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SUMMARY

Due to their exceptional piezoelectric properties, ferroelectric materials
are extensively used for electromechanical applications, ranging from med-
ical ultrasound transducers, to speakers, micro and nano-positioners, etc..
In particular, solid solutions of ferroelectric perovskites are the most widely
used materials, due to their order of magnitude larger response when com-
pared to other ferroelectrics. The large response of these materials is at-
tributed to a wide range of physical and chemical phenomena, including:
the in uence of a morphotropic phase boundary (MPB), the presence of
chemical and polar heterogeneties, extrinsic contributions from ferroelec-
tric domain walls and phase boundaries, and more. While these individual
phenomena have been studied for decades, much about them remains poorly
understood.

Concurrently, increasing computational power has brought to prominence
a set of complex statistical approaches commonly referred to as machine
learning (ML) techniques. In recent years, these ML approaches have been
combined with advancead-situcharacterization techniques, capable of pro-
ducing unprecedented amounts of data, to accelerate the assessment of fer-
roelectrics and many other functional materials. However, the shortcomings
of ML, such as their “interpretability” and lack of physical constraints, have

become increasingly apparent and hindered many ML based studies.
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This work addresses the electromechanical response of ferroelectric per-
ovskite solid solutions and the effectiveness of ML techniques applied to
this eld. In particular, lead zirconate titanate (PZT) and lead manganese
niobate-lead titanate (PMN-xPT), which exhibit some of the largest reported
piezoelectric properties, are investigated. Characterization is achveved
piezoresponse force microscopy (PFM), and an open-source wide band-
width PFM variant is developed to expand the capabilities of the technique.
Insight into the obtained data is achieved with a variety of unsupervised ML
approaches, the limitations of which are addressed through use of a quanti-
tative methodology developed here.

First, the local piezoresponse of (1-x)PMN-xPT is investigated as a func-
tion of space, time, applied electric- eld, and for a range of compositions at
x=0, 0.28, 0.40. Due to a lack of physical and/or chemical constraints, ML
analysis of such a multi-parameter characterization is dif cult, as behav-
lors cannot be correlated across the various parameters. To facilitate such
an analysis, dimensional stacking, a method for imposing constraints and
allowing for correlation of the various measurement parameters, was de-
veloped. With this approach, the evolution of time- and voltage-dependent
electromechanical behaviors were tracked across different chemical com-
positions and a glassy phase associated with the relaxor end member was
identi ed. Furthermore, the glassy relaxor-like behavior was shown to per-

sist into compositions with large amounts of the ferroelectric end-member,
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including those traditionally considered simply “ferroelectric”.

Expounding upon dimensional stacking, a scienti cally consistent pro-
cedure for applying ML was developed. This procedure utilizes constraints
provided by dimensional stacking, but also minimizes user bias and the ef-
fects of over tting by advocating a quantitative and reproducible approach
to model selection. The procedure was demonstrated on previously reported
data characterizing the voltage-dependent piezoresponse in PZT Ims over
a micron-scale area. The results were compared to two previous ML-based
reports assessing this data, which identi ed exotic physical phenomena. We
demonstrate that the experimental data are well-described by classical fer-
roelectric theory and that limitations with the data set and biased application
of previously reported ML-methodologies can result in substantial misinter-
pretation of data and analysis output.

Lastly, the voltage-dependence of the local piezoresponse in 0.60PMN-
0.40PT was investigated, probing the effect of ferroelectric domain walls.
Ferroelectric domain walls contribute from 40 to 80% of the overall piezo-
electric response in ferroelectric solid solutions, however it is unclear if
such contributions persist at smaller length scales. Through application of
ML approaches, proximity to domain walls was not found to impact the
piezoresponse. Yet, when traditional statistical analysis was applied to the
same data a limited impact was identi ed, highlighting an unavoidable lim-

itation in ML: comparatively weak statistical trends can be ignored. This
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weak dependence of the switching behavior on domain walls was suggested
to be due to underlying material heterogeneities acting as nuclei for polar-
ization reversal, effectively curtailing the impact of domain walls. These
results suggest that future work should concentrate on controlling these het-
erogeneities as opposed to the traditional approach of domain engineering.
The studies presented in this thesis highlight the power and limitations
of “off-the-shelf” ML-based analysis applied to materials science. Through
development of the instrumentation and the application of ML methodolo-
gies discussed here (namely, systematic clustering and dimensional reduc-
tion approaches augmented by data set stacking guided through physical
and chemical understanding of the existing phenomena), signi cant contri-
butions to the scienti ¢c understanding of the electromechanical response in
complex ferroelectric oxides were achieved. Namely, new understandings
of how composition and a glassy domain state affect the piezoresponse be-
havior in PMN-xPT were discovered and a composition previously purely
considered to be “ferroelectric” was shown to exhibit glassy relaxor-like be-
havior. However, physically meaningful and unbiased results were found to
require appropriate methodology and physical/chemical constraints. Addi-
tionally, the nal study underscored a remaining limitation in these off-the-
shelf ML approaches, speci cally: these approaches can be limited when
attempting to identify complex and statistically weak behavior. However,

by supplementing ML with traditional statistical techniques, the nal study
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also highlighted that increased sub-micron heterogeneities could reduce the

impact of domain walls.
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CHAPTER 1
INTRODUCTION AND LITERATURE REVIEW

Piezoelectric materials are electromechanically coupled, i.e. an applied
stress or strain yields a polarization and an applied electric eld results in a
stress or strain in the material. This coupling is due to an asymmetric elec-
tric dipole moment in the material and is the fundamental physical process
at the heart of technologies such as sensors, actuators, ultrasound transduc-
ers, and energy harvestérs34>®Naturally, the limitations of these tech-
nologies are directly impacted by the ef cacy of this physical process and
improvement in the functional response of these materials has resulted in
corresponding improvement in these technologf&sypically, the strength
(or magnitude) of the piezoelectric response of a material is quanti ed with
the piezoelectric coef cient.

Speci cally, the piezoelectric effect for an unconstrained material and

for small electric elds is described by:

Di = djkx x or Di= ej Xk (1.1)

whereD; is the electric displacement eld generated by an applied stress
( jk) or strain ;<) anddjx andey are the piezoelectric coef cients, a

third rank tensor. Conversely, the stress or strain generated by an applied
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Figure 1.1: Schematic of the crystallographic point groups that illustrates the relationship
between piezoelectricity and ferroelectricitiy.

electric eld is given by:

Xjk = Oij Ek or j = & Ex (1.2)

The same equations can be expressed in reduced notation:

Di=dj j or Di= gX;
(1.3)
Xi = dyE; or = ¢gE;

Here, j andx; are reduced to; andx;, respectively. The shear stresses
(and similarly strains) are replaced with , 5, and . For example,
consider an electric eld applied uniformly in the thickness direction of a
piezoelectric sampldH3), strain along the thickness directio] would be
X3 = ds33E3 and in-plane strain (assumixg = X,) would bex; = d3.Es.
These coef cientsdsz andds;) are the most commonly reported piezoelec-

tric coef cients and are referred to as the longitudinal piezoelectric coef -



cient and the transverse piezoelectric coef cient, respectively.

The values of these coef cients can span several orders of magnitude,
over a wide range of materials. Of the 32 crystallographic point groups, 21
are non-centrosymmetric, with 20 of those demonstrating piezoelectricity
(Fig. 1.1). These 20 point groups can be further divide into polar and non-
polar groups. Those which exhibit a spontaneous polarization are called
polar materials and those that do not are non-polar materials. In some polar
materials an applied electric eld can reorient the spontaneous polarization,
while in others the eld required to reorient the polarization exceeds the
dielectric strength of the material. These "re-orientable” materials are fer-
roelectrics’1%and ferroelectric perovskites (of the form ABre the most

widely used piezoelectric materials.

1.1 Ferroelectrics

A material can be classi ed as ferroelectric if: 1. the material exhibits a
spontaneous polarization and 2. the polarization is switchable by appli-
cation of a suf ciently large electric eld®!! The quintessential polariza-
tion dipoles begin to form at suf ciently low temperatures (below the Curie
temperature[.), while at high temperatures, ferroelectrics are in a cubic
non-ferroelectric paraelectric phase (Fig. 1.2a). In general, the polarization
directions are based upon the minimization of the electrostatic (e.g. depo-

larizing elds) and mechanical energy (e.g. strain during the phase tran-



Figure 1.2: lllustration of a) the cubic paraelectric phase and a tetragonal ferroelectric
phase for a perovskite material, b) the available polarization directions for a (001) tetrag-
onal crystal, and c) the available polarization directions for a (001) rhombohedral crystal.
T For simplicity, only upward polarization directions are indicated for the rhombohedral
distortion in (c).

sition)>1? and limited to the directions available for the particular crystal
distortion (e.g. Fig. 1.2b and c). During cooling, regions of nearly uniform
polarization directions typically coalesce and form ferroelectric domains,
which are divided by ferroelectric domain walls. Domain walls are named
according to the angle between the two separated domains, e.g. for a tetrag-
onal crystal (Fig. 1.2b), if domain As polarization points “up” and domain
B's points “down” then the wall separating them would be a 186main

wall. The switching of these domains and movement of domain walls are

the physical drivers of the quintessential ferroelectric curve, the hysteretic



Figure 1.3: Schematic representation of the (a) polarization-electric eld (P-E) loop and
(b) domain states at important points along the hysteresisiddp

polarization vs. electric eld (PE) curve (Fig. 1.3), which describes the
non-linear behavior in response to appropriately large electric elds.

Upon application of an electric eldE;) to a virgin material, polariza-
tion (P;) initially increases linearly with electric eld. As the electric eld
continues to increase, the aforementioned ferroelectrics domains that are
poorly aligned with the applied eld switch through nucleation of new do-
mains and domain wall motion to increase alignment. Eventually, the po-
larization response saturates (point R){+ ) (Fig. 1.3) as the domains be-
come "maximally aligned”. Subsequently, as the magnitude of the electric
eld is reduced, some domains begin to return to their initial polarization
direction, due to the in uence of effects such as mechanical and electrical
boundary conditions. However, at zero eld a spontaneous polarization (the

remanent polarizatior,em+ ) persists at point B. The process then repeats



Figure 1.4: Example of strain-electric eld (or piezoresponse) hysteresis loops. a) The
piezoresponse hysteresis loop. b) The amplitude of the piezoresponse. c) The phase of the
piezoresponse, which is measured relative to the applied eld. The inset letters correspond
to those in Fig. 1.3 and represent A. the positive saturation values, B. the positive remnant
values, and C. the negative coercive

from this remanent state as negative elds are applied and domains of the
opposite polarity begin to nucleate. An eventual net zero polarization is
reached at point C, referred to as the negative coercive Eld)( where
the polarization is said to have "switched”. This process then proceeds from
coercive to the negative saturatid?; ) value and nally to the negative
remnanet ®,.,,). Another cycle would then continue froR),,, to the pos-
itive coercive E+ ) and back tdPs4+ . In an ideal and perfectly symmetric
polarization- eld loop, this process follows the outer-path in Fig. 1.3 ad-
In nitum never returning to the origin.

Due to the piezoelectricity of ferroelectrics, this hysteretic behavior is
also present in the strain-electric eld behavior (i.e. the piezoresponse), as
demonstrated in Fig. 1.4a. This hysteretic piezoresponse exhibits all of the

same parameters as the PE loop of Fig. 1.3, i.e. saturation values, remnant



Table 1.1: Comparison of select piezoelectric coef cients in selected ferroelectric/non-
ferroelectric materials in thin Im forri*®

Material Class ds3 (PC/N) dz; (pC/N)
Pb(ZrTi1 )O3 Ferroelectric 80t0o 593 -94to-274
BaTiO; Ferroelectric 190 78
PVDF Ferroelectric -35 23
Zn0O Non-Ferroelectric 6to12 -4.7
AIN Non-Ferroelectric 5 3

values, and coercive values. Often the piezoresponse is represented as an
amplitude (Fig. 1.4b) and phase (Fig. 1.4c), informing on the magnitude
of the piezoelectric coef cient and the polarization state of the material,
respectively.

The ubiquity of ferroelectrics in electromechanical applications is due
to the fact that they boast some of the largest piezoelectric coef cients. In
particular, ferroelectric perovskites demonstrate a piezoelectric coef cient
an order of magnitude larger than non-ferroelectrics (Table £ This
advantageous property has naturally led to ferroelectrics being the center
of intense research aimed at discovering the source of the enhanced prop-
erties. In the 70+ years since the discovery of the rst ferroelectric per-
ovskitel® chemistries with increasing piezoelectric properties have been
discovered and contributing physical phenomena have been investigated, in-
cluding: extrinsic contribution$’*8:19:20.2Imorphotropic phase boundaries
(MPB),?222 eld-induced phase transitiorf$;?® heterogeneities (structural,
chemical, and/or polaff?” and more. These phenomena are discussed be-

low.



Figure 1.5: lllustration of a) the intrinsic contribution of a single domain, b) extrinsic
contribution from the motion of a 18Gomain wall, and c) the extrinsic contribution of

a non-180 domain wall. The dashed lines represent the initial state and the solid line
represents the state when under the shown electric eld¥E).

1.2 Extrinsic and Intrinsic Contributions

The physical contributions to the piezoelectric response in a typical ferro-
electric consists of intrinsic and extrinsic phenomena. The intrinsic contri-
butions are the direct consequence of the deformation of the crystal lattice
(Fig. 1.5a), i.e. the average response of a single domain. This category
includes electrostriction, a quadratic effect that is due to the slight displace-
ment of ions in the crystal lattice when under an applied eld. While elec-
trostriction and applies to all dielectrics, some ferroelectrics present extraor-
dinarily large electrostrictive coef cients (e.g. relaxof$).

Extrinsic contributions consist of contributions from domain wall motion
(Fig. 1.5b and c) and phase boundary motion, as well as the displacement of
defects?® A variety of methods for separating and quantifying intrinsic and
extrinsic effects have been developed, such as Rayleigh Law based analy-

sis2%2 and these phenomena have been investigated as a function of tem-



perature’l-32 excitation frequency?34and aging (time dependencé)®

In particular, extrinsic contributions of domain walls are routinely as-
sessed macroscopicafi{383%4°Such macroscopic studies often average
contributions from numerous internal interfaces and coordinated motion
thereof. With the continued trend towards device miniaturization, system-
atic studies of the effects of domain walls on the electromechanical re-
sponse at the microscale have become necessary and increasingly preva-
Ient.41'42*43’44'45

Most of these studies have concentrated on the nucleation and growth
dynamics of domain§/'&19A limited number of studies have addressed
domain walls' in uence on characteristic parameters, e.g. nonlinearity in
piezorespons® and strain-electric eld switching!#®4”Most notably, in
LiINbOg3, the nucleation voltage was found to be continuously affected by the
presence of a domain wall, up to two micrometers away. Speci cally, the
nucleation voltage increased by an order of magnitude in absence of a do-
main wall. However, the results were in contrast to prior models suggesting
that the in uence of a domain wall extends to at most 100's of nanométers.

It should be noted that these and many previous studies concentrated on
user-written domains, which can be largely metast&bt@ As such, the
effects of domain wall proximity and eventualstability of a “written”
domain wall are often convoluted. Such instabilities could be particularly

strong in materials with complex chemistries, such as relaxor-ferroelectric



Table 1.2: Comparison of select piezoelectric coef cients in selected single crystal ferro-
electric materiaf®

Material ds3 (PC/N) di5 (pC/N)

PMN-28PT 100 3500
PMN-32PT 200 3500
PMN-37PT 500 2000

solid solutions.

Notably, extrinsic effects alone do not fully explain the large piezoelec-
tric properties in ferroelectrics and large variation in piezoelectric coef -
cients across ferroelectrics can be seen, e.g. RhiEZ) O3 or PZT exhibits
signi cantly larger coef cients when compared to prototypical ferroelectric

BaTiOs (Table 1.1).

1.3 Morphotropic Phase Boundaries and Structural Phase Transitions

Unlike BaTiOs, PZT is asolid solutioncombining two materials. For ex-
ample, PZT consists of PbZg@an anti-ferroelectric) and PbTgJda ferro-
electric). Similarly, (1-x)Pb(Mg3sNb,/3)O3-xPbTiO; (or PMN-XPT) com-

bines Pb(Mg;3Nby3)O3 (a relaxor, see below) and PbHO In practical
electromechanical applications, some of the most widely used ferroelectrics
are solid solutions, because they exhibit some of the highest electromechan-
ical properties among ferroelectrics. However, the piezoelectric properties
and others (e.g. structure and dielectrics properties) are highly dependent
on composition, x (Table 1.2).

This strong compositonal-dependence is best illustrated in the phase dia-
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Figure 1.6: Phase diagrams for a) PZT and b) PMN-%F%.

gram of these materials (Fig. 2169. For instance, in PZT, as the percent-
age of PbTiQ is increased the material structure transitions from rhombo-
hedral to tetragonal, where the boundary between these twxis &2%.

This boundary is called the morphotropic phase boundary (MPB) and is
mostly temperature independent. Notably, PMN-xPT exhibits three MPB's,
one dividing a rhombohedral and monoclinic phase ( 28), one two
monoclinic phasesx( 31), and one a monoclinic and tetragonal phase
(x 38.

In particular, near-MPB compositions (on the rhombohedral side) of PZT
and PMN-xPT exhibit the highest reported piezoelectric coef cients for the
respective chemistry, given the correct crystallographic orientation and pol-
ing where necessafy:>*>>This observed improvement is often attributed
to increased "polarizability”, i.e. a wide array of available polarization di-
rections afforded by the coexistence of rhombohedral, tetragonal, and mon-

oclinic phases (e.g. see Figure 1.2) allowing for better alignment with an
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applied eld.>®°7"58 Additionally, this structural heterogeneitiy around the
MPB has been shown to facilitate eld-induced phase transifo;,>6:58.60.61,62
further contributing to the functional properties. However, even among
MPB-based materials there is a sizable disparity in the reported piezoelec-
tric coef cients, Table 1.2, with relaxor-ferroelectric solid solutions (e.g.

PMN-xPT) exhibiting the highest coef cients.

1.4 Relaxor-Ferroelectrics

Relaxor-ferroelectrics (relaxor-FE) are a solid solution of a relaxor and a
ferroelectric (e.g. PbTi¢). These materials exhibit the largest reported
piezoelectric coef cients among ferroelectrics (Table 1.2). In particular,
the largest response is found in single crystal PMN-xPT for compositions
near the rhombohderal side of the MPB and when cut and poled along the
001 crystallographic axi® This exceptional response has been attributed
to the aforementioned phenomena: extrinsic contributions, the in uence
of an MPB, structural phase transitions, and comparatively large shear re-
sponse’ (di5in Table 1.2) and electrostrictive effeésin addition, relaxor-
ferroelectrics exhibit increased heterogeneity, attributed to the relaxor end-

member, that is often cited as a key contributor to the piezoresponse.
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Figure 1.7: lllustrations of PNRs and CNRs. a) and b) show two different models of PNRs.

In a), PNRs are considered polar “islands” embedded in a non-polar matrix. In b), the entire
material is shown as polarized, with various domains divided by domain walls, however,

here the “domains” are nanoscopic. c) lllustration of a chemically ordered region (i.e.

CNR) within a disordered regioff.

1.5 Relaxors: Polar Nano Regions and Chemical Nano Regions

Relaxors (e.g. Pb(MgNb,;3)O3 or PMN) are a non-proper ferroelectric,
with a dielectric peak temperatufg, that increases with the measuring fre-
guency and which exhibit a large amount of disorder and/or heterogeneity.
At high temperatures relaxors are in a paraelectric state quite similar to the
one observed in typical ferroelectics. However, upon cooling relaxors begin
to exhibit behavior that distinguishes them from typical ferroelectrics. Most
notably, there is no well-de ned temperature at which relaxors transition
from a paraelectric to ferroelectric state. Instead, when relaxors are cooled
below the Burns temperatur&g) nanoscopic polar regions (or polar nano
regions (PNRs, Fig. 1.7a and b) form, which then freeze into a disordered
glassy state below the depolarizing temperailye These PNRs range in
size from 1.5 nm to 6 nm and in volume fraction from 0% to 3%/ for

high (600's K) and low (10's K) temperatures, respectively. Belwre-
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laxors can be forced into a ferroelectric state with poling.

PNRs are a unique properties of relaxors and an example of their in-
creased disorder. As such, PNRs are considered to have a strong in uence
on the piezoelectric properties of relaxors and, subsequently, relaxor-FEs.
Their in uence have been con rmed in a wide range of studies and have
been shown to contribute to the large shear response of ref&3r®as
well as the polarizability® 172

Another unique feature of relaxors (and example of disorder) are chem-
ical nano regions (CNRs, Fig. 1.7c), i.e. nanoscopic variations of chemical
ordering. Speci cally, in PMN, the B-site cationsM{@ andN b) exist in or-
dered regions wittMg : Nb =1 : 1, that are surrounded by regions where
Mn andNb are randomly distributed with a ratio dfg : Nb < 1 : 27374
This compositional disorder not only impacts the properties of relaxors, but
are a necessity for their existence, as it has been demonstrated that when

this disorder is removed relaxors can transition to an antiferroeléétric.

1.6 Remaining Challenges

Despite the identi cation and study of the numerous above contributors, we
lack acompletephysical and chemical understanding of the piezoelectric

response in ferroelectrics, hindering advancements in piezoelectric materi-
als. This is evident when considering the development of novel ferroelectric

compositions. Since informed design of materials would require a complete
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and thorough understanding of the piezoelectric response in ferroelectrics,
new compositions have continued to be developed with a trial-and-error
based doping of pre-existing chemistri€</:’87°The gaps in our under-
standing are varied. Of particular interest in this thesis is the impact of
the individual contributors on the various characteristic behaviors of ferro-
electrics.

For instance, in some ferroelectrics, the piezoelectric properties have
been shown to be strongly in uenced by extrinsic effet¥®*°One report
performed at the macroscopic scale, showed that smaller domains (higher
domain wall density) yielded signi cantly higher piezoelectric coef cieffts.
However, recent studies have begun to challenge this relationship, with a no-
table report demonstrating that a high domain wall density is not required
when designing materials with very high piezoelectric coef ciéfits.

Similarly, the source of the exceptional electromechanical properties of
relaxor-ferroelectrics remains contentious. One theory suggests that polar-
ization rotation aided by the monoclinc phases present around the MPB is
the signi cant contributoP, while the “adaptive phase” theory questions the
very existence of the monoclinic phase. In this model, the monoclinic phase
Is considered to locally be higher-symmetry (e.g. tetragonal) nanodomains
with very low domain wall energy and domain wall motion is thought to
be responsible for the high piezoelectridi#yStill others attribute the re-

sponse to the unigue heterogeneous polar states of relaxor ferroelectrics at
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the nanoscale (PNR&J:83
To address these issues (among many more), researchers have become
increasingly reliant upon advanced characterization techniques, as well as

big data/machine learning analyses.

1.7 In-situ and OperandoCharacterization of Ferroelectrics

Due to advances in characterization techniquesitu and operandoob-
servations of materials at nano- to micrometer length scales has become
increasingly more accessildi&8°86.87.88.44yjith these advanced techniques,

it has nally become possible to address the evolution of the electromechan-
ical response in ferroelectrics and relaxor-FEs at the length scale at which
the response is born. For instance, advances in high-resolution transmission
electron microscopy (TEM) have enabled investigations of the structure and
electromechanical properties of relaxor-ferroelectrics under the in uence of
mechanical stres8;?° electric eld,’*°2 or temperaturé® Further, diffrac-

tion techniques have been used to study the evolution of polar struttbites

and even con rmed the existence of PN®&s.

1.8 Piezoresponse Force Microscopy

An increasingly popular method for local characterization of ferroelectrics
is by scanning probe microscopy (SPRAY7:98.99.100.105pN measurements

bene t from the ability to spatially map functional behavior and collect large
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Figure 1.8: lllustration of single frequency PFM. A conductive tip is placed in contact with
the sample, a laser focused onto the back of the tip, and de ections of the tip are mea-
sured via a photodetector. a) Tip and sample when the applied voltage is zero. The sample
exhibits no strain and a baseline for tip de ections is established. b) Tip and sample at var-
ious applied voltages. The sinusoidal applied voltage causes a sinusoidal strain, which is
extracted from the tip de ections via the photodetector. The amplitAdef the piezore-
sponse corresponds to the amplitude of the de ections and the phase of the piezoresponse
( ) is the phase difference between the applied voltage and the de ections.

high-dimension spectroscopic information, all with atomic to nanometer
resolution. One such technique is piezoresponse force microscopy (PFM),
a variant of atomic force microscopy (AFM). In this technique, a conduc-
tive tip is placed in contact with an electromechanically activate material.
A laser is focused onto the back of the tip and the re ection of the laser
Is collected with a photodetector (illustrated in Fig. 1.8a). Then, an sinu-
soidal electric eld is applied to the material through the tip and the material
strains due to the piezoelectric effect (Fig. 1.8b). Ideally, the frequency of
the applied eld is the resonant frequency of the tip-surface interactions, in-
creasing the response and decreasing noise. The de ections of the tip and,
thus, the material strain is collected via the photodetector. The amplitude

(A) of the de ections correspond to the piezoelectric coef cient. While, the
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polarization direction of the material Y can be obtained from the phase
difference in the applied voltage and the measured de ections (Fig. 1.8b).
In this way PFM maps the local electromechanical response with a spa-
tial resolution that roughly corresponds to tip radius (at best on the order
of 10 nm). This approach has been widely used to study mesoscale do-
main con guration of FE materials and has informed on mesoscale phase
transitionst®? as well as domain con guration dependence on chemistry
and temperatur&?104.105.106,10qdjtionally, PFM is capable of probing
the electromechanical response as a function of time and/or voltage, en-
abling measurement of local switching behavior or other time/ eld- depen-

dent electromechanical behavigfé:109.110,109.41

1.8.1 Wide BandProbingof the Response-Frequen8ehavior

However, traditional PFM is limited by the fact that it is "single-frequency”,

l.e. the material response is only probed at one frequency. Thus, signi cant
tip-surface resonance shifts, which can be caused by surface topography
and phase transitior$s,can result in material response being completely
lost to noise. Further, probing only a single frequency results in an under-
speci ed system. For instance, a common assumption is that the tip-surface

interactions are well-described by a simple harmonic oscillator (SHO):

Age' 12
x2 P12

f(x) =

(1.4)
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WhereA is the piezoresponse amplitude at resonands,the piezore-
sponse phase€) is the quality factor of the tip-surface contact, dnds the
resonant frequency of the tip-surface contact. Withdpsiori assumption,
it becomes clear that single frequency PFM, yielding only the amplitude and
phase, does not specify a unique solution for the system and this ambiguity
leads to spurious image contrast.!1?

Numerous extensions to PFM and SPM in general have been developed
to measure the response—frequency behavior. Techniques like dual AC res-
onancé!® employ a control scheme to follow resonance, while others seek
to capture the response—frequency behavior over a wide range of frequen-
cies. These approaches include thermal excitafibfast lock-in sweepst®
pulse excitatiort!®!17and band excitatioht® Among them, band excitation
(BE) stands as a particularly attractive option due to a comparatively faster
measurement rate, higher signal intensities, and reduced topological cross-
talk.1® Although, spectroscopic BE-PFM measurements suffer from a strict

limit on acquisition time, often limiting the amount of available data points.

1.9 Machine Learning

The continuous progress in available characterization techniques has also re-
sulted in considerable complexity and substantial increase in the size of gen-
erated data, effectively limiting the insights obtainable through traditional

statistical analysis. As a result, more advanced analysis methods based on
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Figure 1.9: lllustration of various machine learning techniques. a) lllustration of clustering.
The dots represent data points in some arbitrary space and the color of the dots represent
three clusters that can be identi ed. b) Illustration of a distribution-based clustering tech-
nique (e.gk-means) applied to the data in (a). c) lllustration of a dimensionality reduction
technique that attempts to nd the “direction of maximum variance” (shown,as d)

Many dimensionality reduction techniques can be conceptualized as a matrix factoriza-
tion.120

machine learning algorithms have been developed to overcome these chal-
lengest?1:122,123,124,125,126,128 e cj cally, dimensional reduction (DR) and
clustering techniques have been hailed as a groundbreaking paradigm in
materials scienc®® and used to identify superimposed physical and chem-
ical contributors to functional behavior within multidimensional datasets
in elds as diverse as multiferroicg?*3°superconductors’! oxide inter-

faces!®2 and electromechanically active materi&ig?133.134

1.9.1 DimensionalityReductionandClustering

Clustering techniques seek to identiy(a user-de ned parameter) clusters
within a data space (or data set), e.g Fig. 1.9a. A common approach for
achieving this is by making an assumption about the underlying distribution

of the clusters. For instance, by assuming the distribution within a cluster
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is Gaussian, the probability a given point belongs to a given cluster can be
determined and, by maximizing this probability, data points can be assigned
to various clusters (Fig. 1.9b).

DR techniques, seek to represent a given dat&seas set olN eigen-
vectors,U, and corresponding eigenvalu®s, In principle component anal-
ysis (PCA), one of the simplest DR techniques, eigenvectors are found by
determining the “directions of maximum variance” within the data space
(Fig. 1.9c). Here the eigenvalues are the individual data points projected
onto these eigenvectors. Other common DR techniques (non-negative ma-
trix factorization and dictionary learning) essentially represent a matrix fac-
torization (i.,e.D UV, Fig. 1.9d) and are implemented by simply min-
imizing some error metric. A common error metric is the norm-squared
of the residuals: given a two-dimensional data8gtz; v)) andN separate

U-V pairs, the norm-squared of the residuals is given by Equ. 1.5.

(UWV@) = SkD(Vi2) UMWV (2K (1.5)

In typical applications, the eigenvectotd({)) can be interpreted as the
“fundamental behaviors” identi ed across titelimension and the eigenval-
ues ¥ (z)) are the “weightings” of those behaviors acrosszattémensions.
However, the exact interpretation of the results and performance of these
approaches are strongly dependent on the technique used. For instance,

non-negative matrix factorization (NMF) assumes that the data and result-
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ing behaviors/weightings are strictly non-negative, non-ideal for the typical
piezoresponse loops Fig. 1.4a. Dictionary learning (DL) includes an addi-
tional sparsity term in Eq. 1.5, allowing for probed points to be represented
as both a superposition of behaviors and as single unique behaviors. Neural
network (NN) based auto-encoders are non-linear and capable of represent-
ing non-linear combinations of behaviors, but require substantial computa-

tional time and sophisticated hardwage.

1.9.2 IntepretabilityConcerns

Despite their advantages, there is signi cant concern about the applicabil-
ity of ML techniques to materials science. This concern is related to ML's
strictly mathematical nature, i.e. they inherently provide results lacking a
physical basis, which has resulted in an “interpretability” challenge. Specif-
ically, a “black-box” mentality in the scienti c community has often lead

to challenging interpretation of outputs, which often results into incorpo-
ration of noise, and description of spurious contributions as physical phe-
nomena:36:137.138n recent years, concerns over these interpretability issues
have become a central focus of recent publicatidhs$!%14lwith some re-
searchers highlighting a need for a means to impose physical or chemical

constraints to the analyst&
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1.10 Thesis Goals and Organization

Through a series of studies, this thesis addresses various contributors to the
electromechanical response of complex ferroelectric oxides and the effec-
tiveness of ML techniques when applied in materials science. Furthermore,
techniques for improved application of ML are developed and demonstrated
on studies addressing the fundamental physics within ferroelectrics. In ad-
dition, a novel open-source wide band PFM techniques (Resonant PFM,

R-PFM), is developed.

The thesis is organized as follows:

Chapter 2: Experimental Approach.

The chapter discusses the methods of sample preparation and character-
ization.

Chapter 3: Resonant Piezoresponse Force Microscopy.

This chapter details the speci cs of RPM.

Chapter 4: Dimensional Stacking Enabled Multivariate Assessment of
the Electromechanical Relaxation in Relaxor-Ferroelectrics

This chapter presents a study of the time-dependent relaxation of the
piezoresponse amplitude in 001-cut single crystal PMN-xPT. The relaxation
is probed across the phase diagram, for various applied voltages, and over

microns square areas. A technique for imposing physical/chemical con-
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straints onto ML analyses is developed to aid this multi-dimensional study.

Chapter 5: Addressing Electromechanical Switching in Ferroelectric Thin
Films with Better, Faster, and Less Biased Machine Learning

In this chapter, the developed ML technique is applied to previously
reported data on the electromechanical switching of a PZT thin Im. A
methodology for applying ML (including the technique developed in Chap-
ter 4) to material science studies, which reduces user bias and increases

interpretability, is developed.

Chapter 6: Effects of Domain Wall Proximity on Polarization Switching
in Relaxor-Ferroelectric Single Crystals

In this chapter, the methodology derived in Chapter 5 is applied to study
the impact of domain walls on the switching of the piezoresponse in relaxor-
FE PMN-40PT. Here, out-of-the-box ML techniques are found lacking,

while a traditional statistical approach is found to be effective.

Chapter 7: Conclusions and Future Work
Here, conclusions are drawn and recommendations for future work are

provided.
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CHAPTER 2
EXPERIMENTAL APPROACH

The chapter discusses procedure of sample preparation, characterization,

and analysis.

2.1 Sample preparation

There were two categories of samples used here: 001-cut single crystals of
solid solution PMN-xPT (Chapters 4 and 6) and a thin Im of PZT (Chapter
5).

All PMN-xPT samples were grown by collaborator Shujun Zhang via the
Modi ed Bridgeman Method*>143The PZT thin Im data was previously
reported data**14°as such, no rst hand knowledge of the Im's prepara-
tion is available. What follows is a brief summary of the sample preparation
as provided by the original authot¥:14The PZT thin Im data was a 400
nm thick PbZp gTig 203 Im, synthesized via pulsed-laser deposition using
a KrF excimer laser (248 nm, LPX 300, Coherent), with a 60 mm target-to-
substrate spacing. A 30 nm substrate of &1 sRuOs-buffered NdSc@

was used.
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2.2 Piezoresponse Force Microscopy

Two forms of PFM were used for characterization of the samples: the afore-
mentioned band excitation (BE) PFM and resonant PFM (R-PFM). R-PFM
is an open-source, wide-bandwidth PFM measurement approach developed
for this thesis, and is conceptually based on BE-PFM[119] and discussed in
Chapter 3. Both techniques probe the frequency response of the tip-material
contact by applying an electric eld through the cantilever to the sample
within a band of frequencies (often 50 kHz) and acquiring the resulting
tip de ections within the same band of frequencies. Widely available Na-
tional Instruments (NI) hardware is used for generation of the user-de ned
waveform and acquisition of the response (an NI-6124 is used here). Func-
tional parameters are then extracted from the obtained frequency response
by tting to a damped-driven harmonic oscillator, i.e Eq. 1.4.
whereA is the piezoresponse amplitudeis the piezoresponse phase,
Is the contact resonance frequency, @nig the quality factor. These collec-
tive parameters inform on the electromechanical and viscoelastic properties
of the sample. Speci callyA is related to the magnitude of the out-of-plane
displacement, informing on the magnitude of the piezoelectric coef cients.
informs on whether the surface deformations of the sample are in-phase
or out-of-phase with respect to the applied voltages, and is related to the

polarization state of the material. The contact resonangds,related to the

26



visco-elastic tip-material contact properties and, unless the tip substantially
changes during the measurement, it can provide information with respect
to variations in the material's mechanical properties. Simil&lyrovides

information on the energy absorption/dissipation. The sample's piezore-

sponseP R, can be calculated using Equation 2.1.

PR= Acos( + op); (2.1)

where o is the optimum rotation angle to maximize the real component

of the response;os( + opt), With respect to the imaginary onsirg( +
opt). This rotation angle accounts for phase shifts introduced by the internal
capacitance of the tool.

Furthermore, two types of PFM measurements were obtained: scan mea-
surements and grid measurements. Scan measurements raster the conduc-
tive tip over a sample area, while probing the response @&,g., Q, and
I for BE and R-PFM), effectively “mapping” the state of these variables
with some resolution (typically 256x256 points). For instance, a phase scan
iIs shown underneath the tip in Fig. 2.1a. Grid measurements divided the
sample area into a grid (Fig. 2.1a) and probe the piezoresponse in response
to some applied waveform, where the speci ¢ waveform applied depends
on the characteristic behavior of interest (e.g. strain-electric eld switching,
non-linearity in the piezoresponse, relaxation of the piezoresponse etc.). In

particular, this thesis probes the switching behavior of the piezoresponse (in
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Figure 2.1: Schematic illustration of the experimental set up for grid-based PFM measure-
ments. a) The probed area is divided into a grid (here a 4 x 4 point grid is illustrated)
and at each point some waveform is applied and the piezoresponse is probed. b) For in-
stance, when probing the switching behavior of the piezoresponse, a bipolar triangular
waveform (illustrated for both positive and negative starting voltages) is applied, and the
off- eld piezoresponse amplitude, phase, contact resonant frequency, and quality factor are
recorded. The triangles and squares are the points where the off- eld response is probed.
c) The probing points shown in (b) superimposed onto their corresponding locations in a
typical piezoresponse hysteresis loop.

BE this is called switching spectroscopy PFM, SS-PEfiand the relax-
ation of the piezoresponse amplitude.

When probing the switching behavior, a bipolar triangular waveform
with some voltage step siz&/4) is applied. Fig. 2.1b illustrates a single
“cycle” of this waveform, which yields the piezoresponse hysteresis loop
(e.g. Fig. 2.1c or Fig. 1.4). Note that it is standard practice in SS-PFM
to apply multiple cycles, often averaging the numerous obtained hysteresis
loops together or omitting the rst cycle[146, 147]. When probing the re-

laxation of the piezoresponse, a DC pulse is applied for some time period
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Figure 2.2: lllustration of the waveform used to probed the relaxation of the piezoresponse
amplitude. The inset illustrates the response to a single DC pulse.

( tpc) and the piezoresponse is probed over time upon removal of the DC
voltage (as illustrated in the inset of Fig. 2.2). Here, a series of DC pulses
with increasing magnitude and alternating polarity is used (Fig. 2.2), prob-
ing the relaxation as a function of time, applied eld magnitude, and applied

eld polarity.

2.3 Probing the Electromechanical Relaxation Across the Phase Dia-

gram of PMN-xPT

In Chapter 4, the local relaxation of electromechanical respongé of
X)Ph(Mg1=3Nb,3)O3 XxPbTiO; single crystals was studied by band ex-
citation piezoresponse force microscopy (BE-PFM), following the proce-
dure previously reported in referenteThe BE-PFM was performed on
an Asylum Research Cypher i@ ambient conditions. The tips used were
metal-coatedBudget Sensor&k  1IN=m) with a free in-air resonance of

75%Hz. The measurements were performed over a 50 x 50 points grid,
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coveringa 2 m x 2 m area. At each point, a BE-PFM waveform was
overlaid with a voltage, and applied to the tip. The evolution of the piezore-
sponse was probed both as a function of time up to 0.9 s in time steps of
0.025s, and perturbation voltage. The speci c time, voltage and compo-
sition dependent respon&8>P:(t; z) was measured out-of- eld, after the
application of each of the 10 alternating increasing positive and negative
voltages, equal to and above the coercive voltage. The measurements were
repeated for the three compositions studied, 001-cut PMN, PMN-0.36PT,
and PMN-0.40PT. Big Data analytics were implemented Jugpyternote-
book, using thé?ythonprogramming language. The standard open source
machine learning and dimensionality reduction libraries were used for the

analysis.

2.4 Switching PFM of a PZT Thin Film

In Chapter 5, the switching behavior of a 400 nm (1R®Zrq.» T ig:gO03 thin

Im with a 30 nm Bag.sSro.sRUO3 bottom electrode was probed. As-grown,
the samples show stripes@fadomains separated lay=a stripes, resulting
in a hierarchical sawtooth-like topography: 4 nm peaks with a peak-to-
peak spacing of 900 nm corresponding to the stripes, and smalld.5
nm periodic surface corrugations with a 30 nm peak-to-peak spacing,
corresponding to domain variants within each stripe.

Switching spectroscopy (SSPFM) data were acquired through band-excitation
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piezoresponse force microscopy (BE-PFM) on a pre-polean2x 2 m

area of the sample. BE-PFM measurements provide information with re-
spect to the amplituded(), phase (), cantilever resonance frequendy)(

and Q-factor Q) of the piezoresponse, through point-by-point tting of the
frequency-dependent electromechanical response to a simple harmonic os-
cillator (SHO) model. Two full cycles of SSPFM data were collected with
the above method in a 60x60 point grid. However, consistent with previous
reports, only the second cycle is considered in the present study. Addi-
tionally, a hard limit was applied to the resonance curves prior to analysis,
enabling poor SHO ts to be removed from further processing. Further-
more, the piezoresponse curves were calculated with the as-provided ampli-
tude and phase, by using the mean of the provided rotation angles in order
to remove the instrumental phase offset. The full description of data pre-

processing steps is provided in Appendix B.

2.5 Switching PFM of a PMN-40PT Single Crystal

In Chapter 6, A 001-cut 0.60PMN-0.40PT relaxor-FE single crystal grown
via the modi ed Bridgemann method was probed via resonant PFM (R-
PFM). Out-of-plane response with information on the amplitudlg phase

( ), contact resonanceé ), and quality factor @) of the electromechanical
response was characterized fora 18 x 10 mandan 8 mx 8 m

area of the surface (Figure C.1 and C.2). Switching piezoresponse (via R-
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PFM) was performed in a grid of 50x50 points over approximately the same
locations of the original R-PFM scan. Due to an errant spatial shift during
switching spectroscopy characterization, ther8 x 8 m area scans and
the switching spectroscopy grid did not fully overlap. When correlating the
switching spectroscopy data to the initial area scans, this shift was manually
corrected. The shift was corrected by referencing the the after switching
spectroscopy scans, in which the drift of the nucleated domain “dots” is
clearly visible. For the 10m x 10 m area, a two cycle bipolar triangular
switching waveform beginning with negative voltages was applied. For the
8 m x 8 m area, a single cycle bipolar triangular switching waveform
beginning with positive voltages was applied.

For the 10 m x 10 m, a Budget Multi75E-G tip with a stiffness of

2:4N/m was used, and for the 8n x 8 m area, an Olympus AC240
with a stiffness of 2:2N/m was used. Furthermore, the contact force in
the 8 mx 8 m area was increased from100nN inthe 10 mx 10 m
areato 400nNinthe8 mx8 marea, in order to reduce the in uence of
electrostatic contributions. Details of the setup and experimental technique
are further discussed in Appendix C.

For the machine learning analysis, various pre-processing steps were per-
formed on the data prior to analysis. First, the point-by-point mean was re-
moved and data was divided by the standard deviation (z-normalization).

Second, resonance values greater than 4 standard deviations away from
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the mean were removed and back lled, using the previous data point in
the curve. Finally, the piezoresponse and resonance data were dimension-
ally stacked for the analysis, allowing for the derivation of physically cor-
related piezoresponse and resonance c#i/Bodel parameters were se-
lected with a quantitative analysis of the root mean squared model‘&tror.
The appropriate number of componems,and sparsity parameter)were
estimatedaN =3 to5 and =1 tol1:3forthe 10 mx 10 m area; and

N =4to5and =1tol3forthe8 mx8 m area (Figure C.5). Ad-
ditional analyses corresponding to the other  pairs are discussed in
Figures C.6 and C.7.

Characteristic switching parameters were extracted from the piezore-
sponse hysteresis curves (C.9) and binned as a function of distance to the
nearest domain wall (eve®0nm for the 10 m x 10 m and every60nm
forthe 8 mx 8 m). The rationale for the selected bin sizes is described in
the Supporting Information. Bins with less than 5 points were omitted due
to a lack of statistical relevance. Figures with these omitted bins are avail-
able in the Supporting Information, as are Figures with other parameters
de ning the hysteresis curve (Figure C.10). The data were divided accord-
ing to the initial polarization state, and distances are shown along a double

positive horizontal axis, centered at a domain wall (distance = 0).
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CHAPTER 3
RESONANT PIEZORESPONCE FORCE MICROSCOPY

In this chapter, the concept's behind RPFM are described.
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Resonant PFM (RPFM) is the generation and application of a band of
frequencies and subsequent collection of the material response within a rea-
sonable time frame. Thus, RPFM can be conceptually divided into two
"paths”: the application path (Fig. 3.1 path a), which applies a waveform,
and the collection path (Fig. 3.1 path b), which collects the response of the
material to the applied waveform and extracts parameters from a tting to

Eq. 1.4.

Figure 3.1: lllustration of resonant piezoresponse force microscopy (R-PFM) for applica-
tion of a single chirp. First the excitation waveform is generated according to user spec-
i cations and applied to the material through the tip. Then, the AC de ections of the tip
are collected from the photodetector. Finally, the AC de ections are deconvolved with the
applied chirp and the material's response is obtained.

3.1 Application path

Strictly speaking, in RPFM (and any wide band probing technique) only
the excitation or driving waveform is necessary to probe the material re-
sponse (Fig. 3.1 path a). However, important information on the ferroelec-
tric properties of materials is obtained from DC- eld and/or time dependent
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Figure 3.2: lllustrations of a) a relaxation measurement waveform and b) a switching spec-
troscopy measurement waveform. a) A simple relaxation measurement waveform where
ve consecutive chirps are applied with an added DC voltage of 1V and a subsequent 10
consecutive chirps are applied with no DC bias. In this way, the material is probed for ve
points while being poled by 1V and the resulting electromechanical relaxation upon re-
moval of the 1V is probed for 10 points. b) A simple switching spectroscopy measurement
waveform where the materials is probed from -3V to 3V. Blue dots represent a single chirp
and the black line represents the DC voltage.

probings, such as in switching spectroscopy and relaxation measurements.
Thus, a necessary functionality of RPFM is to overlay the excitation wave-
form with an arbitrary and user-de nable waveform (e.g. Fig. 3.2), enabling
such electric eld based spectroscopy. Here, we will rst discuss the exci-
tation waveform and then move onto how the excitation waveform can be

overlaid an arbitrary waveform to enable spectroscopic probings.

3.1.1 TheExcitationWaveform

In single frequency PFM, the material is excited with a single frequency
sinudsoid. The fundamental idea behind RPFM is to instead excite the ma-
terials with aband of frequencies. Thus, the ideal frequency spectrum of

a RPFM excitation waveform is simply a constant amplitude within the
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desired band of frequencies with an amplitude of zero outside the band,
illustrated in Fig. 3.1. In the RPFM system described here, the excitation
waveform is based on a linear swept-frequency sinusoidal (or "chirp”)[149],

de ned as:

x(t) = Agsin((fo+ kt)t) = sin(fot + kt?) (3.1)

Wheret is time,f is the initial frequencyA, is the amplitude, anHl is the
sweep rate (also known as chirpyness). This chirp waveform indeed exhibits
the desired frequency response. However, ringing in the frequency response
occurs when the chirp is nite in time, due to the discontinuities occurring
at the beginning and end of the waveform. This ringing can be minimized or
eliminated by tapering the chirp, which gradually reduces the amplitude at
the beginning and ending of the chirp. Thus, the nal excitation waveform
used here is a chirp tapered via a Tukey window[150], Fig. 3.3 provides an
illustration.

The user dictates the excitation chirp by specifying: amplitideower
frequencyf _, upper frequencyy , sampling raté 5, and chirp duration t.
The chirp is calculated by determining the parameters for Eq. 3.1 from these

user speci ed parameters as shown in Eq. 3.2 and the chirp is tapered.

Ao= A (3.2a)
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Figure 3.3: lllustration of the excitation waveform, or chirp, annotated with the user speci-
ed parameters. The chirp is calculated from the user-speci ed chirp amplidylddwer

and upper frequencie$ ( andfy ), sample rate, and chirp durationt). Here,A is the

peak value of the chirp, t is the time length of the chirp, arfd andf, are the desired

low and high frequencies of the chirp. The specifgdandfy are automatically adjusted

to account for the windowing of the chirp, which reduces the amplitude at the beginning
and ending of the waveform.

fo=0:98 f_ (32b)

_ 1:02 fH 0:98 f|_

k
t

(3.2¢)

Note that in Eq. 3.2, the low frequency is decreased by 2% and the high fre-
guency is increased by 2%. This is to account for the tapering and maintains

a constant amplitude throughout the user-speci ed band. What follows is an
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in depth description of each parameter, with an illustration of the parameters

in Fig. 3.3.

Chirp Amplitude:The Chirp Amplitude is the peak voltage of the chirp

(Ao in eq. 3.1) and should be speci ed in volts.

Lower and Upper Frequencyfhe Lower and Upper Frequency are the
frequencies bounds of the measureméntgndf in eq. 3.1), spec-

I ed in Hz. Note that the user speci ed frequencies are automati-
cally adjusted by 2% to account for the windowing, as illustrated

in eq. 3.2 and Fig. 3.3

Sampling RateThe Sampling Rate is frequency at which the wave-
form is generated and the response samgdieda(eq. 3.1), speci ed

in Hz, and is dictated by Nyquist-Shannon sampling theory.

Chirp Duration: The Chirp Duration is the time length of the excita-
tion waveform, in seconds. This parameter is the defacto time step of
the entire measurement, as a functional tting is ultimately applied to
the frequency response of individual chirps to extract parameters. An
important relationship to consider here is the inverse relationship be-
tween the time step and frequency resolution of the ultimately obtained

1

frequency response (i.e. material response in Fig. 3.1),for —=.

f must be reasonably small to produce an adequate t.
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3.1.2 Electric eld andtime dependenspectroscopy

While itis the RPFM excitation waveform (or chirp) that probes the material
response and is the core of RPFM, a means of eld- and time- dependent
probings is necessary for a functional PFM system. Typical PFM based
spectroscopic probing can be roughly categorized into DC- eld dependent
measurements, AC- eld dependent measurements, and time-dependent mea-
surements. For instance, switching spectroscopy would be considered DC-
eld dependent measurements, while electromechanical non-linearity mea-
surements would be AC- eld dependent. Further, often the higher order
harmonics of the electromechanical response is investigated to inform on
phenomena such as electrostriction. Thus, to fully enable common spectro-

scopic measurements a wide bandwidth PFM system must allow users to

specify:

1. A series of an arbitrary number of consecutive chirps, enabling time

dependent measurements.

2. Individual DC eld offsets for each chirp within the series, enabling

DC- eld dependent measurements.

3. Individual Chirp Amplitudes for each chirp within the series, enabling

AC- eld dependent measurements.

4. The harmonic of interest for each chirp within the series, enabling in-
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vestigation of higher order harmonics

In RPFM, spectroscopic measurements are enabled by allowing the user
specify each of the above parameters in any order or combination. This
near-complete control of measurement speci cation not only enables all of
the common measurements (e.g. eld-dependent switching spectroscopy,
eld- and harmonic- dependent electromechanical non-lineariy measure-
ments, and time- and eld- dependent electromechanical relaxation mea-
surements), but also streamlines development of alternative measurement
schemes. Note thaéxcitation wavefornfe.g. Fig. 3.3) is used to refer
to the chirp andneasurement wavefor(e.g. Fig. 3.2) is used to refer to
the user-speci ed series of chirps, DC- and AC- offsets, etc that represent a

speci c measurement scheme (e.g. a switching spectroscopy measurement).

3.2 Collection Path

Once the measurement waveform is applied to the material, all that remains
Is to capture the material response (Fig. 3.1 path b). First, the raw AC de-
ections are captured as a time series at the sampling rate speci ed by the
user. With the knowledge of the exact measurement waveform, the de ec-
tions due to individual chirps can be extracted and transformed to the fre-
guency domain via a fast Fourier transform (FFT). Then, the effects of the

chirp are removed from the frequency response by deconvolution, yielding
the material's frequency response (illustrated in Fig. 3.1 path b). A func-
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tional tting of the frequency response to a damped driven oscillator (Eg.
1.4) can then used to extract the response parameters (amplifydease

, resonant frequency,, and quality factoQ). Note that as discussed in
the previous section, the user can specify which harmonic the tting is ap-
plied to. Finally, the initial measurement waveform is again consulted to
determine the conditions under which individual chirps were applied (e.g.
time step, DC- eld, and AC- eld), allowing the resulting parametefs (,

I 0, andQ) to be investigated as a function of these conditions.

3.2.1 AFM-Agnosticism

In order to maintain an AFM-agnostic system, RPFM limits the commu-
nication with the AFM to only the absolute necessities. Communication
between any RPFM system and an AFM must, at a minimum, consist of
two signals. First, the measurement waveform generated by the RPFM sys-
tem must be passed to the AFM and, second, the AFM must provide the
raw tip de ections for the RPFM system to process. However, the RPFM
system must also be informedhenthe measurement waveform should be
applied and raw tip de ections acquired and, thus, communication cannot
be limited to these 2 signals. To circumvent this timing issues, a third trig-
ger signal must be used as well. The trigger signal is simply a rising edge
signifying that the RPFM system should begin outputting the measurement

waveform and acquiring the raw AC de ections. For each rising edge, Ex-
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cite will output the measurement waveform and acquire the response to the
waveform only once. This single acquisition is referred to a&@gjuisition

An important consequence this AFM-agnosticism is a lack of knowledge
about the tip movement. RPFM simply provides the speci ed measurement
waveform and acquires the raw response whenever the AFM requests, i.e.
whenever the AFM sends the trigger signal. This means that the user must
be careful to keep track of how the measurement was performed on the

AFM, so that results can be properly interpreted.

3.2.2 TheMeasuremeniVaveformandAcquisitions

Each time the RPFM system receives a trigger from the AFM, the measure-
ment waveform is applied and the response acquired, with a single acqui-
sition being referred to as alcquisition During operation of the RPFM
system, the user provides the system with the number of acquisitions (i.e.
number of triggers) that can be expected, and RPFM collects, processes, and
stores the results in terms of these acquisitions. Thus, operation of RPFM is

fundamentally based upon the measurement waveform.

3.3 Summary and lllustration

In summary, RPFM has a AFM-agnostic, trigger activated, and measurement-
based scheme, which is best illustrated with a brief example. For instance,

consider performing a point-by-point 10x10 grid based piezoresponse switch-
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ing measurement (e.g, [146]). From the RPFM system's perspective, the
user would specify a chirp, a switching measurement waveform to be over-
laid the chirp, andlO 10 = 100 acquisitions. The system would then
wait for 100 triggers from the AFM. Upon each trigger, the RPFM system
will apply the switching measurement waveform and collect, process, and
store the individual switching curves. This is all performed without any
knowledge from the system about how the AFM tip is moving. Further

information on RPFM is provided in the Appendix.
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CHAPTER 4
DIMENSIONAL STACKING ENABLED MULTIVARIATE
ASSESSMENT OF THE ELECTROMECHANICAL RELAXATION
IN RELAXOR-FERROELECTRICS

This work was published i

4.1 Summary

In this work, an approach to encode meaningful chemical and physical
boundary conditions in ML and DR analysis of multidimensional datasets is
formally presented. While the conventional DR approach employs indepen-
dent analysis of data slices, here we stack, or concatenate, the slices along
appropriate dimensions (axes), before DR is applied. Physical and chemical
constraints are thus implicitly imposed as correlation across parameters used
for stacking of data slices. Compared to other techniques, such as averag-
ing, the proposed approach offers a quantitative and lossless comparison of
behaviors ¢igenvectorsacross measurement parameters. Its versatility and
ease-of-use are demonstrated through the analysis of the electromechanical
response in (1-x)PMN-xPT solid solutions as a function of electric eld and

composition, revealing the evolution and interplay of the mechanisms un-
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derpinning the observed local functionality. A poling-like, and a relaxation-
like behavior with a domain glass state are identi ed, and their evolution
is tracked across the phase diagram. The proposed dimensional stacking
technique, guided by the knowledge of the underlying physics of correlated
systems, is valid for the analysis of any multidimensional dataset, opening

a spectrum of possibilities for multidisciplinary use.
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4.2 The Relaxation Data

The local electromechanical response of 001-cut pure relaxor PMN, near-
MPB PMN-0.36PT and relaxor ferroelectric PMN-0.40PT single crystals
was probed by band excitation piezoresponse force microscopy (BE-PFM)
in order to investigate the evolution of the piezoresponse amplitude as a
function of time, voltage, and composition across the phase diagram. A
50 x 50 grid (2500 different locations) were probed by BE-PFM for each
composition over a 2m x 2 m sample area. Each measurement was
made with application of a pulse train of alternating polarity and increas-
ing voltage pulses, spanning below and above the coercive voltage. The
time-dependent relaxation of the electromechanical response was measured
at the trailing edge of each voltage pulse. This measurement approach is
illustrated in Chapter 2.

The complete experiment resulted in a ve-dimensional dafagetx; y; pv; pc)
of over a million individual data points, as a function of timp¢he two spa-
tial dimensionsx;y describing the sampled areas, applied voltageand
compositiomp.. Henceforth, the two spatial dimensions are reduced to a sin-
gle location identi er (i.e.z = [ x; y]) for ease of handling. In the past, such
datasets have been analyzed with conventional DR by slicing the data into
voltage datasets for each compositi@fy-P(t; z), and analyzing the two-

dimensional slices independenthy/®133.134Conversely, applying DR with
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Figure 4.1: The average change in piezoresponse amplitude. The amplitude of the piezore-
sponse averaged across all 2500 spatial points for each voltage is shown for a) PMN b)
PMN-0.36PT c) PMN-0.40PT. The response is acquired 6\&s. The total shown time

lapse is forl s.

dimensional stacking concatenates hW&-P:(t; z) slices along appropriate
axes prior to DR analysis, based on physical and chemical understanding of
the material. Here, we compare the resulting phenomenological insights ob-
tained through traditional statistical analysis, the conventional DR approach,

and DR with dimensional stacking.

4.3 Statistical analysis

The simplest approach to a quantitative comparison between the various
compositionsff.) and applied voltagegy) is to average the responSé" P:(t; z)
over the spatial dimensions, resulting in a time-dependent piezoresponse
DP:Pe2(t) for any given voltage and composition (Figure 4.1). In PMN
(Figure 4.1a), two fundamentally different behaviors are observed, corre-
lated with the voltage polarity: for positive voltages, the piezoresponse in-

creases over time; for negative voltages, it decays over time. Based on their
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Figure 4.2: Distributions of: PMN'#\, for the response t¥; , PMN-0.36PT'sR,, for the
response t&/, , and PMN-0.40PT'RR, for the response t¥,". Aq is the piezoresponse
amplitude at saturatiorRy is the overall amplitude change over time, and the stretch
exponential.

similarity with existing processes in ferroelectric materials, the decay and
increase will henceforth be referred toralxationandpoling, respectively.

A comparison of the averaged response across all voltages and composi-
tions, shows that the poling behavior is observed almost exclusively in the
pure relaxor end member. Such relaxation and poling behaviors in relaxor-
ferroelectric systems have been previously analyzed through a stretched ex-

ponential decay, or Kohlrausch-William-Watts (KWW) functitih>!

KWW (t) = Ag+ Reel &) (4.1)

WhereAy is the response at saturatidRg is the amplitude of the change
over time, is the characteristic time constant, ant the stretch exponen-
tial, describing the width of the time constant distribution. Wheh 0,

the time constant distribution is the widest, and wheh 1, the dis-
tribution is the tightest - with a simple exponential decay at the limit of

= 1. The KWW functional has been successfully applied to many out-of-
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equilibrium systems, with an anticorrelation between the disorder df#l

The tting coef cients for a KWW analysis of the averaged piezoresponse
over time for each composition and voltage are reported in Figure A.1 of
the Appendix. However, whilst such an approach bene ts from the reduced
statistical noise due to spatial averaging, it results in a loss of any spatial
information and therefore possible local chemical heterogeneities.

In order to retain the spatial information, KWW tting can be performed
individually for all of the probed points for each sample, albeit with greater
error margins. The distribution of select KWW coef cients, samples, and at
speci c applied voltages are shown in Figure 4.2. All of the distributions are
show in Figures A.2-A.7 in the Appendix (Figures A.2 and A.3 plot PMN's
response to positive and negative applied voltages respectively, Figures A.4
and A.5 plot PMN-0.36PT's response to positive and negative applied volt-
ages, respectively; and Figures A.6 and A.7 plot PMN-0.40PT's response to
positive and negative applied voltages, respectively). The observed bimodal
distributions - e.g. in th&¢ coef cients for theV," voltage of PMN-0.40PT
- highlight the presence of more than one relaxation behavior for a single
voltage. The coexistence of differing contributors to the response is obvi-
ously lacking in the information provided by averaging. Furthermore, while
both the averaged response and the statistical distributions identify the pres-
ence of different fundamental behaviors across compositions and voltages,

they also fail to identify direct quantitative commonalities and/or any spatial
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correlation. This fundamental limitation can be resolved through use of data

analytics techniques and speci cally dimensional reduction approaches.

4.4 Dimensional reduction

Dimensional reduction applies nonlinear statistical and algebraic methods
to the input datasdd in order to extract a basis that describes it in a user-
speci ed numberN, of eigenvectorgalso called components), and their

associated weights (also called loading maps or mixing matriegsyield-

ing:
X
D= w;"; + error (4.2)
i=0

with a residual error that will depend on the dataset quality, method used,
convergence criterion, and. In the ideal case, once this decomposition
has been successfully performédwill describe speci ¢ fundamental be-
haviors (physical and/or chemical), and their relative abundance at different
spatial points over the sample areas will correspona to

As discussed, it is possible to apply the dimensional reduction meth-
ods to the four-dimensional relaxation data3¢€t; z; py; pc). As the probed
physical quantities are time-dependent, the resulting behaviors (or compo-
nents) will have to be expressed as a function of tithé). Similarly,
the weights should depend on spaweg(z), enabling their representation
as spatialveight mapdor simple visual inspection of the relative contribu-

tion of the resulting behaviors to the response over the probed area. This
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Figure 4.3: lllustrations of a) the desired outcome of dimensional reduction for a generic
dataset dependent on space and time, b) the various approaches to performing dimensional
reduction on thé (t; z; py; pc) dataset, and c) the voltage and composition dimensionally
stacked data. a) In general, the goal in this work is to identify time-dependent fundamental
behaviors and spatial weightings of those behaviors. This is complicated by the inclusion
of additional measurement parametgxsandp.. b) However, the dataset can be sliced
into subsets and analyzed independently (top arrow), as is done conventionally. Alterna-
tively, dimensional stacking can be performed along the spatial or temporal axis (middle
and bottom arrows, respectively). c) Dimensional stacking can be extended to bpth the
andp. parameters. Here the composition parameigr$ spatially stacked and the voltage
parameterp,) is temporally stacked.
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is illustrated in Fig. 4.3a. Therefore, the data is divided into 2 dimensional
slices of individual voltage and composition combinations to be analyzed

independently, i.e:

X
i=0

Equation 4.3 expresses in its simplest form a conventional dimensional re-
duction approach for the acquired relaxation dataset, resulting in a total of
N 10p, 3p.=30 N components with a correspondingight magor

each component. The conventional approach is illustrated by the top arrow
in Fig. 4.3b.

For the analysis, the number of componeNts= 2, was selected to
account for the bimodal behavior evidenced in the previous statistical anal-
ysis. Non-negative matrix factorization (NMF) was chosen as the specic
method of dimensional reduction. This method is well suited to this work,
as the component/weight pairs that it produces are strictly non-negative - re-
ecting the inherent additive behavior of the data, and thus enabling a clear
separation ofelaxationandpoling behaviors.

Figure 4.4 depicts the resulting rst and second components and their
respectiveweight mapdor all samples at a single selected applied volt-
agepy 2V, 3V, (whereV, is the negative coercive voltage identi ed
through initial piezoresponse force switching spectroscopy measurements

for each sample), and the red lines represent the KWW t to each curve. It
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Figure 4.4: Two component conventional NMF analydtsgenvectorsand weight maps

are shown for conventional dimensional reduction, NMF for (a) PMN (b) PMN-0.36PT (c)
PMN-0.40PT at an applied voltage of2 3V, . Theweight mapg! ; and! ;) represent

the abundance of the correspondeigenvectorg”'; and";) over the probed sample areas,
i.e. the x and y directions in theeight mapsepresent the x and y directions in the sampled
area. The red lines represent the KWW t to each curve.

Is worth noting that NMF identi es a co-presencepdling andrelaxation
behavior in the PMN sample, whereas the average response in Figure 4.2a
showed only a relaxation for PMN in response to negative voltages.

Such a behavior can either come from a discrete physical process or from
over-parametrization due to the number of compon8htseing too large.
Subsequent KWW analysis was performed on each extracted component
"i to quantitatively compare the response contributors across the composi-
tions. The tting parameters are reported within in Tables S1 and S2 in the
Appendix A. The speci c value of the time-dependent piezoresponse of the
relaxor end member PMN in Figure 4.4a corresponds to simple exponential
decay ( = 1) for both components. This behavior substantially changes
with the addition of ferroelectric PbTiend-member to the solid solution.

For both PMN-0.36PT and PMN-0.40PT, illustrated in Figure 4.4b and c re-

54



spectively, the exponents range from 0.50 to 0.63, suggesting wide decay
time distributions. It is noteworthy that such stretch exponents are charac-
teristic of domain glassé§®154

Additional inspection shows that both PMN in Figure 4.4a and PMN-
0.36PT in Figure 4.4b exhibpoling behavior in the NMF analysis. How-
ever, each of th80 N component-weight pairs (3 compositions, 10 volt-
ages) is independently generated, disregardingpayoltage), orp. (com-
position) correlation. Therefore, even simple comparisons of results across
different voltages and/or compositions is made impossible by lack of com-
mon behavior: due to the pair-wise nature of the DRiIght mapand its
corresponding component), a direct comparison between two or'mme
hindered by “scaling” through the corresponding Whilst indirect com-
parison by proxy is possible through tting of individual components to a
physical model, this intrinsic limitation hinders more advanced analysis of
correlations. In brief, conventional dimensional reduction provides a be-
havioral—spatial correlation lacking in traditional statistical analysis, but a
method for analyzing the data as a whole is necessary for correlation across

all parameters.

4.4.1 DimensionalStacking

Quantitative comparative analysis of the entire dataset can be achieved through

dimensional stacking prior to dimensional reduction. Dimensional stacking
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Figure 4.5: Components { and",) andweight mapq! ; and! ,) obtained from a two
component NMF analysis of PMN-0.36PT with voltage stacking along the (a) time or (b)
spatial dimension, witlweight mapsepresenting the abundance of the corresponding com-
ponents over the probed sample area. Note that in (b) onlyeight mapgor the rstthree
positive pulses are shown. The voltage stacking results in a (a) spatial or (b) temporal cor-
relation at the different voltages. (a) Voltage stacking along the time dimension implies
that the material in a single location responds in a correlated way to the train of voltages
seen over time (i.e. correlated sub- and super-coercive response). Heseyethneector
components inherit thp, dependence, thus, material response tp.ai$ collectively de-

rived as a series of concatenated behaviors. (b) Voltage stacking along the space dimension
implies a single (eigenvector) underlying physical response across all the voltages, which
can develop differently across the sampled area at each applied voltage. Heveighe
mapsinherit thep, dependence, i.e. thegenvectorare voltage-independent, bubvaight

mapis generated for eaghy, value. The red lines represent a KWW tting.

is performed by concatenating the™P:(t;z) slices prior to analysis, as
shown previously by Vasudevan et &1 Such data-slice concatenations can
be realized if the materials is known to exhibit correlative behavior across
the physical or chemical parameters involved. Here, we formally de ne di-
mensional stacking and demonstrate how the constraints are imposed and
affect the subsequent interpretation of the resuliiggnvectorandweight
maps

To demonstrate the proposed method, we start by considering for an ex-

ample PMN-0.36PT: the choice of a single composition translates into se-
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lection of the data slice witp. = 2 i.e. D™P=2(t; z). Thep, slices in this
dataset can be concatenated into a single dataset by stacking them along
either the temporal or the spatial dimension, illustrated in the middle and
bottom arrow of Fig. 4.3b, respectively. This approach inherently imposes
constraints to the DR analysis: concatenation of datasets along the tempo-
ral dimension will impose a spatial constraint, and concatenation along the
spatial dimension will impose a temporal correlation. For instance, let's
consider concatenation pf slices along the time dimension (middle arrow

of Fig. 4.3b):

3

2
Dm= =1:pc= 2(t Z)
s D P =2iPe=2 (t: 7)
DP=2(t; 2) = (4.4)
D P =100p=2 (t: 7)
Dimensional reduction analysis of this dataset results ineigenvectors

inheriting ap, dependence. Thus, the material's response is collectively

derived as a series of concatengpetbehaviors:

D pc=2 (t Z) — X Wpc=2 (Z)ll Pc=2 (t
: : | , pv) + error (4.5)
i=0

Such a concatenation implies that at every location, the material responds
in a correlated way to the train of voltaggs (= 1 to 10) seen over time

(i.,e. the electromechanical response of the material is correlated at sub-
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and super-coercive probing voltages). This physical correlation would seem
not only possible, but indeed logical, as fundamental contributors to the
observed piezoresponse (e.g. nonlinear, ferroelectric behavior, charge in-
jection, etc.) are all expected to show speci c electric eld-dependent be-
haviors.

Figure 4.5a shows the results of thgdimensional stacking along the
time dimension for the 2 component NMF analysis of PMN-0.36PT: the
time-dependent components, now encode the voltage dependence along-
side the time evolution thereof. Component"1,shows onlyrelaxation
across all voltages with an increasing baseline and amplitude. However,
the second componety showsrelaxationat negative applied voltages and
higher positive voltages only, witholing being present at lower positive
voltages. Additionally, while the rst component'slaxationbehavior tends
to saturate as voltage magnitude increases (at both positive and negative po-
larity), the second component's response is far from saturation and grows
continuously over the voltage range studied. Lastly, we note thatéight
mapsdiffer from those shown in Figure 4.4 for the same composition, as the
results encompass spatial correlation of the behavior across all voltages.

Alternatively, we can consider a concatenatiomp$lices along the spa-
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tial dimension (bottom arrow of Fig. 4.3b):

DP™2(t;z) = DPLIR2(t;z) DP2iR=2(t;z) i DPFL0R=2(t: 2)
(4.6)
Dimensional reduction analysis of this dataset results innteght maps

inheriting ap, dependence, withigenvectorén common for allp, values:

D pC:2 (t Z) — )<\| Wpc:2 (Z n pc:2
1Z) = ! TPV () + error (4.7)
i=0

Hence the DR analysis is constrained to consider that the response of the
material to all voltages is temporally correlated. This implies that a single
(eigenvectoy physical behavior underlies across all the voltages, and can
develop differently across the sampled area at each applied voltage. Here,
theweight mapsnherit thep, dependence, i.e. tlegenvectorsire voltage-
independent, but weight maps generated for eagh, value.

Figure 4.5b shows the results of thg dimensional stacking along the
spatial dimension for the 2 component NMF analysis of PMN-0.36PT. Sim-
ilar to the conventional DR approach above (Fig. 4.4), component 1 and
component 2'(; and";,) show relaxation and poling respectively. The
weight mapgshown for the rstthree positive voltages) depict an expansion
of the areas with high-contributing componentrélgéxation at increasing

voltage magnitude, accompanied by a contraction of the areas where com-
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ponent 2 poling) is contributing. Note that th&; and", in Fig. 4.5 are
presented with Y axis values in the Appendix Figures A.8 and A.9 in Ap-
pendix A.

In order to further identify behaviors associated with the presence of re-
laxor PMN and ferroelectric PbT¥end members, it is also possible to
apply dimensional stacking to the composition parameter. Speci cally, in
our case, composition dimensional stacking was performed along the spa-
tial dimension in order to obtaiweight mapswith an inherited chemical
composition-dependence. Such a dimensional stacking imposes a behav-
loral constraint across the phase diagram in the solid solution. Additionally,
combining chemical composition stacking with voltage stacking along the
time dimension allows us to explore the evolution of the physical processes
not only as function of voltage but also across different compositions. The
combined chemical and physical dimensional stacking dataset results in a
single matrix (illustrated in Fig. 4.3c), with the tightest chemical and phys-

ical constraints for analysis:

2 3
DPe=1:p=1 (t;z) D Pc=2;p=1 (t;z) D pc=3;py=1 (t; 2)

=1:pv=2 (+- =2 ,Pv=2 (¢- =3 ;Pv=2 (¢t
D(t2) = DP=2v=e(t;2z) DPTaR=e(t;z) DPT=e(t; 2) 4.8)

D Pe=1:pv=10 (t;z) D Pc=2;py =10 (t;z) D Pc=3;py=10 (t; 2)
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Figure 4.6: VWoltage and composition dimensional stacking in NMF analysis. Components
(", and",) andweight mapq! ; and! ,) are shown for a two component NMF on the
voltage- and composition-dimensional stacking dataset for PMN, PMN-0.36PT, and PMN-
0.40PT. TheDPePv(t;z) slices are voltage-stacked along the time axis, resulting in the
components inheriting thp, dependence (similar to Fig. 4.5a). These slices are subse-
guently composition-stacked along the spatial axis, resulting iwgight mapsnheriting

the p. dependence (similar to Fig. 4.5b). The red lines represent the KWW tting to each
curve.

Which with dimensional reduction provides:

X
D(t;z) = Wi (z; pe)"i(t; py) + error (4.9)
i=0

Figure 4.6 shows the results of a two component NMF analysis of the
combined voltage- and composition-dimensions stacked dataset. Compo-
nent 1," 1, shows strongelaxationbehavior at all voltages, somewhat tend-
ing to saturate at increasing applied voltage amplitudes. This component is
notably strong in the PMN-0.36PT and PMN-0.40PT compositions and sig-
ni cantly absent in the pure relaxor. Conversely, the second compohgnt (

with strongpoling atV;* and weakrelaxationatV, , is observed through-
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Figure 4.7: KWW functional tting parameters for the voltage- and composition- dimen-
sional stacking NMFeigenvectors Functional parameters were extracted from the com-
bined dimensional stacking analysis (Fig. 4.6) for both componehi{)lafd component

2 (") and at each applied voltagd\o + Rq is the total piezoresponse amplitudg, is

the piezoresponse amplitude at saturatiois,the characteristic time constant, and the
stretch exponential. The bars represent the con dence intervals

out the phase diagram, at varying intensities. Furthermore, this component
Is reminiscent of the averaged response of PMN shown in Figure 4.2a, in

that it showgpoling in response to positive voltages. These components are

presented with Y axis values in Figure A.10 in Appendix A.

Quantitative information can also be extracted from the components by
tting the individual behaviors to the KWW functional. The resulting coef -
cients are plotted in Figure 4.7. For ease of tting, the response to the high-
est positive voltages of the second component were considered as purely
poling, ignoring the rst three experimental data points for each curve. The
error bars (representing con dence intervals) are subsequently larger for
these data points, indicating a possible contribution from yet a third mech-
anism. The second component's response to the rst negative voltage was

not tted as it showed no time dependence.
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The response at saturatiolg) and initial piezoresponse valu{+ Ro)
plots con rm that the response to negative voltages in component 1 tends to
saturate with increasing applied voltage amplitude. The stretch exponential

quickly approaches 0.6 in component 1 for either voltage polarity, and
Is approximately equal to 0.5-0.6 in response to negative voltages for the
second component, showingelaxationbehavior. Conversely, steadily
increases with voltage amplitude from 0.75 to 1 in response to positive volt-
ages for the second component, exhibitingoéing behavior.

A comparison of the different methods used to analyze the multivariate
data highlights the advantages and disadvantages associated with each. Av-
eraging and statistical distribution analysis successfully identi ed the pres-
ence of at least two distinct contributors, but could not directly identify these
behaviors. Application of conventional DR allowed for identi cation of be-
haviors and the respective spatial mapping thereof. However, this approach
could not easily provide quantitative comparisons across all the parameters,
precluding correlative analysi$, dimensional stacking for a single com-
position enabled such a comparison. Stacking along the time dimension
(Fig. 4.5a) generated unique voltage-correlated behaviors, while stacking
along the spatial dimension tracked the evolution of shared behaviors with
increasing voltage magnitudes (Fig. 4.5b). Finally, the combined voltage-
and composition- stacked DR produced a quantitative correlation of piezore-

sponse evolution across the sampled areas, as a function of applied voltages
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and probed chemical compositions.

Furthermore, regardless of the analysis methopolang-like behavior
was observed, most strongly correlated with the relaxor end member, PMN.
Referring back to Figure 4.4, tiveeight mapdor the two componentgé-
laxation and poling) are very similar, while the actual components tend to
reproduce almost symmetric local trends. Consistently with the voltage- and
composition-stacked analysis shown in Figure 4.6, it is clear that only a sin-
gle behavior is present in the pure PMN sampédaxationin response to
negative applied voltages apaling-like response to positive applied volt-
ages. Hence this behavior can be considered an indisputable signature of
the relaxor end member, and indeed persists even at ferroelectric addition
to the solid solution. We note that these results are consistent with previous
work nding that the relaxor-type behavior persists into compositions with
substantial ferroelectric content, i.e. as high as PMN-0.%PT.

Additionally, the dimensional stacking analysis clearly shows that two
factors correlate with the appearance of a relaxation-dominated behavior:
namely, introduction of the ferroelectric end member and applied eld mag-
nitude. As demonstrated in component 1 of Figure 4.6, a strelagation
in the piezoresponse, reminiscent of typical ferroelectric relaxation, is ob-
served with introduction of the ferroelectric end member. Such relaxation
saturates with increasing magnitude of the applied voltage, at values well

above theV . Furthermore, theveight mapsn Fig. 4.5b depict an en-
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hancement in theelaxationbehavior and a decrease in {haing behavior
when the voltage magnitude is increased.

Finally, it should be noted thaelaxationswith  values approximately
equal to 0.6 have been associated with domain glads3é¥ or domains
with glassy properties. In general, glass-like behavior is associated with
complex non-equilibrium states of matter with strong disotéeHowever,
the disorder is often associated with lack of structural organization. In com-
parison, here glassy behavior is observed in bulk single crystals, where the
disorder is observed for the functional (i.e. physical) response of the mate-
rial, as a direct result of local chemical and polar heterogeneities. In fact, the
glassy domain behavior is persistently observed when a ferroelectric solid
solution is created with the relaxor end member. Although glassy behavior,
l.e. dipolar- and spin-glass behavior, have been reported extensively in lit-
erature for relaxor materials, such reports have been limited to either pure
relaxor (e.g., PMN) or relaxor-ferroelectric solid solutions with small ferro-
electric content®>® Here, the dimensional stacking analytic techniques high-
light speci cally that the domain glass behavior can be observed throughout
the phase diagram, again consistent with Bokov an&Yaurther, this do-
main glass behavior is a strong signature of the relaxor-ferroelectric solid
solution as well as perceivably of the very large enhancement in electrome-
chanical response observed in these materials.

In summary, a method for applying physical and chemical constraints
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to machine learning techniques is presented. Through informed use of di-
mensional stacking, meaningful chemical and physical characteristics from
multidimensional datasets can be extracted. Thanks to its intrinsically cor-
relative nature, this method outperforms conventional dimensional reduc-
tion and statistical techniques that are limited by information loss or lack
direct comparability.

To demonstrate the dimensional stacking approach, it was used for nanoscale
investigations of electromechanical relaxation of (1-xX)PMN-xPT relaxor-
ferroelectrics across the phase diagram (x=0,0.36,0.4). Speci cally, simple
statistical analysis, conventional dimensional reduction, and nally dimen-
sional stacking techniques were leveraged to identify the multiple contribu-
tors to the observed electromechanical response at different ferroelectric end
member contents. All approaches identi ed both poling and relaxation con-
tributors to the response, at least in some compositions. However, only the
dimensional stacking technique enables a direct and quantitative compatri-
son of the evolution of the different contributors across the phase diagram.
Speci cally, apoling behavior - signature of the presence of a relaxor com-
ponent - is observed in all compositions. Additionally, the existence of a
domain glass state is also identi ed in all the compositions containing also
the ferroelectric end member.

The dimensional stacking technique is generically valid for the correlated

analysis of any multidimensional dataset, in a wide range of elds. It should
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prove of particular interest for the analysis of the functional response of
all materials of complex compositions, as well as design of new functional

materials.
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CHAPTER 5
ADDRESSING ELECTROMECHANICAL SWITCHING IN
FERROELECTRIC THIN FILMS WITH BETTER, FASTER, AND
LESS BIASED MACHINE LEARNING

5.1 Summary

In this work, it is demonstrated that the interpretability of machine learn-
ing results in materials science, and speci cally materials' functionalities,
can be vastly improved through physical insights and careful data handling.
The use of techniques such as dimensional stacking can provide the much
needed physical and chemical constraints, while proper understanding of the
assumptions imposed by model parameters can help avoid over-interpretation.
These concepts are illustrated by application to recently reported ferroelec-
tric switching experiments i bZrg.2Tig.gO3 thin Ims. Through system-

atic analysis and introduction of physical constraints, it is argued that the
behaviors present are not necessarily due to exotic mechanisms previously
suggested, but rather well described by classical ferroelectric switching su-
perimposed by non-ferroelectric phenomena, such as electrochemical defor-

mation, electrostatic interactions, and/or charge injection.
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Figure 5.1:K-means analysis of the BE-PFM resonance frequéndg) as measured and

(c) with the point-by-point mean removed, as such the y-axis represents the deviation from
the mean. (b) maps of the SSPFM local mean values for amplitude (A), phasgiélity

factor (Q), and resonance ), the micron bars represent rb. In (a) and (c) the maps
show the spatial locations where the correspondingly colored resonance curves occur. In
part (a),! ¢ is the mean resonance valle, 132XHz, for the full set of data. In part

(c), components are derived for the normalized resonance curves, after removal of the local
mean value, and hence shown as deviation from mean.

5.2 K-Means Analysis

Switching experiments probe the effects of applied DC voltage (upon its
removal) on the piezoresponse and hence polarization state of the material.
Given that switching events require nucleation and growth of new domains
or motion of preexisting domain walls, it is expected to affect not aghly

and , but also! andQ. We start with the consideration of the probed vis-

coelastic properties of the sample. Figure 5.1a shows the result of a sim-
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