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Abstract:

Machine learning is increasingly relied on to extract physical information from materials

spectrosc@y. Unfortunately, it is challenging to make machine learning models fail because

statistical ¢ ions can mimic the physics without understanding the data or causality.
Here, usi chmark band-excitation piezoresponse force microscopy polarization

spectromPS) dataset openly published by the Authors in 2017, we demonstrate and
overco n pitfalls of so-called “better,” “faster,” and “less biased”

machine-| arnini-based discovery of electromechanical switching. Using a toy and real

experimental d et, we demonstrate how the application of linear non-temporal machine

Iearningm{m multimodal hyperspectral data results in physically reasonable
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embedding (eigenvalues) while producing non-sensical eigenvectors and generated spectra
promoting misleading interpretations. We demonstrate, through rigorous validation, a new
methodhrvised multimodal hyperspectral analysis of BEPS using a long-short term
memory (&ariational autoencoders (BVAE) that is adapted to the experiments
informdtioM@8RAteht. By including recurrent LSTM neurons, we consider the ordinal nature of
ferroelectrh‘ning. To improve the interpretability of the latent space, we impose a

variationaliKullba@k—Leibler (KL)-divergency regularization term to the loss function. Finally,

we leverage r arization scheduling of # as a disentanglement metric to reduce user bias.

Combinin experiment-inspired modifications enables the automated detection of
various ferroelectiic switching mechanisms, including a complex two-step, three-state

ferroelastﬁng mechanism. Ultimately, this work provides a robust machine learning

methodol e rapid discovery of electromechanically switching mechanisms in

ferroelectms applicable to other multimodal hyperspectral materials spectroscopies.

Introd :
Ferroe infilms are promising for next-generation electromechanical energy

conversion, sensing, memory, and logic. Achieving maximum performance generally relies

on perchirhials near phase transitions where small external perturbations can drive

large strug d associated property changes. For example, in BiFeOs, epitaxial strain

can cause phase competition between nearly-degenerate rhombohedral and tetragonal-like
phasesl'l. & small electric field can drive the transition between these phases resulting in
electrorM actuation of >5%2. There has been growing interest in understanding
collectivemg mechanisms in highly-correlated ferroelectric systems that exhibit novel
responsestPH For example, colossal electromechanical response is achievable at the
morph{klas'e boundary®l, in regions of phase competition?, and relaxor
ferroelectricsl."@he recent highlight was the discovery of highly-tunable low-loss dielectrics
near a novel region of phase competition in BaTiO3l’l. This concept was extended to
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topological polar structures in oxide superlattices where the polarization state undergoes a

continuous geometric transformationl®®l. The result is highly-correlated topological structures

{

with a ran ovel susceptibilities.
Understa tive ferroelectric susceptibilities requires probing ferroelectric responses
H

across len@th, time, and frequencies scales. Piezoresponse force microscopy (PFM) is the

most commen t@gl to image ferroelectric susceptibilities. In PFM, a conductive

G

cantilever- d tip is scanned in contact with a surface while applying an oscillating drive

voltage. Tlie J@calipiezoelectric response is qualitatively measured from the deflection of the

S

cantilever j stroboscopic studies have been designed to measure collective

U

transformaii ing a tip-induced or environmental change in voltage, temperature,

humidity, nical stressl®l, providing insights into collective transformations. This has

n

been use ferroelastic transformationst3], temperature-induced phase transitions!%,

jerky domgin mics!'"l, and much morel'2,

d

Strobo studies, however, impart minimal insight into transformation pathways and

dynami ant for memory and logic, and energy conversion. To measure dynamic

M

nanoscale ferroelectric transformation, multimodal scanning probe spectroscopies are

required'¥§ These techniques measure the electromechanical susceptibility using PFM while

[

simultane ving ferroelectric switching. To improve the precision band-excitation (BE)

O

is used to eously excite the cantilever at a band of frequencies near the resonance

frequencyf®l. Digital signal processing and fitting extracts the cantilever resonance amplitude,

¢

phase, regpnancg frequency, and quality factor. BE, in addition to piezoresponse and phase,

{

also acqu esonance frequency — a qualitative measure of the elastic modulus, and

U

the qualit a qualitative measure of the piezoelectric dissipation. A variety of
band-excj odes have been developed by changing the transformation bias. For

example, triangular waveforms can be used to measure ferroelectric switching

A

(Supporting Information Error! Reference source not found.-Error! Reference source not
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found.)!"®], First-order reversal curves can measure switching dynamicsl!'®l, and contact-kelvin
probe force microscopy to isolate ionic, electrostatic, ferroelectric contributions!'7-191. The
challenget acting actionable information from data that spans many positions,
frequenc&/cle, and time dimensions and contains multichannel information. These

challen@es¥aFe®d%acerbated when searching for rare spatial-temporal phenomena.

Experimentalistgghave increasingly relied on statistical approaches based on machine
learning to rate information extractionl2?l. Depending on the objective, various machine

learning meth®@dsthave emerged, including classification based on support vector

$

machinesl! eep neural networks!?2, dimensionality reduction based on principal

3

compone isl23], non-negative matrix factorizationl?4, and deep autoencoders!?9],

segment hods based on U-Net architectures!?€l, etc. Underpinning all these

N

technique ny simple mathematical operators optimized towards an objective. The

only differgncg bétween empirical fitting and machine learning is the complexity and flexibility

d

of the f achine learning models can approximate solutions to problems impossible

using human- vered empirical expressions. However, because machine learning models

W

are hig ameterized they lack parsimony, and thus are susceptible to overfitting.

There has,been a push to include explicitly or learn underlying physical expressions using

I

machine learningt?7-28l; however, there are still open challenges when dealing with complex

and noisy\& mental data.

O

To cambat overfitting, constraints are added to machine learning models. These include

I

soft consttaints of the objective function (e.g., L1, Lo, statistical, and custom regularization),

{

damaging isms (e.g., dropout??), bottleneck layers, and restrictive activation

U

functions idear, scaled-exponential linear units (SeLu)BY, etc.]. Subtle changes to the
model ar re can significantly alter mathematics, performance, and how physics is

learned.

A
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Open-source machine learning packages has democratized these tools within materials
science. Applying these tools as a “black box” creates justified concerns about their
applica’Hion-critical tasks and scientific interpretability. Machine learning models are
masters o&regardless of how ill-posed the model is, they tend to work remarkably
well. This WasiRighlighted in Geoffrey Hinton’s famous talk “What is wrong with convolutional
neural ne ,” where they highlight how translational invariance and max-pooling are

antitheticghto image understanding; however, convolutional neural networks (CNNs) which

Cr

are bound ese constraints still achieve top-5 accuracy on ImageNet Classification of
>98%!(32], ing interpretability requires designing model architecture that limit numerical

approximations Sd aphysical model outcomes. For example, if the model has non-linear

trends, non-li models should be used. If the model has sequential information (e.g., time
or voltage $eti the ordinal nature should be considered. While true parsimony is usually
impossibl ortant that the interpretability of machine learning methods be bounded by

what can b@ v ted.

Here, using a hmark band-excitation piezoresponse force microscopy polarization

spectr S) dataset openly published by the Authors in 2017133 we demonstrate
and overcgme some of the common pitfalls of so-called “better,” “faster,” and “less biased”
machine-learning-based discovery of electromechanical switchingi®4. Using a toy and real

experime @ set, we observe how the application of linear non-temporal machine
learning o multimodal hyperspectral data results in the extraction of physically
reasonﬁding (eigenvalues) while producing non-sensical eigenvectors and
generam promoting misleading interpretations.

We demoand rigorous validate a new method of unsupervised multimodal
hyperspe alysis of BEPS using a long-short term memory (LSTM) g-variational
autoenco E) that considers the experiments information content. By including

recurrent LSTM neurons, we consider the ordinal nature of ferroelectric switching. To improve
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the interpretability of the latent space, we impose a variational Kullback-Leibler
(KL)-divergence regularization term to the loss function. Finally, we leverage regularization
scheduﬁs a disentanglement metric to reduce user bias. Combining these
experime d modifications enables the automated detection of ferroelectric switching
mechafisMSMABIlding a complex two-step, three-state ferroelastic switching mechanism.
UItimater,hrk provides a robust machine learning methodology for the rapid discovery
of electromechanically switching mechanisms in ferroelectrics and is applicable to other
multimodalghy; pectral materials spectroscopies. More broadly, this work highlights the

necessity dering the experimental methods, data, and validation methodologies when

designing machiia learning methods for materials science.
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Figure 1. a-c. erated spectra across an RGB color basis. d. Painting of Nala in the
likene ak Obama Portrait. Painting is original art by Irene Dogmatic. It is

reproduced with permission.

[

We constr toy problem with known ground truth to compare machine learning

O

methods spectral data analysis. To do this, we established a mathematical basis
based on gfiree values which can be visualized by constructing a red-green-blue (RGB)

images ure 1), For training, we generated 10,000 RGB values sampled from a uniform

Lith

distributio n0and 1 (R,G,B € R[0,1]). The RGB values of this image were used to

construct pectra with 25 spectroscopic timesteps using the function f(t,R,G,B) =
tanh(20[t = = 0.5)]) + SELU(t — 2(G — 0.5)) + sigmoid(—20[t — (B — 0.5)]) where t

represen estep. This toy dataset with a known ground truth mimics experiments of

A

electromechanical switching of ferroelectrics. The mathematical form of the function has
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similar characteristics common in materials spectroscopy. Specifically, it is ordinal, has
non-linear trends, and has phase shifts. We show examples of spectra generated across the
RGB cFigure 1a-c). Each generated spectra is drawn from a basis defined by a
painting oe likeness of the Barak Obama Portrait (Figure 1d). Thus, the colors are
akin tolzrm switching mechanisms. Building a dataset with a known ground-truth is a

common o benchmark machine learning methods32.35.36],

We start buctlng analysis using a dictionary learning technique claimed to be “better,”

“faster,” a blased” than more computational complex deep-learning methods[34.

Dictionary ﬁ learns a Dictionary (D) of vectors and coefficients (y) that describes a

signal as

arg minDﬁyllz + A||ly|l1. In this equation, the first term represents the mean squared

ombination using as few columns as possible. This is achieved by solving,

reconstru and the second term represents an #,-regularization term, controlled
using the ameter A the degree of sparsity. When training a dictionary learning
model, ust determine or optimize the number of components (7) in the dictionary
and A. Since now our ground-truth has three (3) endmembers representing the RGB
color c set n = 3. Before training, we scaled the data and standardized the
features fQr each spectroscopic timestep by removing the mean value and scaling to unit

variance z = (x —u)/s, where x represents the spectra in same spectroscopic timestep, u,
e mean and standard deviation of all spectra in that spectroscopic
timestep, ents the new spectra after transformation. To optimize the
hyperps We conducted a grid-search where the lowest loss was found at

A= O.SMing Information Error! Reference source not found.).

We validamnodel by generating spectra using the RGB values from the painting of

Nala. Sin spectrum is associated with a pixel position, the coefficients can be
reshaped into the original image to visualize the trends (Figure 2a-c) as an embedding

map. This reconstruction shows that dictionary learning can deconvolute all the key features
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in the image. This is akin to identifying the spectroscopic differences in hyperspectral
materials spectroscopy. The high-fidelity of the reconstruction map provides an illusion that
dictiona is actually learning details of the spectroscopic data. We extracted the
best, medrst mean squared reconstruction loss (Figure 2d-f). While dictionary
learning cBA"geRiéve moderate errors (MSE = 0.184) the spectroscopic trends are not
learned. hlly, dictionary learning produces under-fit spectra that capture the global
trend but misses Important spectroscopic details. This is best visualized as an animation

(Supporti 1) where we plot the generated spectra as we linearly increase each of the
coefficientSifidePendently. The generated spectra in this movie show mild evidence phase

shift but are uttei inept at capturing the known spectroscopic shape. This is an expected

result, as t el does not consider each timestep ordinally. Thus, dictionary learning
cannot explicith include phase shift and must approximate the spectra using a linear
combinatim:nder complete basis. This is akin to trying to make a circle out of the
merger of Ny i case, three triangles. It is just not mathematically possible. However, as n
become it can be coarsely approximated. Using an insufficient metric, the mean
square it is possible to get reasonable numerical result with an unacceptable practical
result.

. -
@,
e
e
-
<C
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Dictionary Leaming Variational Autoencoder

lized Value

1] 25
Spectrum ndex

N

Figure 2. a-c. Dictionary learning coefficients (embeddings) extracted when validating model

[

on spectr ted from the painting of Nala. d. Best, e. median, f. worst mean-squared

error reco n based on dictionary learning within the validation dataset. g-i.

&

B-variationa oencoder embeddings extracted when validating model on spectra

generatedifrom the painting of Nala. j. Best, k. median, I. worst mean-squared error

M

recons ithin the validation dataset. m. Violin plot comparing the absolute error of the

{

validation ns at each spectrum index in the sequence.

U

A
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Having demonstrated that dictionary learning has unacceptable performance, we designed
an alternative machine learning approach for unsupervised spectral unmixing hyperspectral

images. ﬁdel is based on an autoencoder structure (

d : : : : - 1
-_i_%..% g q,.;%_%h%“
J L1 | - . | -1 |. )
NN N Sl
A R R | A S
e sl [ s
| gﬁ | Bl ElLo- Bl 5
' E | - | : Rt
Pl (Y4 ¢ 48 2R ER
.-‘ 756 256 256 256 %6 |
e ] ResNetBlock
Figure 3).%Autoencoders consist of an encoder that learns a compact statistical
represent n input and a decoder that decodes this representation into the original
spectra. T is to learn an identity function f(x) = x that minimizes a loss function (£).

Generally@this is achieved by minimizing the mean-squared reconstruction error min £ =

XM CIETICH)

th

AU
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Figure ic drawing of deep-recurrent 3-variational autoencoder.
To imp model, we made experiment-inspired architectural modifications. First, to

consider the ordinal nature of spectroscopic data, the encoder and decoder are constructed
of three ( esNet blocks, each composed of two (2) layers of 128 bidirectional long-short
term mem M) neurons. LSTM neurons were chosen due to their success in various
natural lan processing and scientific tasks where the sequential nature of inputs is

importantEMs are ordinal since they process inputs recurrently through time. There is

an internaglearnable logic and message passing within each neuron that allows retention of

observati ort- and long-time scales!®l. To minimize the effect of vanishing gradients
common i , we included residual skip layers in each block39l,
Since t ions are non-linear, we include non-linearity in the model using rectified-linear

(ReLu) activationfunctions following each layer. Between the encoder and decoder, we have

an embedding block. This block takes the output from the last timestep of the encoder, as a
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compact representation of the entire time series. This reduces the dimensionality in the

sequential ordinal domain from n to 1.

ey

In the emm(er, we impose regularization to prevent overfitting and control the
learning p . autoencoder is based on a B-variational autoencoder (VAE)®“0. VAEs
H

control thélatent distribution to be well behaved by encouraging it to match a statistical

_l(ﬂ)z

distributio<, in th, case, a Gaussian distribution f(x) = %me 2o’ ,where f(x) is

probability; function, o is standard deviation, and u is mean value. This is achieved
by encodingannput as a distribution over the latent space using two equal-sized dense
layers representiig the mean and variance. From these layers, a random point is sampled

from this Iﬁtribution and passed to a single fully-connected layer (n=16) with L,

activity re ion to reduce the output magnitude. To optimize VAESs, the mean squared

or is augmented with a KL divergence regularization term

reconstrug “

BKL[N (u,, V(0,1)]. The KL divergence measures how a probability distribution differs

from a refe istribution. Thus, this regularization term encourages the latent space to be
gaussi late the importance of the reconstruction, L; and KL-divergence loss
terms have linked hyperparameters A and f, respectively. 4 controls the penalty for large
embeddinhions, while the B term regulates the learning capacity with large values
imposing w statistical learning (i.e., belonging to a gaussian distribution). The g term

also acts as a disentanglement factor separating spectral modes into a set of characteristic

Gaussian @istributions on each neuron. VAEs have received significant applications in

materiaigafficioadbpy -+l

The model is optiwized using Adaptive Momentum Estimation (ADAM)[47:48] an improvement
on stochasti ient, to updating the weights from each minibatch based on the gradient to
minimi ss ==Y (% — 0)? + A% lag| + BKL[N (i, 6,),N(0,1)], where a; is the

activation of the embedding layer, N(u,,6,) represents the distribution of n features, u, is
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the mean value of n features, 0, is the standard deviation of n features, and N(0,1)

represents the normal reference distribution.

We teste el by training it on the same randomly generated toy spectral dataset for

6500 epomte cycles through the entire dataset), with a batch size of 300, and a
H I

learning r!e of 3x10-%. We used regularization scheduling to control the linked 4 and f

hyperparaggetens, during the training process. We primed the model by training with 1 and g

equal to Om

that the m 6,,),N(0,1)] represents 60% of the loss at epoch 2000. Subsequently, we

increase ﬁvalue 5x103and A by 1 x 1075 x 10# every 100 epochs. We note that

epochs. The initial value of g and the schedule rate was determined such

the model tively insensitive to reasonable hyperparameters.

We vaIidagd the model using the spectra generated from the painting of Nala and

preprocesm)reviously described. Since the embedding size of 16 is overparameterized

based on nd truth of 3 colors, we visualized the embedding maps through the training
processt selected the B value where only 3 channels reflected the original image, and
the rest aussian noise (Supplemental Movie 2). This process minimizes user bias as

The number of active channels is learned through disentanglement and interactively explored

following tf&ining rather than being set prior to training.

The result @ mbedding show all key characteristics of the painting (Figure 2g-i). This is

akin to identifying the spectroscopic differences in hyperspectral materials spectroscopy. We

extracted 8xamples of the best, median, and worst mean squared reconstruction loss to
vaIidathance. The results (Figure 2j-I) show that the B-VAE can capture
significantﬁof the essential spectroscopic detail missed by dictionary learning. Even in
the case of the worst fit, the neural network can capture the general spectroscopic shape

despite .Lg@ ertically shifted. This demonstrates a potential flaw of using the mean-squared

error as a metricWhen the fine structure is more important than the absolute value. All told,
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the B-VAE reproduces the spectroscopic shape with significantly better fidelity than dictionary

learning.

The modmnce can be best visualized by constructing a movie (Supplemental
Movie 3) coder as a generator. This movie is built by continuously linearly

H
sampling @icross an embedding distribution and generating the spectroscopic response from
the mean wng of the 100-nearest neighbor pixels. The results clearly show the

important copic phase shifts and are characteristic mixtures of the original functions.

D

To comp -VAE to dictionary learning, we constructed violin plots that show the

order-depended€grror distribution (Figure 2m). This plot shows that the error distributions for

Ul

dictionary learning are uniformly larger and more dispersed than the B-VAE. More

importantlyy, examples in the beginning and end of the generated spectra are Gaussian

[i)

distribute et from the 0 value. This indicates that dictionary learning is unable to learn

d

or lacks th ity to discover a reasonable solution. We note that the better performance
of the network is not merely the result of having more parameters such that it overfits

the trai . We validate the model by generating spectra across the full RGB color

M

gamut (Supporting Information Error! Reference source not found.). The predicted MSE

reconstruion error for the B-VAE is only 0.104, much lower than achieved using dictionary

learning (VG.186). These results demonstrate how in hyperspectral image analysis,
r )

non-linear, and statistically regularized machine learning methods, in this case,

LSTM B-SE can achieve improved performance and generalizability with less human

imposed hiased than linear, non-ordinal machine learning methods such as dictionary

learning.
While these S;u;'

developing and testing a toy model with a known ground truth and similar

s do not directly inform our understanding of electromechanical switching

characteristics t0%the scientific objective can elucidate advantages, disadvantages, and

limitations of machine learning methods. Generating an exemplar toy dataset improves
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confidence in the application and interpretability of machine learning models applied to real

experimental data.

We applie

@ models to hyperspectral images of electromechanical switching. We chose
a benchmarkK'sample, and hyperspectral dataset originally synthesized and collected by Agar
H
in 2015l49lgnd published using the open-source Creative Commons Attribution 4.0
Internationgl licBgsel?Sl. This dataset was collected from a 400 nm thick PbZro2Tio.sO3 / 30 nm
SrRuO3/ um 10) film grown using pulsed-laser deposition. These and similar
heterostnwave been extensively studied, and have been found to have a mixed
daldaan omain structure that emerges due to a strain-induced-spinodal
instability[zsample has interesting regions of strong vertical and lateral PFM response,
exhibits bgssical and unique two-step, three-state switching mechanismsl®d, has
collective switching behaviort®l, and has domain structure geometries that alters switching
mechanisff® electromechanical energy conversion by forming charged domain walls®9l.
PFM-b larization spectroscopy (BEPS; supporting information Error! Reference
source not foEError! Reference source not found.) was acquired to measure the
nanos g mechanisms. BEPS measures the voltage-dependent piezoresponse at
a band of frequencies near the cantilever resonance. Fitting the cantilever resonance to a

simple-harmanic oscillator model allows the extraction of the amplitude (4), phase (¢),

resonance
qualitative es of the piezoresponse, polarization direction, elastic modulus, and
energys This dataset was obtained by scanning a 2 ym region in a 60 x 60 grid.

Measuremients were conducted through two piezoelectric switching cycles, each with 96

ancy (w), and quality factor (Q) of the cantilever resonance which are

voltage steps. Alllsubsequent analysis was conducted on the second switching cycle in the
off-field state. her details are provided in the original manuscript where this dataset was
first pu{The dataset's interesting characteristics, quality, and availability have made
it a benchmark BEPS dataset studied in three peer-reviewed articles on machine learning in

electromechanical switching of ferroelectrics(344951,
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We start by exploring the efficacy of dictionary learning in capturing the important physics of
electromechanical switching in ferroelectrics. This approach is derived from a method

claiming to achieve “better,” “faster,” and “less-biased” machine learning of electromechanical

switching @ lectric thin-films34 with a few noted exceptions. The piezoelectric
hystere8isH@8P8 cre computed before training using P = A cos(¢ + 6) where 6 is the
optimum ngle. The piezoelectric hysteresis and resonance response loops were
normalize@ usingla standard scalar z = (x — u)/s. So-called dimensional stacking was used
to concategat piezoresponse and resonance data into a single 192-length vector.
Notably, omocessing steps exclude any anomaly suppression and mean subtraction

used in the referahced work34 as this imposes too much user bias for automated use and has

b

the potenti scure essential physics. Following fitting, using the best hyperparameter of

1

A=1 an = 5_were selected and are consistent with prior studies(®.

Author Ma
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Figure 4. ut of 5 learned embeddings (atoms) obtained from dictionary learning model

trained on dimensionality stacked piezoresponse and resonance hysteresis loops. Dictionary
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learning a,h. best, b,i. median, c,j. worst, reconstruction error of the piezoresponse and
resonance resonse, respectivly. k-m. 3 out of 5 learned embeddings obtained from 3-VAE
model thiezoresponse and resonance hysteresis loops. B-VAE n,q. best, o,r.
median, p&reconstruction error of the piezoresponse and resonance resonse,
respectiV I @EREr pixel mean squared reconstruction error of the combined piezoresponse

and resp sponse for dictionary learning and B-VAE. The errors are plotted on the

same colak scale§All maps are 2 um.

S¢r

We computed th@atoms for each spectrum and used their values to reconstruct the

Ul

ided supporting information Error! Reference source not found.). We can see

real-space | (Figure 4a-c). For brevity, we show only 3 out of 5 images (additional
images arﬁ

the key fem the domain structure are identified. The first coefficient map (Figure 4a)

identifies a of daldadomains. The contrast is most pronounced along the right-hand
bounda orresponds to the peak in the topography (supporting information, Error!
Refere urce not found.). The regions subtracted from the ¢ domains appear in the

second coefficient map (Figure 4b). These two regions has been attributed to changes in
switching wisms associated with charge domain wall formation[®'], that manifests as an
increase ictromechanical contact resonance. The third map (Figure 4c), highlights
the respon e a domains with a preference towards the left-hand boundary that

correspongs to the peak in the topography. This boundary is associated with asymmetric

h

ferroeang based on geometrically necessary charged domain wall formation.

These re be viewed as a movie where we linearly sample across the latent space
(supplem V|e 4). Overall, this shows is the dictionary learning model can disentangle
the pri erences in the domain structure and switching mechanisms.

Interpreting how the learned embeddings relate to the switching mechanisms and physics

requires the interpretation of the spectral reconstructions. This can be calculated by taking
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the dot product of the learned dictionary and atoms. While the model's overall performance
resulted in a MSE of (0.36), it is important to validate the models' accuracy in reproducing the
individu We show examples of the best, median, and worst reconstruction in the
dataset b dictionary learning model (Figure 4d-j). For comparative purposes, we
includeMe SUIEEISAIthe same data point generated using the B-VAE discussed later. Overall,
the resulth& that the dictionary learning model cannot capture the essential
spectrosc@ils. Even for the best example (Figure 4d,h), the reconstruction cannot
capture th of the softening that occurs during ferroelectric switching. On the example
with medi rré¥ (Figure 4e,i), we observe that the generated piezoelectric hysteresis loop

has a Iower-than;xpected piezoresponse. Even more concerning, the generated resonance

response h st zero correspondence to the actual spectra. Instead, the spectra look
like a clasﬁnance behavior during ferroelectric switching. Unsurprisingly, the worst
reconstrumure 4f j) has nearly no correlation with the actual ferroelectric hysteresis
loop or res behavior. Comparatively, the B-VAE reconstructions are markedly better in
all cases. oor quality of the dictionary learning reconstructions makes them unsuitable
for physi ased interpretations.

We condugted a similar analysis using the B-VAE as previously described. The raw data was

preprocessed. in the same way as for dictionary learning. Instead of appending the

piezoresp and resonance spectra, these were joined as two independent dimensions.
The mode ined for 20,000 epochs using ADAM optimizer with a learning rate of (3 x
10%9). n scheduling was used to increase the magnitude of p and A by n x 0.0025

and 1 Honﬂ every 1,000 epochs, respectively. The B scheduling rate was

determined suchfthat it contributed to 60% of the loss when first changed from 0.

Followi ing, we extracted the activations from the low dimensional embedding layer
and reconstr the values as images for each epoch. By watching this movie

(supplemental movie 5), we can observe how [ disentangles features. We used this to select
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a model where the important features are sufficiently disentangled. For consistency with the
dictionary learning, we selected the model at 13,977 epochs where the embedding
condenﬁannels, with the rest being Gaussian noise (Supporting information Error!
Referenc@t found.). For brevity, we show only 3 out of 5 learned embeddings
(Figure™ keFyg@ditional maps (Supporting information Error! Reference source not found.).
The first g (Figure 4k) identifies regions with a d/ald a-a/a- domain structure. The
second emibeddiflg (Figure 4l) identifies areas within the a/a-band, with a preference
towards theip c/a boundary similar to what was identified with dictionary learning (Figure
4)). Finallmm embedding (Figure 4m) highlights the a/a-band near the valley c/a

boundary. This région has been previously shown to undergo a symmetric three-state,

Gl

two-step, f tic switching process/1l,

To evaluate the model's performance, we once again plot example reconstructions with the

d

lowest, medi d highest mean-squared reconstruction error for the -VAE (Figure 4n-s).
The re hat the best and median reconstructions (Figure 4n,0,q,r) capture all the
key spectros details of the piezoresponse and resonance spectra. All the essential
details troscopic curvature related to the switching mechanism can be captured

with the Ba/AE. The fit results are uniformly better than the dictionary learning model on the

same spectra_Finally, unsurprisingly, the generated spectra with the highest error (Figure

significrdemonstrates that our model is well regularized and not merely overfitting
the dat

=

To further the performance of the dictionary learning and 3-VAE model, we

4p,s) do pond well to the raw data; this is likely just an outlier data point of minimal

computed n-squared reconstruction error for each spectrum and plotted it as an
image qain structure. Both plots are visualized on an identical scale from 0 to 0.5.
Starting wit ictionary learning model (Figure 4t), we observe a large MSE highly
correlated with the domain structure. This means that the model significantly underfits the
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data and lacks the capacity to describe the physics. Comparatively, the B-VAE has a

uniformly lower MSE with only minimal correlation to the domain structure (Figure 4u),

indicating odel has the capacity to learn the data. This suggests that the 3-VAE can
ifold of the same dimensionality reduction as dictionary learning with a
much HigHem&apacity to encode the underlying physics. This improved performance is mainly
due toits h learn non-linear functions and consider the ordinal nature of data. To

further an@lyze the differences in the models’ learning potential, we constructed violin plots of

C

the mean uction error at each spectral index (Supporting Information, Error!

Reference not found.). Visualizing the reconstruction error in this way reveals that the

dictionary learning model, compared to the B-VAE model, has a much larger error

S

distribution gaussian, has more outliers, and is systematically shifted from the

zero-axis (Adicating that it is underfitting and thus cannot accurately model the observed

[

response

d

Having t both models can, at first pass, provide statistical descriptors of the
observed res es, we sought to explore how the choice of the model influences physics
interpr . rting with the dictionary learning model, generation of the spectra as we
increase tw of the embedding (atom) identified primarily within the dalda domains

reveals incregsing square hysteresis loops and evidence of increased resonant frequency

from the pg
valley rows a continuation of the hardening process (Figure 5b). This observation
is not charge injection as it is highly correlated to the domain structure, and is

along tmn direction. The third embedding extracted (Figure 5¢), highlights the

alley boundary (Figure 5a). The corollary to this response closer to the

response in the ;domains with a preference towards the left-hand boundary corresponding
to the topogr: peak. The extracted responses look like a classical piezoelectric hysteresis
loop wiﬁ(enhanced) piezoresponse at the a domains (¢ domain) regions. We note
that the generated spectrum shows no evidence of intermediate concavities and hardening

processes associated with three-step, two-state ferroelastic switching mechanisms that have
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been observed using manual and more robust machine learning analysis approaches.

Further analysis of the learned features and spectral representations is provided (supporting

informatio! rl Reference source not found.).

We cond lar analysis of the B-VAE embedding and learned spectroscopic
H

behavior (@upplemental Movie 6). Starting with the response in the a/az-band, with a

preferencus the peak c/a boundary (Figure 6d), we observe three characteristic

trends. TheWpieZoresponse hysteresis loop goes from large and square to reduced and

slightly tiltgd.Furthermore, the suppressed piezoresponse loops (yellow) show intermediate

S

concavitie sonance hardening when switching under positive and negative bias,

3

associate g e three-step, two-state ferroelastic switching mechanismb'l. Finally, we

observe régsonance softening as we move toward the peak boundary. The second discussed

ann

embedding (Figure 5e), highlights the a/a-band near the valley ¢/ a boundary. In the dark
regions, t ated spectra reveal classical ¢-like hysteresis loops and resonance
behavi , in the light regions (yellow) towards the valley a/a-band, we see

suppressed esponse hysteresis loops, intermediate concavities in the piezoresponse,

M

and ha positive bias switching. This behavior was experimentally attributed to and
confirmedgith phase-field modeling to be related to asymmetric charge domain wall

formation during switching due to the domain geometry®®'l. The dictionary learning model

obscured portant physical mechanism. The final embedding discussed (Figure 5f)
shows thece in the g domains and along the c/a-a+a-boundary. As the embedding
moves o light, we observe slightly suppressed piezoresponse and increased tilt of

the piezoelecltric hysteresis loops. The resonance softening becomes less pronounced. We

attribute these spectroscopic changes to the increased ferroelastic switching. We note that
the suppressi the piezoresponse is less pronounced than in the a/a-band because of
the lar e fraction of c¢-like character. We provide further discussion of the learned

embedding (supporting information Error! Reference source not found.).
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All told, unsurprisingly, similar to the toy dataset, the dictionary learning model can identify
the key characteristic regions associated with the domain structure, and the switching
mecham unable to represent the spectroscopic details correctly. This is confirmed
both by th@ality of the spectral reconstruction and the significant deviation of the

Iearneclxtion from the known physics. Thus, interpretation of the learned

dictionari constructions is highly likely to result in misleading conclusions.
Conversely, the 38VAE has a much lower reconstruction error and thus is more adept at
reconstrucii identifying important switching mechanisms. This is not to say that the
B-VAE hamre modes, just fewer. Any conclusion aided by machine learning methods

must be rigorousi validated mathematically, empirically, and theoretically.

The signifﬁnf improvement in the aptitude of the B-VAE model is related to the model’s
consideration of the structure and information content in the data. Unlike dictionary learning,
the B-VAE 'n s non-linearity and can consider the ordinal nature of the data. The B-VAE

includ t structural improvements on our prior work, a deep recurrent neural

network®1, T y advantages are that the B-VAE uses regularization scheduling to, without

bias, d eatures. Furthermore, the imposition of the KL-divergency constraint
regularize!the latent space to be defined by a gaussian distribution making the latent space
more interpolatable and interpretable. While training dictionary learning models is generally

faster this @ what of a moot point since it is non-performant. We highlight the key

difference onary learning and B-VAEs in analysis of electromechanical switching
(table |

r details (see supporting information).

I

Table I. Cjn of dictionary learning and B-VAE in the analysis of electromechanical

switching
q Dictionary Learning B-VAE
Reconstruction Quality Poor Good
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Ordinal No Yes

Nonlinear No Yes
Trainiag tim Minutes Hours
Inference time Minutes Minutes

Influefice of Blyperparameters Sensitive Less sensitive

€

In conclu

S

emonstrate using toy and experimental benchmark datasets some of the

challenge ying machine learning models to ferroelectric switching and scientific data

L

broadly. that while nearly any machine learning model can be used to categorize

responsesy this can be purely statistical without any correlation to physics. Specifically, we

f

develop a hat supports data fusion of resonance and piezoresponse data, which we

train usin zation scheduling to disentangle spectroscopic features into a nearly

&

gaussi ace automatically. We compare this model to a recently lauded linear,

non-ordin ary learning model and show that the B-VAE can capture the essential

W

spectroscopic features important for unraveling classic ferroelectric and three-state, two-step

ferroelectns switching mechanisms observed in PbZr2Tio.sO3 with hierarchical c/a-ai/az

domain stri . The dictionary learning model cannot. Ultimately, this shows when
analyzing ar hyperspectral data, it is essential to have models capable of learning
non-Iinearﬂtrends. Finally, this work highlights the importance and complexities of
rigorou lidation to avoid deriving misleading physical conclusions based on the

interpreta#on of machine-learned results.
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Figure 5. Extracted embeddings and generated spectra obtained from a-c. Dictionary
learning model, and d-f. B-VAE. The colors on the maps on the left reflect the colors on the
spectra o#tl e |i ht. Generated spectra are created from the mean of the 100 nearest

neighbors early sampling across the embedding space. All maps are 2 um.

I
ExperimMection:

Data Acq@ll samples, and data were obtained from prior studies published by Agarl4¢-
51, The d for this manuscript was available open source associated with these

publications. ails regarding the experimental methods should refer to the original works.

Machine : Methods: All computational analysis was completed in Python using
open-sou‘e packages. Throughout analysis randomly selected random seeds were used to

ensure reproducihility. Dictionary learning methods were derived from the open source

packages\@nd e associated with reference 34, All analysis codes are provided as a
Jupyte All code blocks derived from code originating from reference 34 is
identified b en source license which it is derived. Design and development of the
B-VAE model'was conducted using TensorFlow. Utility functions to simplify deployment and

impIemenStion are provided in the M3-Learning group research package DeepMatter!#6l. This

package is sed open source and is pip installable.

All deep le models were trained on a Lambda Labs deep learning workstation with two
TitanRTngUs. All codes, analysis, and data visualization is provided as an reproducible
and interagtive Japyter Notebook capable of running using free remote services on Google

Collab. Wj a video demonstrating the use of this notebook (supplemental movie 7).

Supporti rmation

Supporting In ation is available from the Wiley Online Library or from the author.
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Data Availability

All dataMsis codes are made openly available under the BSD 3-Clause License.

Data is prenodo[53l, which is a complied version derived from the original release

of this @twm analysis codes are provide within the M3-Learning GitHub package
DeepMattMspecific analysis conducted in this work is available as an excitable Jupyter

Notebook@whichican be run on Google Collab or a local Python instance.

Acknow%ents

The original data was collected at UC-Berkeley and the Center for Nanophase Materials
Sciences idge National Laboratory. Oak Ridge National Laboratory is a US DOE Office
of Scienc@ User Facility. S.Q., acknowledges primary support from the National Science
Foundatio grant TRIPODS + X:RES-1839234 and DOE Data Reduction for Science
award Re@ata Reduction Codesign at the Extreme Edge for Science. Y.G. and J.C.A,,
acknowledge pfimary support from Army Research Laboratory Collaborative for Hierarchical
Agile an onsive Materials. A. T. K. acknowledges support from ORAU University

Partnershi d the Lehigh Presidential Initiative on Nanohuman Interfaces.

Conflictsgof Interest

The autho@re no conflicts of interest

Ferroelectl'c sw"ching, machine learning, deep learning, scanning probe microscopy,

piezoresp e microscopy, multimodal hyperspectral imaging, unsupervised learning,
dimensionali uction

This article is protected by copyright. All rights reserved.

35L90| 7 SUOWILLIOD SAIRSID) 3|qedtdde a4y Aq peuseoh ae SajpIe YO ‘88N Jo SN 10y AelqiT auljuO AS]IA UO (SUOIPUOI-PUR-SWLB)W0D A3 | 1M AleIq 1 U1 UO//:SANY) SUOIIPUOD PUe SIS | 8U1 39S *[17202/80/9T] UO ARIqIT 8UIIUO AB|IA ‘UOIIRWLOLU [ED1ULDS L PUY D1NUSIS JO 3110 AQ 118202202 eWPe/Z00T OT/I0p/Wwod" A8 | Arelq 1jputjuo//sdiy Wwouy papeojumoq ‘L ‘2202 ‘S60vTZST


https://colab.research.google.com/github/m3-learning/DeepMatter/blob/main/Notebooks/Why_it_is_Unfortunate_that_

References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

T

R. J. QD. Rossell, J. X. Zhang, A. J. Hatt, Q. He, C.-H. Yang, A. Kumar, C. H.

walg A Melille, C. Adamo, G. Sheng, Y.-H. Chu, J. F. Ihlefeld, R. Erni, C. Ederer, V.

Gopah. Chen, D. G. Schlom, N. A. Spaldin, L. W. Martin, R. Ramesh, Science

2009,@7.

A. R. Wran, C.-W. Liang, Q. He, C.-Y. Peng, L. Chang, Y.-H. Chu, L. W. Martin,
Aav. 11, 23, 3170.

Zhan

Martimommun. 2019, 70, 3951.

X. Lu, , Y. Cao, Y. Tang, R. Xu, S. Saremi, Z. Zhang, L. You, Y. Dong, S. Das, H.
ng, H. Wu, W. Lv, G. Xie, X. Liu, J. Li, L. Chen, L.-Q. Chen, W. Cao, L. W.

R. S. Saremi, R. Gao, J. J. Wang, Z. Hong, H. Lu, A. Ghosh, S. Pandya, E.
Bonturim, . Chen, L. Q. Chen, A. M. Rappe, L. W. Martin, Nat. Commun. 2019, 70,
12

F. Xu,s. Trolier-McKinstry, W. Ren, B. Xu, Z.-L. Xie, K. J. Hemker, J. App/. Phys. 2001,
S. ,

89 13
F. Li,
J. hrout, L.-Q. Chen, Nat. Commun. 2016, 7, 13807.

T.Yang, Z. Xu, N. Zhang, G. Liu, J. Wang, J. Wang, Z. Cheng, Z.-G. Ye,

Z. Gu,IS. Pandya, A. Samanta, S. Liu, G. Xiao, C. J. G. Meyers, A. R. Damodaran, H.
Barak, A. DaSgupta, S. Saremi, A. Polemi, L. Wu, A. A. Podpirka, A. Will-Cole, C. J.
Hawle *Davies, R. A. York, I. Grinberg, L. W. Martin, J. E. Spanier, Nafure 2018,

560,

R. Ramesh, Microsc. Microanal. 2016, 22, 1246.

This article is protected by copyright. All rights reserved.

35L90| 7 SUOWILLIOD SAIRSID) 3|qedtdde a4y Aq peuseoh ae SajpIe YO ‘88N Jo SN 10y AelqiT auljuO AS]IA UO (SUOIPUOI-PUR-SWLB)W0D A3 | 1M AleIq 1 U1 UO//:SANY) SUOIIPUOD PUe SIS | 8U1 39S *[17202/80/9T] UO ARIqIT 8UIIUO AB|IA ‘UOIIRWLOLU [ED1ULDS L PUY D1NUSIS JO 3110 AQ 118202202 eWPe/Z00T OT/I0p/Wwod" A8 | Arelq 1jputjuo//sdiy Wwouy papeojumoq ‘L ‘2202 ‘S60vTZST



[9] P. Shafer, P. Garcia-Fernandez, P. Aguado-Puente, A. R. Damodaran, A. K. Yadav, C.

T. Nelson, S.-L. Hsu, J. C. Wojdet, J. iﬁiguez, L. W. Martin, E. Arenholz, J. Junquera, R.

{

Rame oc. Natl. Acad. Sci. U. S. A. 2018, 775, 915.

[10]S. M. *L. Collins, R. Vasudevan, C. Smith, S. Somnath, V. Y. Shur, S. Jesse,

A. L. holkin, S. V. Kalinin, B. J. Rodriguez, ACS Appl. Mater. Interfaces 2018, 70,

42674

[11]P. Tlc el, |. Gaponenko, N. Caballero, J. C. Agar, L. W. Martin, T. Giamarchi, P.

oC

Paruc 'hys. Rev. Lett. 2021, 726, 117601.

[12]A. Gruvermah, M. Alexe, D. Meier, Nat. Commun. 2019, 70, 1661.

U

[13]A. Belianinov, A. V. levlev, M. Lorenz, N. Borodinov, B. Doughty, S. V. Kalinin, F. M.

[

Ferna . S. Ovchinnikova, ACS Nano 2018, 72 11798.

[14]S. Jesse, S™V. Kalinin, J. Phys. D Appl. Phys. 2011, 44, 464006.

[15]K. P. Kell . V. Kalinin, M. Ziatdinov, O. Paull, D. Sando, V. Nagarajan, R. K.
Va . Jesse, Appl. Phys. Lett. 2021, 779, 132902.

[16] E. Strélcov, Y. Kim, S. Jesse, Y. Cao, I. N. lvanov, I. |. Kravchenko, C.-H. Wang, Y.-C.

Teng, hen, Y. H. Chu, S. V. Kalinin, Nano Lett 2013, 73, 3455.
[17]1D. Kim Vasudevan, K. Higgins, A. Morozovska, E. A. Eliseev, M. Ziatdinov, S. V.
Kalini madi, J. Phys. Chem. C Nanomater. Interfaces 2021, 125, 12355.

[18]C. So!ﬁao, R. K. Vasudevan, S. M. Neumayer, N. Balke, J. M. Ok, D. Lee, E.

QF

Skoro Y. Jeong, Y.-M. Kim, H. N. Lee, Sci. Aadv. 2021, 7, DOI

10.11 v.abd7394.

[19] M. Ziatdin . Kim, S. Neumayer, L. Collins, M. Ahmadi, R. K. Vasudevan, S. Jesse, M.

H. Ann, J. H. Kim, S. V. Kalinin, J. Appl. Phys. 2020, 728, 055101.

This article is protected by copyright. All rights reserved.

35L90| 7 SUOWILLIOD SAIRSID) 3|qedtdde a4y Aq peuseoh ae SajpIe YO ‘88N Jo SN 10y AelqiT auljuO AS]IA UO (SUOIPUOI-PUR-SWLB)W0D A3 | 1M AleIq 1 U1 UO//:SANY) SUOIIPUOD PUe SIS | 8U1 39S *[17202/80/9T] UO ARIqIT 8UIIUO AB|IA ‘UOIIRWLOLU [ED1ULDS L PUY D1NUSIS JO 3110 AQ 118202202 eWPe/Z00T OT/I0p/Wwod" A8 | Arelq 1jputjuo//sdiy Wwouy papeojumoq ‘L ‘2202 ‘S60vTZST



[20]S. V. Kalinin, E. Strelcov, A. Belianinov, S. Somnath, R. K. Vasudevan, E. J. Lingerfelt, R.

K. Archibald, C. Chen, R. Proksch, N. Laanait, S. Jesse, ACS Nano 2016, 70, 9068.
[21]1M. Ram Wolkow, ACS Nano 2018, 72, 5185.
[22] E. azdimami Kim, Phys. Chem. Chem. Phys. 2019, 21, 19720.
[23]S. Jessg, . Kalinin, Nanotechnology 2009, 20, 085714.

[24]R. Kan CA. V. levlev, N. Laanait, M. A. Ziatdinov, R. K. Vasudevan, S. Jesse, S. V.

Kalini v Struct Chem Imaging 2018, 4, 6.

[25]J. C. Agar, 5Nau|, S. Pandya, S. van der Walt, R. Yao, J. Maher, J. Neaton, S. Kalinin,

R. Vas , Y. Cao, J. Bloom, L. Martin, 2018, DOI 10.5281/ZENODO.1482091.

[26]S. Farley, J. E. A. Hodgkinson, O. M. Gordon, J. Turner, A. Soltoggio, P. J. Moriarty, E.

Hunsigke ch. Learn.: Sci. Technol. 2020, 2 015015.

[27]K. an, J. N. Kutz, S. L. Brunton, Proc. Math. Phys. Eng. Sci. 2020, 476, 20200279.

[28]B. ilva, K. Champion, M. Quade, arXiv preprint arXiv 2020.

[29]N. Sriflastava, G. Hinton, A. Krizhevsky, |. Sutskever, R. Salakhutdinov, J. Mach. Learn.

Res. 2 . 1929.

[30]G. Klam er, T. Unterthiner, A. Mayr, S. Hochreiter, Adv. Neural Inf. Process. Syst.

2017,%g0.

[31]“Geo!'ey Hlnton talk ‘What is wrong with convolutional neural nets ?,”” can be found

under https:/Mvww.youtube.com/watch?v=rTawFwUvnLE, 2017.

[32]“Im lassification Leaderboard,” can be found under

https:// github.io/Computer-Vision-Leaderboard/imagenet.html, n.d.

This article is protected by copyright. All rights reserved.

35L90| 7 SUOWILLIOD SAIRSID) 3|qedtdde a4y Aq peuseoh ae SajpIe YO ‘88N Jo SN 10y AelqiT auljuO AS]IA UO (SUOIPUOI-PUR-SWLB)W0D A3 | 1M AleIq 1 U1 UO//:SANY) SUOIIPUOD PUe SIS | 8U1 39S *[17202/80/9T] UO ARIqIT 8UIIUO AB|IA ‘UOIIRWLOLU [ED1ULDS L PUY D1NUSIS JO 3110 AQ 118202202 eWPe/Z00T OT/I0p/Wwod" A8 | Arelq 1jputjuo//sdiy Wwouy papeojumoq ‘L ‘2202 ‘S60vTZST



[33]J. C. Agar,
JagarZ/Machine-Detection-of-Enhanced-Electromechanical-Energy-Conversion-in-Pbzr0

2Ti0. _Thin-Films: Initial Release, Zenodo, 2017.

[34]L. A. Nt
H

[35] “Mleritten digit database, Yann LeCun, Corinna Cortes and Chris Burges,” can

be fo».@r http://yann.lecun.com/exdb/mnist/, n.d.

[36] “Cocwrnon objects in context,” can be found under https://cocodataset.org/, n.d.

ponenko, N. Bassiri-Gharb, Adv. Mater. 2020, e2002425.

[37]1Z. C. 3 Berkowitz, C. Elkan, arXiv [cs.L G]2015.

[38]K. S. ﬁocher, C. D. Manning, in Proceedings of the 53rd Annual Meeting of the

Assoclati r Computational Linguistics and the 7th International Joint Conference on

Nafurm/age Processing (Volume 1: Long Papers), Association For Computational

Linguisticsi®8troudsburg, PA, USA, 2015.

[39]K. He, X. g, S. Ren, J. Sun, in 2016 /EEE Conference on Computer Vision and

P. nition (CVPR), |IEEE, 2016.

[40]C. P. siﬁess, I. Higgins, A. Pal, L. Matthey, N. Watters, G. Desjardins, A. Lerchner,

arXiv 2018.

[41]Y. Liu, sch, C. Y. Wong, M. Ziatdinov, S. V. Kalinin, Adv. Mater. 2021, 33,
e2

[42]S. V. Kalinin, J. J. Steffes, Y. Liu, B. D. Huey, M. Ziatdinov, Nanotechnology 2021, 33,

0557
[43]Y. Lai . Huey, M. A. Ziatdinov, S. V. Kalinin, arXiv fcond-mat.mtri-sci] 2022.

[44]S. V. Kalinin, O. Dyck, S. Jesse, M. Ziatdinov, Sc/ Adv2021, 7, DOI

10.1126/sciadv.abd5084.

This article is protected by copyright. All rights reserved.

35L90| 7 SUOWILLIOD SAIRSID) 3|qedtdde a4y Aq peuseoh ae SajpIe YO ‘88N Jo SN 10y AelqiT auljuO AS]IA UO (SUOIPUOI-PUR-SWLB)W0D A3 | 1M AleIq 1 U1 UO//:SANY) SUOIIPUOD PUe SIS | 8U1 39S *[17202/80/9T] UO ARIqIT 8UIIUO AB|IA ‘UOIIRWLOLU [ED1ULDS L PUY D1NUSIS JO 3110 AQ 118202202 eWPe/Z00T OT/I0p/Wwod" A8 | Arelq 1jputjuo//sdiy Wwouy papeojumoq ‘L ‘2202 ‘S60vTZST



[45] M. Ziatdinov, S. Kalinin, arXiv [physics.data-an]2021.

[46] R. W Ziatdinov, R. Vasudevan, M. Valleti, V. Tileli, S. V. Kalinin, arXiv

[cond@a] 2020.

[47]D. B. kingmas J. Ba, arXiv [cs.L G]2014.
[48]G. Go istill 2017, 2, e6.

[49]J. C. Agar,Y. Cao, B. Naul, S. Pandya, S. van der Walt, A. |. Luo, J. T. Maher, N. Balke,
S. Jew Kalinin, R. K. Vasudevan, L. W. Martin, Advanced Materials 2018, 30,

e180

essS. V.
[50]A. R. ran, S. Pandya, J. C. Agar, Y. Cao, R. K. Vasudevan, R. Xu, S. Saremi, Q.
Li, J. . McCarter, L. R. Dedon, T. Angsten, N. Balke, S. Jesse, M. Asta, S. V.

KalinimMartin, Adv. Mater. 2017, 29, 17020609.

[51]J. Naul, S. Pandya, S. van der Walt, J. Maher, Y. Ren, L.-Q. Chen, S. V.

Kalinin, asudevan, Y. Cao, J. S. Bloom, L. W. Martin, Nat. Commun. 2019, 70,

48

[52] DeepMigtter: Package for Advanced Machine Learning for Materials Science, Github, n.d.

[63]J. Ag, 2022, DOI 10.5281/ZENODO.6321172.

[54]can b nder
https: om/m3-learning/DeepMatter/blob/main/Notebooks/Why _it_is_Unfortunate
t

_that 'B r,” “Faster,”_and_“Less_Biased”_Linear_Machine_Learning_Models_“Work”
_S0_ in_Electromechanical_Switching_of_Ferroelectric_Thin_Films.ipynb, N.d.
[55]A. an, O. Auciello, H. Tokumoto, Annual Review of Materials Science 1998, DOI

10.1146/a rev.matsci.28.1.101.

[56]B. J. Rodriguez, C. Callahan, S. V. Kalinin, R. Proksch, arXiv [cond-mat.mtri-sci] 2007

This article is protected by copyright. All rights reserved.

35L90| 7 SUOWILLIOD SAIRSID) 3|qedtdde a4y Aq peuseoh ae SajpIe YO ‘88N Jo SN 10y AelqiT auljuO AS]IA UO (SUOIPUOI-PUR-SWLB)W0D A3 | 1M AleIq 1 U1 UO//:SANY) SUOIIPUOD PUe SIS | 8U1 39S *[17202/80/9T] UO ARIqIT 8UIIUO AB|IA ‘UOIIRWLOLU [ED1ULDS L PUY D1NUSIS JO 3110 AQ 118202202 eWPe/Z00T OT/I0p/Wwod" A8 | Arelq 1jputjuo//sdiy Wwouy papeojumoq ‘L ‘2202 ‘S60vTZST



[57]1A. Labuda, R. Proksch, Appl. Phys. Lett. 2015, 706, 253103.

MachinW]as been lauded as the solution to many computational challenges in

materials The democratization of these tools has created justified concern about

their misa . Here, we demonstrate how linear, non-ordinal models can provide an
H

illusion of f@arning details of electromechanical switching in ferroelectrics if not rigorously

vaIidated.@elop a non-linear, ordinal deep learning method that can consider

non-linear and the sequential nature of scientific data. This method overcomes some

of the sho%s of more simplistic models.
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