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A reinforcement learning approach to generate equivalent circuit models for
Electrochemical Impedance Spectroscopy
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1. Introduction

Electrochemical impedance spectroscopy (EIS) is
a powerful characterization technique for probing
electrochemical systems such as batteries, fuel cells,
and corrosion processes. A central challenge in EIS
analysis is the construction of an appropriate equiva-
lent circuit model (ECM) that faithfully represents the
underlying physicochemical mechanisms. Tradition-
ally, ECM selection and parameterization rely heavily
on expert intuition and manual trial-and-error, limit-
ing scalability and posing a bottleneck for accelerated
materials discovery and self-driving laboratory work-
flows. While recent machine learning approaches
have sought to automate EIS analysis, most existing
methods frame the problem as supervised classifica-
tion or regression [1], implicitly assuming fixed cir-
cuit topologies and thus restricting generalizability
across systems.

In this work, we introduce a generative framework
for ECM discovery based on reinforcement learn-
ing (RL), which formulates ECM construction as a
sequential decision-making problem using reward
signals. In this approach, an RL agent iteratively mod-
ifies circuit topology by applying targeted structural
operations—such as adding, removing, or reconfigur-
ing circuit elements—guided by a reward signal based
on the quality of fit between the actual EIS and the
ECM-predicted values, as well as the complexity of
the circuits. By framing ECM discovery as an adaptive
search over a combinatorial space of circuit architec-
tures, this approach enables autonomous exploration
and data-driven control of model complexity, without
reliance on predefined circuit families. As a result,
the proposed framework offers a flexible and inter-
pretable pathway for automated ECM discovery from
EIS data, bridging machine learning, electrochemical
modeling, and self-driving experimental workflows.

2. Methods

Reinforcement learning (RL) naturally frames
sequential decision-making using reward signals,
where an agent selects actions to maximize rewards.
For electrochemical impedance spectroscopy (EIS),
we formulate the equivalent circuit model (ECM) dis-
covery as a sequential construction problem: start-
ing from an initial circuit, the agent iteratively modi-
fies topology to improve agreement with impedance
data while controlling complexity. This generative
approach captures the combinatorial nature of ECM

design without relying on predefined circuit classes.
Learning is driven by agent trial-and-error without
explicit ECM ground-truth labels, enabling an adap-
tive balance between model expressiveness and par-
simony.

The RL environment evaluates candidate ECMs
against EIS data. At each step, the agent observes
a state comprising the target impedance spectrum
and the current circuit topology, represented as a
linear chromosome of circuit elements (R, C, L, P)
and connection operators (“-” for series, “/” for par-
allel) [2]. This symbolic representation is determin-
istically transformed into a tree structure and inter-
preted as an electrical circuit. Actions correspond
to symbolic mutations applied to the chromosome,
specifying both the mutation location and the replace-
ment symbol. After each mutation, the environment
performs parameter fitting to infer optimal element
values. The resulting goodness-of-fit provides the pri-
mary contribution to the reward. An additional term
in the reward function is added to favor simpler cir-
cuit topologies when multiple circuits achieve com-
parable agreement with the impedance data. This
reward-based formulation enables learning without
access to ground-truth circuit labels.
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Fig. 1: Circuit topologies included in the training and
test datasets.

To train and evaluate the agent, we generated a
diverse dataset of EIS spectra adapted from literature
[3], spanning multiple circuit topologies. The dataset
includes single Randles circuits, Randles circuits aug-
mented with Warburg elements, and multi-Randles
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configurations (two- and three-branch variants), as
illustrated in Fig. 1. For each topology, 300 EIS spectra
were generated by sampling circuit parameters from
physically meaningful ranges, producing a wide vari-
ety of impedance responses. The data were split 90-10
for training and testing the RL agent, with the test set
reserved for evaluating the agent’s performance on
unseen data.

3. Results

Table 1 summarizes the performance of the RL
agent on the training set, a held-out test set, and an
unseen experimental dataset. Performance is evalu-
ated on a per-spectrum basis, where each case cor-
responds to an independent impedance dataset. We
report the success rate, defined as the fraction of
spectra for which the agent terminates with a valid
equivalent circuit model, and the coefficient of de-
termination (R?) between the measured and fitted
impedance responses. For R?, averages are computed
over all spectra as well as over successful cases only,
since unsuccessful runs do not yield meaningful cir-
cuit fits.

Table 1: RL agent performance on the training set,
test set, and experimental data.

Train  Test Exp.

Success rate  0.9963 1.0000 0.6897
Average R?

All data 0.9997 0.9999 0.6180
Successful 0.9999 0.9999 0.9977

On the training set, the agent achieves a success
rate of 0.996 with near-perfect agreement with the
data (R? ~ 1.0). Failures are confined to a small sub-
set of the most complex circuit topology, namely cir-
cuit e shown in Fig. 1. Performance on the unseen
test set closely matches that of the training data, yield-
ing a perfect success rate and comparable R? values.
Although these circuits are not encountered during
training, they are drawn from the same design space,
and the similar performance indicates consistent and
reliable execution of the learned policy across distinct
realizations.
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Fig. 2: Comparison of experimental EIS spectra with
training set examples for two circuit topologies: (a)
a single Randles circuit with a Warburg element
and (b) a two-branch Randles configuration.

When applied to experimental EIS spectra, the
agent is able to construct plausible equivalent circuit
models, albeit with a reduced success rate. The exper-
imental data exhibit characteristics associated with
transitions between intermediate circuit topologies
(Fig. 2), which are only indirectly represented in the
training set. This result suggests that the agent has
learned transferable structural features from the sim-
ulated data, enabling it to propose reasonable models
even in the presence of topological ambiguity and ex-
perimental variability.

4. Conclusion

We present a generative RL framework for auto-
mated ECM discovery from EIS data, enabling flexible
exploration of circuit topologies without predefined
classes or ground-truth labels. The agent achieves
near-perfect performance on both training and un-
seen test data drawn from the same design space,
demonstrating stable and consistent execution of
the learned policy. When applied to experimental
spectra, the framework is able to propose physically
plausible circuit models despite increased variabil-
ity and topological ambiguity, highlighting its abil-
ity to extract transferable structural features from
simulated data. Future improvements could incor-
porate active learning strategies, where uncertain or
low-confidence experimental cases are iteratively se-
lected for refinement through targeted simulation or
expert feedback. Such an approach would allow the
agent to adaptively expand its effective training distri-
bution and further improve robustness when applied
to complex, real-world EIS measurements.
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