) is then evaluated for all measurements, and any
measurements for which P(k = 1| In £) > 0.9 are flagged
as invalid and removed from the model training set. This
flagging procedure is initiated once 20 measurements have
been collected (to ensure sufficient sample size) and is
repeated at each subsequent iteration of the experiment.
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