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1. Introduction
Memristors are two-terminal electronic devices

characterized by a pinched hysteresis loop in the
current-voltage plane, as well as time-dependence
and stochasticity [1]. They typically consist of a ver-
tical stack of metal-insulator-metal (MIM), with a
wide range of material combinations explored in the
past 20 years [2, 3]. Memristors have been emerg-
ing with broad applications including neuromorphic
systems,[4], multibit memory,[5], bio-processors,[6],
and circuit calibration/tuning [7].
The advancement of memristive technology is in-

herently multidisciplinary, spanning materials, fab-
rication, characterization, compact modeling, and
circuit/system integration; reliable and reproducible
analysis therefore requires end-to-end provenance
and traceable processing. We develop STARS (Semi-
conductor Traceable & AI-supported Research Sys-
tem) with memristors as the first target, unifying raw
measurements, processing provenance, and derived
features under versioned configurations so every re-
ported result is traceable to its originating experi-
ment. This auditability supports both conventional
analysis and AI-assisted workflows—where verifying
the basis of a conclusion matters as much as produc-
ing it—and, combined with automated acquisition
and quality checks, enables unattended runs with
analysis in parallel for faster iteration.

2. Platform overview
2.1 Data acquisition and processing workflow
As shown in Fig. 1, STARS processes data in a

staged workflow with quality control checks, so de-
rived results can be linked back to the underlying
measurements. The workflow consists of:

1. Materials and wafer context: record the fabri-
cation recipe/material stack and the device lo-
cation (wafer/die/device IDs and coordinates),
with quality control checks for missing fields, in-
consistent naming, and duplicate or conflicting
identifiers.

2. Electrical characterization: import raw electrical
traces and measurement settings from the ArC
ONE platform [8], with quality control checks
for missing or corrupted experiments, unreal-
istic signal values, and mismatches between the
recorded protocol and the executed run.

3. Behavioural data products: extract derived fea-
tures and model parameters, and perform qual-
ity control checks to check for out-of-range val-
ues, excessive missing data, and valid links to

Fig. 1: STARS automated data collection pipeline. The
workflow links (1) materials/process context, (2) de-
vice location & electrical characterization, and (3)
behavioural feature generation, with quality check
gates at each stage to preserve provenance for trace-
able, analysis-ready datasets.

source measurements and processing configura-
tions.

2.2 Schema design and provenance
As shown in Fig. 2, STARS links fabrication context,

device location, measurements, and derived data
products within a single relational database. Process
information is stored at the recipe/layer level (includ-
ing tool- and stack-related descriptors) and connected
to individual devices through the wafer hierarchy
(wafer–die–subdie–device). Each measurement run
is recorded as an experiment, with parameters includ-
ing applied voltage range, pulse duration, and other
settings stored alongside it, while the high-volume
point traces (e.g., voltage/resistance sequences and
stimuli) are kept in a separate point-level table.
Derived behavioural outputs are stored in feature

tables, where each row links back to its source ex-
periment and references a configuration identifier
that records the method and parameter settings used.
To minimize duplicated information (e.g., repeatedly
storing the same wafer/device information and pa-
rameter settings across many experiments), STARS
stores shared metadata once and references it via
identifiers.
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Fig. 2: STARS database schema overview. Fabrication
context, device location, experiments, and mea-
surements are linked to derived features and mod-
els through shared identifiers, supporting traceable
queries and dataset export.

This layout follows standard database normaliza-
tion practice (third normal form), [9] which removes
redundancy and therefore reduces overall storage
footprint, while keeping frequently used tables com-
pact. As a result, routine filtering typically operate
on device-, experiment- and feature-level tables first,
and point-level traces are loaded only for the selected
experimentswhen raw signals are needed; since each
experiment may contain thousands of data points,
avoiding point-table scans during initial selection
markedly reduces query cost.

3. Demonstration and benchmarks
Table 1 summarises the quality-checked dataset

and representative access costs. The current corpus
spans 3 wafers, 75 dies, 6k devices, 170k experiments,
and 160M point-level records, with five derived fea-
ture families; the framework scales to substantially
larger volumes. For context, we benchmarked the
partial hierarchical schema against flat-file baselines
(e.g., CSV-style layouts) to quantify the cost of realis-
tic joins and provenance-preserving filters; Table 1
reports the indexed SQLite results used in STARS.

Table 1: Quality-checked dataset scale and represen-
tative access costs for the indexed SQLite im-
plementation used in STARS (hierarchical joins
with provenance-preserving filters and aggrega-
tion over 1–20M point records).

Metric Value

quality-checked dataset
Wafers / Dies / Devices 3 / 75 / 6k
Experiments / Points 170k / 160M
Derived feature fami-
lies

5

DB footprint 24 GiB

Access cost for indexed SQLite (benchmark)
Group query time 0.46-1.05 s
DB footprint 0.12-1.09 GiB

4. Future AI workflows enabled by the STARS plat-
form
STARS is designed to enable the following ongo-

ing AI workflows. We outline the workflows here as
future directions enabled by the platform.
(i) Autonomous measurement tuning: closed-

loop selection of measurement parameters (e.g.,
forming windows, compliance settings, pulse sched-
ules) under experimental noise and constraints,
using data-efficient optimization such as (con-
strained or multi-objective) Bayesian optimization
and active learning, as well as sequential decision-
making formulations (e.g., contextual bandits) when
exploration-exploitation trade-offs are critical[10, 11].
Candidate settings are proposed conditioned on de-
vice/material/location metadata and prior outcomes,
and all actions and outcomes are logged back with
full provenance for continual improvement.
(ii) Materials/location-to-behaviour learning:

learning mappings from high-dimensional pro-
cess/stack/geometry metadata and spatial factors
to behavioural data products (performance-relevant
features). The goal is to identify which fabrica-
tion and spatial factors most strongly explain ob-
served behaviour and variability (often including ma-
terial/process choices), by combining predictivemod-
elling with model interpretation to separate explain-
able structure from residual stochasticity[12, 13].
(iii) Knowledge extraction from learned policies:

when closed-loop policies succeed, they may capture
latent regularities in the underlying device physics.
These regularities can remain as deployable black-
box decision models, or, where possible, be distilled
into interpretable abstractions, for example, compact
rule-based heuristics, probabilistic yield/variability
models, or simplified analytic forms that summarize
dominant physical trends [14, 15].

5. Conclusion
We present STARS, a data platform that organizes

large-scale memristor experiments into a traceable
evidence base. STARS links fabrication details, device
location, measurements, and derived behavioral fea-
tures within a single schema, and applies quality con-
trol checks throughout the workflow. It also supports
automated data acquisition and structured dataset
access, so researchers can quickly filter experiments,
build consistent subsets, and export analysis-ready
tables for statistics and AI. We report the current
dataset scale and representative benchmark costs to
demonstrate practical usability on open-source hard-
ware. In general, STARS reduces manual overhead,
improves comparability between experiments, and
provides a firm foundation for closed-loop optimiza-
tion and explainable AI workflows for accelerating
memristor development.
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