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Figure 1A. Classical approach to HTE-ML, pair-
ing DFT and exhaustive HTE. B. Co-localization
of physical descriptor collection and reactions
of inter est,

Machine-learning-guided modeling has sub-
stantially accelerated discovery across the sci-
ences by enabling efficient exploration of high-
dimensional experimental design spaces.! 2345
6 In chemical synthesis and related domains,
these advances have been most successful when
models are trained on carefully curated datasets
encoded with physically meaningful de-
scriptors. However, the scalability of such ap-
proaches is increasingly constrained by a fun-
damental trade-off between experimental and
computational cost that arises from descriptor
choice. 78910

Interpretable, physics-informed descriptors of-
ten require expensive computation or extensive
experimental characterization, while light-
weight encodings scale efficiently but provide
only indirect representations of the operative
system.! 12 As a result, descriptor generation is
commonly decoupled from the experiment it-
self, relying on abstractions (such as those from
Density Functional Theory, DFT) rather than
measurements acquired under operating condi-
tions, which increases data requirements while
decreasing closed-loop efficiency (Figure 1A). 13
Here, we introduce a measurement-native
strategy in which in situ electroanalytical data
is directly transformed into machine learning-
ready descriptors within the experimental
setup (Figure 1B). By embedding descriptor gen-
eration into experiment execution, this frame-
work unifies measurement, modeling, and opti-
mization in a single loop, enabling data-efficient
acceleration without sacrificing physical
grounding. While demonstrated using electro-
chemical synthesis, we envision the generaliza-
tion of this approach to any physical system
where informative measurements can be ac-
quired in situ.

2. Main

Figure 2

Hardware Developed for In Situ Analytical Data-Driven Electrochemical Optimization
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Figure 2. Hardware stack for in situ elec-
trodescriptor collection and electrolysis.

To address limitations of existing electrochem-
ical platforms /4, we developed and validated
an integrated hardware stack for scalable, ref-
erence-standardized acquisition of in situ elec-
troanalytical data at high throughput (Figure
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2). Central to this system is a custom 40-cell,
miniaturized three-electrode architecture that
provides fully independent electrochemical
control while co-localizing electroanalytical
characterization and electrosynthesis within a
shared physical environment (Figure 2B). This
design preserves a stable potential reference
across diverse reaction conditions, enabling re-
producible descriptor generation compatible
with machine-learning workflows.

A key advance is the development of a minia-
turized solid-state quasi-reference electrode
optimized for parallel operation (Figure 2E).
Conventional junction-based references are in-
compatible with microscale formats, while
wire pseudo-references exhibit substantial
drift. We implemented a polymeric quasi-refer-
ence electrode based on electropolymerized
polypyrrole on a metallic core, which displays
markedly reduced potential drift under syn-
thetically relevant conditions. 75 This enables
stable, window-consistent electroanalytical
measurements across extended acquisition se-
quences and across all 40 cells simultaneously,
establishing a state-of-the-art hardware sub-
strate for data-rich electrochemical experi-
mentation.

The hardware platform is coupled to a custom
software stack enabling automated potenti-
ostat control, data acquisition, and analysis. A
bespoke backend provides programmatic ac-
cess to each channel, supports scripted electro-
analytical protocols, and enables working-
counter electrode inversion via a custom relay
board. Electroanalytical measurements, includ-
ing cyclic voltammetry and impedance spec-
troscopy, are thus acquired reproducibly and
without manual intervention immediately
prior to electrolysis for every reaction condi-
tion.

To overcome bottlenecks in electroanalytical
data processing, we developed PeakYourPoint,
an automated feature-extraction framework
leveraging a fine-tuned vision-language model
(VLM). Experimental voltammograms are ren-
dered as standardized images with known axis
mappings, allowing the VLM—trained on over
20,000 literature, experimental, and synthetic
CV images—to localize redox onsets and peak
features directly in image space. These fea-
tures are deterministically converted into pre-
cise potential and current values, enabling
fully automated extraction of physically
grounded descriptors. PeakYourPoint achieves
state-of-the-art performance in this context,

outperforming classical signal-processing ap-
proaches, raw-signal neural networks, and
general-purpose VLMs.

The integrated hardware-software stack ena-
bles closed-loop optimization using Bayesian
optimization to efficiently navigate experimen-
tally expensive, high-dimensional design
spaces. We applied this framework to optimi-
zation and subsequent yield modeling of the
aza-Shono reaction across a design space ex-
ceeding 100,000 parameter combinations. In
situ electroanalytical descriptors acquired
prior to electrolysis were used both to guide
adaptive experiment selection and to train pre-
dictive yield models, demonstrating efficient
optimization within experimentally tractable
campaign sizes.

Figure 3
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Figure 3. Experimetnal workflow for reaction
optimization and reaction/ descriptor space
exploration

Collectively, this work establishes a state-of-
the-art experimental and computational plat-
form in which reference-standardized hard-
ware, automated measurement-to-descriptor
pipelines, and machine-learning-guided opti-
mization are unified within a single closed loop
(Figure 3). While demonstrated for electro-
chemical synthesis, the underlying principles
are broadly applicable to accelerated discovery
across the physical sciences.
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