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Graphical user interface

The WiN-GUI enables real-time exploration of neuron model behaviors by adjusting internal parameters and
accounting for input properties such as scale and temporal resolution. The spiking responses are however
often difficult to interpret and categorize. The update to version 2 introduces a systematic labeling of spike-
patterns to facilitate clearer communication across researchers and disciplines, enabling a common framework
to describe neuron responses without sharing data. Labels also allow researchers to intentionally target specific
neuronal behaviors, fostering biologically plausible simulations or specific tuning goals. To this end, our

WIiN-GUI incorporates a spike-pattern classifier for automated identification and analysis of neuron activity,
streamlining research and collaboration.
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Description of the software-update

The WiN-GUI [1] is designed to develop spike encoding schemes
for sample-based data. It supports multiple neuron models and allows
dynamic adjustments to input dynamics and neuron parameters, pro-
viding immediate observation of their effects on neuronal responses.
Multi-channel input and internal state variables are visualized using a
unified color-coding scheme for clarity.

Biological neurons display diverse spiking behaviors, extensively
documented in the literature, e.g. in [2] which categorizes 20 distinct
patterns. These patterns, expanded and illustrated in Fig. 1, serve as a
foundation for classification. To improve and standardize communica-
tion among researchers regarding spiking activity influenced by input
or parameter variations, we enhanced WiN-GUI to classify encoding
strategies based on these patterns.

DOI of original article: https://doi.org/10.1016/j.s0ftx.2024.101759.
* Corresponding author.
E-mail address: vittorio.fra@polito.it (Vittorio Fra).
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Such classification employs the Recurrent Spiking Neural Network
(RSNN) model described in [3], trained on the 20 above mentioned
spiking behaviors. The tool can also simplify results by displaying only
five principal categories: Regular (periodic single spikes), Single burst (a
single spike burst), Multi-burst (multiple spike bursts), Mixed (variable
Interspike Interval (ISI) patterns), and Unstructured (indistinct features
lacking classification).

1. Spike-pattern classifier integration

The original content of the WiN-GUI is now located in the “Data Vi-
sualization” tab and remains unchanged. The new ‘“Spike-Pattern Visu-
alization” tab presents the results produced by means of a spike-pattern
classifier.
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Within this tab, the first column lists input sensor IDs. The second
column provides the predicted spike pattern, while subsequent columns
present class probabilities. The latter indicate the distribution and clas-
sification confidence, and they are displayed as percentages in color-
coded cells. If no spikes are detected, the row remains empty with white
cells. Classification can be performed and visualized with different
levels of detail, whose selection is possible through checkboxes.

The batch size for classification defaults to 128 but it can be modi-
fied in the code. For channels with multiple trials from windowing, the
mean likelihood determines the winning class. Adjusting neuron param-
eters with the sliders or modifying input properties with checkboxes
initiates the classification process, which is reported and updated upon
selection of the “Pattern classification” checkbox. A terminal progress
bar displays its status.

Section 2 details the dataset preparation for the spike-pattern clas-
sifier training, including the definition of behavioral super-classes.
Section 3 covers the classifier’s model definition, training, and op-
timization. Finally, Section 4 provides an example of spike-pattern
classification using the “Spike-Pattern Visualization” tab, and Section 5
discusses current limitations and potential improvements.

2. Spike-pattern dataset

In the work by Mihalas and Niebur (2009) [2], 20 distinct neu-
ronal behaviors are documented. We replicated these behaviors using
a PyTorch model as described in [1], adhering to the equations and pa-
rameters specified in [2]. By introducing noise and jitter, we generated
a dataset with high variance yet retained separability.

Unlike Mihalas and Niebur [2], we explicitly consider C as an
internal neuron parameter rather than a scaling factor, thus the neu-
ronal response is driven by the excitatory input I, instead of the
original 1,/C. The resulting behavior is then influenced by the neuron
parameters, the input strength and dynamics, and the initial conditions.
The table presented in [2] distinguishes spiking behaviors with iden-
tical neuron parameters by grouping them with horizontal lines. Input
characteristics I, predominantly dictate the neuronal activity, with two
exceptions requiring specific initial conditions.

The most distinct spiking behaviors occur with a =557, A; =0 A,
and A, = 0 A under various inputs (Fig. 1, C-J). Bursting responses
are elicited with A; = 10 A and 4, = -0.6 A (Fig. 1, M-0). For
constant input I, = 1.5 A, we observe Tonic spiking, Phasic spiking, and
Phasic bursting (Fig. 1, A, D, N). With temporal dynamics (step input),
Integrator emerges (Fig. 1, I). Similarly, with I, = 2 A, we observe
Spike frequency adaptation, Tonic bursting, and Mixed mode; adding a step
results in Afterpotential (Fig. 1, C, M, P, Q). For Class 1, the potential
E; must be set to the threshold O, with 6, just below —0.0500002 V,
as in Mihalas and Niebur. To elicit Class 2, E; and © must be initialized
at —0.03 Vv (Fig. 1, B, H).

The dataset is produced with trials of 1 s and a simulation time step
of 1 ms. Compared to [2], I, is perturbed via: (I) addition of white noise
Hnoise> (I1) @ random constant offset 4, ., and (III) random temporal
jitter for step inputs (z;;,,.). We used the Silhouette score of mean ISIs
to assess noise levels. The score starts at 0.72 with good separability
and decays as noise increases. Noise (7,,,,) impacted decay more
than offset (u,/ ). Noise and offset levels beyond 0.2 caused high-
frequency spiking, reducing class distinction (Silhouette score 0.1). To
account for variability, we generated 100 trials per class and noise
combination using:

(D Nnoise = 0.1 V/S and Mnoise = 02 V/S)

D Hosfser ~ U=0.1,0.1) V/s and pry e ~ U(=0.2,02) V/s,

M Tjiger ~ U(=10,10) ms.

With respect to the original data [2], most features remain con-

sistent, though perturbations primarily affect features originally one-
second long. Some behaviors repeat characteristic patterns, depending
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on trial length. In Class 1, noise relaxes the threshold condition, in-
creasing firing rate by frequently pushing the membrane potential
above the threshold. In Afterpotentials, noise sometimes prevents the
membrane from reaching threshold. The most noticeable change occurs
in Basal bistability (Fig. 1, R), where bursting is influenced by noise,
offset, and jitter.

Behaviors super-class definition

For the purposes of WiN-GUI, and specifically in this update, we
introduce an additional, higher level of analysis for neuronal behav-
iors. Expanding on the spiking activity set presented in [2], we de-
fine five super-classes to group behaviors with similar features. To
establish a systematic labeling that simplifies the design of spike-
encoding modules, a coarse-grained classification is indeed advanta-
geous. This captures key characteristics common to different behaviors,
enabling further refinement through a two-step approach able to target
the most appropriate class for specific goals. Conversely, super-classes
alone can be useful in exploratory phases where fine discrimination is
unnecessary and a macroscopic view of behaviors suffices.

The super-classes are as follows: Regular, for patterns with periodic
single spikes; Single burst, for responses that generate a single spike
burst; Multi-burst, for behaviors with multiple bursts; Mixed, for activi-
ties with variable ISI; and Unstructured, for cases without clear defining
features from the categories above.

The neuronal behaviors illustrated in Fig. 1 are grouped by super-
class as follows: A, B, K, and Q in Regular; N and O in Single burst; L,
M, R, and S in Multi-burst; C, D, E, H, J, and P in Mixed; F, G, I, and T
in Unstructured.

3. Spike-pattern classifier
Model definition

A two-layer fully connected RSNN, inspired by Miiller-Cleve
et al. (2022) [3], was utilized, featuring a virtual input layer and
Current-Based LIF (CuBa-LIF) neurons in both the hidden recurrent
and the output layer. The discretized neuron model is defined by the
following equations for the ith neuron:

LIt = allt = 11+ 1, [t + ) V- Sl = 1]
J
Uiltl = (BU[t = 11+ L[t - (1 = S;[t = 1])

where I; and U; represent the synaptic current and the membrane

potential respectively; I, ;[t] = X ; W;; - S;[t— 1] represents the weighted

-1

spiking activity from the previous layer; @ = exp > and f =

sy
exp <_—l) are decay constants for the synaptic current and membrane
potent”feaml, respectively; Y Vi Sl is the recurrent term, S 5[t =
{0,1} indicates neuron firing; and (1 — S;[t — 1]) models the hard reset
mechanism for neuron i upon firing.

The network was trained using Backpropagation Through Time
(BPTT) with supervised learning through cross-entropy on the output
layer activity, and a surrogate gradient was applied, modeled by a fast
sigmoid as follows:
oW = T30
with 4 being a hyperparameter set to 10 for the present model.

To address potential pathological firing behaviors within the net-
work [4], two regularization terms' were added to the hidden recurrent
layer, resulting in the overall loss function defined as:

L=L,+L,+L,

1 https://github.com/fzenke/spytorch
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Fig. 1. Representative samples from the spike-pattern dataset were generated by introducing white noise and jitter into the neural responses from [2]. The orange line denotes
the input current, the blue line represents the neuron’s membrane potential, and the red dots indicate spike events. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

B T 2
1 . Ha
£Ce=—§21(l=ys)' 2=BNZ<ZZS,[H]>
s=1 N B n=1
T o) where B is the batch size, N is the number of neurons in the hidden
eXP<Zn=1 S ["]> recurrent layer, S; is the spiking activity of the i-the neuron in this
+log layer, and the strength coefficients 1 x 10~* and 1 x 1078, respectively.
Netass T o
Yo expl Xpey ;]
Hyperparameter optimization
T
Hi
L =—1_ S.
'"B.N %‘4; nz; ilnl We performed HPO for the RSNN-based spike-pattern classifier

using the Neural Network Intelligence (NNI) toolkit, conducting one
thousand training trials with validation at each epoch, following a
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Fig. 2. The learning curves from retraining the best model after the HPO experiment are presented in (a) and (b), showing the statistical analysis of loss and accuracy respectively.
Solid lines represent median values, while shaded areas indicate standard deviations. In (c), the confusion matrix for the test set is displayed.

procedure adapted from Fra et al. (2022) [5]. The built-in Anneal tuner
was used, with random reinitialization every 200 trials to mitigate local
minima effects [6]; and the highest validation accuracy during training
served as the objective metrics, with the optimal model selected based
on test accuracy.

The spike-pattern dataset described above was divided into training,
validation, and test set with a 70:20:10 ratio.

Optimal classifier

Once the optimal hyperparameters were identified, we conducted
ten additional training repetitions with random training-validation sub-
sets and a fixed test set. Training for less than 30 epochs proved
sufficient for achieving peak performance, with early forgetting ob-
served after approximately 20 epochs as reported in Fig. 2(a) and
Fig. 2(b).

The final model, selected for the highest test accuracy among those
with the best validation accuracy in each repetition, provided classifi-
cation on the test set with accuracy equal to 97.58% and the confusion
matrix reported in Fig. 2(c). Such optimal model was then evaluated
on the super-classes as well, by performing classification of the test
set with super-class labels. The resulting confusion matrix is shown in
Fig. 3, corresponding to an overall accuracy of 98.78%.

4. Illustrative examples

The visualizations provided by WiN-GUI are shown in Fig. 4, using
input data from the tactile Braille reading dataset.?

The “Data Visualization” tab, illustrated in Fig. 4(a), presents pri-
mary features. Graphic panels are on the left-hand side, while the
right-hand side contains a dashboard for data import and preprocess-
ing, neuron selection, and configuration. Displayed quantities include
input signals, internal neuronal states and spiking activity. Compared
to the previous WiN-GUI version, the “Recurrent integrate-and-fire”

2 Braille dataset: https://zenodo.org/records/7050094

0.01

3 s>

> S
NG @
N

&

Predicted

Fig. 3. Confusion matrix generated by the optimal model on the test set, focusing on
super-classes, with an overall accuracy of 98.78%.

neuron model has been replaced with the “Current-based integrate-and-
fire” neuron, and checkboxes for the classification of spiking activity
can now be found under the “Spike-Pattern Classifier” section, directly
above the audio controls.

In Fig. 4(b), the “Spike-Pattern Visualization” tab displays classifica-
tion results when only the “Pattern classification” checkbox is selected.
With this option enabled, spike-pattern classification is conducted at
the super-class level. When the “Neuronal behaviors” checkbox is also
selected, an extended classification is displayed, as shown in Fig. 4(c).

In both Fig. 4(b) and Fig. 4(c), WiN-GUI provides classification
results as probabilities for each input channel. The “Major” column
summarizes the predominant behavior identified, applicable to both
super- and sub-classes.
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Fig. 4. Example of neuronal response and spike encoding generated using the Mihalas-
Niebur model. The original, unchanged, data visualization is shown in (a). The
spike-pattern classification results, presented in the new “Spike-Pattern Visualization”
tab, are displayed with super-classes in (b) and with the complete set of behaviors in

().

5. Known limitations and future work

The current spike-pattern classifier is trained on 1000 time-step
data, necessitating slicing for longer inputs, which constrains flexibility.
Addressing this limitation could significantly enhance adaptability to
varying data lengths.

The classification results lack insights into the neuron’s resilience
to input perturbations, parameter variations, or the specific operating
point. Pignari et al. (2024) proposed a method for examining these
factors by analyzing spike-patterns within a graphical parameter space
representation [7]. Adopting a similar approach —allowing exploration
of spike-pattern landscapes as functions of neuron model parameters
— could facilitate in-depth analysis of neuronal stability and transition
criteria.

Another limitation is classification time. Reducing computational
time could be achieved through dynamic batch-size adaptation for
optimized GPU utilization and enhanced parallel processing.
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