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eLife Assessment

This study presents an open-source reinforcement learning framework for the real-time,
closed-loop optimization of spatiotemporal electrical stimulation in engineered neuronal
networks. Using single-spike-resolution activity as continuous feedback, the authors
provide solid evidence that their platform can identify stimulation patterns that drive
specific activity motifs within a structurally constrained four-node circuit. While this
reproducible system offers a valuable and accessible tool for interacting with biological
neural networks in an adaptive manner, further validation is needed to determine how
well these stimulation strategies generalize to larger, unstructured, or more conventional
network architectures.

https://doi.org/10.7554/eLife.112316.1.sa4

Abstract

Systematically perturbing neuronal circuits under controlled conditions offers a promising route
to understanding how they encode and process information, yet remains methodologically
demanding. In vitro neuronal networks can be cultured on microelectrode arrays (MEAs) that
allow stimulation and recording, and microfluidic patterning can constrain network topology to
yield stable stimulation-evoked responses. Yet, the space of possible spatiotemporal stimulation
patterns remains too large for exhaustive exploration. Additionally, the evoked responses depend
on prior stimulation history. Here, we present an open-source framework that sustains closed-loop
reinforcement-learning (RL) control of engineered neuronal networks, sending electrical stimuli to
the MEA and evaluating the evoked responses to identify stimulation patterns that drive specific
target activity motifs. We extend inkube, a low-cost, open-source electrophysiology system from
off-the-shelf components, with closed-loop electrophysiology. This enables reliable delivery of
stimulation at single-sample precision with millisecond-range round-trip times. It also allows
independent RL agents to control multiple networks simultaneously. As a proof-of-principle
application, we benchmarked different agents on the task of identifying stimulation patterns that
maximise the length of clockwise-circular firing sequences. We first demonstrated that
stimulation-evoked responses in engineered recurrent networks were stable and separable across
the action space over hours of continuous operation. We characterised the dependency of
responses on prior stimulation history, finding state dependence in a subset of stimulus pairs. The
agents learned to improve reward during training with respect to random stimulation. Agents
converged on non-trivial stimulation patterns that span the full action space rather than mirroring
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the target motif. All hardware designs and software are publicly available, providing an accessible
platform for goal-directed functional characterisation of engineered neuronal networks at single-
spike resolution.

Introduction

Understanding how neuronal circuits process information remains a central challenge in
neuroscience (1). Even individual biological neurons exhibit computational complexity far
exceeding simple somatic summation, with non-linear dendritic processing enabling single cells to
classify linearly inseparable inputs (2, 3). How these primitives combine with network topology
and recurrent dynamics (4, 5) to produce robust input-output transformations is poorly
characterised. Systematic perturbation under controlled conditions, a common approach for
studying complex dynamical systems (6), poses several challenges in vivo: Complete control over
circuit inputs, exhaustive recording of contributing units, and selective reproducible intervention
remain difficult to achieve simultaneously (7, 8).

Invitro neuronal networks derived from dissociated rat cortical tissue or human induced
pluripotent stem cell (iPSC)derived neurons self-organise into functional circuits when cultured on
microelectrode arrays (MEASs) (9, 10). MEAs enable non-invasive extracellular recording of action
can deliver current or voltage pulses to stimulate subpopulations of neurons. This bidirectional
interface provides an experimental platform for studying neuronal computation and plasticity
over days or weeks in a controlled setup (13, 14). The network structure can be further
constrained through compartmentalisation using polydimethylsiloxane (PDMS) microstructures
(15), yielding physically separated populations with constrained connectivity. This facilitates
access, increases interpretability of the input-output mapping, and enables systematic
characterisation of stable stimulus-response relationships (16, 17). Furthermore, such networks
these constrained networks, the space of possible spatiotemporal stimulation patterns grows
combinatorially with electrode count and temporal resolution. Furthermore, neuronal behaviour
is influenced by the network’s recent spiking history, introducing state-dependent dynamics (19).
Consequently, exhaustive exploration of the action space remains intractable.

Previous work has embedded in vitro networks in a closedloop setup, sending sensory inputs with
a stationary encoding to the culture, decoding its activity as motor outputs, and providing a
‘learning signal’ (20, 21). Several studies have reported improved performance of control tasks
when stimulation feedback was used to penalise undesired behaviour. Early work demonstrated
that repeated low-frequency stimulation halted upon detection of a predefined response, can yield
selective improvements in stimulustresponse associations (22), while others used patterned
stimulation as aversive feedback, hypothesising that network reconfiguration acts to avoid
stimulation (23, 24). More recent approaches have employed various feedback strategies: pre-

defined spatial patterns to train pattern recognition (25), prediction-error signals motivated by the

several open challenges. Long-term retention of learned behaviour has not been reliably
demonstrated, and inducing repeatable plasticity effects through electrical stimulation remains
Whether the observed task adaptation constitutes genuine substrate-specific learning or arises
from the closedloop paradigm itself remains contested (33, 34).

platforms include variable stimulation timing, limited access to internal recording and stimulation
communication, and proprietary hardware. A sub-millisecond system for HD-MEAs shows
impressive round-trip times, but lacks flexibility and code availability, as it runs directly on a
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combines open-source hardware, deterministic timing of stimulus execution, and easily accessible
data streams that facilitate interfacing with complex stimulation algorithms.

Closed-loop control of the activity of biological neuronal networks further requires strategies that
cope with non-linearity and non-stationarity without explicit system models. Model-free
reinforcement learning (RL) provides a machine-learning (ML) framework, where agents learn
optimal policies directly from interaction (42).

control actions operated on timescales of one second or longer, and network readouts were
condensed into scalar quantities such as total spike counts, burst rates, or single-electrode
response ratios before being passed to the controller, collapsing the spatiotemporal pattern of
individual spikes across electrodes.

In this work, we establish an open-source closed-loop electrophysiology platform that interfaces
topologically constrained biological neuronal networks with reinforcement learning agents. The
system enables deterministic stimulation at single-sample resolution, meaning reliable delivery of
the stimulation pulse at exact timepoints, with round-trip times in the millisecond range. Using the
inkube platform (49, 50), it simultaneously ensures physiological culturing conditions for day-long
experiments. The included software allows for independent agents to control multiple networks
simultaneously using RL frameworks. As a proof- of-principle, we define the goal of identifying the
stimulation pattern that induces the longest clockwise-circular firing sequence in engineered
recurrent neuronal networks. We demonstrate separability and stability of responses and
conclude with successful identification of desirable, non-trivial stimulation patterns by various
agents. All hardware designs and software are made publicly available.

Methods

Cell culturing

Chip preparation

Glass-based passive MEAs (60MEA500/30iR-Ti-gr, Multi Channel Systems MCS GmbH, Reutlingen,
Germany) were prepared with polydimethylsiloxane (PDMS) microstructures as described
previously (16). The two-layered PDMS microstructures, manufactured by Wunderlichips (Zurich,
Switzerland) using soft lithography, consisted of open-top nodes for cell bodies connected by
microchannels with 4 ym height. The microstructures used 4-node recurrent designs, with one
MEA electrode aligned to each microchannel (see Fig. 17a@). On one 60-electrode MEA, 15 full
networks could be formed, as shown in Fi
(PDL), and PDMS membranes were cut from the wafer and aligned to the MEA electrodes using
tweezers. The MEA well was filled with phosphate-buffered saline (PBS) and desiccated to remove

air bubbles, then PBS was replaced with culture medium before cell seeding.

Culture preparation

Early-stage Ngn2-induced neurons derived from human induced pluripotent stem cells (iPSCs,
provided by Novartis, Basel, Switzerland) were thawed and differentiated in neurobasal
differentiation medium (NBD+) following established protocols (50, 51). Two seeding strategies
were used. For spheroid seeding, 100 cells per spheroid were aggregated using AggreWell”™ 400
plates (34415, StemCell Technologies, Vancouver, Canada) and plated individually into the
microstructure wells on the MEA after 24 h according to the manufacturer’s instructions. For
suspension seeding, dissociated cells were plated directly at a density of 300,000 cells per MEA. In
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Fig. 1. Investigation of in vitro patterned networks using a real-time closed-loop stimulation framework
with RL control.

a, In vitro neuronal networks in PDMS microstructures on MEAs. Bidirectional circular microstructures confine cell bodies in
seeding wells (open at the top) and guide axons through microchannels. Microstructures are aligned such that each
microchannel covers one electrode. b, 15 networks fit on one 60-electrode MEA. Confocal laser-scanning microscopy image of
GFP-expressing Ngn2-induced neurons on DIV 14 that were seeded as spheroids. ¢, Electrophysiology board of inkube. MEA
electrodes are recorded via 4 ASICs. d, The inkudock system maintains physiological culture conditions. e, RL environment
implementation on biological networks. A stimulation action A, is encoded on each of the 4 electrodes at each time step n.
Action vector values in [-1, 0) convey no stimulation, whilst values between 0 and 1 are translated linearly into stimulation
delays from 5 to 0 ms. A blanking delay tj is added to all stimulations. Spikes are recorded for 20 ms post-stimulation and
constitute the state S,. For the real-time spike detection, only the cut-out waveforms are stored. The waveforms are plotted in
the subfigure. The reward R, is the length of the longest valid clockwise sequence found across all possible starting
electrodes, where consecutive spikes on successive electrodes must fall within a 0.5-5 ms inter-spike interval corresponding
to the expected synaptic transmission window. f, Timing of inkube, interface, and RL process communication. The RL process
consists of the environment for inter-process communication and the RL agent. The agent sends an action vector for its
respective network for the period n through the step command. It is forwarded via the environment to the interface, which
translates and stacks the actions from all agents into a m x 3 matrix, with m being the number of stimuli and the columns
corresponding to timing, target network, and electrode. Once the interface has received an action from all RL processes or
approaches the block time, the stimulus vector is sent out. The inkube main process applies the stimulus, given that it is
received before a block phase for internal communication. After recording, the spikes are split by network and distributed to
the environments, which locally compute the reward and state based on their settings. The agent can incorporate the
feedback information into its action choice by updating its value functions. This cycle repeats at a frequency 1/Tgj.
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both cases, medium was supplemented with 2 pg/mL doxycycline (631311, Takara Bio USA, Inc.,
Mountain View, CA, USA) and laminin (L2020, Sigma Aldrich, St. Louis, MO, USA) for the first week.
Culture medium was exchanged twice a week by replacing half of the medium with fresh NBD+.

Experimental setup

Custom electrophysiology

Stimulation and recording of the MEA electrodes were achieved with the Intan RHS2116 ICs (Intan
Technologies, Los Angeles CA, USA), controlled by a system-on-chip (SoC) (XC7Z020-1CLG400C,
Xilinx, San Jose, CA, USA). We used these components in a further optimised modular version of
the inkube system, which we presented in earlier work (49). Up to 4 recording boards housing 4 of
the electrophysiology chips, each interfacing one 60-electrode MEA, can be attached to the SoC (see
Fig. 1c@ and Fig. S3 ). The sampling frequency was set to fs = 17, 361 Hz. Digital low-voltage
differential signalling (LVDS) communication and supply voltages were connected through a 25-
pin DSUB from the SoC shield. Positive and negative stimulation voltages were generated on the
power board, the supply voltage was generated on the electrophysiology board with a low-dropout

regulator (LDO) from 5 V supplied by the SoC.

Custom incubator

All experiments were performed with ‘inkudock’, a custom incubator with a central reservoir and
up to 4 attached chambers, described in previous work (50) and shown in Fig. 1dZ. An updated
version of the recording unit holder was employed to accommodate the glass-based MEAs (for
design files and assembly see Supplementary Information B.1 and Fig. S2 (2). A temperature
sensor was mounted on top of the base printed circuit board (PCB), controlling the Peltier
thermoelectric device located underneath. The electrophysiology boards were mounted on top of
the MEA using spring contacts (Supplementary Information B.5 and Fig @). A passive
chamber enclosed the culture and connected it to the reservoir (Supple ry Information B.3
and Fig. S4d-f(2). A lid with a water compartment on top of the culture prevented evaporation in
the non-humidified environment (50). Following a calibration test, a medium temperature of #35.5
°C was achieved by setting the MEA holder temperature to 32.3 °C at a reservoir temperature of 42

°C (for details see Supplementary Information B.6 and Fig

Closed-loop electrophysiology
Spike detection

Raw voltage traces were acquired from UDP packets sent by the SoC at f5 and processed by a C++
pipeline (see Supplementary Information A.2 and Fig. S12). Signals were high-pass filtered (300
Hz cutoff, 2nd-order Butterworth) with spike detection performed using an adaptive threshold set
to 6x the median absolute deviation of the filtered signal, updated at 1 Hz with exponential
moving average smoothing (a = 0.25). Upon negative threshold crossing, the local minimum was
identified within 20 samples, followed by a blinding period of about 1.5 ms. Detected spikes were
transmitted to the Python control program (inkube_main) containing channel ID, timing, and a

45-sample waveform (2.6 ms) (see Supplementary Information A.5).

Stimulation and artefact suppression

Stimulation pulses were charge-balanced biphasic waveforms (positive-first, 461 us per phase, 50
nA amplitude). Pulses reliably induced a network response (for post-stimulation time histograms
at varying amplitudes see Fig. S7 %). Hardware artefact suppression combined active discharge
(~1.5 ms post-pulse), highpass filter switching (increased to 1 kHz during stimulation), and
discharging amplifier outputs via fast-settling. The stimulation offset ¢, was set to 2.1 ms to
accommodate pulse execution and discharge. Spike detection threshold updates were suspended

during stimulation periods to prevent artefact-driven threshold adaptation.
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Communication and segmentation
Closed-loop stimulation was achieved by segmenting experiment time according to the desired

Information A.3). The RL_Interface aggregated activity by network, enabling individual
reinforcement learning agents to query responses and return actions. Actions were translated into
stimulation parameters (electrode selection, timing delays, amplitudes) and transmitted to
inkube_main at period end or when all agents responded. Commands were encoded as register-
write operations for the Intan chips and sent via USB 2.0 bulk transfers (see Supplementary
Information A.4).

Reinforcement learning environment

To derive stimulation strategies that elicit desired spiking responses, we formulated the task as a
reinforcement learning (RL) problem. In RL, an agent learns a policy that maximises cumulative
reward through interaction with an environment. Here, the biological neuronal network serves as
the environment, whilst a Python program acts as the agent selecting stimulation parameters. The
reward function, defined on the recorded spiking activity, can be freely designed to implement
arbitrary goals.

The experimental protocol proceeds in discrete cycles (Fig. 1e-f2): The agent selects an action in
the form of an electrical stimulus, the network’s induced response in spiking activity is recorded
for 20 ms, this response is transformed into a state representation, and a reward is computed.
Based on this feedback, the agent selects the next action, and the cycle repeats at the set

stimulation frequency.

Mathematically, we model this as a Markov decision process (MDP) defined by the tuple (S, A, R, T
), where S is the state space, A is the action space, R is the reward function, and T represents the
transition dynamics of the biological network. The reward function R is known and depends only
on the network state, not the applied action. The transition dynamics T, however, are unknown
and must be learned through interaction.

This formalism makes several assumptions that likely do not strictly hold for biological networks.
First, we assume the network is stationary, though synaptic plasticity and other long-term changes
may occur. Second, we discretise time into observation windows, though neuronal dynamics are
continuous. Third, we define the state operationally as the post-stimulus spiking response
recorded for 20 ms at the four microchannel electrodes. This captures only a projection of the
underlying network dynamics. Sub-threshold membrane potentials, chemical signalling, and
activity of neurons not captured by the electrodes are not represented. The MDP framework
assumes that the state is sufficient to predict future transitions (the Markov property), which is
unlikely to strictly hold for this reduced representation. In practice, we treat the system as an MDP
and rely on the RL agents to learn useful policies from the available observations. Despite these
simplifications, the MDP framework provides a tractable approach to learning control policies for
biological neuronal networks. The following sections provide a detailed description of the
required elements and our design choices.

Reward computation

Reward computation defines a measure of how desirable a given behaviour is at each time step;
here, it depends solely on the state, not the action taken. Rewards must be designed to maximise
desired agent behaviour through dense, non-sparse feedback that eases credit assignment (53).

Unless otherwise stated, a reward was used that promotes clockwise firing. For each electrode
present in the response, a sequence search from its earliest spike was performed by iteratively
checking for valid continuation spikes on the next electrode in clockwise order. A spike was
considered a valid continuation if it occurred within a window of 0.5 ms and 5.0 ms, as this is the
time frame expected for synaptic transmission and conduction to the next well. When multiple
spikes satisfied these timing constraints, the earliest valid spike was selected. The reward was
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defined as the maximum sequence length obtained across all possible starting electrodes. This
approach prioritised sustained circular propagation whilst remaining robust to spontaneous
activity.

Action space

The action space in RL can either be discrete or continuous. Fundamentally different methods are
required to train both variants. In this work, both discrete and continuous action spaces have been
investigated.

The action vector was a four-dimensional vector in [-1, 1]%, where each element encoded the
timing of an electrical stimulus on one of four network electrodes, as shown in Fig. 1e (2. Negative
numbers encoded the lack of a stimulus, while positive values encoded the stimulus timing
relative to recording start: The action approaching 0 from the positive side corresponds to
maximum latency (5 ms) and 1 to minimum latency (0 ms), with an additional fixed delay of tj,
applied to all stimuli, which corresponded to the duration of one stimulation pulse. Given the
system’s sampling frequency, actions could be applied with a single sample timing precision of

approximately 58 ps.

For discrete action spaces, N,.tjon, Values were uniformly sampled per electrode at intervals of
1/(Naction — 1), always including 0 and 1. In this work, we set n,.¢on = 4, yielding a total action space
of (Nyction + 1* = 625 possible action combinations, where 4 is the number of electrodes. All
randomly generated action vectors for system benchmarking contained at least one non-negative
entry.

State space

The post-stimulus response was recorded for Tg = 20 ms and the spikes on the 4 electrodes were
captured, defining the network state S,,. The full state was therefore represented by a sparse,
binary matrix of size Ngjectrodes *(Ts * fs)-

RL is generally data-intensive to train (5). In our case, data collection is constrained by the physical
experimental setup, which imposes limits on the maximum stimulation frequency and thus the
rate of sample acquisition. Therefore, agent complexity was reduced by restricting the state
dimensionality using two different compression methods that condensed the spiking dynamics to
a continuous latent space of dimension dg;,:.. We implemented a linear encoding with PCA and a
deep learning based non-linear encoding with a convolutional neural network. The state
encodings were fitted on 7200 samples generated by Latin hypercube sampling (54) across the
action space (continuous or discretised). The sampling targets adequate coverage of possible
network responses and was performed at least every 24 h to account for drift in network

behaviour.

Principal-component analysis (PCA)

For PCA, spike time binning at three different temporal resolutions was tested: 0.29, 1, and 2 ms.
The binning produced a binary feature vector of length 4 x ny;,,, where each element indicated
the presence of a spike on a given electrode within the ny;;,; time bins. Principal component
analysis was applied to reduce this to the target state dimensionality.

Dilated 1D convolutional neural network (DCNN)

A lightweight temporal convolutional network was trained to encode spike sequences into low-
was represented by a one-hot encoding of its electrode identity (4 dimensions) and the square root
of its spike time (1 dimension). The architecture employed depthwise separable convolutions and
dilated kernels to capture multi-scale temporal patterns whilst maintaining 97 trainable
parameters. The network was trained using a pairwise repulsion loss that maximised distances
between state representations of different spike patterns, encouraging distinct encodings. Training
continued for up to 200 epochs with early stopping when the mean pairwise distance exceeded a
threshold of -1.0.
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Gymnasium environment

In order to facilitate agent testing as well as interaction with the cultures, two custom Gymnasium
environments for continuous and discrete action spaces were designed, requiring definition of the
poststimulus recording length, reward function, and state representation (56). Each environment
controlled a single network on an MEA as shown in Fig. 1f(5.

The environments communicated with the RL_Interface program via ZeroMQ sockets. Each
env.step(action) call queued an action for the next available stimulation slot within the
segmented time structure described above. The environment returned the standard Gymnasium
tuple (state, reward, terminated, truncated, info) once the post-stimulus window completed and
spikes were aggregated. Actions were validated and formatted as stimulation parameters (timing
and location) by the RL_Interface before transmission. Invalid actions defaulted to the null
action (no stimulation) but still returned a valid tuple to prevent pipeline interruption. Example
usage is shown in the Supplementary Information A.6.

The info dictionary provided diagnostic data, including spike times in a sparse encoding, missed
stimulation events since the last call, and pipeline status flags. A minimum of 8 ms for agent
computation and inter-process communication was allocated at 20 Hz, increasing to 208 ms at 4
Hz. State representations requiring computationally expensive operations therefore required
lower stimulation frequencies. The returned action field allowed verification that the intended
stimulus was applied.

RL agents

As we use both discrete and continuous action spaces, which require fundamentally different
training methods, we developed different agents for the two types. Discrete agents selected from
the 625 predefined action combinations described above, while continuous agents operated over
the full continuous space (only limited by finite numerical precision), which were mapped onto
the discrete delay by the interface (~ 60, 000, 000 combinations).

We compared agents using full state information (statebased) with those relying only on action
history (state-free). As training steps required for convergence varied drastically, values ranged
from 10k to 120k, always followed by 4800 (20 min) steps of performance evaluation.

Random agent

The random agent acts as a control, uniformly sampling the continuous action space. Due to the
action encoding, it stimulates each electrode with a probability of 50 %.

Multi-armed bandit (MAB) agent

The multi-armed bandit (MAB) is a state-free RL formulation in which the agent maintains an
estimate of the expected reward for each action and balances exploration of untested actions
against exploitation of the current best.

The MAB agent operates on the discretised action space described above and selects an action a;
using the upper confidence bound (UCB):

. In N
a; = argmax |Gy +ay/ — | o))
k ng

where k identifies a unique action with g;being the empirically estimated expected reward of
this action, N the total number of actions applied, nj the number of times action k has been

selected, and a a scaling factor controlling the degree of exploration. For this work, a = 0.5.

To extend the MAB to continuous action spaces, we implemented an adaptive variant that
initialises with the same 625 discrete arms but periodically refines them using a cross-entropy
method (CEM). Every 2,500 steps, the arms are ranked by their estimated reward. A Gaussian
distribution is fitted to the 125 highest-performing arms (elite set), and 250 new candidate arms
are sampled from this distribution, replacing the lowest-ranked arms whose statistics are reset.
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Actions are clipped to the valid range [-1, 1]% This procedure progressively shifts the arm
population from the initial discrete grid towards high-reward regions of the continuous action
space.

Linear contextual bandit (LCB) agents

The LCB extends the MAB framework by conditioning action selection on the current network
state approximated through the previous action response. Both discrete and continuous variants
were implemented.

In the discrete case, the agent operates on the same discretised action space as the standard MAB
and estimates a state-dependent value function:

Q(S, a) =qu+W,-s, (2

where g, = ]ESNS[Q(S, a)] is the empirical expected reward of action a as computed in the
discrete MAB agent, and W, is a weight vector capturing the linear dependence of the reward

on the state. Intuitively, g, represents the average reward of an action across all states, while
W, s corrects this estimate based on the current network state. W, is refitted every 100

samples via the least-squares solution:
W, = (Susa)+sa (?a - Qa) ) A3)

where S, € Rrxdsae is the matrix of all states observed when action a was applied n, times,

()" denotes the Moore-Penrose pseudoinverse, 7, is the vector of all rewards received for
action a (one entry per trial), and g, is subtracted so that W/, is fitted to the reward residuals

rather than the raw rewards. Exploration follows the same UCB strategy as the discrete MAB
with an exploration value a = 5. We additionally implemented a two-phase variant, termed
Dynamic LCB, in which the first phase trains only §,; this estimate is then frozen in the
second phase, during which only W/ is fitted. This separation prevents early, poorly

estimated state corrections from corrupting the action-value baseline.

In the continuous case, Equation 2@ cannot be used directly: because Q is linear in a, optimisation
would always drive the action to the boundary of the action space rather than finding an interior
optimum. To allow the model to capture optima within the action space, the reward is instead

expressed as a linear function of an expanded feature vector that includes nonlinear terms:
r(s,a) =W p(s,a), with ¢(s,a) = [s;a;a* (s ®a);1], @

where ® denotes the outer product. The quadratic term a? introduces curvature so that the
reward surface can peak at intermediate action values, while the interaction term s ® a
allows the optimal action to shift depending on the current network state. The bias term 1
captures any constant offset. Although the model is linear in the weights 4, the nonlinear
feature expansion allows it to represent a quadratic reward landscape over actions.

The weight vector % is estimated using Bayesian linear regression, which maintains a Gaussian
posterior that is updated incrementally as new observations arrive:

W~ N (A, 0%A7Y), (5)

where A € RP*P accumulates the outer products of observed feature vectors and b € RP
accumulates the reward-weighted feature vectors, with p the dimensionality of ¢. Both are
initialised as the identity matrix and zero vector, respectively, corresponding to a Gaussian
isotropic prior. After each trial with observed feature vector ¢ and reward r, the posterior is
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updated as A — A+ ¢¢ ' and b — b +r ¢, incorporating the new data point without requiring
access to the full history.

Action selection during exploration follows Thompson Sampling: a weight vector « is drawn from
the current posterior, and the action maximising @ " (s, a) is selected. Because the feature vector
contains no cross-electrode terms g; - a;, this optimisation decomposes into independent per-
electrode quadratics that can each be solved in closed form. Sampling from the posterior
introduces directed exploration, as uncertain weight estimates produce variable action
preferences, naturally favouring under-explored regions of the action space. During exploitation,
the posterior mean A™1b is used in place of a sample, selecting the action with the highest expected
reward under the current model.

Data analysis
State dependency

To assess the statistical significance of state-dependent modulation, we tested whether the
compressed current states (§,,) depended on both the current action (A,) and the previous action
(A,_1)- For each network and action pair, we partitioned §,, into four groups based on the
combinations of current and previous actions. We then computed the distributions of each state
dimension within these groups and quantified dissimilarity between the multidimensional
distributions sharing the same current action A, but differing in previous action A,_; using the
Sliced Wasserstein Distance (SWD) metric. The SWD was computed by projecting both dg;¢e-
dimensional state clouds onto P = 200 random unit vectors sampled uniformly from the (dge — 1)-
sphere, computing the exact one-dimensional Wasserstein distance along each projection, and
averaging across projections. This yields a single scalar dissimilarity measure per action pair that
is sensitive to differences in any linear direction of the state space, without requiring multiple
comparisons across dimensions.

To establish statistical significance, we generated null distributions through temporal scrambling
of the previous action identity (A,_;) whilst maintaining the current action (A,) and neural
response pairings intact. For each network-action pair, we computed the SWD for 200 random
permutations of A,,_ to establish a null distribution under the null hypothesis of no state
dependency. Z-scores were calculated by comparing the Wasserstein distance of A,,_; against the
mean and standard deviation of the scrambled distribution. Network and action pairs exceeding
the significance threshold (z > 2.326 for p < 0.01) were considered to exhibit statistically significant
state-dependent effects. The proportion of action pairs reaching significance was tested against the
expected 1 % false positive rate using a one-sided binomial test with Benjamini+Hochberg
correction applied across circuits.

Agent comparison

To compare agent performance, only networks with a mean electrode firing rate exceeding 4 Hz
during spontaneous recording were included. Two metrics were computed from the test phase:
mean test reward and top 20% test reward, defined as the mean of the highest-scoring 20% of test
samples, capturing peak rather than average performance. For statistical comparison, data
recorded across multiple days in vitro were averaged per agent+network combination to yield a
single representative value, which was then min-max normalised within each network to account
for differences in baseline activity between preparations. Pairwise comparisons between agents
were performed using the twosided Wilcoxon signed-rank test. For agent pairs evaluated across
both experimental batches, all shared networks were included in the paired test. Statistical
significance was assessed at a = 0.05.

Maurer et al., 2026 eLife 15:RP112316. https://doi.org/10.7554/eLife.112316.1 10 of 30


https://doi.org/10.7554/eLife.112316.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

= eLife

Neuroscience

Results and Discussion

Open-source platform enables day-long closed-loop
electrophysiology

Closed-loop electrophysiology requires adaptation of the applied stimulation based on culture
activity at physiological timescales. For this, the full signal processing chain with data acquisition,
spike detection, agent computation, and stimulation delivery needs to complete within the inter-
stimulus interval. We achieved this by extending the open-source inkube system (49), built around
an electrophysiology ASIC controlled by a SoC that communicates with a host PC for interpreting
voltage recordings and receiving commands. First, we limited the UDP link to acquisition of data

and added USB communication for commands (Fig. S1#). Furthermore, we developed a novel

implementation details see Methods).

The spike detection pipeline achieved a latency of less than 1.2 ms from raw data acquisition to
event publication. Stimulation commands were transmitted to the system before each period such
that pulses were executed at single-sample precision (~ 58 ys at fg = 17,361 Hz) independent of
communication jitter. Maximum closed-loop stimulation frequency was set to 20 Hz, comprising
response collection (20 ms), spike detection (<1.2 ms), block phase reserved for USB
communication (* 13 ms), stimulation (5 ms) and offset (tp), leaving at least 8 ms for inter-process
communication and agent computation. The minimal system round-trip time was determined by

closed-loop operation exceeding 33 h. All six agents were trained and tested sequentially in a
single uninterrupted session, comprising 5 min of spontaneous recording, state encoding
calibration, and successive training runs followed by test phases, all at 4 Hz. Up to four MEAs were
operated simultaneously, each hosting 15 independent networks with individual RL agents,
yielding up to 60 concurrent closed-loop experiments.

Evoked responses show reward stability and separability over
hours

Before deploying RL agents, we characterised the range and temporal stability of network
responses across the action space. We generated 500 random stimulation patterns (actions) and
applied them by drawing uniformly at random at 4 Hz, for a total of 50,000 stimulations per
network, corresponding to approximately 3.5 h (Fig. 2a(%). On average, 125 s (500/4 Hz) separated

two occurrences of the same action, and each action was applied about 100 times. Example reward
traces for four actions on a single network are shown in Fig. 2b@, representing the actions with

reveal several consistent response bands, where network electrodes fire at a characteristic latency
after stimulation. Despite hundreds of intervening stimuli between repetitions, these
spatiotemporal response profiles show stable relative timing of spikes across occurrences of the
same stimulus. We can therefore assume that responses are largely driven by the current stimulus.
If the influence of the stimulation history was substantial, there would be significant variations in
the response to each individual occurrence of a specific action. No systematic drift during early
repetitions is apparent, consistent with prior observations in similar systems at the same

between directly induced axonal and synaptically transmitted activity (57). As the stimulation
window spans up to 5 ms with added blanking, early responses were a mix between directly
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induced spikes and synaptically transmitted activity, while late responses were less reliably
induced when averaged across occurrences (see example histograms in Fig. S8 @ and analysis in
Fig. S93).

Across all actions and networks, mean rewards span from 0.5 to approximately 8, with the
distribution peaking at around 2.8 (Fi 2). The reward standard deviation across repetitions is
right-skewed, centred around 0.9 (Fig 3). To assess whether actions are sufficiently separable
for RL agent training, we computed the inverse coefficient of variation (mean divided by the
standard deviation of the reward) for each action (Fig. 2f2). The distribution has a median of
2.67, indicating that for most actions the reward signal exceeds the trial-to-trial variability by more
than twofold. This suggests that a reliable estimate of the expected reward for an action, the action

value, can be learned by the RL agents after only a few repetitions of the same action. Ranking the

robust against spontaneous activity occurring outside these windows and on other electrodes. The
distribution from the control without cells is shown in the Supplementary Information C.6,
showing a peak in the reward at 1 and a normally distributed standard deviation with a mean
around 0.5.

Despite sharing the same microstructure design, independent networks differ in their evoked

to more probabilistic contributions to the reward. The maximum achievable mean reward also
varies across networks (Fig. 2i%). Potential underlying causes for inter-network differences
include varying cell counts, the proportion of stimulated units, or differences in network
synchronisation. To verify that reward signals remain stable over the full duration of the
experiment, we performed the Augmented Dickey-Fuller test for stationarity on the reward
sequence of each action.

Across all networks, approximately 90 % of actions showed stationary rewards (p < 0.01) in Fig.

randomly sampled actions, any potential network non-stationarity does not affect the reward
metric.

To test the impact of residual stimulation artefacts, we performed the same protocol on an MEA
with a microstructure without cells in cell culture medium. Representative raster plots are shown
in Fig. S13 2 with the full post-stimulation histogram in Fig. S14 (3. Artefacts have consistent
timing across occurrences. Many raster plots have a visible stimulation artefact below 0.5 ms,
which is likely caused by the filter ripple resulting from the switch-off of the active discharging. In
some cases, additional bands can be seen around 1 to 2 ms, which is potentially due to residual
charge decay causing a ripple in the IIR-filter response. The distribution of associated average
rewards and standard deviation is shown in Fig. S15(2. The standard deviation is much lower

than with cells, and maximum rewards reach up to 3, caused by the low minimum window time of
the reward metric.

Action responses for selected actions exhibit dependency on the
previous action

Recruitment of axons through stimulation depends on previous activity (58). As also visible in the
example raster plots in Fig. 2c(4, some synaptic connections in the response appear or disappear
over stimulus iterations. We therefore assessed whether the response to a stimulus is influenced
by the spatiotemporal pattern of the previously applied stimulus. Pairs of random stimuli X and Y
were generated. These were applied in a random order, and the responses S,, were compressed
using different state compression algorithms. For each pair, 1920 stimuli were applied. The

responses were summarised into groups with the same current and previous action. The
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Fig. 2. Responses are stable and separable across the action space.

a, 500 random action vectors were generated, with at least one electrode stimulated. Actions were drawn uniformly at
random and applied at 4 Hz for a total of 50,000 stimulations per network (each action was applied around 100 times). b, The
reward associated with the same action was extracted across repetitions. The four shown actions represent the mean reward
and reward standard deviation maxima and minima of a single network on DIV 24. ¢, Post-stimulus raster plots are shown for
selected actions and the extrema actions from b across repetitions on the same network as in b. A spike on one of the
network electrodes after stimulation is marked by a dot at its latency, colour-coded by electrode as in F|g1a&’ d, Action
performance was compared for all actions on all networks, averaged across repetitions. The distribution of mean rewards
peaks near 2.8, meaning the mode of the distribution corresponds to more than half a cycle inside the microstructure. e, The
reward standard deviation was calculated for all actions and all networks across repetitions, showing a right-skewed
distribution centred around 0.9. f, The inverse coefficient of variation (mean reward divided by standard deviation) was
computed for all actions and networks. The median of 2.67 indicates that for most actions, the mean reward exceeds the trial-
to-trial variability by more than twofold. g, Reward standard deviation was summarised per network across four MEAs (MEA A
spheroid seeding, B-D suspension seeding). In total, we included 21 networks in our analysis, which showed an average firing
rate on all 4 electrodes of at least 4 Hz while recording spontaneous activity and good signal quality. Independent networks
were sorted by median standard deviation, showing significant differences in variability between networks. h, The mean
number of evoked spikes per action per network was analysed. Networks with higher spike counts tend to show higher
reward variability. i, To assess the range of achievable performance, the maximum mean reward across all 500 actions is
shown for each of the networks. Networks are now sorted by MEA as indicated by the colour code. This encoding is kept
consistent with Fig. 4a,c 2. j, To verify that reward signals remain stable over the full duration of the experiment, the
Augmented Dickey-Fuller test for stationarity was applied to the reward sequence of each action. Across networks,
approximately 90 % of actions show stationary responses (p < 0.01), confirming that the evoked responses do not
systematically drift over the course of the experiment.
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distributions with the same current action were analysed for their difference induced by the
previous action by comparing them to scrambled distributions (Fig. 3a-c 3, details provided in

Methods). Pairs with z-scores exceeding the value corresponding to the 99th percentile were
considered significant.

The distributions of 218 stimulus pairs at two different stimulation frequencies across different
networks on different MEAs are shown in Fig. 3d @ for two different state compression
algorithms. Both show significant differences in the state depending on the previous action for
about a third of the pairs. This indicates that both algorithms capture relevant differences that

persist across the stimulation period.

The state compression algorithms were compared when averaged by network and stimulation
frequency. To assess whether each metric yielded more separable state pairs than expected by
chance, a one-sample binomial test was performed against a null proportion of 1 %
(corresponding to p < 0.01 under the standard normal), with Benjamini-Hochberg correction
across metrics. Both methods achieved statistically significant separation (p < 0.001). To validate
that significant effects reflected genuine lag-1 state dependency rather than longer-range temporal
autocorrelation inherent to the network dynamics, we repeated the analysis, substituting A,,_, by
A, _sand A,_4( as control. For the multi-step lag analysis, no significant dependencies were

PCA performance varied slightly across binning parameters. Increasing the number of considered
principal components yielded only minor improvements. The temporal convolutional approach
(DCNN) showed slightly worse performance, achieving separation on average in more than 26 % of
the action pairs averaged across circuits. Increasing the stimulation frequency to 16 Hz showed
relative to 4 Hz stimulation. However, experiments were performed at 4 Hz to avoid affecting the
network responses over time, which is expected at 16 Hz stimulation (17). As the DCNN also takes

substantial training time, PCA was selected for the experiments.

Single-neuron excitability fluctuates over extended timescales due to intrinsic ion channel
dynamics (58), and synaptic dynamics contribute an additional source of trial-to-trial response

observed only minor frequency-dependent effects at 1+4 Hz, with latency shifts and spike count
reductions appearing at 8 Hz and above (17). Our results go beyond frequency-dependent
adaptation by showing that even at 4 Hz, the specific spatial pattern of the preceding stimulus can
measurably influence the current response in a subset of action pairs. In the microchannels, we
expect to recruit a large proportion of the axons during stimulation (59). State dependence can
therefore be assumed to arise from patternspecific interactions within the recurrent circuit rather
than general frequency-dependent adaptation. The difference in performance between networks
can be attributed to either varying length in synaptic responses or features in the randomly

generated 50 action pairs.

RL agents increase reward during training

To identify patterns that achieve clockwise firing, we tested different RL agents operating on the
continuous and discretised action spaces. While MAB approaches operate state-free, LCBs contain
first-order linear state dependency (for a detailed description, see Methods). All agents were tested
for 4800 steps (20 min) after being trained for 10k to 120k steps, which is equivalent to 40 min to
8.3 h of interaction with the neuronal network. The agents used PCA with a bin width of 8 samples
for state compression (DCNN was tested for a subset but showed no clear performance boost and
complicates the fitting, see Fig. S22(%).

The average reward achieved during the test phase is shown for different networks and different
DIVsin Fig. 4a(4. As discussed above, the reward variance can affect the average reward. Thus,

the reward distribution was also analysed by calculating the average across the 20 % highest
rewards.
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Fig. 3. State representation of responses is separable by the stimulation history.

a, A pair of random actions X and Y was generated and applied in a random order to test whether the previous action can be
determined from the network response after the current action. Action pairs that stimulate at least one electrode were

using a state compression algorithm. With the state we stored the current actioﬁhx;";ﬁ.a.brevious action A,_q . The elements
were summarised into vectors §,, A, and A,,_, for each action pair. §,, was then split into 4 groups by the different current
and previous actions: XX, XY, YX, YY. b, The distributions for every state dimension of each subset of §n were calculated.
Subsequently, the distributions of the states with the same current action A, were compared in the ng,..-dimensional space
using the Sliced Wasserstein distance metric (see Methods for details). ¢, The distances of the subsets split by previous action
A, were compared with a null distribution, obtained by arbitrarily splitting with a scrambled vector A,,_4 . The z-score of
each action with respect to the scrambled distribution was extracted. Based on this, we analysed whether the previous action
led to a larger distance of the distributions of a group when split by the previous action instead of a scrambled vector. A
larger distance between the groups when split by previous action means discriminability, and therefore a dependence of the
state on the previous action. d, The z-score of each pair of actions in comparison with its respective null distribution was
tested for significance (p < 0.01; z > 2.326). The significant proportion is shown on a logarithmic scale. The PCA approach has
35 % of significant z-scores, the DCNN approach 26.2 %, meaning those proportions of the tested action pairs enabled
separation of the state distributions based on the previous action. e, The proportion of significant action pairs was compared
across PCA and DCNN state compression methods with varying dimensionality and binning parameters. The data was
aggregated by network and stimulation frequency (6 networks on MEA D, random seeding; 7 networks each on MEA E and F,
spheroid seeding). The different number of XY pairs tested were 50 (4 Hz; MEA D), 32 (4 Hz; MEA E), 50 (16 Hz; MEA E), and 86
(4Hz; MEA F), for the 4 datasets. f, Results obtained at stimulation frequencies of 4 and 16 Hz were compared using DCNN-5.
The significant proportion is shown on a logarithmic scale. At 16 Hz, a significantly larger proportion of action pairs yielded
separable network states (29.6 % vs. 19.3 %, two-proportion z-test, p < 0.001), suggesting that higher stimulation frequency
increases state dependence.
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Fig. 4. All agents learn to improve reward over random stimulation.

a, Mean test reward across agents, networks, and DIVs. MAB and LCB are tested on both the continuous (c) and discretised
(d) action space. DynamicLCB operates on the discrete space with an additional state-dependent action value matrix. Colour
encodes network identity, shape encodes DIV. b, Pairwise statistical comparison of mean test reward. Colour encodes the p-
value of a two-sided Wilcoxon signed-rank test on min-max normalised, per-network averaged rewards (for details, see agent
comparison in Methods). Asterisks denote significance at a = 0.05. All agents perform significantly better than random
stimulation. Differences between agents are small. The continuous LCB performs worse than the discretised version and the
discrete MAB. ¢, Top 20 % test reward, defined as the mean of the highest-scoring 20 % of test samples per run. The
corresponding pairwise comparison matrix is shown in Fig. S19. d, Training curves for each agent, excluding the random
baseline. Thin lines show individual network runs smoothed with a 1,000-step moving average, left-padded with NaN values.
Bold lines show the mean across networks. Agents differ in the total number of training steps required for plateauing. For
DynamicLCB, the onset of state-dependent action switching is visible at approximately one-third of the training steps. For the
adaptive MAB the fluctuations can be seen when the action space is adjusted every 2,500 steps. The continuous LCB shows
only a minor increase in average reward over the majority of the training steps. Training with a shorter moving average
filtering of 50 steps is provided in Fi I'_’_:’__for the first 1,000 steps, the full training, and the transition to the test phase.
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A clear difference between networks is visible, as was also shown in Fig. 23 (data separated by

network and DIV is shown in Fig. S18 (). All agents perform significantly better than random

performing policies. The state-based approaches perform similarly well as the state-free.

The continuous MAB that iteratively adapts the action space shows no significantly higher average
reward. The LCB agent operating on the discretised action space outperforms the one with the
continuous space. Since the discrete action space is a strict subset of the continuous space, this
cannot be attributed to the action space itself but must arise from limitations of the learning
algorithm. The continuous LCB models reward as a linear function of per-electrode features
without cross-terms between the action of each electrode, optimising each electrode’s timing
independently. This prevents it from capturing interactions between stimulation timings on
different electrodes present in neuronal cultures (16). The discrete agents implicitly handle such

relationships by treating each stimulation pattern as an atomic action.

The learning curves in Fig. 4d 2 (see Fig. S23 @ for more detail) show fast convergence for the
MAB, as it is state-free and operates on the discretised action space. During training, oscillations
from optimising the precise stimulation timing can be seen for the continuous MAB, with visible
drops when opening up the action space. The dynamic LCB variant first trains the action value,
effectively mimicking the MAB. When the state is incorporated, performance drops but
subsequently recovers when the state-vector W, is trained. The LCB shows successive
improvement across all learning steps. Compared to the dynamic variant, the fitting of the state-
vector with poor estimates of the action value leads to lower rewards during learning but similar
resulting performance. The continuous version, however, improves performance only in the very
beginning.

We also compared the reward associated with the evoked response to spontaneous activity
recorded for 5 min before stimulation for one of the MEAs (MEA A). We segmented the
spontaneous recording by splitting it when there were no spikes recorded on all four electrodes
for 5 ms and discarding chunks with a single spike. The results are shown in Fig. 521 . The
distribution shows for three of the four networks, higher maximum rewards for stimulated
sequences. This could be explained by either additional induced activity or by triggering of
multiple spontaneously present sequences, which are then interleaved to maximise reward. The
sequences in spontaneous activity could also explain the minimum rewards associated with

random stimulation, as the observed rewards are in the same range for both cases.

Actions achieving maximum reward are non-trivial

confirm response stability even after many hours of continuous stimulation. A video of the best-
performing action per agent for an example network is provided in the Supplementary

exploit the full range of the action space for their best-performing actions. Many electrodes have
the highest probability for no stimulation. This could be explained by the fact that with a
stimulation, neurons will be activated that then cannot fire again in the recording window. They
thus cannot contribute to the reward, leading to lower rewards. The distributions split by network
such as simultaneous stimulation on all electrodes. Different training runs on the same network
converge to distinct actions, indicating that multiple local maxima in the reward function exist.
The continuous LCB shows a high proportion of minimal delay stimulation, which can be
attributed to the per-electrode optimisation, as mentioned above.

Given the goal of inducing clockwise firing, an intuitive expectation would be that optimal actions
consist of clockwiseordered stimulation delays. However, the best-performing actions show no
preference for clockwise temporal ordering of the stimulation electrodes. This is consistent with
the non-trivial relationship between stimulation site and response propagation in microchannel-
based networks. Extracellular stimulation activates axons at the electrode site regardless of their
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Fig. 5. Best-performing actions are non-trivial and state-based agents exploit action switching.

a, Example post-stimulus raster plots during the test phase on the same network for an MAB (left) and discrete LCB (right)
agent, respectively. Stimulation timing is marked with diamonds, spikes are represented by dots, both colour-coded
according to Fi % . The reward per period is shown on the right. Responses remain stable even after hours of continuous
stimulation. b, Distribution of stimulation delays chosen by the respective best-performing action averaged over different
networks for four types of agents. A single bin at the left represents no stimulation on that electrode. Actions span the entire
action space. ¢, Reward matrix for an agent on one network. Actions were grouped by computing the L2 distance between
consecutive four-dimensional action vectors and partitioning these distances into equal-frequency quantile bins (target n =
5). Adjacent bins whose width fell below 0.25 were merged. The effective number of action groups varied between agents
and networks. Matrix entries were aggregated by current action group (rows) and previous action group (columns). Each cell
shows the mean reward and number of trials. The diagonal corresponds to repeated actions, non-diagonal entries to action
switches. The agent applied certain action pairs more frequently, indicating learned switching preferences. Bold text and
symbols * mark the best-performing actions (average reward significantly higher; Mann-Whitney U, p < 0.05). d, The matrices
show the corresponding reward difference compared to repeating the same action. Asterisks denote statistically significant
differences (Mann-Whitney U, p < 0.05). Several action switches yielded a measurable reward modulation over repetition. e,
Proportion of non-diagonal action pairs showing a statistically significant reward difference, summarised across all networks
for each state-based agent type. At least some beneficial switching pairs exist for all agents, though the proportion varies
across networks. f, Difference in mean reward between diagonal (repeated) and non-diagonal (switched) entries. No agent
showed a significant bias (two-sided Wilcoxon signed-rank, all p,ons > 1.0). The effect was centred near zero, indicating that
on average the reward benefit from switching was modest, with positive and negative exceptions. g, Difference in maximum
reward between diagonal and non-diagonal entries. No agent showed a significant difference (two-sided Wilcoxon signed-
rank, all ppons > 0.05).
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projection direction, generating both orthodromic and antidromic propagation (17, 60). Therefore,
there exists a multitude of presynaptic and postsynaptic combinations that are not selectively
activated. As a result, there can be convoluted probabilistic activation pathways, rendering the
mapping from spatiotemporal stimulation pattern to the evoked network response based on the
network topology alone challenging. The RL agents must discover effective patterns through
interaction.

State-based approaches can exploit action switching to improve
reward

While state-free agents converge to a single best action during exploitation, state-based agents
(LCB variants) can alternate between actions conditioned on the previous response. We analysed
whether these agents exploit the state dependence characterised in Fig. 3(4. For each state-based
agent, we constructed a reward matrix indexed by the current and previous action group applied
during the test phase, where groups were defined by binning the L2 distance between consecutive

action vectors into quantile-based bins (Fig. 5c2). The diagonal entries represent trials where the

particular action after a specific predecessor yields a higher or lower reward than repeating it.
Several state-based agents show statistically significant reward differences, confirming that they
learn to exploit action-pair-specific state dependencies. The proportion of significant non-diagonal
entries and the associated reward differences across all networks and agents are summarised in

While action switching provides a measurable reward increase for individual action pairs, the
overall effect remains modest. As a consequence, the state-based agents do not surpass the
performance of the state-free MAB, which benefits from converging to a single high-reward action
without the added complexity of learning a state-dependent policy over a limited number of
interactions. This is not unexpected with respect to the state dependency analysis in Fig. 34,
where not all action pairs showed significant state-dependent responses, despite the experimental
design specifically targeting this. The state compression has been further tested for separability of
the response. Therefore, it is not known whether it provides the agent with sufficient and relevant
cues to inform changing the stimulation. The state definition used here may further be insufficient
to describe the network dynamics, which in turn violates the Markov property underlying the
MDP formulation. Recordings capture only supra-threshold activity from the microchannels.
Further, the 20 ms post-stimulus window captures incomplete information about the ongoing
dynamics, considering the timescales of synaptic transmission and the stimulation period of 250
ms. Beyond these limitations, intracellular molecular states, including ion channel distributions,
second messenger cascades, and plasticity-related receptor modifications, modulate neuronal
responses but remain entirely inaccessible to extracellular measurement.

Summary and Outlook

Deriving the input-output function of biological neuronal networks remains challenging, even in
topologically constrained systems. The space of possible spatiotemporal stimulation patterns
grows combinatorially with the number of electrodes and the temporal resolution, with the
additional challenge that evoked responses depend on prior stimulation history. Exhaustive open-
loop characterisation of this space is intractable, and the non-trivial relationship between
stimulation site and response propagation (17, 60) prevents direct mapping of the spatiotemporal
stimulation pattern based on the network topology. Addressing this calls for closed-loop
experimentation, yet accessible systems that combine deterministic stimulation timing with single-
spike-resolution readout have been lacking.
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In this work, we addressed this challenge by embedding topologically constrained biological
neuronal networks in a closed-loop reinforcement learning framework. RL agents interacted with
the networks in real-time, selecting spatiotemporal stimulation patterns based on the observed
post-stimulus response and a reward signal encoding a user-defined objective. As a proof of
principle, we chose the induction of clockwise-circular firing sequences in engineered recurrent
networks. Unlike previous closed-loop approaches that operated on scalar network summaries at
timescales of seconds, our system encodes the full spatiotemporal spike pattern into the agent’s
state representation and operates at millisecond-scale round-trip times, enabling control at single-
spike resolution.

We first established that evoked responses are stable and separable across the action space over
hours of continuous stimulation, with approximately 90 % of actions showing stationary reward
signals. State dependency was detectable in a substantial subset of action pairs, consistent with
intrinsic excitability fluctuations (58) and synaptic dynamics (19). All tested RL agents
outperformed random stimulation and converged on non-trivial actions spanning the full action
space, rather than mirroring the clockwise target motif. State-based agents learned to exploit the
identified state dependence through action switching, yielding measurable reward benefits for
specific action pairs. Notably, the platform resolved these state-dependent reward effects at the
level of individual action pairs, a sensitivity inaccessible to systems operating on scalar readout
functions at the order of seconds. The fact that this advantage did not directly translate into
overall performance gains over the state-free multi-armed bandit agents may be explained by not
capturing the entire internal state. Furthermore, the operational state representation, as discussed
above, incorporates only a temporal subset of the underlying network dynamics. Future work
could address this through richer state definitions, for instance by extending the observation
window or incorporating multi-step history. It may also be possible to explicitly model the hidden
dynamics as a partially observable MDP (POMDP), in which agents maintain a belief over the
latent network state rather than treating each observation as complete.

The current technical implementation opens several avenues for further improvement. The
electrical stimulation artefact blanks a temporal window around the stimulus, obscuring the
directly induced spikes that are among the most reliable components of the evoked response.
Combining our framework with optical stimulation methods (61) or high-density MEAs (12) could
recover this temporal window and further improve reward signal quality. On a similar note, a
substantial proportion of neurons within each compartment are directly activated by the
stimulation electrode. Modifications to the microstructure or single-cell seeding techniques (62)
could increase the proportion of synaptically driven vs. directly evoked activity, providing richer
network-mediated responses for the agent to exploit. Under stimulation with extracellular current
pulses, the membrane is either depolarised to threshold, resulting in an action potential, or no

detectable response is induced (63). With fewer neurons being directly recruited by stimulation,

design of our closedloop system readily accommodates such extensions without changes to the RL
framework itself.

The system presented here establishes an accessible, lowcost, open-source research tool for
automated, goal-directed functional characterisation of engineered neuronal networks. The
approach is not restricted to the clockwise firing objective demonstrated here; any quantifiable
network response metric can serve as the reward signal, making the platform a general-purpose
tool for mapping input-output functions of biological neuronal networks. Building on our
previously published inkube platform (49, 50), the system is entirely based on off-the-shelf
components and 3D printed parts, with all manufacturing files provided. With the advanced
control of the culture environment, it is possible to run experiments for weeks without human
intervention. The platform enables systematic identification of stimulation patterns that evoke
specific target responses at single-spike resolution, exploiting efficient closed-loop optimisation.
The framework may also be readily applied to biocomputation, where efficient feature encodings
and decodings can be applied to derived input-output transformations. Further potential
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applications include the development of control algorithms for therapeutic electrical stimulation.
All design files and code for the closed-loop system and RL agents are publicly available,
facilitating adoption and extension by the broader community.

Data availability

All design files (hardware), software, and data are available online on dedicated archives /
repositories. Design files for manufacturing and a detailed components list are available at:
https://doi.org/10.3929/ethz-c-000797812 @ under the Creative Commons Attribution--ShareAlike
4.0 International licence (CC BY-SA 4.0). The software for closed-loop stimulation and RL is
available on GitHub: https:/github.com/maurer-lbb/inkube_software.git % . Electrophysiology data
and analysis scripts are available: https://doi.org/10.3929/ethz-c-000798493 .
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Peer reviews
Reviewer #1 (Public review):

Summary:

The manuscript presents several reinforcement learning (RL) approaches to control activity
in small, ring-shaped neural networks. The paradigm is to find temporally and spatially
patterned stimuli applied to axons that maximize the length of activity propagation along the
network. Several RL versions were compared. Some RL-designed stimulation patterns
worked better than others.

Strengths:

The work is technically and statistically very sound, and important controls were done that
are missing in some earlier work along this line of research. The statistics and technical
solutions seem solid, though I am no specialist in RL. The figures are well done and
informative, with matching quality of the captions. The work presented is of value mainly for
someone who wants to build a good closed-loop stimulation system to experiment with
neuronal networks in-vitro.

Weaknesses:

The manuscript appears undecided about whether it wants to be about RL control, about a
technical implementation of long-term stimulation in vitro, or about the properties of
neuronal networks and interaction with them. The introduction is well written,
comprehensive and insightful, focusing on biological aspects. Methods are then extensively
about RL algorithms, without explaining why several were used or why these in particular,
but with specialist language hard to understand for neuroscientists. The results then
quantitatively compare the performance of the RL but do not really explain what this teaches
us about neuroscience or what we learn about the networks beyond that they can be
stimulated for longer propagation patterns. Extensive supplementary material almost
advertises the hardware built by the team. Some figures suggest, though I'm not 100% certain
about this, that different algorithms find different optimal stimulation patterns in the same
network - which I find puzzling. What then does this tell us about the stimulation patterns
and the variability of the responses? There is some speculative mechanistic reasoning, but no
data to support this further. The conclusions hardly address the initial motivation of the
manuscript. To me, it is not clear what can be learned that was not, in one way or another,
presented previously, with as well as without RL.

https://doi.org/10.7554/eLife.112316.1.sa3

Reviewer #2 (Public review):

The authors developed a reinforcement learning framework to identify stimulation patterns
that produce a predefined activity pattern in neuronal networks cultured on a
microelectrode array. The main contribution of this study lies in the development and
validation of the experimental framework, rather than in providing new insight into
neuronal response properties or the biological mechanisms underlying network activity.

A major strength of the work is that the framework is implemented using open-source
software. Electrical stimulation through microelectrode arrays is already widely used, and
the proposed approach is therefore likely to be of interest to researchers seeking to automate
the exploration and optimization of stimulation parameters. The authors also provide the
software, hardware configuration, and experimental data, which substantially improves
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transparency and should facilitate reproduction and further development of the system by
other laboratories.

The experiments provide a useful proof of concept showing that the framework can search
for stimulation patterns associated with the predefined task in the tested neuronal network.
The evidence is solid for demonstrating the feasibility of the approach within this specific
experimental configuration. In particular, the closed-loop integration of stimulation,
recording, evaluation of the neuronal response, and subsequent selection of stimulation
patterns is clearly implemented and experimentally tested.

An important limitation is that the framework was evaluated using a relatively small and
highly structured network. Four stimulation electrodes were positioned around a single
network, and stimulation was delivered to microchannels in which axons were concentrated.
This configuration is well suited to the initial demonstration, but it remains uncertain
whether the same approach will perform similarly in conventional monolayer dissociated
cultures, larger networks, or systems with different numbers and spatial arrangements of
electrodes. Additional validation across a broader range of network structures and
experimental configurations would therefore be needed to establish the general applicability
of the framework.

Overall, this study presents a valuable and reproducible methodological framework for the
closed-loop optimization of electrical stimulation in cultured neuronal networks. Its likely
impact lies primarily in providing an accessible experimental and computational platform
that can be adapted for studies requiring systematic exploration of stimulation patterns,
although the extent to which the current findings generalize beyond the tested network
configuration remains to be determined.

https://doi.org/10.7554/eLife.112316.1.sa2

Reviewer #3 (Public review):

Summary:

This study integrates living neuronal circuits with a real-time reinforcement-learning
framework to enable closed-loop optimization of directional firing sequences at single-spike
resolution. By using the spatiotemporal structure of neuronal firing as feedback, the system
adaptively searches for stimulation patterns that increase a predefined propagation reward.
The work represents an exciting step toward systematic and adaptive control of living
neuronal networks.

Strengths:

The study presents a cutting-edge closed-loop platform that combines neuronal cultures,
high-temporal-resolution electrophysiology, and reinforcement learning with millisecond-
scale latency. The ability to optimize directional activity propagation at single-spike
resolution is particularly novel. More broadly, the work provides a compelling framework for
interacting with biological neural networks in an adaptive rather than purely predefined
manner.

Weaknesses:

Several aspects of the analysis and interpretation require further clarification. In particular,
the definition and computation of directional propagation and reward are not always clear.
The generalizability of the optimized stimulation patterns across cultures also remains
unclear.

https://doi.org/10.7554/eLife.112316.1.sa1
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Author response:

elife Assessment

This study presents an open-source reinforcement learning framework for the real-time,
closedloop optimization of spatiotemporal electrical stimulation in engineered neuronal
networks. Using single-spike-resolution activity as continuous feedback, the authors
provide solid evidence that their platform can identify stimulation patterns that drive
specific activity motifs within a structurally constrained four-node circuit. While this
reproducible system offers a valuable and accessible tool for interacting with biological
neural networks in an adaptive manner, further validation is needed to determine how
well these stimulation strategies generalize to larger, unstructured, or more conventional
network architectures.

We thank the editors and reviewers for their kind and insightful words, as well as their
constructive feedback and assessment. We agree that in its current stage, the manuscript
does not convincingly argue, that specific stimulation strategies applied to one network
generalise well to other network architectures. We intend to address this problem by
adjusting the focus of the manuscript to be more on the platform than on any specific
neuroscience claim, as we believe that this is the more useful angle for the community at
large. We also intend to discuss the transferability of our results between the presented
culture system and other neuroscience systems.

Based on the reviewer comments, we will further give a more approachable introduction to
reinforcement learning to make the concept more accessible to a wider audience. We will
also motivate the algorithm selection in more depth.

In the following, we will discuss the comments put forward by the reviewers and how we
intend to adapt our manuscript to address them. In this provisional response, we will only

focus on major concerns. Minor comments, where we are following the suggestions made by

the reviewers directly, will not yet be discussed.
Reviewer #1 (Public Review):

The manuscript appears undecided about whether it wants to be about RL control, about
a technical implementation of long-term stimulation in vitro, or about the properties of
neuronal networks and interaction with them. The introduction is well written,
comprehensive and insightful, focusing on biological aspects. Methods are then
extensively about RL algorithms, without explaining why several were used or why these
in particular, but with specialist language hard to understand for neuroscientists. The
results then quantitatively compare the performance of the RL but do not really explain
what this teaches us about neuroscience or what we learn about the networks beyond
that they can be stimulated for longer propagation patterns. Extensive supplementary
material almost advertises the hardware built by the team. Some figures suggest, though
I'm not 100% certain about this, that different algorithms find different optimal
stimulation patterns in the same network - which I find puzzling. What then does this tell
us about the stimulation patterns and the variability of the responses?

We thank the reviewer for pointing out these issues with our manuscript. The goal of our
work is the hardware framework. We plan to highlight this more in the revised version. The
RL part will be revised with less specialist language and will get less emphasis in the next
version of our manuscript. We will also discuss why different algorithms seem to find

different solutions, which can be traced back to having different networks and agents finding

different local maxima.
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By clearly setting the scope of our manuscript on the hardware aspects and revising the RL
part to be seen more as one possible closed-loop control paradigm, we further intend to
address the concerns put forward by the reviewer regarding our focus on RL in other parts of
the manuscript.

Reviewer #2 (Public Review):

An important limitation is that the framework was evaluated using a relatively small and
highly structured network. Four stimulation electrodes were positioned around a single
network, and stimulation was delivered to microchannels in which axons were
concentrated. This configuration is well suited to the initial demonstration, but it remains
uncertain whether the same approach will perform similarly in conventional monolayer
dissociated cultures, larger networks, or systems with different numbers and spatial
arrangements of electrodes. Additional validation across a broader range of network
structures and experimental configurations would therefore be needed to establish the
general applicability of the framework.

We thank the reviewer for their feedback. They are right to point out that the manuscript
here focuses purely on small and highly structured networks. With the presented
experiments, our manuscript does not and cannot make any biological claims about how
neurons communicate. However, with this manuscript, we also do not intend to do so, as
such an endeavour would be out of scope. In the next version of our manuscript, we will
better highlight the focus of our manuscript, which lies on the hardware framework itself.
Furthermore, we will discuss in the outlook the generalisability and scalability concerns
raised by the reviewer in more detail.

Reviewer #3 (Public Review):

Several aspects of the analysis and interpretation require further clarification. In
particular, the definition and computation of directional propagation and reward are
not always clear. The generalizability of the optimized stimulation patterns across
cultures also remains unclear.

We thank the reviewer for their insightful feedback. We agree with them and will discuss (1)
the currently implemented reward based on directional propagation of activity and (2) the
limitations and aspects influencing reward algorithm selection in more detail in our revised
version of the manuscript. We further believe that we cannot make any claims about
generalisability between cultures or when changing the experimental paradigm.

https://doi.org/10.7554/eLife.112316.1.sa0
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