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Abstract

Measurements do not automatically yield mean-
ingful descriptors when existing theory cannot
uniquely determine how complex observations
should be reduced. Using high-throughput elec-
trochemical impedance spectroscopy as a model
case, we present a human-guided, Al-assisted
workflow in which a conditional autoencoder or-
ganizes electrochemical responses into a latent
space for descriptor construction and comparison,
while experimental potential of zero charge (PZC)
is used only as an external validation reference.
The learned representation remained strongly or-
dered by electrochemical bias, enabling the con-
struction of trajectory-derived descriptor candi-
dates indexed by applied bias (V3). Grounded
comparison among these candidates identified
an anchor-relative sine-like trajectory coordinate
as the most credible scalar summary within the
tested family. These results show that latent orga-
nization can support auditable descriptor discov-
ery from complex electrochemical measurements
in underdetermined settings.

1. Introduction

Recent discussion in Al for science has increasingly fo-
cused on autonomous or semi-autonomous systems that can
plan experiments, navigate search spaces, and accelerate dis-
covery through closed-loop decision making (Jumper et al.,
2021; Merchant et al., 2023; Szymanski et al., 2023; Tom
et al., 2024). That direction has been highly productive, but
it does not capture the full range of scientific bottlenecks.
In many domains, the limiting factor is not the lack of mea-
surements or experimental throughput, but the difficulty of
turning complex observations into scientifically meaningful
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variables. Rich data alone do not guarantee interpretable de-
scriptors, especially when existing theory does not uniquely
determine how those observations should be reduced. In
such settings, the role of Al is not best framed as replacing
scientific judgment with autonomy. A more useful role may
be to reorganize complex measurements into a structured
candidate space that scientists can inspect, compare, and
validate against grounded external references (Tom et al.,
2024; Szymanski et al., 2023).

Electrochemical impedance spectroscopy (Lazanas &
Prodromidis, 2023; Chang & Park, 2010; Bard et al., 2022)
provides a clear example of this problem. High-throughput
impedance measurements can capture intertwined contribu-
tions from double-layer behavior, charge transfer, adsorp-
tion, transport, and other interfacial non-idealities. Yet phys-
ically plausible scalar summaries remain difficult to define
without imposing strong modeling assumptions. Equivalent-
circuit analysis remains valuable because it offers com-
pact interpretability, but it also constrains the analysis to
a predefined model class and can leave much of the mea-
sured response underused. As impedance measurements
become denser and more systematically varied, the chal-
lenge shifts from merely fitting spectra to organizing them
in a way that can support descriptor construction under sci-
entific scrutiny (Ragoisha & Bondarenko, 2005; Pajkossy &
Mészaros, 2020; Fortin et al., 2022).

This study presents a human-guided, Al-assisted work-
flow for that underdetermined setting. Rather than treating
Al as an autonomous endpoint predictor, we use representa-
tion learning to organize high-throughput electrochemical
impedance data into a latent space from which descriptor
candidates can be derived and compared. Human judgment
remains explicit in the problem formulation, acquisition
logic, and validity criteria, while machine learning is used
to expose structure that would be difficult to rank directly
from raw spectra. Experimental potential of zero charge
(PZC) is used only as an external validation reference, not as
a supervised training target (Bard et al., 2022). Within this
framework, we ask whether the learned representation can
support auditable descriptor discovery from complex electro-
chemical responses and whether grounded comparison can
distinguish better-supported one-dimensional summaries
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Figure 1. Human-guided workflow and model architecture for descriptor discovery from high-throughput electrochemical impedance
data. (a) Schematic of the division of labor in the present study. Domain knowledge defines the problem formulation, acquisition logic,
and validation boundary, while Al-assisted modeling organizes high-throughput impedance observations in latent space and supports
descriptor construction, ranking, and reference-based validation. (b) Conditional autoencoder architecture (Hinton & Salakhutdinov, 2006;
Sohn et al., 2015) for sequential impedance data. The model combines condition injection, frequency embedding, and an encoder-decoder
backbone to learn compact latent structure and reconstruct the input spectrum under a physics-aware training objective.

from weaker alternatives. The contribution of this work is
to show how Al can function as a scientifically useful orga-
nizing tool in measurement-rich yet interpretation-limited
regimes.

2. Related Work

Electrochemical impedance spectroscopy (EIS) (Lazanas
& Prodromidis, 2023; Chang & Park, 2010; Bard et al.,
2022) has long been valued because the frequency depen-
dence of impedance can encode interfacial kinetics, double-
layer behavior, transport, adsorption, and other coupled
non-ideal processes. Equivalent-circuit modeling became
the dominant practical framework because it offers a com-
pact route from complex spectra to interpretable parameters.
At the same time, impedance analysis has always faced a
persistent difficulty: model choice is rarely unique, physi-
cally distinct processes can generate similar spectral signa-
tures, and richer measurements do not automatically yield
clearer interpretation. EIS has therefore remained a power-
ful measurement modality with a substantial interpretation
bottleneck, especially when information-rich spectra must
be reduced to scientifically usable variables.

Recent Al-enabled electrochemistry has developed along
two more visible directions (Chen et al., 2023; Bond et al.,
2022). One direction has focused on data-driven interpre-

tation of electrochemical signals, particularly in voltamme-
try and related mechanism-recognition tasks, where deep
learning has been used for classification, regression, and
automated mechanistic assignment (Chen et al., 2023; Bond
et al., 2022; Kennedy et al., 2019; Hoar et al., 2022; Chen
et al., 2022). Another direction has centered on automation,
active learning, and self-driving experimental platforms,
where electrochemical workflows are embedded within
broader closed-loop systems for screening, optimization,
or mechanistic investigation (Tom et al., 2024; Sheng et al.,
2024; Pence et al., 2025). These developments have ex-
panded the role of machine learning in electrochemistry, but
they have mainly emphasized either direct prediction from
structured signals or autonomous experimental execution.

Impedance-based measurements occupy a somewhat dif-
ferent position within this broader landscape. Several stud-
ies (Chang, 2023; Doonyapisut et al., 2023b;a; Schaeffer
et al., 2023; Jones et al., 2022; Lv et al., 2024) have started
to apply machine learning directly to EIS data, including
analysis of potential-dependent spectral sequences, fore-
casting from full impedance responses, and supervised use
of frequency-domain electrochemical data for sensing and
state estimation. These efforts are important because they
show that impedance spectra can support learning beyond
handcrafted circuit parameters alone. Much of this liter-
ature, however, has still been oriented toward prediction,



Submitted to the Al for Science workshop (ICML 2026)

(a) PCA
0 ; f 2 w 3 \' . +0.4

J 3( U |
) 3 -t‘ -: +0.2

f“' . 0.0
" & ..
. 0.2

: ¢
. ) 0.4
10 “; o

-6 -4 -2 0 +2 44 +6

(c) Pairwise Distances
0
100
200
300
400

500

(-]
Euclidean Distance

(b) t-SNE
4
e
&
0 g !
20 a* I
X

-60 -40 -20 0
(d) z to V,, regression

+0.8

+20 +40

T

+0.6

+
=)
'S

a
> +0.2 ,'
o e
S .
5 o0 A
3 A
Loz ’,I
-0.4 '1
A4
0.6 |
.
A
-0.8
08 0.6 04 -02 0.0 +0.2 +0.4 +0.6 +0.8
True V,

Figure 2. Latent space organization is strongly ordered by electrochemical bias. (a) PCA projection of latent representations, colored by
V4 and marked by quantiles of V;, 4 V},, showing a smooth global ordering primarily along the bias coordinate. (b) t-SNE projection of the
same latent representations, indicating that local neighborhoods remain ordered by V;, despite nonlinear embedding. (c) Pairwise latent-
distance matrix after sorting samples by V;, revealing banded structure rather than random mixing. (d) Regression from latent coordinates
to V4, showing that electrochemical bias remains the dominant global ordering variable in the learned representation (R? = 0.989).

classification, or parameter inference from spectral data.

Comparatively less attention has been given to the in-
termediate problem addressed here: using representation
learning to reorganize high-throughput, impedance-rich ob-
servations into a structured latent space that supports de-
scriptor construction and candidate ranking under explicit
experimental grounding.

3. Methods and Model Architecture
3.1. Overall framework

The overall workflow contains four linked stages: mea-
surement, latent representation learning, descriptor construc-
tion, and external validation (Figure 1). Electrochemical
knowledge determines what is measured, which variables
are treated as relevant conditions, and what Kind of external
check is scientifically admissible. Machine learning then
operates within those boundaries by restructuring the high-
dimensional observations into a latent space in which sys-
tematic variation becomes easier to compare. This division
of labor is central to the framework. Scientific judgment re-
mains explicit at the level of task definition and interpretive

accountability, while Al is used to structure the representa-
tion rather than to act as an autonomous decision-maker.

3.2. Data acquisition and representation

The dataset consists of high-throughput electrochemical
impedance measurements collected under systematically
varied electrochemical conditions. In the present imple-
mentation, the measurements are obtained through a high-
throughput EIS protocol, but the methodological argument
is framed at the level of high-throughput impedance data
more broadly (Ragoisha & Bondarenko, 2005; Pajkossy
& Mészaros, 2020; Fortin et al., 2022). Each sample in-
cludes the relevant experimental conditions, including base
potential V;, perturbation potential V},, and the frequency-
dependent real and imaginary impedance components; the
present dataset was acquired at a fixed concentration condi-
tion. The spectra are arranged as sequential observations so
that each input retains both its conditioning variables and its
frequency-resolved response profile. Robust input normal-
ization based on median centering and interquartile-range
scaling was applied for stable training, while evaluation was
carried out with reference to both normalized and physi-
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Figure 3. Trajectory-based descriptor-candidate construction from V-indexed latent summaries. (a) Trajectory of per-V}, latent summaries
in the PCA1-PCA2 subspace, with the global centroid and an anchor near V;, ~ 0 used to define oriented trajectory coordinates. (b) Top
latent-summary features ranked by mean sensitivity for the anchor-relative sine-like descriptor candidate within the focus region. (c)
Heatmap of representative high-variance latent-summary features across V4. Together, these panels show that descriptor construction is
supported by coordinated latent reorganization across multiple features rather than by a single dominant coordinate.

cal space so that reconstruction quality and downstream
constraints remained tied to the original electrochemical
quantities. Detailed preprocessing, data splitting, and refer-
ence matching are provided in the Appendix.

3.3. Model architecture

A conditional autoencoder (Hinton & Salakhutdinov,
2006; Sohn et al., 2015) is used to learn a compact latent
representation of the impedance observations (Figure 1b).
The encoder is built from temporal convolutional blocks,
and the decoder combines Transformer and temporal convo-
lutional components (Bai et al., 2018; Vaswani et al., 2017).
Experimental conditions are injected explicitly rather than
being left for the model to infer indirectly, and frequency
information is supplied through a dedicated embedding path-
way (Perez et al., 2018). That architecture follows the struc-
ture of the data itself: neighboring frequency points must
remain locally coherent, longer-range spectral dependencies
must remain accessible, and electrochemical condition vari-
ables should remain explicit rather than being absorbed into
an unconditional latent code.

3.4. Loss design

Training is guided by a composite objective rather than
by reconstruction loss alone. Reconstruction preserves the
primary spectral content of the input, but electrochemical
impedance data also impose structural demands that a purely
generic objective need not respect.

Band-based penalties discourage reconstructions that drift
outside acceptable spectral behavior, including token-level
deviation and magnitude-phase consistency. A physical posi-
tivity term suppresses outputs that violate basic electrochem-
ical plausibility in the reconstructed components, while a

total-variation term promotes local smoothness along the
frequency axis. A latent regularization term further dis-
courages unstable or unnecessarily diffuse latent represen-
tations. Rather than encoding a complete electrochemical
theory into the network, this objective biases learning to-
ward reconstructions and latent geometries that remain more
compatible with smooth, bounded, and physically plausi-
ble spectra. Detailed loss-design ablation is reported in
Appendix.

3.5. Latent summarization and descriptor construction

After training, each impedance sample is mapped to a
latent vector and exported for downstream analysis. These
sample-level latent codes are then reorganized by electro-
chemical condition so that descriptor construction is per-
formed on condition-level structure rather than on isolated
observations. In particular, samples sharing the same base
potential V;, are grouped, and the dependence of each latent
coordinate on perturbation potential V,, within that V}, slice
is summarized parametrically.

In the reference analysis, this within-slice dependence
is represented by quadratic fitting in V},. The resulting co-
efficients are then concatenated to form a Vj-level latent
summary, yielding one organized latent summary per base-
potential condition. This summary rule was adopted as
the reference parameterization because, among the tested
summary modes, it provided the strongest overall grounded
screening performance for the selected descriptor family
(Appendix F).

Descriptor construction is carried out on these organized
Vp-indexed summaries rather than on raw spectra or on sin-
gle latent coordinates. Low-dimensional projections are
used only as geometric views of the organized summaries
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(Figure 3a), from which multiple trajectory-derived indices
can be defined. These include angular coordinates, anchor-
relative forms, radial or mixed forms, and local-shape quan-
tities derived from variation along the latent trajectory. The
purpose of this step is not to privilege one coordinate a pri-
ori, but to construct a physically plausible candidate family
from the learned latent organization.

The resulting workflow therefore proceeds in five linked
steps: sample-level encoding, condition-wise grouping,
parametric summarization of V),-dependence, trajectory-
level candidate construction, and grounded candidate screen-
ing. This structure makes explicit what is otherwise easy to
conflate: the latent code is learned from spectra, the sum-
mary is constructed from organized condition slices, and
the final descriptor candidates are derived only after this
intermediate reorganization step.

Candidate indices are then compared through internal
consistency and external grounded validation against exper-
imentally determined PZC. The aim is not to claim that the
latent space contains one uniquely correct scalar by con-
struction, but to organize and rank a family of plausible
one-dimensional summaries under explicit scientific crite-
ria.

4. Results and Discussion
4.1. Bias-ordered latent organization

The first result is that the learned latent space is not an
arbitrary compression of the impedance data, but an orga-
nization in which electrochemical bias remains the domi-
nant ordering principle. Across linear projection, nonlinear
embedding, pairwise distance structure, and latent-to-V}, re-
gression, the same pattern recurs: samples recorded under
nearby bias conditions remain nearby after compression,
and the global manifold follows a coherent progression with
V4, (Figure 2). The significance of this result lies less in
recovering a known experimental variable than in show-
ing that compression has preserved a physically relevant
ordering rather than obscuring it.

That point matters because descriptor construction in
latent space is only scientifically useful when the learned or-
ganization remains stably linked to electrochemically mean-
ingful variation. A latent map that reconstructs spectra
accurately but destroys such ordering could still be numeri-
cally convenient, yet it would not provide a credible basis
for downstream scalarization. Here, the latent-to-V}, re-
gression reaches R? = 0.989, and the same bias-ordered
structure is visible across multiple views of the representa-
tion. Taken together, these results indicate that the learned
space has retained a coherent electrochemical backbone on
which candidate summaries can be constructed. Against
that structured backdrop, V,-related variation appears as a

secondary modulation rather than as the primary axis of
latent structure.

4.2. Trajectory geometry supports descriptor
construction

Once that ordered manifold is established, the next ques-
tion is not simply whether the latent space is structured,
but at what level that structure should be summarized for
descriptor construction. The key observation is that the rele-
vant organization is not captured by a single dominant latent
coordinate. Instead, the V}-indexed latent summaries trace
an asymmetric trajectory around the global centroid (Figure
3a), indicating that the electrochemically relevant variation
is expressed as coordinated movement through latent space
rather than as monotonic change along one axis.

The supporting analyses reinforce that interpretation. The
sensitivity ranking of the candidate indices (Figure 3b)
is supported by a distributed set of latent-summary fea-
tures rather than by one exceptional term, and the Vj-wise
heatmap likewise shows coordinated drift, saturation, sign
reversal, and weakly non-monotonic behavior across mul-
tiple features (Figure 3c). This pattern argues against re-
ducing descriptor construction to one latent coordinate, one
coefficient family, or one distance measure in isolation. A
trajectory-level description is therefore not a cosmetic geo-
metric choice, but the level at which the latent organization
remains scientifically interpretable. In that sense, a useful
scalarization should preserve coordinated latent reorgani-
zation rather than flatten it prematurely into a single naive
index. This is why the subsequent comparison focuses on
trajectory-derived indices that preserve orientation, anchor
dependence, or local shape.

4.3. Grounded validation and interpretation

Grounded validation serves a stronger role here than sim-
ply selecting the coordinate with the highest numerical as-
sociation. In an underdetermined latent space, many one-
dimensional readouts can be constructed after compression,
so numerical agreement alone does not establish scientific
usefulness. The more important question is which form of
scalarization preserves electrochemically ordered variation
in a way that remains credible under an external check. In
the present study, experimental PZC is used for that purpose
only as a validation reference, not as a supervised training
target.

Within the screened candidate family, the anchor-relative
sine-like trajectory coordinate, implemented here as sin(6),
emerges as the most credible descriptor candidate (Figure
4). Its advantage does not lie only in strong agreement with
experimental PZC, but in the fact that it preserves direction-
ally organized trajectory information relative to a physically
motivated anchor while remaining stable across the focus re-
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Figure 4. Comparison, selection, and grounded validation of trajectory-derived descriptor candidates. (a) Normalized V}-dependent
profiles of the top candidates, sin(#), 8, and d cos(6)/d V4, with the focus region shaded. (b) Quantitative comparison of these candidates
within the focus region using absolute Pearson and Spearman correlation and reconstruction error (RMSE and MAE) against experimental
PZC. (c) Experimental PZC and the PZC estimate derived from the selected candidate after one-dimensional calibration. The selected
anchor-relative sine-like descriptor reproduces the major nonlinear features of the PZC-V}, relation, including the negative-bias minimum,

zero crossing, and high-bias saturation.

gion. The top-screened alternatives, the unmodified angular
coordinate ¢ and the local-shape coordinate d cos(6)/dV},
also retain electrochemical signal, indicating that relevant
structure is not confined to a single construction. Screening
within the focus region first narrows the candidate family on
grounded quantitative criteria, after which one-dimensional
calibration is used only to place the selected descriptor on
the PZC scale for external comparison.

The comparison among these candidates sharpens the
interpretation. The unmodified angular coordinate tracks
the overall trajectory ordering and performs competitively,
but the anchor-relative sine-like form provides a slightly
better overall balance of correlation and calibrated recon-
struction. The derivative-based coordinate d cos(6)/dV}
remains informative, especially as a measure of local varia-
tion along the latent path, yet its weaker grounded metrics
indicate that local change alone is not the best-supported
one-dimensional summary for the present validation target.
The main contribution is therefore not a claim of univer-
sal optimality, but a grounded distinction between better-
supported scalarizations and weaker alternatives within a
structured latent candidate space. Latent organization be-
comes scientifically useful here not because it automati-
cally yields a unique descriptor, but because it makes can-
didate construction, comparison, and external validation
more disciplined and auditable. A further qualification is
important for interpreting this result. Part of the dominant
PZC-relevant structure is already linearly accessible, and
a PCA baseline can remain competitive on top-level scalar
agreement metrics (Appendix G). The value of the learned
nonlinear representation should therefore not be framed as
universal superiority in every summary statistic. Its practical
advantage is that it supports a broader scientific workflow
in which reconstruction, condition-aware latent organiza-
tion, trajectory-based candidate construction, and grounded

screening are all carried out within a single controllable
representation. In that sense, the contribution of the present
approach lies less in winning a benchmark-style compari-
son than in making descriptor discovery more structured,
auditable, and scientifically navigable.

4.4. Limitations and scope

Three limits define the scope of the present claim. First,
alignment of the latent space with V;, does not by it-
self demonstrate disentanglement of underlying interfacial
physics. Because V}, is a known and injected condition,
strong latent-to-V}, alignment shows coherent organization
of the compressed representation rather than mechanistic
separation in a strict causal sense. Second, PZC is used
here only as a grounded validation reference, not as a super-
vised training endpoint and not as proof that the extracted
descriptor is uniquely correct. Agreement with PZC there-
fore functions as an external plausibility check on descrip-
tor quality rather than as a complete theory of the inter-
face (Bard et al., 2022). Third, the proposed descriptor
should not be interpreted as universal across chemistries,
electrochemical systems, or acquisition protocols. The ev-
idence presented here shows only that, within the present
high-throughput impedance framework, a stable latent tra-
jectory can be learned and a physically plausib le scalar
summary can be prioritized from that trajectory. In this
sense, the significance of the nonlinear representation here
lies primarily in providing a unified space for reconstruc-
tion, condition-aware organization, and descriptor screening
under explicit experimental grounding.

5. Conclusion

This study shows that descriptor discovery from
impedance-rich electrochemical measurements can be made
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more systematic when representation learning is used to
organize observations into a structured latent space rather
than to predict an endpoint directly. Within the present
framework, the learned representation preserves electro-
chemically ordered variation, condition-level summariza-
tion converts that organization into a trajectory that can be
inspected explicitly, and grounded comparison against inde-
pendently measured PZC helps distinguish better-supported
scalar summaries from weaker alternatives, prioritizing an
anchor-relative sine-like trajectory coordinate as the most
credible scalar summary within the tested candidate family.

The resulting contribution is methodological as much as
empirical. Al is used here not to declare a final descriptor
autonomously, but to make descriptor construction, candi-
date comparison, and external checking more disciplined
in an underdetermined measurement setting. That role re-
mains meaningful even when part of the relevant structure
is linearly accessible, because the value of the learned rep-
resentation lies in supporting a broader and more control-
lable scientific workflow rather than in maximizing a single
benchmark metric.

More broadly, the present results suggest that, for
measurement-rich but interpretation-limited problems, Al
may be most useful when it operates as an organizing layer
under explicit human control. A natural next step is to test
how well the same workflow transfers across chemistries,
acquisition protocols, and other underdetermined electro-
chemical measurement settings in which scientifically useful
descriptors are not uniquely specified in advance.
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Appendix

This appendix provides methodological details and supplementary analyses that support the main text while keeping the
main narrative focused on descriptor discovery from latent organization. The appendix is organized around the same logic as
the paper itself: external grounding, data preparation, representation learning, candidate construction, candidate screening,
summary construction, and additional validation analyses.

A. Experimental PZC Determination and Reference Matching
A.1. Independent experimental determination of PZC

Experimental PZC values were used only as an external validation reference and were never supplied as supervised targets
during model training. This distinction is central to the interpretation of the present workflow. The latent representation and
the descriptor candidates were learned entirely from the impedance data and explicit experimental conditions, and PZC
entered the analysis only after candidate construction as an independently measured reference.

In the present study, PZC was determined experimentally by sweeping both the base potential, V}, and the perturbation
potential, V},, while acquiring high-throughput EIS measurements over the resulting condition grid. At each condition,
the interfacial capacitance was estimated on the basis of the Gouy—Chapman—Stern (GCS) model, and the potential
corresponding to the capacitance minimum was identified as the experimental PZC. This operational definition was applied
consistently across the measured conditions and provided the grounded reference used for descriptor evaluation in the main
text.

Because the experimental PZC values were obtained independently of the representation-learning procedure, the reported
descriptor—PZC agreement should be interpreted as external validation rather than endpoint supervision. This separation is
important for the scientific interpretation of the results, as it clarifies that the selected descriptors were screened against an
experimentally defined electrochemical reference rather than optimized directly to reproduce it.

A.2. Matching the PZC reference to the impedance dataset

The experimental PZC table and the impedance-derived descriptor table were aligned through their shared base-potential
values V}, after experimental PZC extraction. Because the PZC reference was available only at the condition level used for
descriptor comparison, grounded evaluation was performed on matched V}, points rather than on the full impedance dataset
at the individual-sample level.

The matching procedure consisted of four steps: (1) extracting the experimental PZC reference from the independently
analyzed electrochemical data, (2) constructing the descriptor table from the learned latent summaries, (3) aligning the two
tables over shared V}, values, and (4) separating the matched points into the full region and the prespecified focus region
used for primary screening. In the present dataset, this yielded 15 matched points in the full region and 7 matched points in
the focus region.

This explicit matching step is scientifically important because the reported descriptor—PZC agreement reflects sparse
external grounding rather than dense supervision. The validation results should therefore be interpreted as agreement on
independently matched reference conditions, not as endpoint fitting over the entire dataset.

B. Data Preprocessing and Dataset Split
B.1. Input construction and normalization

Each learning sample consists of a frequency-ordered impedance sequence with 17 frequency points and two response
channels, Z, and Z;, accompanied by explicit conditioning variables including V4, and V},. The full dataset contains 6840
samples spanning 15 base-potential values and 59 perturbation-potential values under a fixed concentration condition.

Inputs were normalized using median centering and interquartile-range scaling for optimization stability, whereas
reconstruction quality, pass metrics, and downstream descriptor screening were interpreted with reference to both normalized
and physical space. This separation was retained intentionally so that latent-space quality would not be judged only
by abstract compression performance, but also by whether reconstructed spectra and downstream summaries remained
meaningful after inversion to the original electrochemical scale.
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Table Al. Dataset composition, preprocessing, split design, and reference matching used in the main analysis.

Section Item Value

Dataset Total impedance samples 6840

Dataset Base-potential values V 15

Dataset Perturbation-potential values V,, 59

Dataset Frequency points per spectrum 17

Dataset Concentration condition Fixed single concentration

Input Spectral channels YA

Input Explicit condition variables Vi, Vi

Preprocessing Input normalization Median centering + interquartile-
range scaling

Split Train / validation / test 0.80/0.15/0.05

Split Grouping key Shared (V4, V}) condition sets

Split Group shuffling True

Evaluation Domains Normalized and physical space

Reference Matched PZC points (all region) 15

Reference Matched PZC points (focus region) 7

Screening Focus region -03<V,<0.3

B.2. Grouped split and leakage prevention

Train, validation, and test partitions were constructed using grouped splitting rather than random sample-level partitioning.
The split ratio in the reference experiments was 0.80/0.15/0.05. Grouping was defined at the level of shared (V,V})
condition sets so that samples belonging to the same electrochemical condition context were kept in the same partition.

This design was adopted because neighboring measurements within a high-throughput impedance grid can remain
strongly correlated even when treated as distinct samples. Preventing such leakage is necessary if latent organization is to be
interpreted scientifically rather than as an artifact of train—test overlap. Group shuffling was applied before partitioning, and
all downstream analyses reported in the main text were based on models trained under this grouped-split protocol.

C. Reference Architecture and Training Hyperparameters
C.1. Reference model configuration

The reference model used throughout the main text is a conditional autoencoder that combines a temporal-convolution
encoder with a hybrid decoder containing both attention-based and temporal-convolution components. Experimental
conditions are injected explicitly rather than inferred indirectly, and frequency information is supplied through a dedicated
embedding pathway. This design reflects the structure of the input data: neighboring frequency points should remain locally
coherent, longer-range spectral dependencies should remain accessible, and condition variables should remain explicit rather
than being absorbed into an unconditional latent code.

The reference configuration used in the main analysis corresponds to a latent dimension of 24, a model width of 512, an
encoder depth of 5 blocks, a decoder temporal-convolution depth of 3 blocks, 2 decoder attention layers, 8 attention heads, a
feed-forward multiplier of 2, dropout of 0.4, and condition dropout of 0.2. Optimization was performed with a learning rate
of 5 x 10™%, a batch size of 64, and early stopping with patience 50. The complete reference configuration is summarized in
Table A2.

C.2. Architecture and hyperparameter ablation

The architecture ablation is best interpreted as a robustness analysis rather than as a blind search for a numerically
optimal network. The sweep covers latent dimension, model width, encoder depth, decoder depth, number of attention
layers, number of attention heads, feed-forward multiplier, dropout, and condition-vector dropout. Taken together, these
experiments show that the main conclusions do not depend on one arbitrarily chosen architecture.

The sweep is therefore best interpreted as a robustness study around the main analysis configuration rather than as a search
for a single universally optimal architecture. Several variants remain competitive, and some improve particular downstream

10
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Table A2. Reference architecture and optimization hyperparameters used in the main text.

Group Parameter Value
Latent Zdim 24
Latent dmodel 512
Encoder enc_blocks 5
Encoder enc.dilations [1,2,4,8,16]
Decoder dec_tcnblocks 3
Decoder dec_dilations [1,2,4,8, 16]
Decoder dec_mhsa_layers 2
Decoder attn_heads 8
Decoder ffmult 2
Regularization =~ dropout 0.4
Regularization = condition._dropout 0.2
Optimization learning rate 0.0005
Optimization batch size 64
Optimization epochs 200
Optimization early-stopping patience 50
Loss )\band,start 1.0
Loss )\band,end 1.0
Loss )\magphase 1.0
Loss Aphys 0.001
Loss Atv 0.001
Loss Az L2 0.0001

metrics. For that reason, the reference model used in the main text should be interpreted as a stable and interpretable analysis
configuration rather than as the unique numerical optimum. Its role is to provide a consistent basis for reconstruction, latent
organization, and descriptor screening across the full workflow.

Table A3. Architecture and hyperparameter ablation results relative to the reference model. Only ablated architectural settings and
downstream metrics are shown. Loss weights were fixed at the reference values. Metrics are rounded to two decimal places for readability.

Model Variant Zdim dmodel Enc. Dec.-TCN MHSA Heads FF Dropout/Cond. Both-pass Pearson/RMSE
MO Reference 24 512 5 3 2 8 2 0.40/0.20 0.84 0.98 /36.40
Ml Latent dim = 8 8 512 5 3 2 8 2 0.40/0.20 0.84 0.97 /47.68
M2 Latent dim = 16 16 512 5 3 2 8 2 0.40/0.20 0.83 0.97/43.93
M3 Latent dim = 32 32 512 5 3 2 8 2 0.40/0.20 0.834 0.98/38.84
M4 Latent dim = 48 48 512 5 3 2 8 2 0.40/0.20 0.33 0.97/43.72
M5 Model width = 256 24 256 5 3 2 8 2 0.40/0.20 0.84 0.96/51.62
M6 Model width = 384 24 384 5 3 2 8 2 0.40/0.20 0.84 0.97/42.19
M7 Encoder depth = 3 24 512 3 3 2 8 2 0.40/0.20 0.83 0.97 /45.03
M8 Encoder depth =7 24 512 7 3 2 8 2 0.40/0.20 0.83 0.99/32.28
M9 Decoder TCN depth=1 24 512 5 1 2 8 2 0.40/0.20 0.83 0.97/ 44.46
MI10 Decoder TCN depth=5 24 512 5 5 2 8 2 0.40/0.20 0.33 0.97/47.23
Mil Attention layers = 1 24 512 5 3 1 8 2 0.40/0.20 0.83 0.97/46.23
MI12 Attention layers = 3 24 512 5 3 3 8 2 0.40/0.20 0.84 0.98/39.05
M13 Heads =4 24 512 5 3 2 4 2 0.40/0.20 0.83 0.98 /38.97
Mi4 Heads = 16 24 512 5 3 2 16 2 0.40/0.20 0.84 0.97/44.49
MI15 FF multiplier = 1 24 512 5 3 2 8 1 0.40/0.20 0.84 0.97/45.14
Mil6 FF multiplier = 4 24 512 5 3 2 8 4 0.40/0.20 0.33 0.98/38.18
M17 Dropout = 0.2 24 512 5 3 2 8 2 0.20/0.20 0.85 0.97/43.27
Mi8 Dropout = 0.6 24 512 5 3 2 8 2 0.60/0.20 0.80 0.97/47.27
M19 Cond. dropout = 0.0 24 512 5 3 2 8 2 0.40/0.00 0.84 0.98/37.45
M20 Cond. dropout = 0.4 24 512 5 3 2 8 2 0.40/0.40 0.84 0.96/50.93

D. Loss-Design Ablation

Unless otherwise noted, descriptor selection in the main text is based on the abc-only summary mode. The auxiliary
loss-ablation comparison shown here is retained in the same setting as the plotted panel so that the relative effect of each
loss component can be read directly from the displayed results.

11
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Figure Al. Additional latent-space organization views for the reference model. The latent geometry is shown using kernel PCA and
UMAP, with points colored by V;, and marker styles indicating quantile bins of V3, + V},. A regression scatter from the latent code to V/, is
included to show that the learned representation retains substantial information about the perturbation-potential axis. Together with the
pairwise-distance view, these panels provide a complementary summary of how experimental conditions are organized in the learned

latent space.
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The loss-design ablation addresses a distinct question from the architecture sweep. The relevant issue is not only
whether the model reconstructs spectra, but whether the learned latent representation remains useful for grounded descriptor
construction after training. In the present results, reconstruction-only training provides the weakest baseline because it
lacks explicit constraints that encourage physically plausible spectral structure and stable latent organization. Adding
spectral-band constraints already recovers much of the downstream improvement, indicating that physically informed
structure is important for descriptor discovery rather than merely for cosmetic reconstruction quality.

The full composite objective provides additional stabilization through magnitude—phase consistency, physical plausibility
penalties, total-variation smoothing, and latent regularization. More broadly, these results support the view that, in
underdetermined descriptor-discovery settings, physically informed losses are valuable not because they encode a complete
electrochemical theory into the network, but because they bias the learned representation toward reconstructions and latent
geometry that remain scientifically useful downstream. Figure A2 summarizes the corresponding ablation results.

. 0%oss—design ablation (abc_only summary, sin(theta), focus region)

0.99 1

0.98 ~

0.97 A

Focus Pearson

0.96 -

0.95 ~

0.94 -
reference rec+band reconstruction-only

60 576
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20 1
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0 .
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Figure A2. Loss-design ablation in the focus region. The reference objective, the reconstruction-plus-band variant, and the reconstruction-
only baseline are compared using the focus-region Pearson correlation and RMSE for sin(6). The results show that physically informed
auxiliary terms improve downstream descriptor utility beyond reconstruction loss alone.

E. Full Candidate Pool, Screening Policy, and Rejected Alternatives

Candidate notation. Here, r denotes radial distance from the chosen reference point, 6 denotes the oriented angular
coordinate, and arc length denotes the cumulative trajectory coordinate along the organized V;-indexed latent path. Derivative
and mixed forms are defined from these same trajectory coordinates.

The main text reports sin(6), 6, and dfio—‘s,io) as the top-screened candidates, but these descriptors were selected from

a broader family rather than chosen ad hoc. The full candidate pool includes angular, radial, anchor-relative, and local-
derivative forms defined on the organized latent trajectory. Reporting this broader pool is important because it makes the
selection logic transparent and avoids the appearance of post hoc cherry-picking.

13
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Table A4. Candidate-screening results for the abc-only summary mode. Rows are grouped by candidate family for readability. Metrics are

rounded to two decimal places.

Candidate Family Focusn Alln Focus Pearson/ All Pearson /
RMSE RMSE
sin(0) Main-text 7 15  0.99/32.25 0.99/44.61
0 Main-text 7 15 0.98/33.33 0.92/140.76
dcos(0)/dVs Main-text 7 15 0.98/38.21 0.73/ 164.66
rsin(0) Radial / proxy 7 15  0.96/55.26 0.88/208.35
arc length Radial / proxy 7 15 0.96/52.60 0.82/318.19
r Radial / proxy 7 15 0.37/174.60 0.07/361.19
rf Radial / proxy 7 15 0.95/60.79 0.70/553.66
d*0/dvi2 Angular 7 15  0.86/96.14 0.57/215.29
do/dv, Angular 7 15 0.54/157.40 0.54/279.26
cos(0) Angular 7 15 0.58/152.54 0.44 /287.01
d(rcos®)/dV,  Derivative / mixed 7 15  0.86/94.21 0.65/353.74
dr/dVs Derivative / mixed 7 15 09774521 0.66/403.73
d(rsin®)/dV,  Derivative / mixed 7 15 0.76/122.78 -0.46/476.03
ds/dV}, Derivative / mixed 7 15 0.46/167.02 -0.57 1 656.24
rd’ Other 7 15 0.13/185.99 0.66/181.48
d(rf)/dV; Other 7 15 0.03/187.46 0.58/216.15
dsin(6)/dVs Other 7 15 0.26/181.01 0.06/256.68
r2 df/dVs Other 7 15 0.26/180.90 -0.59/341.84
rcos(6) Other 7 15 0.90/83.22 0.53/717.23
d(r?0)/dV; Other 7 15 0.26/181.22 -0.41/806.54
20 Other 7 15 0.90/83.22 0.48/1803.00

Candidate screening was carried out using grounded quantitative criteria, including Pearson correlation, Spearman
correlation, RMSE, and MAE relative to experimental PZC after one-dimensional calibration. The focus region was used as
the primary screening regime, while all-region behavior was also recorded to identify candidates that appeared strong locally
but generalized poorly across the broader bias range. In the current results, sin() provides the strongest overall balance,
f remains competitive but less stable outside the focus region, and dc;i‘s,ig) emerges as a credible but weaker local-shape
alternative. By contrast, purely radial or strongly proxy-like candidates are less convincing as general descriptor choices
despite occasional partial alignment.

This broader comparison strengthens the interpretation of the selected descriptor. The preferred candidate is not simply
the best among a few handpicked curves; it is the most credible member of a more diverse screened family. Figures A3—AS5
and Table A4 present the broader screening landscape, the appendix-only candidate families, and representative rejected
alternatives.

Main-text candidates in the abc_only summary mode
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Figure A3. Candidate-pool screening in the abc-only summary mode: combined scatter view for the three main-text candidates against
experimental PZC.
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Grouped screening overview for the abc_only candidate pool
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Figure A4. Candidate-pool screening in the abc—only summary mode: grouped screening overview with candidate-family labels.
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Figure A5. Representative non-main candidate families in the abc—only summary mode. The plotted profiles show angular alternatives,
radial/proxy-like alternatives, and derivative/mixed alternatives across V.

15



Submitted to the Al for Science workshop (ICML 2026)

Table A5. Effect of summary parameterization on representative candidates in the focus region.

Summary mode  Candidate Focus Pearson  Focus RMSE (mV)
mean-only sin(0) 0.98 38.59

mean-only 0 0.99 21.72

mean-only dcos(0)/dV,  0.82 107.50

ab-only sin(0) 0.98 36.40

ab-only 0 0.99 2242

ab-only dcos(9)/dVy,  0.92 72.85

abc-only sin(0) 0.99 32.25

abc-only 0 0.98 33.33

abc-only dcos(0)/dVy,  0.98 38.21

F. Effect of Latent-Summary Parameterization and Choice of Polynomial Order

The main text adopts the abc—only summary mode, and that choice should be justified directly. The three summary
modes correspond to different ways of compressing the V), dependence within each V}, slice before descriptor screening:
mean-only uses direct averaging, ab—-only uses a first-order summary, and abc—only uses a quadratic summary. The
purpose of this comparison is therefore not to claim invariance across all summary constructions, but to explain why the
quadratic parameterization was chosen for the main analysis.

The comparison shows that abc—only provides the strongest overall alignment for the selected descriptor sin(#). In the
focus region, the calibrated Pearson correlation for sin(#) improves from 0.979 in mean-only to 0.981 in ab-only and
0.985 in abc—-only, while the calibrated RMSE decreases from 38.6 mV to 36.4 mV and then to 32.2 mV. This monotonic
improvement provides a direct justification for using the quadratic summary in the main text. At the same time, 6 remains
competitive in all three settings, and dcdoi‘s/se) becomes substantially more informative under abc—only, indicating that the
richer parameterization exposes additional candidate structure that is largely absent under simpler summaries. Figure A6
and Table AS summarize this comparison.

Effect of summary-mode parameterization: correlation Effect of summary-mode parameterization: error
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Figure A6. Effect of latent-summary parameterization on candidate screening. The grouped bar charts compare representative candidates
under the mean-only, ab-only, and abc—only summary rules. The results provide a direct rationale for using the quadratic
summary in the main text.

G. Baseline PCA Comparison

A linear baseline is useful not because the paper is framed as a benchmark contest, but because it clarifies what part of
the relevant structure is already linearly accessible. In the present results, the PCA baseline recovers part of the dominant
organization and can achieve competitive alignment for some top descriptors. This observation should be stated plainly, as it
indicates that the strongest PZC-relevant structure contains a substantial linear component.

At the same time, the learned representation remains valuable because it supports a richer workflow that includes spectrum
reconstruction, condition-aware latent organization, geometry-based candidate construction, and more flexible screening
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beyond a fixed linear projection. The most accurate interpretation is therefore not that the nonlinear model dominates every
scalar metric, but that it supports a more structured and controllable scientific workflow. Figure A7 and Table A6 document
this comparison.

Table A6. Quantitative comparison between the reference autoencoder and the PCA baseline.

Method Latent type Candidate Region Pearson Spearman RMSE (mV)
AE reference  conditional autoencoder ~ sin(6) all 0.98 0.98 47.20
AE reference  conditional autoencoder  sin(6) focus 0.98 0.95 36.40
PCA baseline linear PCA sin(0) all 0.98 0.99 44.22
PCA baseline  linear PCA sin(6) focus 0.98 0.99 35.26

PCA baseline: sin(theta) vs experimental PZC
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Figure A7. Representative descriptor—PZC comparison for the PCA baseline. This panel shows that part of the dominant PZC-relevant

organization is already linearly accessible. At the same time, the learned nonlinear representation remains valuable because it supports a
broader workflow for reconstruction, condition-aware organization, and geometry-based descriptor construction.
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