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A B S T R A C T

Neuromorphic computing relies on event-based, energy-efficient communication, inherently implying the need
for conversion between real-valued (sensory) data and binary, sparse spiking representation. This is usually
accomplished by using the real-valued data as current input to a spiking neuron model and tuning the neuron’s
parameters to match a desired – often biologically inspired – behavior. To support the investigation of neuron
models and parameter combinations to identify suitable configurations for neuron-based encoding of sample-
based data into spike trains we developed the WiN-GUI. Thanks to the generalized LIF model implemented by
default, next to the LIF and Izhikevich neuron models, many spiking behaviors can be investigated out of the
box offering the possibility of tuning biologically plausible responses to the input data. The GUI is provided
open source and with documentation and is easy to extend with further neuron models and personalize with
data analysis functions.
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. Motivation and significance

The realm of event-based – or spike-based – encoding and com-
utation has garnered substantial attention in recent times, evident
rom the proliferation of publications and advancements in hardware
evelopment for sensing [1–4] and processing [5–8]. This surge in
nterest has mainly focused on event-driven vision, with prominent
ndustry players such as Sony [9] and Intel [10] venturing into this
omain.

A noteworthy advantage, alongside the attainment of low-latency
erformance, is the possibility of obtaining reduced energy consump-
ion and memory footprint. Despite the expanding foundation of both

∗ Corresponding author.
E-mail address: simon.mullercleve@iit.it (Simon F. Müller-Cleve).

software and hardware resources, the event-based sensing capabili-
ties of the research community remain mostly focused in the domain
of vision as a consequence of the availability of native event-driven
sensors. This constraint arises from multiple factors. One of these is
the demanding and time-intensive nature of hardware development,
which requires a deep understanding of both design and fabrication
processes on the one hand and lossless spike-encoding on the other
hand. While in the vision domain, it is generally accepted that the
event-driven encoding is implemented as change detection, in other
sensory modalities like touch, more complex neuron models with closer
behavior to biology are used [11–13].
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Fig. 1. The WiN-GUI: on the left-hand side are the plots used to visualize the input data and analyze the neuron dynamics (a, b), on the right-hand side are the data (c, d),
channel (e), parameter (f), and audio (g) settings.
The availability of a tool capable of visualizing and measuring
the effects of parameters and diverse neuron models with varying
encoding schemes is important to support the exploration of encod-
ing strategies and their effects on event-based computation. It could
potentially catalyze the discovery of novel applications. Addressing
these challenges head-on, we introduce the Watch inside Neurons - GUI
(WiN-GUI). Specifically intended for exploration and development of
neuron-based encoding strategies, it stands apart from static analyses
of algorithm-based encoding techniques [14–17]. The Graphical User
Interface (GUI) offers a flexible environment to interactively investi-
gate different neuronal behaviors and to customize the spike-encoding
process.

2. Software description

2.1. Software architecture

The GUI is developed in Python3 and employs PyQT6 for visual-
ization and PyTorch for neuron modeling. It is accessible via Github.1
Comprising six primary components – data visualization, data selection,
preprocessing, channel selection, neuron model and parameter selec-
tion, and audio output – it offers a comprehensive toolset for designing
and analyzing spiking neurons. The visual surface allows fast and easy
access to all necessary variables. The fast and responsive interface
enables easy parameter sweeping while monitoring the impact on the
screen or headphones.

2.2. Software functionalities

2.2.1. Data visualization
This segment presents three critical elements: the sample-based

input signal, the internal state variable traces of neurons, and the
spike raster plot depicting the network’s spiking activity. The display
is structured with the sample-based data showcased at the top-left,
the neuron membrane potential at the top-right, and the remaining

1 https://github.com/event-driven-robotics/win-GUI
2 
state variables in a 2 × 𝑁 grid below, found in Fig. 1a. Furthermore,
a compact spike raster plot is positioned at the bottom for rapid spike
pattern assessment, highlighted in Fig. 1b. For enhanced clarity, the
color per channel is synchronized across all plots, simplifying mapping
between different visualization elements. The visualization process re-
lies on the Matplotlib library, enabling straightforward adaptation and
customization, including the use of various color palettes.

2.2.2. Data format and selection
The GUI currently supports data in the form of a Pandas DataFrame

containing a list of individual Python dictionaries, adhering to a specific
naming pattern. If the dataset involves multiple classes or repetitions
of classes, each trial should contain entries for class and repetition, if
applicable. If both class and repetition are applicable, the data selection
panel shown in Fig. 1c becomes accessible, otherwise only the given
subset. The top section displays the loaded file’s name, which can
be interactively changed using a file browser. The bottom right area
houses a combo box for class selection (if indicated by the class key),
while a dial on the left enables repetition selection (if indicated by the
repetition key).

2.2.3. Preprocessing
The preprocessing section is located in Fig. 1d. Preprocessing op-

tions encompass four checkboxes and two sliders. The top left checkbox
enables normalization, and the one right to it enables signal filtering
using multidimensional image processing from the SciPy library. The
checkbox below at the left sets the starting point of each sensor to
zero, and the right splits each sensor channel into two sub-channels,
one containing only previously positive values and the other containing
the rectified values of previously negative readings. Missing values are
filled with zeros. This transformation proves advantageous when the
data contains negative sensor readings, which usually lead to a decrease
in the neuron’s membrane potential, possibly preventing any spiking
activity. The sample-based signal is normalized per sensor across all
trials. The two sliders below are for re-sampling and re-scaling of the
input signal, changing the temporal dynamics of the stimulus. To main-
tain the GUI’s responsiveness, the visualization remains independent
of the re-sampling factor. That is, while updating the neuron model

https://www.python.org/
https://www.riverbankcomputing.com/software/pyqt/
https://pytorch.org/
https://github.com/
https://github.com/event-driven-robotics/win-GUI
https://matplotlib.org/
https://pandas.pydata.org/
https://scipy.org/
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SoftwareX 27 (2024) 101759 
simulation, the visualized data is down-sampled to match the original
sampling rate. Notably, the simulation time step for neuronal dynamics
matches the input data sampling rate and can be adjusted using the
re-sample slider.

2.2.4. Channel selection
The channel selection feature enables users to hide selected chan-

nels for a clean view of the remaining, simplifying inspection. The sen-
sor layout can be customized to accommodate individual preferences
and is shown in Fig. 1e.

2.2.5. Neuron model and encoding parameters
The GUI extends support to a wide range of neuron models written

in PyTorch, contingent upon adhering to a specific format defini-
tion. The currently supported models include the neuron proposed by
Mihalaş-Niebur in [18], the neuron proposed by Izhikevich [19], the
Leaky Integrate-and-Fire (LIF) and Recurrent Leaky Integrate-and-Fire
(RLIF) neuron model from [20]. It is possible to integrate any model,
regardless of the number of state variables, as long as the neuronStat-
eVariable starts with the neuron’s membrane potential voltage 𝑉 and
ends with the tensor containing the neuron’s spikes 𝑠𝑝𝑘. All further state
variables must be listed between these two. Additionally, to enable the
exchange of manipulable parameters between the neuron simulation
and the GUI, a dictionary named parameters_dict must be provided. This
dictionary enumerates all parameters intended for manipulation. It is
crucial to assign these parameters before running the GUI, ensuring suc-
cessful synchronization of slider values with neuron parameter updates.
The dictionary includes specifications such as the lowest and highest
slider values, step size, and start value. The neuron model selection and
parameter slider are located in Fig. 1f. Each parameter specified in the
mentioned dictionary will be listed and can be manipulated according
to the range and step size specified. For parameters not listed, the
default value will be used.

2.2.6. Audio output
Positioned at Fig. 1g, this section governs the audio output of the

spike raster plot. The audio output allows auditory inspection of the
spiking pattern to complement visual examination. Using the PyDub
library in Python, the GUI generates ticks using the sawtooth function,
thereby maintaining separation between multiple adjacent ticks and
ensuring a distinct auditory experience.

3. Illustrative examples

One compelling example involves recreating the 20 distinct neuron
behaviors of the generalized LIF model as outlined in [18]. The GUI
is equipped with additional examples, presenting input current traces
alongside tactile Braille data. In Table 1, four representative parameter
sets and their corresponding inputs 𝐼𝑒∕𝐶 are listed. Fig. 2 visually
represents these sets, serving as exemplary use cases. These sets share
three parameter configurations and three input current configurations.
Notably, M: Tonic bursting and O: Rebound burst share parameters
for different inputs, while M: Tonic bursting and P: Mixed mode have
different parameters for the same input. Each case unveils distinct firing
patterns, enabling the analysis of the neuron’s internal dynamics.

Example 1. The same parameters for M: Tonic bursting and O: Rebound
burst induce diverse neuronal responses. A constant excitatory (posi-
tive) input 𝐼𝑒∕𝐶 results in tonic bursting, while an inhibitory (negative)
step input triggers a brief burst. This underscores that the neuron’s
behavior is influenced not only by its inherent parameters but also by
the nature of the input it receives.
 (

3 
Analyzing the membrane voltage trace 𝑉 and firing threshold 𝑇ℎ𝑟
rovides insights into this behavior. In O: Rebound burst, the membrane
otential exponentially returns to its resting state along with the thresh-
ld variable. At 𝑡 = 0.65, when 𝑇ℎ𝑟 = −0.07 and 𝑉 = −0.07, the
embrane potential surpasses the threshold, initiating bursting. This

ontinues until the high inhibitory current 𝑖2 prevents further spikes,
vident in the membrane potential drop at 𝑡 = 0.7. Subsequently, the
hreshold variable remains above the membrane potential, preventing
ny additional response.

xample 2. Comparing M: Tonic bursting and P: Mixed mode under the
ame constant input of 2 𝐼𝑒∕𝐶 reveals distinctive firing patterns. In M:
onic bursting, frequent burst events occur with a decreasing number
f spikes in each burst, while in P: Mixed mode, the same input leads
o frequent spiking with an increase in Interspike intervals (ISIs). Both
iring patterns reach a steady state towards the end.

The GUI allows us to manipulate parameters between these sets
nd observe the resulting changes. Starting with the parameter set
f M: Tonic bursting and decreasing 𝐴1∕𝐶 to match the values of P:
ixed mode, the bursting behavior gradually fades out. At 𝐴1∕𝐶 = 6.5,

nly the first three spikes come in a burst, followed by single spikes
ith an increasing ISI. A further reduction to null, or below, results

n single spikes with a constantly increasing ISI. Conversely, starting
gain from the parameter set of M: Tonic bursting and increasing 𝐴2∕𝐶
o match P: Mixed mode, the bursts contain more spikes and last
onger, appearing more regularly as the constant input persists. For this
nput and parameter set, 𝐴1∕𝐶 marks the transition from bursting to
requency adaptation, with values below null being the lower limit for
ursting.

xample 3. The sole distinction, aside from the parameter 𝑎, lies in the
nput when examining L: Hyperpolarizing bursting and M: Tonic bursting,
here 𝑎 = 30 and excitatory input applies to the former, and 𝑎 = 5 with

nhibitory input for the latter. Despite both inducing burst events, the
nderlying mechanics differ significantly.

In L: Hyperpolarizing bursting, with inhibitory input, the threshold
ariable 𝑇ℎ𝑟 drops faster than the membrane potential. Eventually, it
urpasses the membrane potential, initiating the first bursting event.
he initial elicited spike resets the threshold to a higher value above
he membrane potential, leading to subsequent spikes and causing the
urst. During this period, the threshold variable recovers and exceeds
he membrane potential threshold. Subsequently, the inhibitory current
owers the threshold variable, completing the cycle. All subsequent
ursts occur with the same frequency and time difference, following
he same dynamics.

Conversely, in M: Tonic bursting, with excitatory input, the threshold
ariable monotonically increases. Similarly, the membrane potential,
pon surpassing the threshold, leads to spikes and an increasing neg-
tive current 𝑖2, reducing the membrane potential until it falls below
he threshold. From this point, the input current is integrated again,
he threshold variable continues to rise, and the next bursting event is
riggered with the described dynamics. However, it occurs at a higher
embrane voltage due to the elevated threshold variable. The num-

er of spikes per burst decreases, eventually settling into a repetitive
attern once the threshold variable saturates.

The three described examples show 1. how beneficial it is to be
ble to have all state variables in a compact view to trace down the
nterplay between them, 2. how easy parameter sweeps can be realized
o find conditional boundaries, and 3. how easy different conditions

input traces) and parameter sets can be explored.

http://pydub.com/
https://zenodo.org/record/7050094


Simon F. Müller-Cleve et al. SoftwareX 27 (2024) 101759 
Fig. 2. Four different neuron behaviors presented in A Generalized Linear Integrate-and-Fire Neural Model Produces Diverse Spiking Behavior by Ş. Mihalaş and E. Niebur. (Top-left)
Hyperpolarizing bursting, (Top-right) Tonic bursting, (Bottom-left) Rebound bursting and (Bottom-right) Mixed mode, showcasing the impact of input and parameter interplay.
Table 1
Parameters for the four example neuron behaviors. Other free parameters are set to
𝑏 = 10 s−1, 𝐺∕𝐶 = 50 s−1, 𝑘1 = 200 s−1, 𝑘2 = 20 s−1, 𝑅1 = 0, and 𝑅2 = 1.

Parameter 𝑎 [s−1] 𝐴1∕𝐶 [V∕s] 𝐴2∕𝐶 [V∕s] 𝐼𝑒∕𝐶 [V∕s]

L: Hyperpolarizing bursting 30 10 −0.6 −1
M: Tonic bursting 5 10 −0.6 2
O: Rebound burst 5 10 −0.6 0, −3.5, 0
P: Mixed mode 5 5 −0.3 2

4. Impact

While various GUIs for modeling neurons and neural networks,
offering the ability to manipulate parameters, already exist, none of
these effectively facilitates the utilization of recorded experimental
data in a tailored manner for the task at hand. Most existing GUIs
serve educational purposes within biology classrooms, while others
focus on investigating interactions between groups of neurons. A no-
table mention is the potent NEURON [21] simulator, which allows
the definition of diverse neuron models, dynamic adjustment of their
parameters, modification of network topology, and a plethora of other
functions. This simulation framework strives to replicate in vivo cell
growth and connectivity development, resulting in high realism but
also high complexity. Custom data input is not anticipated, although
it supports fundamental encoding analysis functions. Conversely, the
neuronModelGUI [22] and NESIM-RT [23] serve as tools to scrutinize
the interactions among multiple neurons of various types. It enables
straightforward, intuitive placement of neurons and connections with
adjustable parameters. The integration of recorded datasets into neu-
rons’ inputs is currently uncertain. Additionally, the reliance on Java
and C++ coding could hinder the adoption of Python-based neuron
models. This presents an issue as many machine learning practitioners
4 
prefer Python and utilize PyTorch for training Spiking Neural Net-
works (SNNs). Unfortunately, none of the existing alternatives support
neuron simulations with the PyTorch framework, despite some being
Python-based.

In contrast, our proposed GUI is designed on purpose to empower
developers interested in neuron-based encoding. Its primary goal is to
aid in identifying the most suitable neuron model and its associated
parameters for converting sequences of sample-based real values into
temporally sparse discrete event-based data. Achieving this objective is
facilitated through an interactive interface that provides comprehensive
information at a glance. Furthermore, the GUI incorporates auditory
inspection, allowing users to assess the impact of neuron parameter
adjustments on population firing patterns. To illustrate its efficacy, we
used example data from the tactile Braille data, acquired using a robotic
touch-sensitive fingertip, as presented in [24]. In addition to the well-
known Izhikevich and LIF neuron models, we included the generalized
LIF model described by Ş. Mihalaş and E. Niebur to showcase diverse
neuronal responses and the ramifications of distinct neuron parameters.

5. Known limitations and future work

A limitation of the GUI is the complexity involved in integrating
new models. Currently, users must provide the new neuron model in
one file, manipulatable parameters in another, and include the name in
the Python file running the GUI. Although the process is documented,
it poses a risk of errors due to the multiple files and required actions.
While it is feasible to include customized models by modifying the
software code, a future goal is to simplify this process by creating a
model template, possibly through an API. This would enable easier
implementation of additional neuron models without altering the GUI’s
internal code. For example, such models could be imported in PTB
format via WiN-GUI’s graphical interface. Additionally, considering
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intermediate representations of neuron models through computational
primitives, as proposed by NIR [25], could allow inspecting neurons
from various frameworks and hardware platforms directly within the
GUI.

The GUI serves as a tool to monitor neuron responses, analyzing
how neuron models react to specific inputs. Unlike SNNs simulators
such as NESIM-RT or NEURON, the GUI focuses solely on single-
neuron analysis without complex features like neuron connections.
However, it offers a user-friendly approach to examining individual
neuron responses based on input data and model parameters. If there
is interest in expanding its capabilities to include additional layers
and Machine Learning (ML) functionalities, leveraging the underlying
PyTorch library makes it feasible.

As future improvements to the software, we plan to enhance dataset
loading and preprocessing by providing users with a standard dataset
format, reducing complexity and avoiding the need for internal code
modifications. This will enhance the user-friendliness of the WiN-GUI
interface. Furthermore, we aim to incorporate additional preprocessing
techniques, such as trial-wise or time-step-wise normalization. Finally,
we plan to introduce a new audio output option, allowing users to
choose between playing selected channels or all channels.

6. Conclusions

In conclusion, the WiN-GUI provides a powerful and versatile inter-
face for researchers and developers working with neuron-based encod-
ing and SNNs. Its array of features spans data selection, visualization,
preprocessing, channel configuration, neuron model integration, and
tuning, with audio output. This creates a comprehensive toolkit for
designing, exploring, and understanding neural encoding by accounting
for specific needs depending on the target application. We believe
this is a useful addition to the tools available to researchers in the
neuromorphic computation and sensing domain and it will grow with
the contribution of the community.
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