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Abstract

Scanning transmission electron microscopy (STERY emerged as a uniquely powerful tool
for structural and functional imaging of matesian the atomic level. Driven by advances in
aberration correction, STEM now allows roaimmaging of structures with single digit
picometer-level precision for localization @ttomic units. This Primer focuses on the
opportunities emerging at the interface betw8&ikM and machine learning (ML) methods.
We review the primary STEM imaging moded& including structural imaging, electron
energy loss spectroscopy and its momentusolved modalities and 4D-STEM. We discuss
the quantification of STEM structural data as a necessary step towards meaningful ML
applications and its analysis in terms of val& physics and chemistry. We show examples
emphasizing the new opportuesi offered by structural STEMnaging in elucidating the
chemistry and physics of complex materials and Hwvlatter connect to first-principle and
phase-field models to yieldonsistent interpretation of gaagive physics. We present the
critical infrastructural needs for the broadbation of ML methods in the STEM community
including the storage of data and meta @dltaving the reproduction aéxperiment. Finally,
we discuss the application of machine learniogautomate experiment and enable novel
scanning modes.



[H1] Introduction

One of the most common methods of “seéatgms is scanningansmission electron
microscopy (STEM). In STEM, images are gexted by scanning a small probe, formed by
focusing the electron beam, across a thin safples probe is focused by the objective lens,
commonly combined with other lenses designed to reduce the aber@dtibeprobe-forming
optics. Scan coils, which generateapidly changing field, are used to scan the beam over the
sample. Any signal that varies with probe positcan be detected andedsto form an image.

A simple schematic of a STEMd various possible detector configurations is shown in Figure

1 (left). Some detector configurations can bedus parallel, which is advantageous because

it allows multiple, complementary signals e directly comparedgixel by pixel, both for
imaging of simultaneous coherent and incohesggrials and for spectroscopic analysis such
as X-ray and light emission and electron ggeloss spectroscopy (EELS). The detected
intensity is plotted on a monitor synchronizaeih beam scanning to form images. Because
the distribution of transmitted dfor scattered electrons in the detector plane depends on the
specimen thickness, composition and structume vHriation of detected intensity across the
image tells us how the projected thickness, comipasand/or structure of the sample changes
from point to point. The spatial resolution is etigely determined by the size of the electron
probe. Today, the development of aberration correction technology for electron optics allows
an electron probe to be routinely be nardwo 50 pm or less full width half maximum
(FWHM), meaning that the spatial resolution of aberration-corrected STEM has become
smaller than the size of a hydrogen atom whBshkr radius is approximately 53 pm. In a
STEM image, the image contrast and therimiation it contains about the specimen depends
on which region(s) of the detector plane weord from and how we detect the electrons by
the post-specimen detectors.

The most common STEM measurement igdébect the electrons scattered to high
angles(significantly beyond the probe-forming apee radius) by a donut-shaped detector.
Called annular dark field (ADF) imaging, theages obtained by this method are incoherent —
essentially, all probed atoms contribute indepatigeand additively to the total signal and
interference effects between signals arising fobffierent atoms are suppressed. This feature
enables us to directly and robustly obsengemat columns and single atoms in materials and
devices. Moreover, since the integrated intgnef high-angle scattered electrons varies
approximately with the squaof the atomic numbetof the atoms under the prolzecontrast
imaging can visualize the heavier element atoms in a crystalline lattice with high sensitivity.
In contrast, the signal from the lighter atomsigrystalline lattice is generally much lower,
often making detection difficult. To increase the atomic signal and image light monolayer
materials such as graphene, the inner angtheotletector can be decreased. This commonly
used detection method is called annularhdrigeld (ABF) imaging. ABF mode uses a donut-
shaped detector positioned tdleot electrons scattered insitlee angular-range defined by
the incident probe (often referred to as the Hirigeld disk) and can directly visualize light
atoms even in the presence of heavy atomseS\iF, ABF, and other type of images can be
obtained simultaneously from exactly the sarample positions by using either many separate
segmented detectors or a pixgbéydetector (see Fig 1 (leftPpth structural and chemical
information at atomic dimensions can bdadbed by STEM. When combining imaging with
spectroscopic techniques, STEM allows usxtract multiple and complementary forms of
information about a specimen from a vergdbized volume including statomic dimensions.

For example, imaging can be combined velbctron energy loss spectroscopy (EELS), where
each probe position records theeggy spectrum of scattered electrons to measure inelastic
scattering inside the specimen, and energyedsspe X-ray spectroscopy (EDS or EDX),
which measures X-rays emitted as a resulhefelectron probe interacting with the specimen,
to simultaneously obtain a wealth of matendbrmation from the same sample positions.



In recent years, additional imaging modes, such as differential phase contrast and 4D-
STEM as discussed below, habecome available with advances in electron detectors,
especially pixelated and mukegmented detectors, which allgpatially-resolved probing of
electric fields at atomic resolutiomé magnetic fields atanoscale resoluticit Pixelated
detectors allow a sndpst of electrons scattered throughamge of angles for each probe
position. This enables the detector configiorat for example ABF, ADF or even various
multi-segmented configurations, to be selectéer diie data have been collected, with obvious
advantage of selecting the imaging mode oglifior the sample without the need to do
additional experimentation. They also permit spleconfigurations to be selected such as for
ptychography. Increasing detector speeds offer digaint advantagefor low-dose imaging
compared to conventional phase contrast im@gElectric and magnetifield imaging also
benefits from fast pixelated detectors. lmy@ments in aberratiocerrection and spatial
coherence have led to increasingly large pifaoming apertures that enhance depth resolution
to the nanometer scale, allowing optical settig and yielding 2D views of the sample at
atomic resolution and at different depfH$.In the future, optical sectioning by using even
larger probe-forming apertures could yield atomic resolution as a function of depth, albeit with
some interpretative complexity*?> The more commonly-usedttseries tomography has
already achieved atomic restdn in all three dimensiof% while combined approaches have
also been proposéfr!® Spectroscopy has also undergone a revolution in recent years with
improved monochromator and electron emitlesigns increasing energy resolution to the
~meV levet’ and allowing both phonon spectroscomyd direct measurement of sample
temperaturé®

The rapid advancement in STEM imaginglapectroscopy raises issues such as how
to explore multidimensional data sets usinguanan operator and what type of quantitative
information can be obtained from the measured data. Some questio iwhat materials-
specific information can be obtained from micrmsg data and at what level of confidence, for
example when determining atongoordinates from STEM or attering potentials from 4D-
STEM; how the imaging system affects materials-specific measurements; and whether
materials-specific measurements can be improvild better knowledge of the system (such
as knowing the beam parameters, the reswmiutunction, or fully modelling the imaging
system) and knowledge of a material’'s phaseicire, and composition. Questions remain
about whether we can use madsispecific information withuncertainties determined by
incomplete knowledge of the imaging systemintrinsic limitations to infer physics and
chemistry. A common approach is the usecofrelative models, wdre the variation of
observables is compared. Without an un@@ding of the physical mechanisms involved,
observed correlations dwt necessarily indicate a causatrelationship between the observed
parameters. An alternative approach is gatnee statistical modelg/hich model the joint
probability distribution between ¢hobservable variables and the target variables. The aim of
generative statistical models the recovery of generative physics such as force fields,
exchange integrals, and other parameters.eRample of a deep generative model is the
variational auto encoder (VAE) which will liscussed in detail below. The question also
remains as to whether correlative or causative materials-specific information can be used to
reconstruct materials behavior in a broad patangpace such as, for example, phase diagrams
via different temperatures and concentrationd,farally determine how the reliability of such
predictions depends on the positiarthe parameter space. Similarly, we can harness the data
stream from the microscope to engender-tiea feedback, for example for automated
experimentation and nanometer- anohat scale matter manipulation.

Machine learning (ML) is becoming integtalanswering these questions. In Fig 1 we
illustrate a possible workflow for ML analysis experimental data as it is acquired. The first



component is a local computer connectedatliyeto the microscopeacquisition computer,
often referred to as an edge computer. This computer downloads the data from the microscope
computer and carries out i@t processing of the data tallow feature extraction and
guantification of the datasets, usually usingt@ined models. This direct connection is
required because of the size of the datasets commonly acquired, especially 4D-STEM datasets.
The edge computer is also connected to thd teetsvork and via this the internet. This allows
access to web based resources such as ontiragstand Google Colab. However, the slower
bandwidth provided by even commercial in&rrconnections will be a bottle bottleneck
preventing rapid retraining of models based ow datasets. The edge computer can also be
connected via the local network to high perfanoe computing (HPC) facilities. Here the data
transfer will be rapid, but the calculationsy be time consuming. These simulations may
include structure inversion to determine the scattering potential, saliotlaxations using
density functional theory (DFT) onolecular dynamics (MD) or ¢hdetermination of structural
changes associated with quantum phenomenallyithe edge computer can use the analysis
it made of the initial results to adjust the mi&cope parameters. This needs to be done rapidly
to avoid specimen drift and othmicroscope instabilities. Thisill require the development
of rapid algorithms and the abylito interact directly with & microscopes operating software.
Multivariate statistical methods have bew a technique of choice for visualizing
multidimensional hyperspectral data sét&. Deep neural networks allow for robust image
analysis with significant benefits for amtatic location and classification of defe¢t$® We
may soon see a selfiding microscope! potentially integrated with synthesis and
computation to develop new materials. The micope may even be able to place dopants into
predetermined locations for an ultimat®m-by-atom asserfypof materials®>-?’ For some
common machine learning approaches, see Box 1.

In this primer, we first discuss the fundartad principles of imaging and spectroscopy
in STEM for structural imaging, EELS aitd momentum-resolveahodalities and 4D-STEM,
and highlight the need for ML methods as a way to analyze emerging multidimensional data
sets. A more detailed description of mod&TEM theory and experimentation can be found
elsewhere® We then discuss the quantification afustural STEM data in terms of atomic
positions and the insights it yields into fhieysics and chemistry of reials. We emphasize
the novel opportunities enabled by the synergy of correlative ML methods and physics-based
ML and STEM as a way to linkbservations in STEM experimis to generative physical
models of materials behavior. Finally, we diss the associated challenges and scientific
infrastructural needs of im@inenting ML with STEM befe looking forward to the
requirements for open-source software and datargnwithin the community to facilitate the
application of ML methods to STEM data.

[H1] Experimentation

In this section we briefly outline the major components of a STEM, with an emphasis
on the parts we believe are likely torest relevant for machine learning.

[H2] STEMfundamentals

A STEM is closely related to both a convenab transmission microscope and a scanning
electron microscope. A beam oéetrons is extracted from awgce, also called a gun or a tip,
and accelerated by a high-voltage typicaletween 30 and 300 kV. To avoid the beam
colliding with gas molecules, the interiortbe microscope has to be under high vacuum. Much
of the support equipment surroundia modern STEM will be agciated with maintaining the



vacuum, high-voltage and other power supplies. modern STEM, the ability to image single

atoms places extreme requirements on the cleanliness of the vacuum system and sample in a
similar way to conventional surface science metfiotdsA dedicated sample holder is needed

to position and tilt the sample, which is inserted into the microscope through an airlock.

Electron lenses, typically rourglectromagnets that generate intense field on the
beam axis, are used to shape the electron beaause electrons are charged particles affected
by electric and magnetic fields. As seen in Fig Series of condenser lenses first shape and
demagnify the beam of electro$ie beam is then converged onto the sample by an objective
lens to form a probe. The final size of the mablimited by diffraction and by the aberrations
of the electron lense$he diffraction limit? depends on the convergence angle of the probe
and the De Broglie wavelength of the electrons, which is determined by the accelerating
voltage. As in optics, a larger convergence anglediwis equivalent to a larger probe forming
aperture) corresponds to a finer resolution. Hmweunlike in conventional light optics where,
in principle, arbitrary lens shapes may be aberration-free, convdntiumal electron lenses
always have some aberratidhsThese aberrations become worse at higher convergence
angles, which limits the largest aperture sizg tan be used. Reducing or eliminating these
aberrations via aberration cocteon has been an enduring deabe in electron microscopy
(see* for a comprehensive history of aberratimorrection). The first successful modern
aberration-correctors in STERFf®and in TEM7“°saw broad uptake during the early 2000s.

43 The most relevant aspect of these correctarthfopresent Primer is that they depart from
rotational symmetry by using non-round lenses and consist of mtgrteents, which makes
them complicated to use. The developmenad¥anced computer controls to measure the
aberrations and optimize their conditions is themefin essential part of the operation of these
system®. With careful optimization of the lens seti, the probe size at the sample can now
be about the size of an atom.

A series of projector lenses transfers #lectrons that areansmitted through the
sample to various detectors or an EEL specttem@&he intensity measured by the detectors,
which is equivalent to the number of electrortiig the detectors, forms images as a function
of the probe position. This means that the ienpgints are acquired in series over time and a
variety of detectors can be used to record @iffe signals for each probe position. Note that
the STEM mode of operationdsfferent from a conventional TEMhere a larger sample area
is continuously illuminated by the beam aneé frojector lenses magnify the image of the
sample.

The electrons scattered out to high asgitrongly depend on the atomic numbexf
the elements and the signal recorded on a higieaannular dark fieldetector (HAADF) is
known as &-contrast image. The benefit of the HAADF mode is that it allows relatively simple
image interpretation to a good approxiroatiln many cases, the bright spots dft@ntrast
image relate to the positions thfe atoms and spot intensity relates to atomic number in an
intuitive way. Finding atomic positions theoe¢ depends on locatingcla maxima and image
intensity provides clues as to the number of atemtheir atomic numbers. This simplicity is
particularly convenient for ML because initiaktieag can often be done with very simplified
models and training datan typically be clasted by human operators.

A critical aspect of STEM experimentssample preparation. The electron beam has a
mean free path for scattering measured inaénanometers for most materials, which requires
very thin specimens to produce high qualitgasurements in transmission modes. Samples
can be thinned using a variety of methodsgiag from mechanical polishing to focused ion
beam (FIB) milling. The thinness of the sampéaises most of the beam electrons to remain
near the optical axis and the electron interactiith the sample primarily changes the phase
of the beam. A small detector close to the gwies a bright field (BF) image. One of the key
difficulties in BF imaging is that detectors reddhe intensity whereas most of the details of



the beam-sample interaction are contained irpli@se. To obtain a phase contrast BF image,
a small amount of defocus is typically usedytee an extra phase shift and cause the total
intensity at the detector to depend on the pf&ae.annular detectotypically with a bigger
diameter, yields an ABF image. The type and sizeéetector used will affect the information
contained in the image.

It is also possible to used segmentedaets to record fineangular ranges. A very
common example is the use of four or momgnsents arranged as pie slices on the unscattered
electron probe in order to measure beshifts in differential phase contrdét®> A more recent
addition is the use of high-speedatit electron detectors to record a full image of the diffracted
electron beam and generate a four-dimensidatdset via 2D imagesf the probe scanned
over a 2D grid of probe positions, altlemue often referred to as 4D-STERA.

An additional reason for requiring thin specimens is to aid interpretation of even the
most basic imaging modes. This is becauseptiobe electron undergoes multiple scattering,
commonly referred to a dynamical scatteringli@ctron microscopy, aspropagates through
the specimen. This causes the probe to chsimggee depending on the local sample structure.
For example, a probe placed above an at@wiemn tends to travel down along the column,
a phenomenon often referred to as channelingnféalern high-resolution STEM, the distance
the probe channels down the column is cruciddifendant on the atomic mass of the atoms in
the column, meaning different columns are illuminated to different extents. This can make
direct quantitative interpretatiasf images complicated for speeens of more than 10nm or
so depending on the acesdting voltage used.

[H2] Electron Energy Loss Spectroscopy

One of the key aspects of using an annulgealer to form a STEMmage is that only
a small fraction of the electrons are scattémetligh-angles. The disadvantage is that ADF-
STEM can be an inefficient way to form an irragowever, the benefit that on-axis signals
can be collected simultaneously from the same position to provide complementary specimen
information. As the fast electrons in the begmthrough the sample, they interact with and
exchange energy and momentum with the sample. These effects are separated into elastic
scattering, where the total kinetic energy is conserved, and inelastic scattering, where energy
is transferred to the sample in some other form. For example, if the fast beam electron excites
a sample electron to a higher-energy statiosis a corresponding amount of energy, which
can be measured with EELSn excellent introduction to EELS can be found’in

The first EEL spectrometéfsconsisted of a magnetic prism followed by several
quadrupoles and were subsequently optindizéd an electron spectrometer, a magnetic field
is used to disperse the beam dependent danigtic energy. A positiolsensitive detector is
used to provide an EEL spectrum. This spectrulihave several peaks at energies that depend
on the elements in the sample, with shagpes depend on sample thickness and electronic
structure. Various complications in the intexfation arise because the beam electrons can
interact with the sample in a variety of wagad perhaps multiple times, especially for thick
samples. Untangling these competing effectdacbe a promising area for ML techniques.

EELS in the STEM has emerged as a powerful analytical technique; the small electron
probe dimensions means that exaitas associated with core-logsplasmon! and optical
transitions in materials can now be routinéhyerrogated, in some cases at single atom
resolution?>**We typically divide the EEL spectruimto different regions depending on how
the fast beam electrons interact with the damphe zero-loss peak contains electrons that
have not lost a measurable amount of energgragotions with the atomic vibrations of the
material lattice can excite phonons and sowbasurements are commonly referred to as
vibrational spectroscopy. Collective excitatioh the sample electrons are referred to as



plasmons , which are closely related to the gtmitand photonic properties of a material and
depend on material shape and $fZ€.Energy losses that correspotudexcitations of core
electrons in the sample are referred to as core-loss and characterize the elements present at the
probe location. The detailed shape of the coss-edges will depend on the characteristics of

the initial and final state of the sample elens as well as many of the same thickness and
orientation effects that affect the imaging modes.

Recording a spectrum at each probe position gives a spectrum image, also referred to
as a hyperspectral data 8&et® The strength of EELS in a STEiIthat it provides information
on the local chemistry and electronic structure while Zkmdntrast image simultaneously
provides a map of the atomic configuration. This concept can be extended to other imaging
modalities and combined with multiple signals. For example, when an excited sample electron
relaxes back to its ground state it will emit the excess energy as a photon, which can
simultaneously be analyzed with a cathodolesagence or X-ray detector. A recent review
article contains a more comprehensive a$sion of these and associated metidds.

One of the factors that limits the energy resolution in EELS experiments is that the
beam of electrons has a small but finitergy spread. Depending dhe type of electron
source, the beam width will typically be betwe®3 and 1 eV. Peaks that are separated from
each other by less than this intrinsic energy spread cannot be easily resolved, which will mask
many physically interesting phenomena. kidigion, there are extreme demands on the
performance of the microscopewer supplies: we might watd measure energy losses of a
few meV for a beam energy of several tenshondreds) of keV, which corresponds to a
stability above 1 part per million. Perhaps even more importantly, the tails of the distribution
extend out over a far larger energy range, nmngatiiat very weak signals are easily swamped
by the backgrounéf. Solving the energy spread problem requires an electron monochromator.
In a monochromator, energy-dispee elements disperse theabe before the sample and a
range of energies is selectesing a slit or an apertuf&This selection necessarily reduces the
amount of current available to form the probe. Since the slit used to select the energy has a
finite size and the monochromator maytraduce aberrations, using an electron
monochromator typically degrades the spatesolution. However, a new generation of
monochromated instruments has been carefi@drgned to allow high energy and high spatial
resolution while minimizing the loss of curredust as for aberration-correctors, computer
control is usually essential to tbperation of electron monochromatéts.

One of the most exciting aspect of thesew monochromated STEMs to date is the
exploitation of modes such asoof spectroscopy, where theabe passes near the sample
instead of through 8% Such modes might open new non-damaging analysis modes or be
used to provide data on sensitive biologicalcomplex quantum states. Another surprising
example is electron energy gain spectrosc¢émyhere the fast beam electron can gain energy
from the sample in a reversal of the normargg-loss process. Such novel modes are likely
to allow access to new information streams about the local nanoscale properties of materials.
For example, comparing energy loss and energygababilities can now be used to measure
the local temperature of matas in a parameter-free modég®

[H2] Momentum Resolved EELS

STEM-EELS experiments are typically perfeed at small scattering angles with the
spectrometer entrance aperture positioned along the optical axis to exclude the collection of
electrons with a scattering angtelarger than the collection semi-anglé’ In the STEM
optical geometry where a converged probe éluthe probed signal is dominated by inelastic
scattering wave vectors parallel toe forward scattering directiodd.and averaged with



contributions from other non-parallel wave \@stdetermined by the probe convergence semi-
angle U%’

In momentum or angular-resolved EEb$asurements (q-EELS), the spectra are
acquired as a function of sta&ing angle or momentum vectgr The measurements are
performed by displacing the collection apertudatree to the optical axis. This procedure is
shown schematically in Figure 2a. practice, this is achieved by tilting the incident electron
beam by an angle, whose magnitude deterntimegffective displacement wave veagorof
the spectrometer entrance aperture with regpebie forward scatteratirection. Orientation
dependence of core-losdges from anisotropic materialsidae determined by angle-resolved
inelastic scattering of fast electrdii$? Alternatively the effective displacement alomecan
be achieved by shifting the relative positiortlod spectrometer entrance aperture using post-
specimen electronics.

Momentum-dependent experiments haverbsuccessfully implemented in the entire
range of the energy loss spectrum. Higsslag-EELS has been employed to probe the
anisotropy of chemical bont#$°and the detection of a magnetic dichroic sigh#t. the low-
loss energy range, the different g-space dispersiations of the spectral peaks can be used
to probe the dielectric characteristiéplasmonié® and excitonic dispersioffsand to identify
optically forbidden transition€. More recently, the introduction of improved monochromator
designs with energy resolutions of awfe-meV has allowed fo momentum-resolved
vibrational EELS*7®

While extremely powerful, STEM g-EELS is not without challenges, the first being the
fundamental physical limit of nmentum versus spatial réstion, with the momentum
resolution, M being inversely proportional to theeetron probe size as determined by the
beam convergence semi-andl’. The large beam convergence angles used in STEM result
in broad, overlapping diffraction discs, limitintge g-space resolution of the spectral data.
Nevertheless, by careful choosing the experital conditions, the momentum resolutiofi
can be balanced with the achievable spatial resolution as recently demonstrated by atomically
resolved STEM-EELS phonapectroscopy experimerfts®7’4 The second challenge lies in
the weak signals associatedhwibrational EELS specificallgnd the rapidly decaying EELS
signal off the optical axi€ which require lengthy experimenand the sacrifice of different
types of resolution (such as spatial, momentemenergy resolution) in favor of signal
detection. The introduction afew rapid, high-efficiencdirect electron detectdfspromises
to expand the range of g-EELs experiments in the future.

[H2] 4D &TEM

New faster and more sensitive detectordamming available in electron microscopy.
This is partly due to general advances ircnoelectronics devices drpartly due to novel
developments such as direct electron deteCtdrsxelated detectors can be used to acquire the
electron intensity depending on teattering angle. Different areas can then be selected during
post-processing to effectly allow a variety of images to be constructed. In addition, pixelated
detectors can acquire multidimensional seftsdata (see Fig 2b and Box 2), which can
potentially be used to reveal additional im@ation about the structure and properties of
materials at higher resolutions.
In electron microscopy, the reciprocity theoref Helmholtz suggestthat swapping the
source and the detector should give the Samage in the case of elastic scattefifighpplying
this principle to the STEM thusdicates that a small on-axdstector in STEM should give a
BF image equivalent to a conventional TEM imad¢dowever, in order to obtain a highly
coherent image, the collection angle must b genall and most of the electrons that have



interacted with and possibly damaged the damgll not be used, which is why BF-STEM
imaging has traditionally been regarded asficeht due to the low signal to noise ratio.
Another way to look at coherence issue is takhof each part of the detector as forming an
image at a different tilt angf8 Adding these slightly different images together, for instance by
using a larger detector, willrid to blur some of the fine tidls and limit spatial cohererite
However, all the transmitted electrons can béected as a function aingle at a particular
probe position using a pixelated dette to obtain a nanodiffracti&h®® pattern, also known as
an electron Ronchigrafi.In STEM, the electron Ronchigm provides several routes to
measure aberrations, which isgartant for aberration correctitr®’°* and for measuring
spatial coherence, which is a resolution-limiting factor in aberration-corrected instruments and
important for quantitative interpretation of imadé® Nanodiffraction patterns can be
collected at every probe position to geneeatedimensional (4D)-ST# dataset, also called

a scanning nanodiffraction datas8tich operating modes potentially use all the transmitted
electrons to reconstruct an image and can be more effi€i&¥D-STEM has become a
commonly adopted method with the commerciaikability of high-quality detectors, with a
recent comprehensive review published®in

The strength of 4D imaging is the extra mi@ation available within the collected data.
First, as the electron beam transmits throughsimple, it might be deflected by fields inside
the sample. This deflectioncde differentially detectéd*1%for differential phase contrast
with multiple detectors, potentially at atomic resolutiband can be used to reconstruct the
measured field&! Differential phase contrasbntains details of thsample’s electrical and
magnetic fields, although how tontangle all of these subtkffects is not always clear,
particularly in the presence of dynamical se@hg. Other information that can be obtained
includes polarization domaif® strain fieldst®*1%7 octahedral tilt$% and local symmetr$?

An ongoing question is how to maximize the amafrinformation that can be extracted.

One way to maximize information exttamn uses ptychography, where the redundancy
in combining real-space and diffraction-space databe used to solve for both the phase and
amplitude of the electron bedfhand permit more details of tisample to be reconstructed.
Modern ptychography solutions are typicaligrative methods derigefrom the Gerchberg-
Saxton algorithrit®, with seminal implementation founc®iH'13 The main issue with these
iterative methods is that they are still compiotadlly intensive and have yet to incorporate the
full effect of dynamical scatteng, which limits their appliability to strongly scattering
specimens with higZ-elements and/or thick specimenattare > a few nm. While one solution
is to simply apply more computer powertk@ problem, using artificial intelligence/machine
learning (AI/ML) techniques could present a better rétft&imilarly, a significant amount of
3D information encoded in the elemt Ronchigram and 4D dataséts!'® could also be
extracted using Al/ML techniques. There are salvether applications for ML in the context
of 4D imaging. Because only a small fractiortteé beam electrons strongly interacts with the
sample, almost all signals tend to be noisy orred by instrumental &dcts, meaning that, for
example, even simple deconvolution or deimg procedures cdre extremely useful.

Finally, there is a lot of scope for future development of 4D-STEM techniques. In
principle it might be possible to record an endaps at every scattering angle at every probe
position combining g-EELS and 4D STEM infornaat, or extend dimensionality further by
combining 4D-STEM with tomography. One problérthat current detectors are 2D, which
means that acquiring a higher dimseonal dataset requires multigeans of the same area. If
the sample is damaged by the beam, changestiower drifts away, or contamination builds
up, repeating the same scan multiples timesr dhe same area of the sample may not be
possible. Thus, using ML methods to infer adelathat informs an automated experiment to
obtain a sub-set of this multidimensional dastane way to approach the multidimensional
information challenge.



[H2] Beam Engineering

While most efforts have concentrated otiugng probe size and increasing lateral and
depth resolution, a new frontier STEM is in beam engineering or shaping as a way to address
emergent physical phenome associated not usually obsasie using conventional imaging
techniques!’12°0Owing to new electron-optical elementise amplitude and phase profile of
the probe can be determined beyond the typical diffraction-, aberration- and coherence-limited
shape. The functional beams created by beapisy can widen the range of quantities that
can be measured, determine the dyical diffraction in the materidf>*??2and enhance the
part of the electron scattering to be characterized.
Engineering of electron beam shape haaweolved from the initial use of electron
holographybased on a nanofabricated thin efaiaterial, to magnetic phase plafés new
applications based on electrogtatontrollable phase modulatét!?®that can be directly
positioned in the condenser diaphragm. Beland in Fig 2 we give some examples of
functional beams. A vortex beam, which idaghnut-shaped beam with an azimuthal phase
gradient, is shown in Fig 2c with a rotation 0§ 2lthough multiple integer rotations in the
phase are also possible. The presence of the viartee phase results in zero intensity at the
center of the probe. Vortex beams initially athte probe the spin state of atoms in magnetic
materials by elastté’'?® and inelastic scatterit®)'**% and have also been used to form
holograms to measure the vertical magnetic fi¥ldviore recently, nearly linear contrast
images have been generated by matched iitlation and detectointerferometry ((MIDI)-
STEM), which combines structured illuminatibased on modified zone plates phase with a
high-speed direct electron deteétdfsee Figure 2d). The image of the beam recorded on the
direct electron detector is pgstecessed with a mask matching the phase plate. Phase-shaped
electron beams have also been used toeptbb symmetry of localized surface plasmon
resonances? Appropriately tuned Gaussian-shaped bédhwouple strongly with column
and propagate almost unperturbed in the crysslshown in Figure 2e, this is predicted to
produce contrast that does not oscillate agetion of specimen thickness and produce images
that are simpler to quantitatively interprédessel beams or eguaiently hollow cone
illumination can be used to irease the depth of focus of the béah) to facilitate strain
analysis through nanodiffractibi¥***or to improve the interpretability of low-loss EEES
by mimicking the idea of precession electron diffraction and combining beams of different
directions to minimize the effects of channgli(see Fig 2f). This produces a more complex
diffraction pattern that requisespecialized post-processing and removes the need for expensive
microscope modifications.

Finally, one key challenge in STEM is to control both the initial and the final state of
the beam after scattering. For example, the HAADF-STEM detector has been used as a form
of filter'*® but more sophisticated filters allow fortklirect measurements of new final states
without acquiring the full 4D-STEM, such as the measurement of orbital angular momentum
through an orbital angular momentum sotférlt is clear that the increasing complexity of
these new optical systems will require a meophisticated control. For this reason, the
techniques such as conutibnal neural networké€® as well as more advanced approaches such
as Bayesian optimizatié#? and reinforcement learnitf§ will have an increasing role in the
control of the complex optical system and ia #lignment of the microscope in general.

[H1] Results



Because modern electron cameras recorddigitally, analysis of STEM experiments
is typically carried out using software prograongomputational methods. The initial analysis
steps are to evaluate the quality of the expertaialata and select ome more datasets for
inclusion in a study. For STEM images, the minm data processing required is to scale the
image contrast and brightnessid to crop around the feature$ interest. Quantitative
measurements may also be performed, for examglasuring the position of atomic columns,
the length of atomic bonds, orraparing calibrated measuremesignals to image simulations
to estimate local structure or composition.

Higher-dimension STEM datasets often regugubstantially more analysis and data
processing. Examples of 3D tdaets include: time-seriesomies that may require drift
correction to remove sample motion; tomograghi series requiring gtware to reconstruct
3D sample volumes; or spectroscopic datasetsasEDS or EELS that are usually interpreted
from dictionaries of known signals or first pripk@s calculations. 4D datasets such as qEELS
or 4D-STEM also require specializedtsare codes for very large datasets.

[H2] STEMData Format and Analysis Programs

Modern STEM instruments are capableodducing large data streams from a variety
of measurement channels to deliver important speciinformation. This data is most valuable
when analyzed in a quantitative, transparant reproducible manner. Most STEM datasets
are currently recorded in proprietary formatéirted by the hardware vendors. Some progress
has been made towards saving data in open feramat defining standasdor interoperability,
but there is a long way to go before allE3/ experiments follow findable, accessible,
interoperable, and reusable (FAIR) data principtés.

Since STEM data is usuglirecorded on vendor software platforms, data analysis
typically starts there. These platforms include@aan Microscopy Suite (GM$jith Digital
Micrograph from Gatanyelox from Thermo Fisher ScientifiSwift from NION, ESPRIT
from Bruker, etc. These acquisition and analysis prograthoffer the ability to visualize data
as it is being recorded and are invaluablprtivide feedback during experiments. They often
include complex analysis methods such aangjtication of EDS experiments from reference
spectra. However, these vendmalysis platforms and methoai® often closed source “black
box” methods where the underlying code cannot be read or modified with, to date, the Nion
Swift as the exception. Some of these platforms allow execution of external analysis scripts,
which in the case of Digital Micrograph has teda vast number of user-developed analysis
methods. There is, however, no cahtisting of these methodsd few have been vetted by
the community. Nevertheless, many paperspatgished each year containing STEM results
analyzed entirely on vendor software platforms.

To perform more complex analyses ofEBf data, many users either write their own
software or use community-deweeled codes. One of the most popular programs for analyzing
imaging data idmageJ an open-source image processprggram written in Java. Many
scientists have written ImageJ plugins taderoprietary STEM data formats and perform
various medium and atomic resttun corrections or measuremett$43Another widely used
programming language for analysis of STEM datdAsTLAB , which despite not being open
source does have a large library of user-createdysis tools either available on the central
File Exchange or on researcher websiteser@hare also free languages that are mostly
compatible with MATLAB such a®ctave

Recently, the Python programming langu&gs started to overtake other choices for
the analysis of STEM data, in no divgart because Python has becomedédactostandard
for ML data analysis. For conventional aysié methods, there are various community
developed Python codes devotedvarious aspects of STE&halysis. The python package



most widely used in the electron microscopy communityyiperSpy which was originally
developed to analyze spectroscopic data ISTEM-EELS experiments. HyperSpy has
grown into a general-purpose analysis tdofkr STEM data with many plugins targeting
specific data types. These include atomic rdgmiimage analysis with Atomap, luminescence
spectroscopy data analysis with LupyS4D-STEM data analysis with pyxéefit,and others.
Another family of STEM analysis methodshdae found in the Python-based Pycroscopy eco-
systemt** which includes STEMTools toolkit h{tps:/github.com/pycroscopy/stemtod),
AtomAl library(https://github.com/pycroscopy/atomdi for applications of deep learning to
microscopy data including e@p kernel learning, and invariant representation learning,
PyTEMLIb library(ttps://github.com/pycroscopy/pyTEMIp for model-based quantification
analysis, and others. In addition, there 4beSTEM-specific analysisodes currently under
development including LiberTEM® and py4DSTEM?® All these packages are fully open
source and can be freely modifito match the specific needs of a given research project.

Finally, simulation also plays a largelean STEM research. The most common
simulations are imaging simulations incorpargtithe electron scattering process within the
specimen together with the image formationeiysfor the various imagg modalities, which
can be performed using open sousiaulation codes including QSTEM!, ATEM 48 Dr.
Probe!*® MULTEM,*° STEMsalabim’>! abTEM? Prismatict>® and others. These codes
often have specific focuses, for examplelTEM includes the ability to use the electrostatic
potential of a structure dirdgtfrom density functional theor{DFT) calculations performed
with the open source code GPAW while Prismatic focuses on fast calculations. Recently, it
has become possible to simel&TEM spectroscopic signasch as plasmon scatteritrg,>°
double-channeling core-lss STEM-EELS scatterinfy/ very large crystals containing
crystallographic defect§® and other modalitiesMany new computatinal methods are under
active development and large STEM simuwa$ can be tackled with the widespread
availability of GPU resources.

[H2] Analysis of hyperspectral data

The discussion of ML in STEM necess$#ts a brief overview of exploratory data
analysis that originally emerged in the comtekEELS hyperspectral image analysis. Core-
loss EELS provides a wealth of informatiorclswas chemical compitien and local bonding
but correct interpretation requires carefulalgsis and processing. For example, truly
guantitative analysis of electron energy loss eelge structure (ELNES) requires the removal
of plural scattering using methods su@s Fourier-ratio deconvolution, where the
simultaneously acquired zero-loss-peak regiased to deconvolve the plural scattering from
the core-loss signat? This process makes the edge structure more interpretable and provides
increased signal to noise ratios (SNR). Quatintgainterpretation of features such as the L
ratio also requires background subtractiod aemoval of the continuum componeti4!6?
Background subtraction is often done using a sirmppieer law fit to the spectrum prior to the
edge of interest, but alterisd methods are also availaBfé.Following this preprocessing,
guantification can be carried out by estimatingkpbeights and separation by either Gaussian
fitting®3 or more sophisticated model fitting approact®és.

[H3] Principal component analysis

Because the crosssections for ionization are guigl, especially for higher energy edges, the
SNR of ELNES is generally quite low. Thisatso the case for other spectroscopies such as
energy dispersive X-ray spectroscopy (EDX). To improve the SNRmultivariate statistical
analysis of EELS was first demstrated in the late eighti&s?! While many multivariate
methods exist? the most common method for denoisiBELS data is principal component



analysis (PCA). PCA has been widely apglto both chemical mapping and near edge
structure analyst&>1¢”and has been used as a first step in more advanced analysis methods
such as vertex component analyisr the study of precigites in manganese ste¥$!/°An
alternative linear method is non-negative matrix factorizativiF), which has been applied

to core-loss EELS and ED¥* and plasmonic datd? PCA and NMF are available in freely-
available software packages and straightbodvimplementations are available in popular
languages such as Python,kimg them an accessible appob to denoising EELS data.

PCA represents a dataset as a linear swwveahted orthogonal components with the
weighting determined by the commonality oftcleacomponent. Features that are common
throughout a dataset will receive a higher weighwhile features such as noise, which is
essentially random, get a much smaller weigh Removing the loweweighted components
before reconstruction results in the removaifst of the random noise. However, because
features such as interfaces and defects cover only a small volume of the dataset, they receive
low weightings as well. This means composetdntaining valuable information regarding
local structures can be removed along witbse related to noise. While PCA has therefore
been successfully applied to perfect crysthls,method can introduce expected artifacts in
the processed data when the raw datatains interfaces and defeetd2172 This can result
in changes to the features to be measured, swtifaeg apparent peglositions in near edge
structures and changes in intensity. Sincetmaf the most interesting physics happens at
interfaces, defects and other localized stradtdeatures, this is highly problematic and
approaches to successfully examine small change=ar edge structure due to local structural
changes are required.

[H2] Quantitative STEM

While conventional STEM analysis rheds study contrast or image features,
guantitative STEM makes use of the absohatattered intensity in each pixel of a STEM
image to enable more information about the spen to be extracted. Quantitative STEM is
essential to quantifying noise and infotina content and for quantitative comparison
between STEM images and quantum mechanical image simul&fiditse additional
information that quantitative STEM can der about a specimen has been used in
applications such as atom countfrigjlocal composition measuremefitand nanoparticle
shapé’® and surface stability measuremettdinless the sample allows for internal
calibration of the image intensity? calibration of the STEM dector and the microscope
optics are essentiaf?18°

[H3] Intensity measurement

Modern STEM detectors respond linearly te icident electron cugnt, with the dark
count rateD and the gaiis both adjustable by the user. Theemsity in electrons in a pixeél
is connected to the measured digital co@tsy | = (C — D)/G. G is measured by placing a
signal of known intensity on the detector andétame several ways to measure it. For example,
one convenient signal is the intensity of a single elet#d# C1. C1 can be measured by
acquiring an image while allowing almost afl the beam to pass through the hole in the
detector to yields = (C1 — D). Another convenient signal tee full current of the bear,
which can be measured separately by using a Faraday cup for examgjgkl G = (C — D)/B.
Comparing STEM images to simulations regqaimormalizing the image intensity to the
incident beant/* and is straightforward D andG are known an@® is known in amperes. B
is known only in digital counts &, a quantitative imaglk, expressed as a fraction of in the
incident beam current, can also be obtained. In this tas¢C —D) / (Bc —D).1"*

[H3] Calibration



Comparison to simulations requires careflibration of a variety of other microscope

factors that must then be included in thawdations. These factonsclude detector inner
anglesd® and outer angles, cutoffs or shadowing from complex pre-specimen optics such as
aberration correctors? and the non-uniform responseaafmmon scintillator detectot$?83
Finally, the simulated image intensity mbst convolved using a calibrated incoherence
functiont’® For aberration-limited systems, thedherence function igpically a Gaussian

with FWHM slightly smaller than the STEM image resolution and can be calibrated by
comparing experiments to simulations foknown crystal sample, with thickness
independently measured by positioreeaged convergent beam diffractidh.

The incoherence function also accounts fat fastrument instabilities on the pixel

acquisition time scale, sues high-frequency mechanical \altions or probgitter. These

effects can be measured sepalgaand may not be Gaussiént®when made in an

appropriate optical plane, these measurements incorporate the effect of all mechanical and
electronic instabilities in thBTEM system, as well as the partial spatial coherence of the
electron emittets®

For aberration-corrected systems, the matheagtorm of the incoherence function at high
spatial frequencies can become important for tiizive analysis and needs to be measured
in the absence of any other adjustable param&é&tdn systems corrected to higher angles,
i.e. with larger probe forming aperturesnfgoral incoherence becomes significant and may
also need to be measured and ipooated in quantitative analysfg;18°

[H2] From Images to Atomic Positions

The materials information contained iretlata of an atomic-resolution STEM image
can often be captured in a list of the piosis, intensities, and shapes of the atomic
columng®®1%! and uncertainties in those quantiti€Bhe combination of positions and
intensities encodes crystallograpphase and orientation, the pimsis and crystallography of
interfaces and defects, and strain fields. Intensities can be used to count atoms in each column
along the beam directiéf¥"'®2and the intensities and columragles can be used to determine
the presence and depth of impurities in a colGhiA1%

[H3] Classical approach

The classical method for @emining atomic column parameters from atomically
resolved STEM images is to use a partigheling approach, potentially informed by the
translation symmetry of the underlying latti®@ to find approximate positions for all the
columns in the image, then refine the paramdtagreach column by the least-square fitting of
its intensity I1(x, y) to an assumed functional form for the microscope point spread
function19219%6.197These approaches assume that thmit column position corresponds to a
specific form of intensity distioiution, typically a local intefity maxima. This assumption has
greatest validity in the case @fcontrast images but care mumst taken to understand the
influence of dynamical scattering, which can simfénsity maxima in an image relative to the
actual position of the atomic colurd?.An example of &-contrast image of GaNt12® ?
[110] is shown in Figure 3. Figure 3(a) shotihe image with red dots marking the initial,
approximate positions of the Ga columns (ight N columns are not detected), determined
by fitting to a two-dimensional Gaussian:
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Wherelo is the local background intensitd,is peak intensity of the colummno( yo) is the
column positionxw andyw are the widths, and controls the rotation of the major and minor
axes of the fitted Gaussians, accounting fordlight variations in the atomic shape. Figure
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3(b) shows the residual between the data amdltitwhich is both small and random, indicating
a good fit in this case. Obtaining meaningfutertainties in the fitting parameters requires
weighting the data by its uncertainty. The uncertainty detected electrons in a pixel is never
less than¥0 and may be greater due to detector noise for example.

Equation (1) describes local fitting around eatbmic column, so the procedure must be
repeated for every column in the image. Nesal atomic columns are close enough together
that their images overlap, sittaneous fitting to the sum of several 2D Gaussians may be
required for an “all at once” fitting of every column in the im&feyhich necessitates a more
complicated function folo with additional fitting parmeters. For a high SNR and low-
distortion data, which can be achieved by attsbn correction and averaging, this fitting
procedure can result in sub-pm precision tat;mg atomic columns even if the columns are
~100 pm wid€"? High-quality images also lead to high success rates for the initial approximate
column finding and reliable convergence for figfi For SNRs and distortions more typical of
single STEM images, the achievaplecision is closer to 15 giff and initial column finding
and fitting convergence may require morenmma operator tuning. Smoothing or image
denoising using methods such as Fourier fitiggritotal variational denoising, or non-local
algorithms such as block matching and 3D filtetffigan improve atom finding, but as these
methods do not typically preseriraage intensities, the fittingtep should stilbe performed

on the original intensities. Classical fitting meds are therefore less suitable for single-shot
images and prohibitively time-consuming to applywésy large images or to a time series of
images.

[H3] Computer vision approach

Computer vision methods such as convohdimeural networks (ENs) have recently
been used to identify atom calm positions in STEM imagé8'-2°> CNNs mimic human
vision by identifying image featas, which are patterns in intensity, rather than by numerically
comparing intensities to a model, for example by using least squares. CNNs must be trained on
pre-analyzed example images or on simulated slatéar to the images that will be analyzed.
Training an entirely new deep CNN from dctais a major undertaky and requires an
enormous volume of labeled examples. Fortuna&NEM simulations can be used to generate
computer-labeled example imageghout the human effort dbcating the atom positions and
data augmentation can further incretisescope of the training data §8t202204

Figure 3(c) and 3(d) show an exam@&EM image of graphene and the deep
convoluted neural network (DCNN)-derived aiorpositions, respectively. Despite the low
quality of the single-shot image, the DCNNrrextly identifies all the atom positions. In
general, DCNN atom identification is robustaagst both noise and distortion if those were
part of the training set, making it a powerfupapach for single-shot images. The precision in
atomic column positions can exceed traditional metR&d8> In addition, most of the
computational cost in using a DCNN lies ie tinaining. Once trained, execution of the DCNN
is very fast, making analysis of large ima§&and time seri&§’ straightforward. Current atom
finding DCNNs do not generate the entire seatim column parameters in Eq. (1) but the
DCNN-derived positions can serve as initial posisi for fitting. It is not yet clear how to
guantify the domain of applicability for a partiautDCNN given its traiing data, and therefore
successful application to images of, for exampheisual crystal structures or heavily distorted
atomic columns may require some retrainiAgplications of DCNNs can go beyond simply
identifying atom positions to identifying clustessatom positions charagctstic of defects as
shown in Figgure 4(e) and 4%.

[H3] Autoencoders



One way of denoising data while retaigismall changes in the dataset is to use
exploratory data analyses based on autoemsode autoencoder consists of two neural
networks and learns a low-dimensional embeddindpe data, called latent representation, in
an unsupervised mani&t In an autoencoder, the first encoder neural network compresses the
data into a small number of latent variabée®l the second decoder neural network tries to
reconstruct the original data from the latentleeoln the process, the autoencoder learns the
optimal representation of highrdensional data, such as imagekile rejecting noise, which
makes it a great tool for both non-linear dms®nality reduction and image or spectrum
denoising. Latent spaces can afteighlight regions where differences in spectra occur and
lead to additional scientific insights. The autoencoder concept can be extended towards
learning correlative relationships between structure in an image and property in spectral data
as has been demonstrated withithespecencoder-decoder modéfs.

Finally, transformation-invaaint variational autoencoder/AE) build upon classical
autoencoders by making the reconstructioncess probabilistic and incorporating prior
knowledge into the latent space structtiteFigure 4 shows the application of rotationally
invariant VAE to the analysis of graphene data.

Typically, a VAE is a directed latent-vari@bprobabilistic graphical model that learns a
stochastic mapping between observationgth a complicated empirical distribution and latent
variablesz whose distribution cabe relatively simplé!! A VAE consists of a generative
model as a decoder that reconstructiom a latent code, and an inference model as an
encoder whose role is to approximate a guast of the generative model via amortized
variational inferencd? Implementation-wise, both eoder and decoder models are
approximated by deep neural networks whpaemeters are jointly learned by maximizing
the evidence lower boundary via a stochagtedient descent withandomly drawn mini-
batches of data. VAEs can therefore build trefeships between high4tiensional data sets
and a small number of latent variables in a way reminiscent of manifold learning.

One important aspect of the \EA& similar to many manifoldelrning methods is that the
variability of the behaviors in the latent spadws one to reveal relevant features of the
system behavior, equivalent to primary namelr degrees of freedom. Another important
aspect of VAEs here is their parsimony—thenirag process generates thesst short descriptors
representing the data. The primary limitation of the classical VAE approach is VAE sensitivity
to the details of experimental parameters;eiwample the presence of autoencoder networks
to parameterize atomic STEMtdamposing a known structureglationship between latent
variables as an input for stdigal analysis, including Bayesiamference and Gaussian process
regression.

[H2] Distortion Corrections

High-resolution STEM experiments arestiiguished from conventional plane-wave
TEM experiments by the small dimensions ¢ tonverged electron prgbehich is able to
reach sizes below atomic bond lengths withdera aberration-correction technology. The
small probe dimensions requires scanning thetedn beam over the sample surface in order
to collect spatially resolved information in thetector plane, which &els to relatively long
experimental acquisition times on the scalsefonds per image for most experiments. Any
relative motion of the probe with respect ttte sample during the acquisition time will
introduce artifacts that can be due to thermala motion, mechanical vibration, local fields
induced by charging or electronicstabilities of the electron beadtt. In order to perform



precise measurements of atop@sitions at the maximum instrument resolution, these residual
drift artifacts must be measuradd removed from STEM experimeits.
The most straightforward method for reducing exue to sample motion is to simply record
an image series, align all the images, and take the mean value of eaéfpiXelowever,
this method does not efficiently make uselb&aailable information since it does not attempt
to recover any information lost by distortions the imaging system. A more advanced
correction method uses the STEM's ability to scan in any direction and rotate the orientation of
the scanning direction relative to the sarfifleo measure linear sample drift due to thermal
motion and correct acquired imadssapplying an affine transformatid# This approach can
be extended to measure and correct local nomlimeaonrigid distortions in acquired images
by using gradient descetif-??! These correction approaches have also been applied to STEM-
EELS and 4D-STEM dat#2223

Another family of methods for distortion correction makes use of information measured
from the sample itself. For example, if the crystalline lattice parameters of a material are
known, the linear drift can bemoved from a single imagé&. In atomic-resolution images, it
is also possible to directly track the measypesition of atoms in a time series to estimate the
undistorted configuratioff>228

Finally, STEM is not restricted to recording square or rectamgdan patterns. A
variety of complex scan patterns have be@ppsed to produce a more uniform acceleration
of the electron beam. Some examples include spiral&&atfsrandomized beam shiffd:2%2
blanking®® and fractal Hilbert space-filling curvé¥. More complex patterns can help
decouple the direction of motion of the samiptan the movement of the beam, allowing for
more isotropic information transfer in all dations. We note however that all of the above-
mentioned methods only correctatéve errors between imagdsength measurements on an
absolute scale still require precise calibrafon.

[H1] Applications

Advances in STEM over the last decade have allowedheuisualization of atomic
structure of solids and localizati of atomic columns with sub-pprecision. Descriptors that
are strongly correlated with the functional propertof materials, such as atomic bond lengths
and angles, can now be measured at the satgle-level. For example, the bond length in
carbon compounds is directly linked to reaityiand bond strength. &ilarly, bond length and
bond angle in perovskites are strongly coreslatvith metal-insulator and ferromagnetic-
antiferromagnetic transitiorf8®-2*8 Traditionally, these descripts have only been accessible
on a macroscopic level via X-rand neutron scattering; advances in STEM naturally lead to
guestions as to how it can beedgo explore the local physics and chemistry of crystalline and
disordered solids. For examplene advantage of local imagi is the measurement of bond
lengths and bond angle variations within a matefor example at staces, interfaces and
defects, to map of strainefds via direct measuremewf atomic column positions.
Correspondingly, multiple examples of straimapping in the vicinity of second phase
inclusions, dislocations, arstirfaces have been repod®d*! with the experimental structure
compared with the classical solid-state mechanics nidégisnany cases. In this section, we
show examples of the application of HAADBTEM imaging to sewval topical materials
science problems. While this work focuseesHAADF imaging, the STEM has many other
imaging modes that can be applied to materials scfééfbet applications to biology are also
common?*



[H2] Mapping ferroelectric phenomena

The high spatial resolution of STEM makie a perfect tool for exploring the physics
of materials with strong coupling between tiider parameter and structural distortiéf€4
Seminal works using TER"248:24%nd STEM®® demonstrated that quantitative measurements
of atomic column positions can be used tqrti@e polarization ordgparameter field. This
approach was rapidly extendeddiher physical funatinalities strongly coupled to structure,
including octahedra tilting in pewskites in both the image plafi&?>® and the beam
directiort® and chemical and physical strain fiéf#$>¢ Common to this approach is an
priori postulated relationship between the obsdreontrast (for example atomic column
positions) and the physical degtar (for example polarization).

The observation of the order paramefieid and its evolution near surfaces and
interfaces opens a pathway to learn the masoic physics of the systems, such that
mesoscopic models with a small numberfigfe parameters can be matched to STEM
observations. For example, therradation and interfacial tersnin the Ginzburg-Landau free
energies can be extracted from ordemapeeter profiles across domain walls and
interface$®32°%257 while analyses of ferroelectric voxteshapes can be used to derive the
numerical values of the flexoelectric ten$&rRecently, these approaches were extended into
the Bayesian domain to take into consitieraany prior knowledge about the system and
evaluate changes in our understanding of rradtbehavior given ne experimental dat&?®
Comparing experimental data to models cystematically address issues such as the
resolution and information limits required tosalove specific physicphenomena and whether
prior knowledge of the system enable a@iddial insights from the experimental data.

Although determining the atomic positioirs an image to assess polarization in a
ferroelectric domain is a valid approa®f,it is an indirect way of revealing a material’s
ferroelectric property. A more direct approdbht maps polarization in ferroelectric materials
is based on differential phase contrast STEM, wharannular detector split into at least four
independent azimuthal segments is used tivelechanges to the center of mass in the
diffraction pattern due to the in-plane companef the electrostatic field in the samfteA
center of mass change is determined by taiclg the intensities difference of two opposite
detector segments and is proportional to the msttic field in the specimen, which affects
the angular propagation of the beam while rextéing with the ferroelectric specimen. This
approach has recently successfully mapped [sogeization gradients asss naturally formed
domains in a doped farelectric material?®® Although clear features due to ferroelectric
polarization can be observed a titomic scale, the differentighase contrast image intensity
requires careful interpretation #ee nanoscale field component due to the ferroelectric field is
superimposed on the electrostdt@d of the atomic potentiaf? As mentioned above, any
in-plane electrostatic field ithe sample leads to a changetbé center of mass in the
diffraction pattern formed behirtie sample. The same is atsee for magnetic fields, which
similarly affect the propaga of the electron beam. By carefully disentangling the
electrostatic contribution from its magnetic carpart, differential phassontrast STEM can
also be used to measure magnetapprties of materials on the nanoscaanilar to off-axis
electron holograp® carried out in broad-beam TEM mode.

[H2] Grain boundaries and interfaces

STEM imaging is a valuable probe oftlatomic structure at grain boundaries and
interfaces in crystalline materials. Howevedespite improvements in spatial resolution and
depth estimatioh it remains difficult to determine the 3D atomic structure of interfaces.
Computational methods such as DFT can ledus supplement STEM results to improve
structure determinatiof¥?2%¢but extending such methods to simulating long-range behavior



across interfaces of practical size is not straightforward. While ML and materials informatics
have played a significant role in the devel@mmnof crystal structure and material property
descriptoré’ to extend length scales and serve as a proxy for expensive calcuiZtféhs,
reliable descriptors and dataad¥n modeling paradigms are laagifor interfacial systems.

To transform existing trial-and-error approackéshigh-throughput computation is
used together with energetic evaluation fratamistic modeling, STEM image simulations,
and computer vision-based image comparison @emto determine 3D atomic structures at
grain boundaries and interfacésFor energetic modeling of practical interfaces, interatomic
potentials provide a computatidlyaefficient alternative to electronic structure methods such
as DFT while often capturing the same essephgsics. Interatomic potential structure search
schemes such as basin hoppargd genetic algorithms sampée space of lowest energy
solutions and are often sufficient if the task is to find the most stable structures. This is
problematic if the system of inest contains possible metastatdafigurations, as is the case
with grain boundaries and interfaces, becaussehnteratomic potentials will often work to
minimize energy regardless of whether the resukfmicture is consistent with observations.
With suitable constraints atdlboundaries, simulated annealuging empirical potentials has
been used to determine structural motifsrdy grain boundary migten in aluminum oxide
(Fig. 5a-cy*’? However, there is no guarantee thattbmputational structures obtained in the
simulated annealing simulations match the expenital structures and the process of matching
can be labor intensive. Thereforeis desirable to have an additional constraint that involves
a measure of similarity betwesimulated and experimental STEM images to ensure that the
space of structures explored is savhat consistent with observations.

For image comparisons, similarity measuents are functions or processes that
qguantify how alike two images are. Somemikrity measurements are direct pixel
measurements, where pixel values are explicitlysidered when making a comparison. In the
simplest case, a direct-pixel measurement is a sum of the errors between pixel values or the
mean squared error. A more sophisticatedhogtsuch as the structural similarity index
measure (SSIMJ® processes collections of pixelss patches and provides similarity
measurements based on a multiplicative comlmnaidf intensity, contrast, and structure terms.
By normalizing image patches for intensity andttast differences, SSIkveals the structure
of the image signal. Finally, state-of-the araige comparison for image and video processing
applications are often based on a visual infatiam fidelity in the pixel domain (VIFPY#27
The principle behind VIFP is that image qual(ip our case similarity with respect to a
reference) corresponds to a measure of Shanfanmation fidelity loss between the reference
and distorted image relative to the informatadrthe reference, using a combination of sub-
band-coding, distortion mole and models of the human visual system.

Figure 5d-g shows a HAADF-STEM imagéa cadmium telluride grain bound&y,
from which the corresponding 3D structures abtained using high-throughput computation
with an iterative basin hopping scheme. Thero@ation objective combines the interfacial
energy obtained from the Stilling®veber interatomic potential with image similarity between
the simulated and experimen&IEM image using SSIM image tohing. Rather than a single
3D structure, a family of structures is obtainthat can be further investigated using first
principles computation and stdital analysis. It can be seen that the 3D structures obtained
using this method are not composed of singocation core mode and cannot otherwise
be conjectured.

[H2] Chemistry
STEM is widely used to investigate interactions between atoms and atomically thin
supports owing to its sub-Angstréom resabuti In particular, HADF-STEM can provide a



higher image intensity for heavy elemeontsnpared to lighter elements basedZecontrast
imaging, where the signaltensity is proportional to theth power of the atomic number of
an element for ~Z . The exponent,, ranges typically from 1.6 to 1.9 depending on the radius
of the atoms, their scattering factorgetlsurrounding atomic structure and the specimen
thicknesg8277-279

[H3] Heavy atoms on 2D substrates

HAADF-STEM enables the tracking of heawyetal atoms on monagtar 2D substrates,
shedding light on their diffusion, aggregationdahe physics of various atomic interactions.
For example, the atomic interactionstvieeen single platinum atoms and monolayer
molybdenum disulfide, a 2D subste, have been extensivelyestigated, with the migration
of single platinum atoms on the surface oflybdenum disulfide well-tracked by sequential
imaging®. The atomic model of the hopping of platinum atoms between sulfur vacancy sites
is shown in Fig. 6a. All platium atoms are on sulfur insteaidmolybdenum sites, confirming
the affinity of platinum atoms to sulfur vauges on the clean molybaem disulfide surface.
The trapping of platinum nanoclusters at diateans in molybdenum disulfide has also been
studied?8! Fig 6b shows that upon annealing ahdoroplatinic acid precursor at 350 on an

in situ heating holder, seeds and clusters @itipum appear at the grain boundaries of
polycrystalline molybdenum sulfide. The platm nanocrystals at the grain boundaries reveal
a tilt angle of 60° between the two grains, whis confirmed by fast Fourier transform, and
highlight the interactions begen platinum dopants and grawundaries of 2D materials. The
presence of hydrocarbon contamination on 2D substrates, commtolguced during the
growth of 2D materials, has also been shdwiplay a significant fe in the trapping and
stabilization of metal atoms and nanoclustéi@. example, gold, iron and chromium atoms
primarily reside on the amorphous carlmmmtamination of graphene substrétés

[H3] In situ heating

In situ heating in aberration-corrected STE81a powerful tool for investigating the
epitaxial growth of nanocrystals on a 20bstrates. Upon heating of a precursor to 800
platinum atoms diffuse on the surface of nbolgnum disulfide and grow into nanocrystals
(Fig. 6¢)?® The (111) plane of the platinum nanod¢aysaligns along theigzag direction of
molybdenum disulfide (Fig. 5d) while the (002) plane aligns with the armchair direction of the
substrate. The spacing of the platinum nanocrystats=< 2.28 A), obtained from a Fourier
transform analysis of the image of the platin nanocrystal and afezence material, is
comparable to that of a bulk platinum crysthi=(2.265 A), indicating little strain formed in
the crystals (Fig. 6e). In addition, stratedirese been developed to control the morphologies
of metal nanoclusters forming @D materials. One example is a metal precursor incorporating
a bulky organic ligand around a metal to suppres$atmation of 3D atom clusters on the 2D
support at elevated temperature and yield 2Dietasvith flat surfaceand single metal atoms
after annealing® Various reports where the epitaxial interactions between the metal
nanoclusters and the substrates are analpge8TEM imaging include the growth of 2D
palladium diselenide nanocrystale monolayer molybdenum disulfit!& monolayer lead
iodide nanodisks on graphéffe a 2D molybdenum diselenide film on hexagonal boron
nitride?®” and pyrochlore Nr=O7 grown on yttria-stabilized zircorfi®.

The van der Waals interactions between aflatnatic molecule and the basal plane of
an underlying substrate has alssen elucidated by STEM. #, a planar aromatic molecule
containing platinum ntal as a marker for tracking was designed. During deposition, the
molecules were found on the basal plandhaef molybdenum disulfide near the edges of
nanopores owing to the strong van der Waalgact®ns between the aromatic core of the
molecule and the underlying molybdenum disulBdéstrate. Moleculeonfigurations were
hypothesized by measuring the distance betwibenplatinum markers and the edges of



molybdenum disulfide pores in the STEM imagéis heavy-metal tagging method presents
new opportunities for studying the interactidoetween tagged molecules and the underlying
2D substrates.

[H3] In situ reactions

Recently, STEM has contributed to elwatidg chemical reaction mechanisms during
catalysis by directly imaging and tracking metabbats. For example, in the gold core of a
core-shell nanoparticle with aakiel phosphide shell, gold atoms have been shown to diffuse
into the nickel phosphide shell during anmegland cause an inward expansion of the
structure?® The direct visualization of transition metal catalysts has provided chemical insight
into the performance and mechanism of the hydrogen evolution re&ctipmrogenatiort??
dehydrogenatio?® and carbon monoxide oxidatifh?°> STEM has also been used to
monitor the structural change sifmuli-responsive organic molecu¥§ When platinum atom
markers were incorporated in azobenzenegsvatches, the photo-irradiation of a ftaéns
isomer of azobenzene caused it to switch to a tisrdtructure and reduced the platinum-
platinum distance markers from ~2.1 nm to ~am (Fig. 6f). Finally, the self-assembly of
mesoscale systems has been invesijaby STEM using heavy metal marked
macromolecules. Platinum-markgorphyrin hexamers were aged on graphene at a low
electron dose to minimize beam-induced darfidgend shown to align along the graphene
zigzag direction owing to strorepitaxial interaction with theubstrate even in the presence of
hydrocarbon contamination. In addition, thé-sssembly and packingf non-planar, bowlike
macromolecules has bestudied on grapherfé€® The W-marked calix[4]azoarene molecules
stacked in a head-to-tail fashion, forming molecular chains and lamellar structures at high
concentrations. In low concentration areas,owmitypes of intermolecular interactions were
detected, such as side-by-satel head-to-head interactions.

When studying processes such as chemgattions or the ansformation of small
catalytic clusters whose properties strongly delpen the instantaneous atomic configuration,
temporal resolution of the imaging processdaes critical. As mentioned above, common
STEM acquisition speeds are in the rangeeabsads per frame. With a temporal resolution in
the range of seconds, important dynamics migghtnissed. Howeveadvanced scan engines
allow for faster acquisition speeds. Recentiarding speeds in STEM mode exceeding 100
frames/s have been used to unravel structumakitions and the stability of small catalytic
clusters’®® One major drawback of such high framtesain STEM mode is increased noise in
the data because the electron dose is limitechards to be balanced against the stability of
the sample under investigation. Wdwell times in the range of 100 ns or less, only a few tens
of electrons transmit through the sample panggosition and fewer areventually scattered
to the detector to form the noisy signal, whsuffers from shot nee. Noisy image series
stemming from time-resolved data or from besensitive samples, which do not tolerate a
high enough electron dose for achieving a suitable signal to noise ratio, can be processed with
classical, powerful deising algorithm¥°that are typically slovand require long processing
times. However, denoising of data is aeamwhere ML can bring big benefits. Recently
implemented denoising algorithms based on DCRN=n process (both denoise and restore)
time-resolved image series in near real-time. A well-trained algorithm therefore enables
reliable restoration of atomiesolution data and paves the way for further increases of the
temporal resolution in STEMNd further minimization of # electron dose for radiation-
sensitive materials.

[H2] Structure of solids from atoms up



In modern condensed matter physics antenas science, ctent understanding of
condensed matter and quantum systems hingesiacroscopic symmetry. Formalized via
point and space group thedf,symmetry underpins areas suah structurabnalysis and
serves as the basis for the descriptive forrmabti§ quasiparticles and elementary excitations,
phase transitions, and mesoscopic order-pararased descriptions. The natural counterpart
of symmetry-based descriptors is the concephgtical building blocks. Crystalline solids or
magnetic or ferroelectric behavioan generally be describedava combination of unit cells
with discrete translational symmetry of thétitze. Other systems such as Penrose structures
possess well-defined building blac but do not possess longige translational symmetry.
Finally, a broad range of materials fully lagknslational symmetrywith examples ranging
from structural glasses to ferroeléctand magnetic morphotropic systets3!t Typically,
symmetry-based descriptors have led to mugeper insights into the structure and
functionalities of materials with translatidneaymmetries compared to partially and fully
disordered systeny$?314

To date, the analysis of atomically-resolnethging data has almost invariably been
based on mathematics developedr fmacroscopic scattering d#2® despite the
fundamentally different nature of microscopreasurements. As a simple example, consider
an ideal crystal containing a macroscopic nunddestructural units. The symmetry of the
diffraction pattern represents the symmetrythad lattice and the width of the peaks in the
Fourier space is determined by intrinsic factors such as angular resolution of the measurement
system rather than disorder in the mateffdde presence of symmetry breaking distortions,
such as a cubic to tetragonal state transitianstantly detectable via diffraction peak splitting.
In comparison, only a small part of the objectvisible in microscopic observations. The
positions of the atoms are known only withinwarcertainty interval and this uncertainty can
be comparable to the magnitude of the symnyAlereaking feature of interest, such as
tetragonality or polarizatn. Hence, two question arise: atigfhimage size i# justified to
define symmetry from atomically-resolved datd ahwhich level of confidence can symmetry
be defined? Ideally, such an approach shoulgpipdicable to structuralata and more complex
multidimensional data sets such as EEP&*®and ptychographic imagirg 23317

The alternative to conventional top-dowrsdeptors is a bottom-up structural analysis,
where unsupervised or semi-supsed ML methods are used to determine common structural
blocks and the patterns they form in a solid. Faterials with an ideal crystalline lattice, the
conventional way to describe structures iseiference to the lattice. Fig. 7 shows a bottom-up
structural analysis for a ferroelectric mate¥i&l The experimental image (Fig 7a) can be
converted to a stack of sub-images descrilgitiger raw STEM contrast or a DCNN-based
segmented image and subsequagplication of linear or notinear dimensionality methods
yields the components and loading maps (Fi). The component describes the salient
elements of materials structure, whereas thdiftgg map describes the structure of the solid.

The analysis is considerably more comopled in cases where the system does not
possess discrete translational symmetry. Wineterials have atomic bond disorder, linear
dimensionality reduction mievds do not perform well owing to the large number of
orientational variants necessitating altem@tdescriptors. If the atomic positions are
established, analyses can be baseith@@nalysis of the nearest neighbdPS2! Alternatively,
the analysis can be performed using other matly invariant representations such as graph
networks32

Finally, bottom-up analysis can be perfornval transformationfivariant variational
autoencoders (VABEA® Shown in Figure 3 is the appligat of rotationally invariant (r)VAE
to the analysis of graphene data. Here, thptgrae lattice undergoes structural transformations
due to electron beam irradiatiowhich results in the formatn of topological defects. The
r'VAE is able to segment chemical spacesbparating the graphertadtice from topological



defects and grouping some of the topological dsféogether in the latent space. This was
achieved by explicitly separating the variationoimentations of individual building blocks
from the variation in structural content. The rVARproach was also shown to enable effective
exploration of the chemical evolution ofetlsystem based on local structural chatfgesd
may be extended to more complex systéthenportantly, the rVAE allows discovery of the
molecular building blocks and chemical reacs pathways in an unsupervised manner.

[H2] Physics of atomic interactions

Solids can be described based on generativdels that give rise to the equivalent
stochastic atomic, dipole, or spin microstructtffe. Generative models for systems with
defined atomic lattices and chemlisite disorder are represented by lattice models such as
Ising 326 Kitaev3?’ Heisenberd?® etc. For example, binary solid solutions can be fully
described via the corresponding Ising-like Hamilonthat gives rise tetatistically similar
microstructures, and this description @®mpact and generalizable to non-observed
concentrations and temperatures. S/TEM datldyithe microstates of physical systems and
enables comparison between generative tso@ded experimentabbservations. Direct
observation of the mesoscopic degreéfreedom can be directly compared to the lattice model
via statistical distance minimizatiéfr-328.32°Beyond statistical analyses, observations of the
multiple metastable configurations have beeed to reconstruct the force fields acting
between atom¥°33! Learning the generative moddtom atomically-resolved data,
incorporating prior knowledge, and yielding copesding uncertainties as posterior parameter
distributions is therefore a clear opportunity characterizing the intrinsic properties of
material systems.

[H1] Reproducibility and data deposition

In this section, we summarize the requirements for data storage in STEM. In any
experiment, it is vitally importat to include the important rtedata allowing the experiment
to be reproduced. In a STEM study, the miosportant experimentgbarameters are the
accelerating voltage of the microscope, the eogence angle of the STEM probe (also called
the numerical aperture), the step size betveeacent probe positions, the dwell time, and at
least a rough estimate of the beam currenthm initial STEM probe. Specific imaging
modalities require additional metadata. 2D iemgecorded using monolithic detectors require
a precise description of the detector responsgadatector coordinates, for example the angular
range for annular detectors or the position andtian of detector quadrants in differential
phase contrast measurements, as well agdbigion and orientation dhe diffraction pattern
relative to these coordinates. 3D datasets such as time series require the time stamp of each
frame, while tomography tilt series must specify the stage tilt angles for each time and
spectroscopic measurements such as EDS bEHERust specify the energy range and/or bin
width. Spectroscopic measuremesit®uld specify any other panaters needed to reproduce
the experiment, for example monochromati@nditions of the beam if applied and the
collection angles of the spectrometer used.

In pixelated measurements of the praleh as in 4D-STEM, one must specify the
calibrated output pixel size or provide absolufenence data and thetation and/or direction
of the probe scan steps relative to the detesriordinates. In 4D-STEMt is also useful to
record an image of the STEM probe passing timMough vacuum, which can be used a probe
reference image for ptychographyiemtation, or strain mapping.



Other microscope parameters such as thegmkattings of theosirce, focusing optics,
corrector optics, projector systethe vacuum levels of the anoscope, hardware models, and
software version numbers can also be recordednaatter of course. Detailed notes regarding
the sample including the preparation, geometng beam exposure conditions should also be
recorded. In STEM studies it is particularly easy to record data at vastly different
magnifications, making the task of generating survey images of the sample layout
straightforward. Of particular importance in stécsTEM experiments is the sample tilt used
for each measurement; one of the strengthST&M imaging is combining observations at
different orientations to construct a rmacomplete picture of the specimen.

While new technologies have led to dramanprovements in data quality, they have
introduced a parallel development which we think is even more important in the long run; the
digitization of TEM and STEM studies. BecaSTEM imaging experiments typically use
large monolithic detectors that directly outpléctronic signals, they provided many early
examples of the benefits of running experimentmenwhere a local computer is used to drive
the experiment, record and analyze the data, or both (see ¥#*)The benefits granted by
recording scientific data digitally are numerodeisst, performing quantitative analysis is much
easier on far larger scalesing computational tools and methods. Some recent experiments
only made possible by combining computatianathods with STEM eeriments include pm-
precision measurements of atomic column posittdhatomic resolution 3D tomograph§
and imaging past the conventional information limit with ptychographihe next step along
these lines is to further close the loop betwegperiment and online analysis and perform
data-driven STEM experiment¥*3¥Secondly, digital data can bbared easily with the wider
scientific community, both in raw formats aafter processing for funer analysis, provided
data transfer pipelines for big data are avadlaltlhas also become standard practice for many
scientific journals to require auils to provide open access to d&fdn parallel, the “open
science" movement aims to increase transparegifigiency, and reproducibility in scientific
research#?341 Reproducibility is a major concernrfall scientific disciplines including
STEM®*Z researchers should make their data available in open source file formats such as
ASCII, CSV, or hdf5 with all of the inforation required to understand and reproduce the
results at the time of publication.

Data deposition can be pemfieed using various online séres such as the Materials
Data Facility*>** However, these services do not presenthat metadata is required or any
specific data formats and are therefore typicalbg laseful than online databanks that target
specific classes of data. The largest example tenads science is the Materials Project, which
stores various calculated paramefersa large number of materig¥¥.In biological electron
microscopy, there are several examples ofidadatabases that aid in transparency and
reproducibility, including the Eleain Microscopy Public Image Archi¥€ and the Protein
Data Banké*® Recently, a similar repository for atomigsolution 3D structures for materials
science applications called the Materials Data Bdrias also been established. There are a
few examples of reposities of experimental or simul@eSTEM datasets such as in Ref
[13349. There is currently, however, no repositorgittis both open-ended to support all kinds
of STEM experiments while beg specific enough to requiredssnission of all metadata and
data required to reproduce pisbled results. There is a strong need to develop this
infrastructure for STEM researépf:349-30

[H1] Limitations and Optimizations
The remarkable progress in high-resolu®fEM imaging and spectroscopies over the
last decades is based upon essentially unchanged instrumsattarpel he typical operation



of the microscope starts with stabilization tugniand focusing of the microscope, a process
that can take minutes to hours and hingpenupredefined tuning routines and operator
intuition. The operator then chooses the regadristerest on the sample and performs imaging
and spectroscopy. The scanning process almogiaiauses a rectangal scanning pattern
with beam rastering in a zig-zag shape. phecess is well-recognized and accepted in the
microcopy community but is often opadgieethe general scientific community.

The development of ML and artificial intgJence methods over the past ten years has
naturally led to the concept of automated autonomous experimenin STEM and other
microscopies, which typically includes the concept of a miapsthat automatically chooses
optimal imaging parameters, identifies the regiohinterest on the sample, and performs the
required measurements. In addition, the abdit$sTEM to potentially control beam-induced
changes means it can be used as an atobwicd#ion platform, which has been demonstrated
by the creation of individual vacanci€$>°?the insertion of dopant atorffsthe directed
motion of atomic unit$®3°3 and the assembly of homo- and heteroatomic mole€fiigs
Below we touch on the requirements to endldesynergy between STEM and ML methods.

[H2] Beam control and image reconstruction

The central premise for automated experimetise ability to alter the probe path via
external control, togethewith scanning along non-rectangulaeam paths. While fairly
straightforward, altering the prelvaster path requires access to the microscope scan functions,
which is fairly uncommon for high-resdlan STEMs that often possess black-box
manufacturer-developed controScanning the beam using peéided non-rectangular paths
such as spirat$®>*°has, however, been demonstrated.

The reconstruction of images from the datguired along non-rectangular beam paths
is another issue, which has been address@ty several approaches based on compressed
sensing and a Gaussian proé&s8%-3%8 or reconstructive autoencoders and VAEs. The
compressed sensing and Gaussian process methods are generally interpolated between the
acquired data points during ethexperiment and do not haweferential biases or prior
information. Gaussian processethods also allow quantification of uncertainty maps and
enable automated experiment witokvs based on exploration exploitation. In contrast, the
VAE approach utilizes prior knowledge inetiiorm of a trained rieork, which strongly
increases the efficiency of this approachrakes it sensitive to out of distribution data.

[H2] Automation and image @&ased feedback

Arbitrary scan paths provide a necessamgineering element for the development of
automated experiment workflows. Another kelgement is the identification of objects of
interest in the image plane, which dependssensitivity to small variations in imaging
conditions. For example, sometbk early demonstrations infiage-based feedback in STEM
include detection of materialystallinity from the magnitude of the peak in the line-by-line
fast Fourier transform of the imad®®. The broad introduction of deep learning image
recognition networks offers another approdachautomate experiments. However, despite
significant and justified enthusiasm abouttgrgial of DCNNs in image analysis, these
technologies are associated wstiong inference biases. Thiaplies that DCNNs will be
sensitive to past data and geally sensitive to small changen microscope parameters. A
common challenge for pre-trained DCBIMomes from the distribution sKft3%* when a
neural network trained on one set of paramse(such as acquisitn parameters, sample
condition, etc.) fails to generalize to parameters outside of the training range. For spectroscopic
experiments that aim to identify regions of séenphere a particular bavior/functionality is



maximized (or minimized), one solutids the deep kernel learning approXélthat actively
learns a correlative relationship between strattdata and functionalitgf interest and uses

it to navigate the spectroscopic measuremérfmally, target autoencoders are set by human
operators and rapidly-emerging techniques swash curiosity-based learning offer an
automation solution. In general, the likely pa#tys for adoption of autoencoders in STEM are
high-level decisions at the human time seakh ML making fasiow-level decisions.

[H2] Atomic fabrication

Electron beams can induce changes in thetstre of materials from amorphization to
complete evaporation. Correspondingly, miraation of beam damadeas been a primary
driver in electron microscopy developmenttiwits breakthrough achiegtevith the invention
and rapid adoption of aberration correctiomhich enables high-resolution low-voltage
imaging below many material’s knock-on damagesholds. In this regime, beam damage can
often be sufficiently slow and associated wigdtonstruction of th chemical bond network
rather than its complete destruction. Phenomena such beam-induced phase
transformation$®® vacancy orderind®*3%°and crystallization and amorphizatithi;3’° have
been reported. In monolayétsof graphene and layered dicbafienides, STEM studies have
demonstrated the presence tfraad spectrum of chemicaatrsformations including vacancy
formation®! grain boundary motioff? fast beam-induced motion of dopant atoms, and the
dynamic motion of molecular group® Observing such precise dynamic changes under the
action of a 50-100 kV electron beam is higburprising and the mechanisms responsible for
the observed phenomena are still actively discu¥$eé3""*"8However, irrespective of the
exact mechanisms, these observations cleaggest the potential of using the electron beam
for direct atomic fabrication. In bulk matesalbeam-induced crystallization of silicon and
strontium titanate was harnedssesing image-based feedbaékRecently, the direct formation
of vacancies and site-specific dopants, daeanotion of silicon adatoms on graphene, and
assembly of homo- and heteroatormimlecules have been demonstrafetHowever, the
atomic fabrication process to date has beé@redrby a human operator, typically at the time
scale of minutes and tensrmfnutes for a single operation.

The simple examination of intrinsic laiges of STEM suggests that electron beam
assembly can be accelerated by many ordémnagnitude but necessitates the seamless
combination of image recognition on potentiallysyoand out of distribution data to identify
the objects of interest together with reinforcement learning or similar meff@ismpared to
well-popularized examples using reinforcementrieay such as Atari or Go games, the rules
that control electron beam transformationsiarknown. Hence, we need either determination
of these rules or algorithms that can basef@giement learning on observations only such as
muZerg®l,

[H1] Outlook

In this Primer, we hope to have illustrated tremendous potential of deep learning for
post-acquisition analysis, physics extractilom data, and especially automated and
autonomous experiment. Fully realizing this ptis@mecessitates signitant developments on
multiple levels, from instrumental platforms ¢ommon workflows, shared data and codes.
These developments also necessitate progress in ML methods, which will be common to many
other areas of physics.

On the instrument level, realizing the full potential of ML methods requires enabling
open software architecture to control microscoperation and allow for custom experiments.



General software platforms for such dephent are well-established and exemplified by
industry standards such BabView. In recent years, some of the microscope manufacturers
have provided open software for microscoperapion such as Nion Swift and JEOL PyJem.
Complementary to open software architectuwds be the development of local computing
capabilities to provide the computational powecessary to run complex calculations at the
latencies of microscope operation. It shobkl noted that rapid progress in computational
infrastructure now offers multiple opportunitis these developments, from extremely light
computational platforms such as Raspberasitl NVIDIA Jetson serie® DGX and cluster
solutions.

On the facility level, progress necessisatee development of universal yet flexible
analysis workflows on sample preparatiamaging, and data analytics. This allows
reproducible and traceable measurements angdafges as a necessary condition for transition
to automated and autonomous experiments. Gamgntary to this are data repositories for
storage of data, metadata prowiglicontext for the measuremeatsd data meaning, and codes
used in the original analysis. Examples affsworkflow developments are given by cryo-EM
imaging of biological systen®? It should be noted that historically, developments of
workflows do not exclude the human operatmom the research process. Rather these
workflows allow delegation of the low-level,Welatency operations tautomated systems so
that a human operator can focus on high-level decision making.

On the STEM community level, there is a clear imperative for community-wide
development and sharing of data analysis awloen possible, instrument control codes.
Platforms such assitHub that enable effective distuiited code development are now
mainstream and we hope to she development of a code-sharing culture and credit within
the community, from home institutions and fregonsor agencies. Equally important is data
sharing, both within the STEM community andaalsridge to the broader physics community.

Finally, the most serendipitous developiseare possible at the interface between
STEM and the general scientific community. STBRers a treasure trove of precise data on
atomic position and functionalities linked teep electronic levels, the Fermi level, and
collective excitations. Extractirgccurate physical information from this data and linking it to
materials physics will revolignize our understanding of condensed matter physics and
chemistry on the atomic level. This will nssgate matching developments in ML, including
physics-based ML, deep kernel learning, aawlive learning methods. Special sets of
opportunities and requirements emerge ie ttontext of autonomous experimentation,
necessitating engineering cong,alevelopment and gloyment of Bayesian optimization and
reinforcement learning algorithrasid their seamless integration into STEM workflows. These
can enable automated tuning of the microscepatch and exploration of regions of specific
interest, and ultimately amic fabrication. To close this iprer, we bring forth a quote from
Feynman — “What | cannot makkcannot understand.” With imaging, quantification, and
fabrication capabilities enabled by the synergy of the exygarial method wh ML, STEM
holds the promise for true understanding of the atomic world.



Figures captions

Figure 1. STEM as a quantitative tool.a) schematic of a STEMhicroscope with different
detector configurations. In STENhe probe is an image of teeurce focused onto the sample,
which is scanned across the spen. Here we show the source at the bottom of the column
which is typical of VG and Nion microscopdsit most manufacturers place the source at the
top of the column. The detector plane is in diffraction space, and multiple detectors or a
pixelated detector can be used as in 4IEM. b) Adoption of ML methods will allow a
transition from qualitative imaging of materials where only features of interest are extracted
toward a more quantitative tool yieldingfanmation on the structural and electronic
phenomena, collective excitations and their disipas, and magnetic and spin effects. In-line
ML methods further open pathways towaadtomated tuning and image optimization,
automated exploration and discovery, andcegbn beam modification and atom by atom
assembly.

Figure 2. Angle-dependent STEM-EEIS, 4D-STEM and beam engineeringa) Schematic
representation of one of the possible scaittegeometries used angle-dependent STEM-
EELS experiment§. In this setup, the angular restidi is achieved by displacing the EELS
spectrometer entrance (collection) aperture (schematically represented by the small
overlapping red disks in the figure) along a vecfarelative to the optical axis. This relative
shift is experimentally achieved by projectitig center of the spectrometer entrance aperture
of the bright field disc (BF disk) usingeghmicroscope post specimen electronics. The
aperture is shifted at increagly higher values of momentuq) represented by the the
resultant scattered wave vectpr k1 iko, whereko andki, are the incident and scattered
vectors, respectively. In this representatian aptical axis lies along the incident vectomk
the figure. The momentum resolutiagn—s dependent on the bearmnvergence semi angle
. and spectrometer collection angtdarger beam convergence angles result in broad,
overlapping diffraction discs, liming the g-ggaresolution of the spectral data. b) In 4D-
STEM, simultaneous recordings of a STEMage and a 2D diffraction pattern for each
probe position yields a highlydandant 4D dataset containinghrisample information. c-f.
Examples of uses of structurdgidmination and detection iISTEM. (c) Vortex beams can be
used to probe magnetism, here a large guahOrbital angular momentum can probe
vertical magnetic field (Reprinted frort?f]), (d) Matched illumination and detector
interferometry (MIDI)-STEM carbe used to probe light material through linear contrast
(Reprinted fronf*?9 ),. (e) Gaussian probe can be usedimplify the electron probe
propagation in crystaReprinted figure with permission froRotunno et al. Phys. Rev. Appl.
Electron-Beam Shaping in the Transmission EtetMicroscope: Control of Electron-Beam
Propagation Along Atomic Columns 11, 04402@19) Copyright (2019) by the American
Physical Society*!|(f) Scanning a Bessel probe can bedifor nano-diffraction and strain
analysisReprinted from G. Guzzinati et al. Apphys. Lett. 114, 243501 (2019) with the
permission of AIP Publishing?Y.

Figure 3: Identifying positions of atoms andatomic columns from STEM images(A) High
quality HAADF-STEM image after distortion correction and averaging with refined atom
positions marked by red dots.)(Besidual between image intensityred box in (A) and best-

fit Gaussian. (C) Lower-quality, single-sh8DF-STEM image ofgraphene. (D) Atomic
positions determined using CNN. (E, F) Locatian of point defectdfom noisy STEM data

in graphene by applying a simgeaph analysis to the output of a DCNN (green: Si, red: C)
(A) and (B) adapted from Reft%f|. (C) and (D) adapted from Ref®|. (E) and (F) adapted
from [2%9



Figure Application of VAE to graphene. 4.(a) Simplified schematic of VAE. The encoder
(inference) network compresses input image dataa small number of latent variables. By
default, the first three latent variables aresigeed to absorb rotations and translations of
structures in the input images. Remaining lavaniables aim at disentangling variations in the
structure itself. (b) Encoded angle and (c) ontefatent variables for each atom in a snapshot
(single STEM frame) of graphene undergoisguctural transformations under e-beam
irradiation. (d) Latent space manifold leardsdVAE from data in unsupervised fashion.

Figure 5. HAADF imaging of grain boundaries. (a-c) HAADF STEM images of grain
boundary migration in ADs, overlaid with structural mode from simulated annealing,
adapted from Ref?[q. (d-g) Reconstruction of threerdensional atomistic structure of a
CdSe.2sTen.7s grain boundary’® (d) the experimental image, (e) the DFT optimized structure
based on the experimental image, (f) a conwmuimage based on (e) and (g) the overlay of
(d) and (f).

Figure 6. STEM examples in chemistry (a) Schematic of singleah platinum migration on
molybdenum disulfide 2Burface?®® (b) High-magnification ADF-STEM image showing
deposition of platinum nanocryssabn a grain boundary. Inset is fast Fourier transform of (b),
in which one set of reflections is obser$d(c) Image of a region containing many platinum
nanocrystals epitaxially grown a 2D surf&€e(d) Magnified ADF-STEM image of yellow
box in (c) showing platinum nanocrystal attachedhe edge of molybdenum disulfide. (e)
Fast Fourier transform analysis of (d) wdeeflections from @tinum and molybdenum
disulfide are labeled as white and yellow/greespectively. (f) Structural change of photo-
switches?®® Schematic of isomerization of azobenz@erivative (leftand ADF-STEM image
showing change of platinumarker distances (right).

Figure 7. Bottom-up structural analysis for a ferroelectric material (a) Experimental
STEM image of La-doped BiFeO(b) Local descriptors (sub-images) of different sizes
centered on atoms from one of the sub-lattices extracted from CNN output. (c) Scree plot for
principle component analysi®®CA) performed on the full stack of extracted descriptors
(subimages) showing explained varianceaainction of number of PCA components for
different sized sub-images. (d) PCA decompositif local descriptors into four components.
PCA eigenmodes (associatedtiwdistortions) and corrpsnding loading maps (showing
where distortion occurred in image) are shawtop and bottom rows of (d), respectively

Boxes

Box1: Commonmachinelearningapproaches.

Convolutional neural networks: A deep neuraetwork with an inpulayer, hidden layers,
and an output layer. Usually used for 2D imatipey allow a computer to classify and
discover patterns in an input image.

Bayesian optimisation: A method for fimgdj the global minimum of a function that
expensive to evaluate and fehich the gradient is unknown.

Reinforcement learning: A machine learning hoet where an agent uses trial and error to
learn from it previous actions. The rewdwaction is supplied by the programmer.



Manifold learning: A method thatansforms high dimensiondata to a lower dimensional
space.

Curiosity-based learning: A reinforcemenrdriging method where the agent builds its own
reward function.

Deep kernel learning: A method combining neuretiworks with uncertaty estimates using
Gaussian processes.
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Glossary

Aberration imperfection usually referring toerelectron optics of the microscope.

Coherent imagingMeasurements where the local contrast is dominated by the phase-
alignment of the electron wavefronts; constineeinterference (in phase) leads to higher
signals and destructivefarence (out of phase) leads to lower signals.

Incoherent imagingWhen the coherence length of #lectron waves are smaller than the
resolution element of the measurement, the total signal is given incoherently by the sum of
individual electron wavefunction tensities, and the relative phase of these wavefronts does
not affect the measured intensity.

Contrastspatial variation of intensity

Z-contrast imagingSTEM-HAADF imaging method, wherthe image contrast scales
roughly monotonically with the atomic numbepZthe atom(s) being imaged, approximately
as 2.

PtychographyA method of generating images framany coherent diffraction patterns
formed at different probe positions in th€EM.. It is also widely practiced in X-ray
scattering experiments.

tilt series tomographyBy tilting the specimen and recording projected images at different
angles, computer algorithnean be used to reconstruct the 3D sample structure.
transmission modedémaging modes in electron micragry where the electron beam passes
through the specimen.

differential phae contrastA method that measures the change in the convergent beam
diffraction pattern as a function of probe o either using sgmented or pixilated

detector. These changes can be related timtlaé change in the sample’s potential and
corresponding fields.

PhononsA quantized collective vibration of atonmsa crystalline sample, which can be
excited by the electron beand characterized by STEM-EELS or diffraction measurements.
plasmonsA quantized collective oscillation of electrons relative to the fixed ions in a
sample, which can be excited by the &tmt beam and characterized by STEM-EELS.
core-loss edgegxcitation of inner shell electron(iization) by the electron beam, where
the energy loss can be probed by STEM-EfirSeatures refead to as “edges.”

dynamical scatterincA term commonly used in electronemscopy to describe the multiple
scattering of the incident electron peohs it propagates through the specimen.

electron optical elements: Electromagnetic ésngsed to focus or otherwise shape the
electron beam.

electron holographyA technique for viewing the phase of the exit surface wave function
using the interference of a scagié and unscattered electron beam.

azimuthal phase gradie®:wavefunction where the phase is a linearly proportional to the
angle in polar coordinates, and the total plsdwsi is an integer multiple of 2 \pi for each
revolution (see OAM).

orbital angular momentun®rbital Angular Momentum are quanta given by the number of
multiples of 2 \pi in the phase of areefron beam, per angular revolution in polar
coordinates. (see Azimuthal Phase Gradient).

electron energy loss near edge structlihe intensity variation of the EELS signal as a
function of energy loss nearetlonset of the core-loss signal.

L 23 ratio: The ratio of the L3 to L2 peaks formed by the transition of the @pd 2p.2

electrons to empty states.

Latent variablesA variable that is not directly obsvable, often obtained using VAEs.

Latent spacedA vector space spanned by the latent variables.

Evidence lower boundarihe lower bound of the probability of observing a particular result
for a given model.



Dark count rat®: D is the mean value of a STEM image acquired with the beam blanked
preferably near the gun by, for example, closing the gun vacuum valve.

GainG: Adjustment to ensure the measured sigo&kers the optimal range of the amplifier.
Faraday cupA conductive cup which can capture ded free particlesyhich can estimate
electron beam current by integrating the recorded signal.

Residual The difference between the fitted image and the experimental image after atom
location.

Penrose structurekcal structural units which, whenspilaced and rotated, can fully tile
space, but do not have periotlianslational symmetry. Suettomic structures can be found
in quasicrystals.

Electron beam irradiatiomwhen an electron beam induadgnges in a specimen due to
energy transfer, oftecalled beam damage.

Dwell time: the time period of the data collection in each pixel

Inferential biases:

Exploration:uncertainty minimization

Exploitation:balancing exploration and puing target functionalities

Out of distribution datawhen observational conditions change between experiments and
preclude a direct comgaon between experiments

Distribution shift:in machine learning, when training atedt sets do not come from the same
distribution.

knock-on damage thresholdehe energy of the incident eleatr required to remove an atom
from the crystal lattice.
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