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Improving device reliability and performance in oxide electronic-based resistive memory applications
requires a profound understanding of the microstructure and atomistic processes which define the device
properties. Here, we investigated a molecular beam epitaxy (MBE) grown thin film stack composed of a

10 nm HfO2 layer deposited on a (111) oriented TiN bottom electrode. The resulting HfO2 grains grow in
a highly textured manner with their (11-1) axis oriented out of plane. A set of only 6 in-plane-rotations is

allowed for the HfO2 grains, which limits the number of possible grain boundary geometries [1]. These
grain boundaries have a strong influence on the macroscopic device behavior due to their inherent physical
properties, i.e. localized high defect concentration [2] and increased vacancy mobility [3]. The direct
impact of such nanoscale inhomogeneities on the device properties can be controlled via (i) oxygen
engineering, (ii) grain-boundary engineering and (iii) by using more complex stack geometries.

While 4D-STEM methodologies can resolve the relevant structural features [4], acquiring statistical
information is a time-consuming process. Here, we present a procedure that allows for fast acquisition of
spatially correlated, multi-phase information in a two (or more) layered thin film stack. By transmitting a
precessing quasi-parallel STEM beam through the sample (see Fig. la, also referenced as Scanning
Precession Electron Diffraction, SPED) a four-dimensional data set is generated. In our setup, scanning
of an NBD probe (in 2D real space) was controlled by using a NanoMEGAS P1000 scanning unit
integrated into a JEOL-ARMZ200F. A fast and high dynamic range Medipix3 detector (Merlin, Quantum
Detectors) was used for synchronized diffraction pattern acquisition (in 2D reciprocal space).

The stack was FIB prepared in plan-view geometry which allows the direct correlation of the epitaxial

texture transfer for each individual HfO2 grain over a large sample area. The result is a set of superimposed
diffraction patterns of all sampled phases contained in the stack (see figure 1b). In order to distinguish
between phases, we applied both, pattern matching (PM) and machine learning (ML) based blind source
separation (BSS) routines [5]. Conventional PM discriminates the phase and orientation by solving each
pattern for the best match in a simulated list of templates, however, this approach yields a low reliability
phase recognition for a mixed diffraction pattern. Using a list of components generated by unsupervised
single value decomposition (SVD), the raw data were filtered (see figure 2). This yields an improved PM
result. Recent developments in ML mainly contributed to the advancements in deep learning, have brought
large improvements to interdisciplinary fields, e.g. signal processing and microscopy [6]. Deep neural
networks (DNN) therefore present a promising extension to the ML based BSS routines. Deconvolving
multi-phase superimposed SPED datasets, as presented here, can offer a unique and statistical way of
analyzing complex crystalline thin film stacks with a high spatial resolution [7].
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Figure 1. (a) Quasi-parallel 4D-STEM (SPED) and plan-view sample geometry, (b) single color-coded
superimposed diffraction pattern of a HfO2 (blue) and a TiN grain (red), (c) orientation map (IPF color-
coding) of the TiN phase and (d) of the HfO2 phase for the same area, (e) exemplary extracted SVD
loading revealing one of the TiN grain orientations. The component also reveals amorphous carbon
contamination.
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Figure 2. Flow-chart of the suggested data processing routine.
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