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A primary challenge in utilizing in vitro biological neural networks
for computations is finding good encoding and decoding schemes for
inputting and decoding data to and from the networks. Furthermore,
identifying the optimal parameter settings for a given combination of
encoding and decoding schemes adds additional complexity to this
challenge. In this study we explore stimulation timing as an encoding
method, i.e. we encode information as the delay between stimulation
pulses and identify the bounds and acuity of stimulation timings which
produce linearly separable spike responses. We also examine the opti-
mal readout parameters for a linear decoder in the form of epoch length,
time bin size and epoch offset. Our results suggest that stimulation tim-
ings between 36 and 436ms may be optimal for encoding and that dif-
ferent combinations of readout parameters may be optimal at different
parts of the evoked spike response.

Keywords: Reservoir computing, liquid-state machine (LSM), in vitro, neural
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1 INTRODUCTION

Cutting-edge AI systems require vast amounts of computing power and, con-
sequently, significant energy consumption. A prime example is the 2023 large
language model GPT-4, which, during training may have cost more than 100
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million USD according to a statement by OpenAI’s CEO Sam Altman [26].
While the performance of such models is impressive, comparable results
are observed in biological networks at a fraction of the energy cost. As an
example, the human brain only uses approximately 20 watts of energy [4].
Moreover, advances in neuroengineering now enable relatively easy access to
biological neural networks for bio-computing [23]. By harnessing biological
computing to address problems currently delegated to Artificial Intelligence
(AI) systems, we could thus significantly reduce the burden on our planet
and, in turn, benefit future society.

Several studies have already explored this potential solution, with
researchers developing biological computational systems capable of solv-
ing simple tasks, such as playing Pong [24], adaptive flight control [7] and
controlling basic robots/animats [1, 3, 8, 25, 27, 30, 31, 33, 44, 45, 55–57]
(for overview of robotics applications see: [6]. To achieve such results, one
approach involves treating the biological substrate as a reservoir within a
reservoir computing paradigm [1]. This involves inputting data into the bio-
logical substrate, allowing it to perform computations on said data, and then
extracting these computations using a linear machine learning decoder to pro-
duce the desired outputs. Although such systems still utilize a traditional
hardware component, the required computing power is significantly lower
than that of large, deep models, as only the simple linear decoder is trained.
Another benefit specific to utilizing in vitro neural networks in this frame-
work is that reservoir computing does not require training of the reservoir
[21,28] (although closed loop systems allowing for training can be used [1]).
Thus, no feedback signals to the networks are required, making experimen-
tation and use far simpler.

Several challenges arise when creating such systems; What is the optimal
method of encoding data into the biological network? What are the bounds
of such encoding scheme and what is its acuity? What is the best method
of re-translating the recorded spikes to input for a linear decoder, i.e. how is
the relevant information encoded in the network activity? Furthermore, are
the networks stable enough to be useful for practical applications without
needing constant re-training?

In this paper we tackle these challenges for biological computing systems
using in vitro neural networks as the computing substrate. We target the tim-
ing between electrical stimulations as our encoding method, i.e we investi-
gate the range of delays between two stimulation pulses that can be used to
encode input values, and explore three key features of this method. Firstly
we aim to identify the upper bound of separable stimulation timing (what is
the maximal delays that can be used), secondly we explore the lower bound
(what is the minimal delay that can be used) and thirdly we explore the acuity
of this separability (how close can two delays be and still be linearly sepa-
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rated). Furthermore, we explore how the network encodes its computations
over time, how this affects optimal decoder-readout choices and the stability
of the networks on a day to day timeline. The goal is thus to assess the poten-
tial of and the optimal parameters for encoding information through stimula-
tion timing for later use in reservoir computing, and the optimal parameters
for decoding information input through this method from the spiking activity
produced by the in vitro neural reservoirs.

The paper is organized as follows. We first provide relevant background
and justification for the computing system and encoding/decoding method.
This is followed by general methods concerning the computing system and
the experimental methods. In the analysis and results section we detail the
motivation, methods and results aimed at answering each separate aspect of
the challenges described above and briefly discuss the results. Finally we
summarize and discuss the overall results in the summary discussion section.

2 BACKGROUND

The proposed computing system explored in this paper consists of a biologi-
cal neural network and a Micro Electrode Array (MEA) on which the neurons
are grown. The paradigm for which the encoding and decoding methods are
being assessed is reservoir computing. In this section we first introduce reser-
voir computing, followed by a description of the in vitro neural networks and
MEA. Lastly we provide a short review on related and relevant literature to
reservoir computing using in vitro neural networks and identify the knowl-
edge gaps this study aims to fill.

2.1 Reservoir Computing
Reservoir computing is a field within artificial intelligence where the natural
computations of a system can be harnessed without a large training overhead.
The general framework arose independently multiples times, initially through
the works of [13, 22] and later in the work of [10, 21, 28, 39, 40]. The most
well known examples comes from [21] in the form of Echo State Networks
(ESN) and [28] in the form of the Liquid State Machine (LSM). ESN are
value continuous, time-discrete artificial neural networks which rely on the
echo state, meaning that the states of the network contracts over time, or in
other words, it gradually forgets its previous inputs. The LSM was originally
formulated as a general computing framework for mapping time series with
fading memory to time series with fading memory. This was expanded to
apply to spiking neural networks (value discreet, time continuous systems)
with the first implementation of a LSM using artificial spiking neural net-
works. Although a general framework, LSM now often refers specifically
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FIGURE 1
Components of minimal reservoir computing system. Input is given through the encoder into
the reservoir, in this case a recurrent neural network. The input propagates through the reservoir
network and the decoder reads out the reservoir states and translates them to the desired output
after training.

to reservoir computing systems using spiking neurons. LSMs thus translates
directly to in vitro neural networks as these also consists of spiking neurons.
Both system types shares a range of properties and is generally unified under
the term reservoir computing [49, 50]

A typical reservoir computing system can be divided into three main com-
ponents, an encoder, a reservoir and a decoder (often called readout), visual-
ized in Figure 1. The defining component is the reservoir. This consists of a
dynamical system, be it an artificial neural network [21, 28, 49], a bucket of
water [12], a cat [32], or in our case in vitro neural networks.

The reservoir is generally not trained but receives input from the encoder
which are propagated through the reservoir. The encoder translates the input
data into a format the reservoir can compute on. In the case of the bucket
of water study [12] this consisted of encoding digital binary values into the
movement of motors embedded in the water. The decoder reads out the states
of the reservoir and translates them into the desired output using a machine
learning system. Notably the decoder can be subdivided into a readout com-
ponent that records the states of the reservoir, transforming it to input to the
machine learning component and the machine learning component which
translates this input to the desired output. Again returning to the bucket of
water in [12], the readout consisted of a video camera reading out the wave
patterns caused by the movement of the encoder motors and the machine
learning component was a 50- neuron parallel perceptron system using the
p-delta rule. Given this setup the parallel perceptrons could learn to clas-
sify the input based on the wave pattern recorded through the video camera.
The machine learning component is often some linear method as this both
reduces training costs, as only the readout is trained, and allows us to test
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FIGURE 2
Schematic figure of in vitro neural network on MEA.

if the reservoir performed relevant computations by inputting a non-linear
problem and assessing if the linear machine learning component can solve it
based on the reservoir states. If this is the case we say that the reservoir has
linearlized the input problem.

2.2 In Vitro Neural Networks on Micro Electrode Arrays
In our experiments we use biological neural networks derived from rat corti-
cal neurons, grown in vitro as our reservoir substrate. These consists mainly
of two cell types: cortical neurons and astrocytes. A schematic figure of a
MEA device is shown in Figure 2.

In Figure 3 we show an in vitro neural network grown on a MEA. The
neurons are stained red, while the astrocytes are colored green. Cell cores are
colored blue and electrodes are seen as black circles. Note, that these images
are not from the networks in this study, which are denser.

When the neurons are added to their container they are initially discon-
nected but rapidly self organize into a 2D network. As they develop they
begin producing spontaneous spikes and at later stages may elicit network
wide bursts [38]. Spiking activity can be measured as electrical waves over
electrodes embedded in the bottom of the container. Containers with this
interface are named MEA and allows for both measurement of electrical
activity and for electrical stimulation of the cells. Such stimulation can acti-
vate the neurons causing them to produce spikes which can spread through
the network and may thus serve as an input channel for information.
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FIGURE 3
Fluorescent microscopy of an in vitro neural network on an MEA interface after immunostaining
: neurons (Neurofilament heavy; red), astrocytes (GFAP;green); cell nuclei (Hoechst; blue).

Since the MEA allows for bi-directional communication with the in vitro
neurons it serves as both a component in the encoder and as the readout
of the decoder. The neural network itself serves as a reservoir which com-
putes on the input given as electrical stimulations and produces spike pat-
terns recorded through the MEA which is then given to the machine learning
component of the decoder, thus forming a reservoir computing system. We
show a schematic Figure of the in vitro neural network - MEA - reservoir
computing system in Figure 4.

2.3 Reservoir Computing With In Vitro Neural Networks
According to the LSM framework a reservoir (liquid) must have the separa-
tion property to be able to function as a reservoir [28]. This means that for
significantly different inputs, the reservoir produces separable states. Since
different substrates have fundamentally different dynamics, one thus needs
to establish an encoding method that translates ones data into a format that
can evoke separable dynamics within the substrate. For a bucket of water,
mechanical perturbations works well as it produces waves on the water’s
surface. For in vitro neural networks, such input is unlikely to produce the
desired response.

Since neural spike propagation is an electrical phenomenon, electrical
encoding methods is the natural option for inputting information into a bio-
logical neural circuit. Electrical encoding can however be done in many
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FIGURE 4
Schematic figure of in vitro neural network on MEA as a reservoir computing system

different ways. One may for example vary voltage, current, frequency or the
timing between stimulation pulses. Furthermore, one may multiplex many of
these options. The possible input space is high dimensional.

Multiple studies have explored different input encodings that produce
separable network states (although not always with this explicit goal):
[5, 9, 11, 14–16, 34, 36, 41, 51, 52], which demonstrates that in vitro neural
networks in theory can be used as reservoirs. However, a detailed exploration
of the separability of each input method is lacking. Specifically, assessment
of an encoding method should investigate relevant features that will limit how
input data can be translated to encoded input.

If, for example, frequency is used to encode input data we would need
to ascertain the limits of the lower and upper bounds of frequency the net-
work can separate as well as how small variations in frequency can be dis-
tinguished. These bounds are essential to create encoding schemes as they
tell us within what ranges we must bound our input and with what acuity we
can encode it. We may for example have an input data range of 0 - 256 but
frequency bounds of 10 - 60 hz outside of which the network gives insepara-
ble responses, meaning that the 0 - 256 range must be mapped to the 10 - 60
hz range. Furthermore, if the network only gives separable responses to fre-
quency differences of more than 1 hz and our input range includes all integers
between 0 and 256, as would be the case for image pixels, we know that we
may need to use a different encoding method or multiplex it with for example
a spatial encoding to be capable of computing on the full input range.

The considerations above illustrate the importance of thoroughly exam-
ining various encoding methods, using specific characteristics such as fre-
quency bounds as an example of the constraints that might be encoun-
tered. Understanding these constraints is essential in determining how best
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to translate input data into an encoded form. Such a comprehensive approach
may allow us to identify the most effective encoding strategies and may reveal
the potential of different methods.

Out of the possible options mentioned previously, stimulation timing pro-
vides a range of benefits over the other methods making it a prime target
for investigation. It allows high density information throughput as one can
encode information in the timing between just two input pulses, as opposed to
over many, as is needed for frequency. It can be multiplexed with many other
encoding methods and can thus serve as a good basis for even more infor-
mation dense signals. Lastly the presence of spike-time dependent plasticity
in the brain suggests that timing between two pulses is a natural information
code used in the brain which may make it more likely that the networks may
compute well on such signals.

Applied over two electrodes this encoding method has been explored
by [42] who showed that timing between two stimulation pulses, delivered
to two separate electrodes, can be used to solve boolean logic and control
animat robots. They explored timing differences from 0 to 1 second. Applied
to a single MEA electrode this input methods has been partly explored by [5, ]
who examined how the evoked response from two stimulation pulses inter-
act. They tested both single electrode and two electrode stimulation. For the
single electrode protocol they found that the second stimulation did not have
much impact on the evoked response for stimulation delays up to 250 ms,
suggesting a lower bound for this input method on single electrodes. How-
ever, their analysis method would not be able to extract spatio-temporal, high
acuity, spike time interactions as they tested single or pooled electrodes with
5ms time bins, which makes this lower bound uncertain. They also tested
inter-stimulation intervals up to 1000 ms, finding interactions between the
evoked responses which suggests separability at least up to this delay, but
leaving the upper bound uncertain. An assessment of the separability between
the evoked responses between two different delays has also not been estab-
lished and would be essential as this would limit the network’s ability to
compute on small differences in stimulation timing.

Another key issue in creating a reservoir computing system using phys-
ical reservoirs is how the readout component of the decoder performs its
readout, prepossessing and passing to the machine learning component. To
the best of the authors’ knowledge, no studies have explored the optimal
settings for extracting the spatio-temporal spike patterns recorded through
MEA for the purpose of reservoir computing. However, [52] show that the
evoked responses from single pulses display different phases consisting of
more or less consistent spike times which suggests that information may be
encoded in different forms and that this may change over the temporal course
of the response. The different phases of this response was used to control
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the animat in [42] such that the direction of the robot was decoded from the
first phase and the magnitude of the direction vector was decoded from the
second phase. This suggests that different parameter settings may be optimal
for different phases of the response. This issue will require investigation as
sub-optimal readout choices may mask the benefits of a particular encoding
method. E.g: if stimulation timing produces separable responses at the spike
timing level, but we only record rate information we may falsely conclude
that stimulation timing is not a good encoding method.

In summary, initial exploration of in vitro neural networks on MEA have
examined a range of encoding methods showing promising results. A natural
next step is to conduct targeted investigations that can assesses the relevant
features, namely the upper and lower bound of separability and its acuity,
with the purpose to create an optimal encoder using stimulation timing. Fur-
thermore, the optimal readout settings for this purpose are unknown, but are
likely to involve multiple different information codes and thus requires addi-
tional investigation.

3 METHODS

The methods section details the general experimental setup for our experi-
ments. It is divided into two main sections; System methods and Experimen-
tal methods. The system methods section details the procedure for establish-
ing the neural networks, the recording system, the spike detection settings
and the machine learning protocols. In the experimental methods section we
describe the stimulation procedure for the two stimulation experiments we
conducted. Further details concerning the analysis methods is given in the
Analysis and Results section. The code and data used in this paper is avail-
able at the digital repository: https://osf.io/yzf47/.

3.1 System Methods

Neural Network Cultures
To establish the in vitro neural networks, rat cortical neurons (A1084002,
Thermo-Fisher Scientific) were seeded on Cytoview 6-well plates (Axion
Biosystems) at a density of 1,800 cells/mm2 for a total of approx. 190,000
cells per well (cell handling was conducted according to MAN0001574,
Thermo-Fisher Scientific [47]). In addition to the rat cortical neurons, a co-
culture with rat primary cortical astrocytes was established using concur-
rent seeding of 180 cells/mm2. Prior to seeding the wells were coated with
polyethyleneimine at 0.1% for 1 hour, (Polysciences), washed with sterile
deionized water, left to air dry over-night before receiving a coating of natu-
ral mouse laminin (Thermo Fisher Scientific).
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Following seeding the cells were maintained using 95% Neurobasal Plus,
2% B27 Plus Supplement (50X), 1% GlutaMax Supplement, and 2% Pen-
Strep (all from Thermo Fisher Scientific). The media was exchanged first 24
hours post seeding, then every three days following, with the exception of
one feeding at 6 days in vitro (DIV). No experiments were conducted within
24 hours following media changes.

MEA Recording System
The Maestro Pro system recorded at 12.5 khz, using a 3khz Kaiser window
for low pass filtering and a 200 hz IIR for high pass filtering. Referencing
method was set to ”Median” and analog mode setting to ”Neural Spikes”. The
software version for AxIS and Maestro Pro firmware was 2.0.4.21, Maestro
Prop BioCore Version was ”4B”. CO2 concentration was set to 5.0% while
temperature was set to 37.0 C.

The MEA type was CytoView MEA plate (M384-tMEA-6B, Axion
Biosystems). Each Cytoview plate consists of 6 wells of 64 PEDOT elec-
trodes with 100 um diameter and 300 um pitch arranged in a square 8x8
array. Networks were maintained in the Maestro Pro incubator continuously
following 13 DIV to keep recording conditions consistent, the MEA were
only removed for 30 minutes during each media change.

Spike and Network Burst Detection
We mainly used recommended settings for spike and burst detection from
Axion [2].

For spike detection we used the ”adaptive threshold crossing” spike detec-
tion method with a threshold set to 7. I.e the standard deviation of the con-
tinuous electrical recording is computed on an electrode basis and spikes are
detected when the signal amplitude reaches a value of 7 times the standard
deviation. The value of 7 was here chosen to bias the recording against false
positives. ”Threshold crossing only” was set to ”true”, meaning that the volt-
age trace had to return to a value below the threshold before another spike
could be detected.

The ”coincidence detection” setting was set to ”well” and ”coincidence
occurrence threshold” was set to 4 electrodes. ”Coincidence event window”
was set to 80 microseconds. This removes spike artefacts that can occur due
to stimulation or physical interaction with the recording system by detecting
and removing events that occur simultaneously across multiple electrodes in
a well.

The electrode burst detection algorithm was set to inter-spike interval
threshold. The maximum inter-spike interval was 100 ms, and the minimum
number of spikes was 5. Furthermore, for network burst detection, the mini-
mum number of participating electrodes was set to 25% (16 electrodes). I.e
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electrode bursts were detected as a minimum of 5 spikes occurring with less
than 100 ms delay of each other, and networks bursts additionally required
spikes to be detected at at least 16 electrodes, practically raising the min-
imum number of required spikes to 16. Burst detection success was deter-
mined visually before recording.

3.2 Machine learning algorithm
In the original LSM the decoder would utilize the high dimensional pro-
jection of the input to allow computing equivalences between (potentially)
unstable states to produce stable output [28]. Similarly, standard reservoir
computing is often used for time series prediction where linear regression is
used to predict future values of an input time series based on the state tra-
jectory of the reservoir [43]. The goal for this paper is however not to create
a reservoir computing system per se, but to identify the bounds and acuity
of linear separability of different stimulation delays to assess if this encod-
ing method can be used to encode input to a biological neural reservoir. This
requires that we identify when the evoked response from different stimulation
delays can be linearly separated and when it cannot. Furthermore, we need
to assess what readout parameters are optimal for extracting the informa-
tion contained in the evoked responses. Therefore we train separate logistic
regression models for combinations of epoch size, time bin size and epoch
offset (detailed in section 4.2) for the different stimulation delays (detailed
in section 4). The success or failure of the regression models at categorizing
a given epoch as belonging to a given stimulation delay thus becomes the
measure of linear separability. Note that epoch size here refers to the neuro-
scientific term, not the machine learning term. Epoch size in this context is
the size of the time window used to extract spikes.

For this purpose we used SKlearn’s Logistic regression algorithm (version
1.1.3). The datasets were split into training and test sets using train test split
from SKlearn with stratify set to True and a 70 - 30 percent train to test split
ratio. Training was done using LogisticRegression with settings: penalty =
l2, solver = liblinear. Since spontaneous bursting activity potentially could
affect the evoked responses caused by stimulation if they coincided closely
with the cue or probe stimulation the train - test split and training was redone
100 times to average out potential interference. The mean performance is
presented in the results. For reproducibility the random state of the train-test
split and LogisticRegression was set to the integer value of the iteration (0-
99).

3.3 Experimental Methods
We conducted two experiments where the timing between two stimulation
pulses were varied. In both experiments the general design of an experimental
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FIGURE 5
Components of the stimulation pulse. All stimulation pulses were identical and consisted of a
bi-polar stimulation lasting 0.4 ms with +/-200 mV phases. The stimulation pulse was preceded
by a 11 ms setup period where the stimulation electrode switched from recording to stimulation
mode. The stimulation was followed by a 2 ms discharge period which then was followed by a
23 ms safety period. Additional stimulation cannot be given until the end of the safety period.

trial consisted of two identical stimulation pulses, an initial cue stimulation
followed by a probe stimulation at variable delays relative to the cue. As
a control condition we utilized trials consisting only of a cue stimulation.
Details of the stimulation pulse is given in Figure 5 and an example experi-
mental trial can be seen in Figure 6.

When referencing the delay between the cue and probe stimulation, i.e.
the probe delay, in this text, we refer to the time between the end of the safety
period of the cue and the start of the electrical activity caused by the probe
stimulation. Note that given the length of the components of a stimulation
block, the minimal distance between two bi-phasic stimulations is 36 ms.
The cue stimulation end to probe stimulation start will be given in parenthesis
after the probe delay. Both the stimulations in a trial were given to a central
electrode at position: column 4, row 5 (indexed from 1, from left and top), to
maximize our ability to capture the evoked response.

We originally planned to collect data for a unified dataset over two days.
Due to limitations of the stimulation software we could not algorithmically
create fully randomized condition orders. Instead we opted to use a counter-
balancing procedure. Each experiment was run over 2 days, with experiment
1 occurring on DIV 24 and 25, and experiment 2 occurring on DIV 27 and
28. During the first day we created a condition sequence starting with a cue-
only control trial which was followed by a single trial from each condition,
in order of increasing probe delay. Each trial was preceded by a 30 s rest
period as indicated previously and the condition sequence was repeated 60
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FIGURE 6
Experimental trial. Each trial consisted of two stimulation pulses input to the network after a 30
seconds rest period. The trial itself consisted of an initial cue stimulation pulse, followed by a
probe stimulation pulse at variable delays. In addition a control condition was used where no
probe stimulation was given

times. On the second day the condition sequence was reversed such that the
first trial in the sequence was from the condition of largest probe delay and
was followed by probe delays in decreasing order, ending with the cue-only
control condition. With 60 repetitions each day, this resulted in 120 trials for
each condition (including the cue-only control condition).

Experiment 1

In experiment 1 we targeted the specific phases of neural responses identified
by [52] and [53]:

� 0 (36) ms - early post synaptic phase (5 - 50 ms)
� 100 (136) ms - start of network wide barrages (0 - 100+ ms)
� 1000 (1036) ms - upper mean length of culture wide barrages
� 7000 (7036) ms - after networks can produce culture wide barrages post

stimulation (5+ s)

Experiment 2

In experiment 2 we did not target specific phases but instead linearly
increased the probe delay in steps of 200 ms starting at 200 ms up to 800
ms to target the period with active cue evoked activity. This period was also
identified as providing high classification accuracy, we thus were interested
in exploring the pattern of separability and acuity during this period:
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� 200 (236) ms
� 400 (436) ms
� 600 (636) ms
� 800 (836) ms

4 ANALYSIS AND RESULTS

In addition to investigating our main research questions we also explored the
stability of networks over the course of 2 days. Thus, we investigate 5 dif-
ferent features related to our encoding/decoding method and computing sys-
tem. Therefor we divide the Analysis and Results section into 5 sub-sections
related to each topic:

1. Network Stability

2. Decoder-Readout and Information Encoding

3. Upper Separablity Bound

4. Lower Separability Bound

5. Probe - Probe Acuity

In the two first sub-sections we describe two research questions that have
downstream effects on the three latter. First we assess the stability of the net-
works over their development and from day one and two of each experiment.
Next, because the optimal decoder-readout parameters may differ for each
research question, we describe the parameter options and their relevance.
These sub-sections are followed by the three sub-sections related to our main
research questions, the upper and lower separability bounds and the acuity of
the network response to different stimulation timings. Each are divided into
a short introduction, where we elaborate the specific goal and justification
for the analysis, a methods section, where we describe the classification task,
a results section where we present the results for the research question, the
optimal encoder settings and related neural spike code features and finally a
brief discussion of the results. A summary discussion of the overall results
follows in the general discussion section.

4.1 Network Stability
For in vitro neural networks to be usable for practical applications they must
display relatively consistent behavior over time. It would be rather impracti-
cal if a self driving car recognized buildings as buildings one day and build-
ings as highways the next. Therefore, it is important to explore how the
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networks’ behavior change over time. Since we ran each experiment over the
course of two days, instability could specifically interfere with the decoder’s
ability to generalize over the responses of the network if they are inconsis-
tent between the two days. Multiple factors could cause such instabilities. In
vitro neural networks goes through different developmental stages, starting
with a lack of spiking, moving onto bursting and then often developing into
critical dynamics, measured through avalanche distribution [46] meaning that
the network response could potentially change drastically over time. Further-
more, the networks are only fed every few days and do not have the benefit of
continuous metabolic support that would normally ensure homeostatic con-
ditions.

Methods
We extracted overall bursting and spiking behavior during a 1 hour daily
baseline recordings and plotted the mean number of burst and spikes dur-
ing these periods for the extent of the network’s lifetime. Next we plotted the
responses to stimulation between days for each experiment based on 1024 ms
epochs locked to the offset of the probe/control stimulation. This was done
by both averaging over electrodes, time bins and trials (Figure 8) and only
averaging over time bins and trials (Figure 9). Lastly we plotted the epoched
data at single trial level to visually inspect the responses (available in the
digital repository: https://osf.io/yzf47/) We also computed the total number
of spikes evoked by each experimental condition for each day. We tested the
data for normality using Shapiro -Wilk tests and homogeneity of variance
using Levene’s test. Based on the results of these tests we opted for non-
parametric alternatives to student’s t-test. First inspecting boxplots of the
data, they appeared not to show similarity in distribution, we therefor used
Mann-Withney U tests, interpreting the results as tests for differences in dis-
tribution. Finally we performed Welch’s t-tests with 10 000 permutations to
test for differences in the evoked response. All tests where performed using
scipy.stats (version: 1.9.3). P-values from the Welch’s t-test are presented in
table 1, for extended results see the digital repository at https://osf.io/7p4rh.
Finally, for the upper and lower separability bound and separability acuity we
tested each day separately to visualize the change in performance. The two
first points are plotted below, while the final is shown within their respective
sections.

Results
Mean spiking activity increased gradually until around DIV 17 as seen in
Figure 7(a), after which activity decreased before fluctuating in tandem with
the days in which the nutrient medium was exchanged (indicated as vertical
lines in Figures 7(a) and 7(b)). Networks A3 (green ... line) and B3 (brown -..-
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FIGURE 7
Sum spikes (top) and burst (bottom) during the 1 hour baseline recording. Feeding days are
marked as vertical lines

line) also appeared to see a rapid activity decline starting at DIV 23 for B3 and
DIV 27 for A3. Similar behavior is seen for bursting behavior in Figure 7(b)
where bursts first arise at DIV 18 and then fluctuates with medium exchange
days while A3 and B3 declined rapidly.

Probe evoked responses also differed between days. In Figure 8 we show
the mean number of spikes averaged over electrodes and time bins (1 ms)
during an epoch after the control conditions in experiment 1, which can be
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FIGURE 8
Mean cue evoked response, averaged over electrodes at 1 ms time bins, across day 1 and 2
of experiment 1, control condition. Plots for additional conditions can be found in the digital
repository:

seen to vary considerably between days. We found that for multiple condi-
tions and networks the number of evoked spikes within a 1024 ms epoch after
the stimulation was significantly different based on Welch’s t-test with 10 000
permutations (see table 1)

To further visualize the difference between days we also create mean
evoked responses at the electrode level. In Figure 9 we show the mean
responses to day one and day two of experiment 1 on the left and center
and the difference between the two on the right.

Discussion

The fluctuating activity level, both in the form of bursts and in the form
of spiking activity, and its concurrence with feeding days may indicate a
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A1 A2 A3 B1 B2 B3

control 0.0003** 0.6705 0.0004** 0.0001** 0.0001** 0.0096*
0 ms 0.0001** 0.1542 0.0001** 0.0001** 0.0001** 0.0371*
100 ms 0.0001** 0.3149 0.0001** 0.0001** 0.0001** 0.0066*

1000 ms 0.0001** 0.0001** 0.0272* 0.0446 0.0001** 0.0204*
7000 ms 0.0064* 0.0184* 0.0001** 0.0001** 0.0001** 0.1443

TABLE 1
p-value statistics for the day to day difference between probe evoked number of spikes
for each well and condition for experiment 1. Values are rounded to 4 decimal points.
Note: * indicates p < 0.05, ** indicates bonferroni corrected p < 0.00167

FIGURE 9
Mean features for 1000 ms probe delay averaged over trials at 1 ms time-bins. The leftmost
image shows the evoked response during day 1, the middle shows the response to day 2 and the
rightmost panel shows the absolute difference between the two responses. Epoch size was 256
ms and time bin size = 1

core issue with the disembodied nature of in vitro neuronal networks. Neu-
rons in the brain receive increased blood flow carrying nutrients and oxygen
when their activity increases [29]. Conventional in vitro neural networks rely
on the availability of nutrients through cell culture media for their energy
demands. Replenishing such media may affect neuronal activity, both in
terms of adjusting the availability of nutrients relative to energy demands
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within the network, but also as a result of potential mechanical perturbation
to the cells during media change and aseptic handling [18]. This may account
for the differences in network dynamics observed in the period directly fol-
lowing media replenishment but may also have affected the networks’ ability
to produce consistent longer term activity, which in turn becomes a challenge
due to the change in evoked responses. A classifier trained on responses at
a given time window after media change may thus not be able to classify
responses at any other time-window after media change due to the underly-
ing change in network dynamics. This potential issue is seen clearly in the
mean features of Figure 9. However, it may be possible that consistent activ-
ity patterns persists even though overall activity level changes. This warrants
the comparison of actual performance between experimental days which is
tackled in the following sections. Furthermore it indicates that we may not
combine data from the two days the experiments were ran over as originally
planned.

4.2 Decoder-Readout and Information Encoding
As mentioned in the introduction and experimental method sections, [52]
found different phases of spike responses to electrical stimulation. The ear-
liest phase consisted of temporally consistent spikes, while the consecutive
phases consisted of high spike counts but with lower temporal consistency,
suggesting two different information codes, namely spike-time and rate.

This is important for the choice of readout parameters. If the network uses
rate based encoding we can capture this information by binning spikes over
large time intervals, i.e using large time bins. On the other hand, if the net-
work uses spike time encoding, large time bins would delete the specific tem-
poral information of the spikes. This would mean that we would be unable
to use this information for classification. However, if we use small time bin
sizes we would be able to capture spike time encoding, but may be unable to
capture rate based encoding.

The networks may also use both types at the same time as these coding
methods can easily be multiplexed i.e both the rate increases and the specific
spike times are consistent but different. It is also conceivable that the coding
method may change over time given that the evoked response observed in
[5, 52] had distinct phases with more or less consistent spike patterns.

Methods
To find the optimal readout parameter settings for our different tasks we per-
formed a grid search through a subset of the parameter space. We varied
the epoch length, time bins size and epoch offset, summarized in Figure 10.
Epoch length (time window relative to stimulation time, during which we
extract spikes) was varied from 1 ms to 1024 ms in powers of 2, similarly
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we varied the size of time bins from 1 ms up to the epoch size in powers of
2. The epoch offset was varied from 1 ms up to 2048 ms in steps of 1 ms.
By varying the epoch length we explore how much of the evoked response is
needed to classify the responses and allowed for multiple variations of time
bin size. The time bins were varied to identify whether the current epoch car-
ried information in spike times or rate. Importantly, varying the epoch length
and time bin size in powers of 2 ensures that any time bin of a larger size can
be created from time bins of any smaller size without any smaller time bin
being split. Building features using this method ensures that we do not create
any new features by splitting smaller features, which could potentially cause
the comparison between larger and smaller time bins to become inaccurate
as we would be creating new information instead of just destroying it as is
done when two time bins are combined. The epoch offsets was used to iden-
tify how the encoded features changed over the temporal extent of the evoked
responses. This also allows us to see how long the information is available
in the response. As the optimal settings may vary for each of our analysis,
results related to these methods are described within the upper, lower and
acuity separability sections.

4.3 Upper Separability Bound
For our main research questions we first attempt to find the upper bound
of the linearly separable space of stimulation timing. We hypothesize that
this bound may be defined by the memory length of the networks. Impor-
tantly, this may include both ”visible” memories, i.e spiking activity visible
through the recording electrode, and ”hidden” memories i.e. memories not
visible through the electrode. Examples of hidden memories may include
short term synaptic depression, facilitation or neural exhaustion present after
evoked activity has settled. Such memories have been identified in [11].

If a memory of an initial stimulation (the cue) persists in the network,
a secondary stimulation (the probe) may interact with this memory. This
interaction may produce a response that is linearly separable from responses
evoked by a single stimulation given in isolation. Conversely, if the memory
has faded completely, no interaction can take place and the response should
be inseparable from the response produced by an isolated stimulation.

Methods

Epochs offset relative to probe from the experimental trials and from the cue
in the control trials, were extracted from Experiment 1. Offsets started at
36 ms post stimulation to avoid capturing stimulation artefacts. We created
binary classification tasks between each experimental condition and the con-
trol condition. Epoch positions are visualized in Figure 11.
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FIGURE 10
Grid search over the Decoder-Readout parameters. I. Epochs of 1024 ms are extracted with
different offsets relative to the target stimulation. II. Epochs length is varied by reducing the
length of the original extracted epoch. III. Spikes are time binned into different time bin sizes.
IV. Time binned epochs are flattened before being compiled to training and test data and passed
to the logistic regression model

The classifier was thus tasked with classifying whether a given trial
belonged to the cue of the control trial or to the probe of an experimental
trial. With 4 experimental conditions this resulted in 4 separate binary classi-
fication tasks.

Results

A summary of the highest performing decoder-readout setting results can be
seen in Figure 12, and the specific combination of offset, epoch and time
bin size for each condition can be found in Table 1 and 2 in the appendix at
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FIGURE 11
Epoch selection for the binary classification task assessing the upper separability of stimulation
timing encoding. The top two plots show spike counts per ms averaged over electrodes and trials
for the control and 1000 ms probe delay condition. An example trial from each condition is
given below and the epoch window for a 1024 ms epoch is indicated as a black square outline.
Epoch extraction and prepossessing is conducted according to 4.2 before trials are passed to the
logistic regression model. Predictions ypred are output as labels identifying the intput as either
originating from a control cue stimulation or experimental probe stimulation.

https://osf.io/yzf47/. We observe mixed performance across networks, days
and conditions. Three networks showed high performance for the 0, 100 and
1000 ms probe conditions but decreased performance for the 7000 ms con-
dition. However, some still performed above chance level. Network A1 per-
formed with 85% accuracy for the 7000 ms condition on one day. A3 and B3
performed poorly overall while B1 performed relatively good on day 1 and
poorly on day 2.

Exploring the classification accuracy over offsets revealed that the accu-
racy of the classifier stayed relatively stable for a short time before falling off,
the length of this stability was however varied. This can be seen in Figure 13
were we show the classifiers’ accuracy for all time bins for epoch size = 1024
ms. The different time bin sizes are shown in gradient colors from blue (1
ms time bin) to orange (1024 ms time bin). We can here see different effects
depending on the network and condition with small time bins decreasing in
accuracy more rapidly than larger for the 1000 ms probe delay condition in
A1 and B1. Focusing on the 36 ms offset epoch as visualized in Figure 14,
we see the different effects of time bin size on the different networks and
conditions. In some cases the effect is minimal as is the case for the 100 and
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FIGURE 12
Mean accuracy for the highest performing combination of epoch size, time-bin size and epoch
offset for the binary classification of probe vs cue stimulations. Results from day 1 is shown in
blue and day 2 in orange. Standard deviations are given as vertical bars.

1000 ms conditions in network A1, A2, B1 and B2, while the 0 and 7000 ms
conditions showed more instability.

Discussion
Results show that performance is varied but memory lengths can exceed 7
seconds. This suggests that we may be able to input data through stimulation
timing over a very wide range of stimulation delays, although at the risk of
lower accuracy. Exactly how long these delays can be must be established on
a network to network basis as we see varied performance across networks.
Furthermore, the day to day instability in the neural response may be prob-
lematic as this may interfere with the generalizability of the classifier over
time.

4.4 Lower Separability Bound
Our next goal was to identify the lower bound of the linearly separable stim-
ulation timing space and to ensure that the probe stimulation did affect the
trajectory of the networks.
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FIGURE 13
Mean accuracy from binary classification between probe vs cue stimulations shown for epoch
size = 1024 and all time bins and offsets. Results are given for day 1, with day 2 available in the
digital repository

A single neuron will experience a refractory period after producing a spike
during which new input will struggle to elicit a new spike [48]. Thus, single
neurons have a lower limit to the separability of its input space. At the net-
work level, low frequency stimulation often elicit a population burst [51],
this could cause the network to be saturated by the activity caused by the cue
stimulation such that the probe is unable to produce any network activity of
its own. This is important for assessing the minimal timing difference one
can use to encode information. If the probe is not able to affect the network
below some minimal timing difference this sets a limit for whether a third
stimulation could interact with the probe and cue evoked activity which will
limit the information encoding rate we can use.
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FIGURE 14
Mean accuracy of the binary classification between cue and probe evoked responses shown for
offset = 0 and epoch size = 1024 to visualize the effect of time bin size. Probe delay is given in
legend.

Method

The method described in the previous section can only be used to detect when
the effect of a previous stimulation is gone from the network and cannot be
used to directly explore interactions between inputs because the classifier
may use the position in the cue evoked response for classification even if the
probe had no effect on the network activity.

Instead of comparing probe locked activity to cue locked activity, we
extract epochs from the cue response locked to the time of the probe. This
way the classifier cannot “cheat” by using the “time since stimulation”
computation embedded in the cue response as it is identical if the probe had
no affect on the network.

To ensure that we capture the exact same epoch relative to the cue stimu-
lations we first extracted cue locked responses for all conditions and recalcu-
lated spike times relative to cue stimulation time. For the experimental trials,
which contain a probe stimulation, we then extracted a new epoch from the
cue locked epoch, starting at the time of the probe + 36 ms (to avoid captur-
ing artefacts caused by the stimulation and artefact removal).

For each experimental condition we also extracted epochs from the cue-
only control condition at the time corresponding to each probe + 36 ms in
the experimental conditions.
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FIGURE 15
Epoch selection for the binary classification task assessing the lower separability of stimulation
timing encoding. The top two plots show spike counts per ms averaged over electrodes and trials
for the control and 1000 ms probe delay condition. An example trial from each condition is
given below and the epoch window for a 1024 ms epoch is indicated as a black square outline.
The epoch from the control condition is here offset from the cue stimulation so that it matches
the position of the epoch from experimental condition. Epoch extraction and prepossessing is
conducted according to 4.2 before trials are passed to the logistic regression model. Predictions
ypred are output as labels identifying the input as either originating from a control cue stimulation
or experimental probe stimulation.

Other than the training data the training task was identical to the one
described for the upper separability bound.

Results

Max performance was in some cases lowest at the smaller probe delays (A1,
B2, both days and A2 day 2), B1 showed a curved pattern with lower accuracy
at 100 and 1000 ms probed delays at both days. A2 at day 1 showed decreas-
ing accuracy from 0 ms probe delay but peaked at 7000 ms probe delay as can
be seen in Figure 16 and Table 3 and 4 in the appendix at https://osf.io/yzf47/.
A3 and B3 again had poor accuracy. At the smallest probe delay of 0 ms, A2
had the highest accuracy at 75 % on day 1, this was however decreased to
64 % for the 100 ms probe. B2 was the best performing network at 100 ms
probe delay with an accuracy of 79 %.

Visualizing the accuracy over epoch offsets for an epoch size of 1024 ms
in Figure 17, we can see how the accuracy of the classifier changes over the
evoked neural responses.
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FIGURE 16
Mean accuracy for the highest performing combination of epoch size, time-bin size and epoch
offset for the binary classification of control vs experimental conditions, extracted at identical
times relative to cue stimulation. Results from day 1 is shown in blue and day 2 in orange.
Standard deviations are given as vertical bars

In some cases, higher accuracy is concentrated relatively early with small
offsets and is not sustained for extended periods. Generally however, accu-
racy is poor for most offsets. The 7000 ms probe condition (and 1000 ms for
B2) does show high accuracy and for multiple networks this is sustained for
some time before falling off. Here we can also see that the sustain in accu-
racy is better with larger time bins, with the smaller time bins dropping in
accuracy faster than the larger as is the case for A1 and B1.

While classification accuracy in some cases decreased as a function of
decreasing time-bin size at later offsets, no particular pattern was found
directly after stimulation. In Figure 18 we visualize the drop in accuracy for
the first epoch offset (offset = 36 ms) for epoch size = 1024 ms where this
can be seen.

Discussion
The lower accuracy at smaller probe delays may be problematic as it indicates
that the probe stimulation did not have sufficient effect on the network activ-
ity. This will make it difficult to compound multiple inputs to produce unique
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FIGURE 17
Mean accuracy from binary classification of control vs experimental conditions, extracted at
identical times relative to cue stimulation shown for epoch size = 1024 and all time bins and
offsets. Results are given for day 1, with day 2 available in the digital repository

outputs, at least if they are initiated to a network under the same conditions
as ours. Furthermore, when the probe had extended effects on the network,
these affected the network activity differently at the scale of spike timing and
rate. This may indicate that an optimal readout should include multi-scale
readout time-bins to capture both high accuracy spike time codes and longer
memory rate codes.

4.5 Probe - Probe Acuity
While probe responses may be separable from cue responses, two probes
given at different delays may not be separable. Meaning that the probe
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FIGURE 18
Mean accuracy of the binary classification of control vs experimental conditions, extracted at
identical times relative to cue stimulation, shown for offset = 0 and epoch size = 1024 to visualize
the effect of time bin size. Probe delay is given in legend.

response does not encode a specific temporal delay but rather a non-specific
delay. E.g. a specific delay encoding would tell us that a cue-probe delay was
of t ms, while a non-specific delay may encode that a cue and probe were
input with a delay within the range [t1, t2] with it being impossible to decode
the specific timing within this range. We thus need to explore the probe-probe
separability in addition to cue-probe separability. In other words the acuity of
the network response.

Methods
To explore probe to probe confusion and thus the acuity of the separation abil-
ity of the networks we utilized the same epoch extraction method described in
section 4.3 for both experiment 1 and 2. Epoch selection example for experi-
ment 2 is given in Figure: 19 We then constructed two multi-class classifica-
tion tasks, one for experiment 1 and one for experiment 2 where the classes
corresponded to each of the experimental conditions and the control condi-
tion. The resulting confusion matrices allow us to identify whether any probe
responses are confused at what time, which would indicate the acuity of the
separation property.

Results
We observed that performance was generally lower in the multi-class task
than in the binary task. The results from experiment 1 were generally good,
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FIGURE 19
Probe - Probe acuity epoch extraction. Epochs are extracted relative to the probe stimulation for
experimental trials and relative to the cue for the control trials. Epoch extraction and prepos-
sessing is conducted according to 4.2 before trials are passed to the logistic regression model.
Predictions ypred are output as labels identifying the input as either originating from a control
cue stimulation or experimental probe stimulation with a given delay relative to the cue stimula-
tion.

showing little confusion between conditions with the exception of between
the control cue and the 7000 ms probe delay. However, network A3 showed
low accuracy, while B3 was close to chance level. Results for the best param-
eter combination is given in Table 5 in the appendix at https://osf.io/yzf47/.

The confusion matrices from experiment 2 instead showed an increasing
confusion between close probes as the probe delay increased, particularly
between the 600 and 800 ms probes, see Figures 22, 23, and Table and 6 in
the appendix at https://osf.io/yzf47/. The confusion with the cue stimulation
did however stay low.

Note that the accuracy of the 800 ms probe and the control cue is not
entirely comparable to the rest of the conditions because they only have one
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close condition, i.e probe delays that are within 200 ms of them, while the
other ones have two.

Discussion
Our results indicate that the networks encode information with higher acuity
when stimulations are input with close temporal distance and show a gradual
decay as the distance between cue and probe is increased. Given the low
temporal consistency of spikes in later phases of evoked spike responses this
may be unsurprising. However, we do see high performance at 100 and 200
ms in most cases and 400 ms in some cases, indicating that we may still gain
high acuity information from the phases with inconsistent spike timing.

5 SUMMARY DISCUSSION

Our main findings show that in vitro neural networks can have an upper sep-
arability bound as large as 7 seconds, but with decreased accuracy at larger
delays, and a lower separability bound as low as 0 (36) ms, but with relatively
low accuracy and often very short term effects on the overall trajectory of the
networks. Their acuity can furthermore be sufficient to distinguish between
timing differences of 100 (136) ms, but this acuity decreases with increas-
ing delays between stimulation timing. The networks can encode informa-
tion concerning the timing between two stimulation pulses both in specific
spike times and in the rate of the spike response and these show different
performance over different probe delays and phases of the response. The
performance of the networks was however not stable over time, with large
differences in separability being observed between day one and two of our
experiments in certain cases.

These results suggests that in vitro neural networks can encode informa-
tion input using the stimulation timing method. While stimulation timing up
to 7 seconds can be encoded into the activity of the networks, this appears to
come at the price of accuracy of separability. Due to this issue and the acuity
issue, encoding information within a 0-400 (36-436)ms time frame appears
to provide best performance and may thus be used as a guideline for further
exploration into in vitro neural networks as reservoir computing systems.

The short effect of the probe stimulation on the evoked response does
however pose a challenge. To be able to compute an output based on mul-
tiple inputs the effect of all inputs must temporally overlap, otherwise they
cannot affect each other. The short effect of the stimulations on the evoked
response suggests that the time window within which multiple stimulations
can elicit overlapping responses is small, which may necessitate using input
with shorter time delays than the 0-400 (36-436) ms suggestion. This could
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FIGURE 20
Confusion matrices for networks A1, A2 and A3 for classification between all conditions in
experiment 1. We can here see that the performance is generally good, with some confusion
appearing between the control and 7000 ms probe for most networks while A3 shows overall
poor performance.

potentially be solved by tuning the networks to other phases were their
response does not encompass the entire network in the form of network wide
barrages as done in [17, 51]. However, if the networks use neural exhaus-
tion to form long, fading, memories, the upper bound of separability may be
drastically decreased by such tuning as the network would no longer have
large exhausting bursts available to store such memories. However, given the
decreased acuity for timings of 600-800 ms, timings exceeding these values
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FIGURE 21
Confusion matrices for networks B1, B2 and B3 for classification between all conditions in
experiment 1. The confusion matrices show a similar pattern to the A networks, but we here also
see a more drastic decrease in performance over time for B1.

may not be useful for high accuracy computation and thus may be sacrificed
without major decreases in computational power.

Concerning the Decoder-readout parameters, the different performance,
depending on time-bin size, we saw under certain network-condition combi-
nations indicates that using one singular time-bin size may not be optimal.
Instead we may extract multiple time-bin sizes over the same epoch size to
capture information stored at multiple scales. However, while doing so we
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FIGURE 22
Confusion matrices for networks A1, A2 and A3 for classification between all conditions in
experiment 2. Network A1 shows overall excellent performance, while A2 shows increased con-
fusion between later probes

may need to consider overfitting issues given the already high dimensional-
ity of the epochs when using small time bin sizes. Furthermore, it may be of
interest to assess if different time-bin sizes are optimal for different tasks on
the same input, given that we may attempt to solve multiples problems on the
same datastream in parallel.

The instability of the performance between days associated with the
metabolic demands of the networks relative to media replenishment does also
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FIGURE 23
Confusion matrices for networks B1, B2 and B3 for classification between all conditions in
experiment 2. The confusion patterns here shows a similar increase in confusion for later probes
for B1 on day 1 and B2 for both days. B1 on day 2 again shows a more drastic decrease in
performance while B3 performs overall poorly.

present a challenge in the application of in vitro neural reservoirs. To main-
tain a continuous supply of nutrients, a possible solution may lie in using
systems that allow for continuous nutrient exchange using microfluidics (for
a review of applications of microfluidics see: [54], for specific example for in
vitro neural networks on MEA see: [18]) to ensure stable conditions. How-
ever, other features of biological networks may be at play. Representational
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drift can cause the neural representations to change over time [37] which may
cause confusion in the decoder as the representational drift causes the need
for re-training.

The different behavior between the different networks and the presumably
large difference in network architecture that arises due to the self organiza-
tion process implicit in vitro neural networks also align with the pros and
cons of (im)mortal computation as described by Hinton [20]. Typical AI sys-
tems in deployment utilizes their immortality, in the sense that the weights of
the model are separate from the hardware and can thus be copied to an arbi-
trary number of instances at will to dynamically scale up and down according
to demand. This benefit of immortality works well with cloud infrastructures
and is the backbone of how many AI applications operate. Biological net-
works on the other hand, benefit from the energy efficiency of mortal bio-
logical neurons but one cannot perform similar dynamical scaling because
software and hardware are not separated. Furthermore, due to the uniqueness
of each individual network, the weights learned for one network and task can-
not be generalized to another network solving the same task. This potential
trade-off may limit some of the application areas of biological computation.
This means that the application of biological neural networks for computing
tasks may be easier in other areas, such as low energy sensing devices [19],
control systems [1, 7, 24, 25, 31, 45] and similar types of computing that does
not require dynamic scaling.

In conclusion we have provided an in-depth exploration of key features
of neural computation in in vitro neural networks on inputs encoded through
stimulation timing. Namely, we have established a lower bound, and upper
bound and identified a current bound on acuity of linear separability of this
encoding method as well as described some limitations of these features. Our
findings may provide guidelines for other researchers exploring these topics
and may accelerate the search for optimal encoder settings by reducing the
search space. As we also show that the encoded information may be repre-
sented in different forms, e.g. spike time and rate, across the evoked response
we also contribute insight into the construction of decoders as these must
account for the different coding formats to optimally extract the result of
computations from the system.

5.1 Limitations
Our networks showed large bursts when stimulated which may not be opti-
mal for information processing. This relates to the phase of the networks as
they can develop into critical or non-critical phases [35]. Our results may
thus not generalize to networks in other phases than the ones our network
were in. This may be particularly important for more extensive stimulation
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sequences as the large bursts we saw in our networks may make it difficult
to input longer sequences of stimulations, something that would be essential
if any useful computations is to be done with these systems. We also did not
fully establish the bound on acuity in our study, as we have only tested vari-
ations down to 100 (136) ms. Importantly this could be affected by the phase
of the network as tuning networks to criticality has been shown to improve
dynamic range for variations in current amplitude [41] which is equivalent to
improving acuity.

We furthermore do not compare our encoding method to other methods.
While we provide theoretical arguments for why stimulation timing may be
the optimal encoding method, it may be possible that there are unforeseen
benefits to alternative methods, or challenges to the current method that voids
the suggested benefits.

Finally, given that we used counterbalancing over the two days each exper-
iment was ran, we cannot entirely disentangle the effect of time since feeding
from a potential order effect. However, given the decreased accuracy at 7 sec-
onds, it would appear unlikely that fading memories would be stored for the
30 seconds rest period. Therefor the order of the conditions is not likely to
have affected the outcomes.

5.2 Future Work
Future studies should systematically explore different encoding methods, by
testing for relevant features like the bounds and acuity of the method to be
able to analyse the trade-offs between different approaches. Furthermore, the
phase of the networks should be varied to explore how the dynamics affects
their information processing under different encoding schemes. An additional
step to this line of research should involve exploring the interaction between
multiple encoded pieces of information as well as explore how learning in the
networks affect their processing capabilities. In addition, the stability of the
network responses should be tested over long time-period to assess if repre-
sentational drift may become an issue for the decoder and how to deal with
these appropriately. Ideally all such systems should be capable of ensuring
stable conditions for the neurons to avoid the confounding variable of nutri-
ent instability and similar issues.
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