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1. Introduction

The rapid growth of artificial intelligence has
exposed fundamental energy and bandwidth
limits in von Neumann architectures, motivat-
ing the development of neuromorphic hardware
that co-locates memory and computation.
Memristors are a leading candidate for such
systems due to their scalability and ability to
mimic synaptic plasticity. Among material can-
didates, 2D halide perovskites (e.g., PEA,PbBr,)
offer exceptional tunability and low-energy
switching.[1], [2] However, optimizing these
materials is hindered by a vast design space in-
volving multiple processing parameters (e.g.,
concentration, solvent ratios, spin dynamics)
and the inherent stochasticity of resistive
switching mechanisms. Conventional manual
optimization is too slow to navigate this com-
plex landscape effectively, creating a critical
bottleneck in deploying perovskite memristors
for practical applications.

2. Methodology and Main Contribution

To address this challenge, we developed a fully
automated high-throughput experimentation
(HTE) workflow that integrates thin-film fabri-
cation with autonomous electrical characteriza-
tion. The system couples "SPINBOT," a custom
automated spin-coating platform, with "ViPSA"
(Vision-based Probing and Sensing Automa-
tion), enabling closed-loop synthesis and test-
ing without human intervention.

Using this platform, we systematically explored
the processing space of PEA,PbBr, memristors,
varying precursor concentration, spin speed,
acceleration, and DMF:DMSO solvent ratios.
This generated a large-scale statistical dataset
spanning dozens of unique process conditions,
revealing that processing conditions primarily
modulate the statistical dispersion of switching
metrics rather than just their mean values.

Building on this data, we implemented a
multi-objective Bayesian optimization frame-
work. Unlike standard grid searches, this ma-
chine learning approach actively directs the ex-
perimental loop to identify optimal processing
windows that balance competing performance
objectives—specifically, maximizing device
yield while simultaneously maximizing the

ON/OFF resistance ratio. This automated,
Al-driven approach successfully identified ro-
bust processing conditions that mitigate sto-
chastic variability, demonstrating a scalable
pathway for accelerating the development of re-
liable neuromorphic hardware.

. N, =
& 19 |t ) Automated
ol A0 o p\ ' ) Fabrication
EI@/O (V «\/ o ) |
R v Cdc{\ > ¥
< R Sy
oo * Y s

Machine Learning
Optimization

Automated electrical
measurement

Fig. 1: Schematic representation of the work-
flow

Prior work on perovskite memristors has
largely relied on manual trial-and-error or
small-scale studies, often reporting "hero" de-
vices that do not reflect statistical reality.[3],
[4] While high-throughput methods have been
applied to perovskite photovoltaics, their appli-
cation to electrical characterization remains
limited due to the complexity of contacting and
testing large device arrays.[5] Our work ad-
vances the field by establishing one of the first
fully automated electrical HTE workflows for
memristors, capable of generating statistical
datasets comparable to mature oxide-based
RRAM technologies.
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