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Abstract—The article proposes a method for encoding input signals in a spiking neural network based
on the mathematics of path complexes on directed graphs. The hypothesis formulated is that when the
input signal is repeatedly applied, the STDP dynamics increases synaptic weights along the pathways of
active neurons, while the weights of other synaptic connections decrease. As a result, a directed subgraph
(path complex) is appearing for each input signal consisting of edges with large synaptic weights. Such
path complexes should be unique for different input signals. This hypothesis is confirmed by the example
of a simple spiking neural network model, for which a relevant parameter window has been found. Two
methods of comparing path complexes (input signals encodings) are proposed. The first one is based on
the introduction of the Euclidean metric on a set of path complexes, and the computation of distances
between path complexes. The second one consists of compiling the algebra-topological portraits of
path complexes—simplexes and homologies, and their subsequent comparison. The proposed method of
encoding input signals is, in fact, a new tool that can be considered as an initial stage in the development of
a new type of approaches to data analysis.
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1. INTRODUCTION

Spiking neural networks are a separate class of
artificial neural networks in which neurons interact
through the transmission of short-term impulses
(spikes) [1] through synaptic connections, thereby
simulating neuronal processes in the brain.

As a mathematical structure, spiking neural net-
works are directed graphs (digraphs) [2]. A dynamic
system is implemented on digraphs, in which there
are two types of interacting elements—neurons (di-
graph vertices) and synaptic connections between
neurons (directed edges of the digraph). The spiking
neural network is a dynamic system, unlike other
types of artificial neural networks in which there are
no internal processes developing over time.

The synaptic connection is characterized by the
time of transmission of the spike along the corre-
sponding edge of the digraph tsyn (synaptic delay).

*E-mail: ilyin0048@gmail.com

The dynamic state of the synaptic connection is set
by such a parameter as ω (synaptic weight). Its value
affects the change in the dynamic state of the neuron
at the moment when a spike arrives at it through
this synaptic connection. In our studies, the values
of synaptic weights are limited by the interval 0 <
ω < 1.

The dynamic state of a neuron changes at the mo-
ment when the spike arrives along the incoming edge
and at the moment when this neuron emits a spike,
which is transmitted along the outgoing synaptic
connection. In this article the Leaky Integrate-and
Fire neuron model [3] is used, in which the neuron
dynamics is set by the membrane potential, limited
by the upper threshold value. Upon arrival of an
incoming spike, the membrane potential increases by
an amount proportional to the weight of the synaptic
connection through which the spike came. If the
increased membrane potential does not exceed the
threshold value, then it starts to decrease with the
characteristic time τm (relaxation period), until a new
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spike entries this neuron. When the threshold po-
tential is exceeded, the neuron emits a spike, after
which the membrane potential drops to a minimum
state (relaxation level). This state is retained for some
time, called the refractory period of the neuron, tref.

In spiking neural networks there is another dy-
namic aspect, plasticity, which works at the level of
two neurons (preneuron and postneuron) with synap-
tic connection between them. In this article, we use
Spike-Timing-Dependent Plasticity (STDP) [4, 5].
There are two branches of the STDP dynamics.
The first one (positive)—if a spike from a preneu-
ron arrives at a postneuron before the postneuron
emits a spike, then the weight of the corresponding
synaptic connection increases. The second branch
(negative)—if a postneuron emits a spike before a
spike from a preneuron arrives at it, then the weight
of the synaptic connection between them decreases.

Note that the STDP dynamic was discovered ex-
perimentally by neuroscientists [5, 6]. At the same
time, it has a historical predecessor—Hebb’s rule
[7], in which there was no negative branch of weight
change. The Hebb’s rule was proposed to train neu-
ral networks at the synaptic level. Note, that both
branches of the STDP dynamics play a critical role
in our research.

All dynamic aspects of a spiking neural network
are formulated at the local level of basic dynamic
elements—neurons and synaptic connections. The
STDP rule is also formulated locally—it involves a
pair of neurons with synaptic connection between
them. At the same time, learning a spiking neu-
ral network is understood as an optimization of the
network in a whole. There is a problem of bridging
the gap between the local and global levels in the
dynamics of spiking neural networks—how to move
from local neurodynamic phenomena to global pro-
cesses that could be interpreted, for example, as the
training of spiking neural networks. This problem is
of fundamental character for the concept of machine
learning, which remains unresolved at the moment.
Note that in neuroscience, the same problem is far
from being solved.

The STDP impact on the dynamics of weight
distribution in the spiking network may be consid-
erate as follows. The weights are increased of those
incoming connections through which the pre-spikes
arrive actively just before the neuron emits outgoing
spike. In case of such active incoming environment
the neuron became to be more active, and its outgo-
ing activity will increase, enhancing activity of next
neurons. This would mean that the STDP dynamics
can generate paths of active neurons at the scale
of the digraph. Following these assumptions, we
formulatethe encoding hypothesis:

When the input signal is repeatedly fed into
the spiking neural network, the STDP dynamics
increases synaptic weights along the paths of ac-
tive neurons, while reducing the weights of other
synaptic connections. As a result, a directed sub-
graph (path complex) consisting of edges with
large synaptic weights will be identified in the
network for this signal. These path complexes
will correspond uniquely for input signals.

The starting value for all synaptic weights of
the spiking network is chosen to be 0.5. Then, if
the encoding hypothesis holds, then an important
phenomenon will be bimodal distribution of synaptic
weights in the digraph after some feeds of the signal.
This means that there should be no edges with
weights in some range around the starting value of
0.5. The bimodal distribution open the possibility of
numerical highlighting of the path complexes under
discussion through the cut off of edges with small
values of synaptic weights.

In research we will use the mathematics of path
complexes in directed graphs [8, 9].

For the chosen digraph architecture, the set of
parameters of the spiking neural network is selected
so that for each input signal, its unique path complex
manifests itself. The corresponding set of path com-
plexes is analyzed by methods of algebraic topology.
Simplexes of different dimensions are identified and
homologies are computed for each of path complex.
As we will see further this set of algebra-topological
structures characterizes input signals uniquely.

The path complexes obtained for the input signals
can be represented as points in Euclidean space, the
unit vectors of which correspond to the edges of the
digraph. If the minimum distance between these
points is greater than zero, then this will means the
encoding hypothesis formulated above is hold.

As a result, we can talk about a new method of
encoding input signals in terms of path complexes
in the digraph of a spiking neural network. On this
basis, it will be available for the development of new
types of data analysis tools without the (resource-
intensive) step of training a neural network on large
datasets.

In the following sections of the article we discuss:

• the spike neural network model, Section 2;

• model of the input signals, Section 3;

• computational experiments and bimodality in
the distribution of weights, Section 4;

• mapping of path complexes into Euclidean
space, Section 5;
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(а)

(c)(b)

Fig. 1. (a) Topology of the SNN digraph, (b) an example of a path complex with 10 vertices and 16 edges, (c) visualization of
two 2D simplexes (triangles, red) and one 3D simplex (tetrahedron, blue) on this path complex.

• algebra-topological portraits of path com-
plexes, Section 6.

The Conclusions section discusses the results of
the conducted research and computational experi-
ments.

The literature presents the results of studies on
synchronous excitation of groups of neurons in spik-
ing neural networks [10]. One of these results is the
observation of polychronic groups of neurons [11],
between which (excitatory) synaptic connections are
abnormally strengthened as a result of neural activity.
In such groups, stimulation of a subset of neurons
activates excitation of the entire group as a whole. As
a result, polychromic groups of neurons can be con-
sidered as separate operational units of spiking neural
networks. These results may be assessed as a step
towards solving the fundamental problem formulated
above of the transition from local neuronal dynamic
phenomena to global processes in the network, which
could be interpreted as cognitive processes.

In the context of our research, we also note the
publications [12, 13], which present the results of
studies of the problem of unified cognitive mechanism
of memory at two significantly differed time scales of
dynamic processes in the brain: at the scale of spiking
neurons (tens of milliseconds) and the scale of astro-
cytic modulation of synaptic transmissions (minutes).
These studies aim to address the problem of the gap
in time scales between neurodynamic processes and
cognitive processes in the brain.

An important applied feature of spiking neural net-
works is the possibility of hardware implementation
on specialized neuromorphic chips, for example, of
the memristive type [14, 15]. This can potentially re-
duce energy consumption compared to artificial neu-
ral networks running on traditional computing de-
vices, such as graphics processors. This feature also
actualizes research in the field of spiking networks.

2. SNN MODEL

The architecture of the selected spiking neural
network model (thereafter SNN) includes 10 neurons
and 30 synaptic connections. Three directed edges
enter and three edges exit each vertex of the digraph
in this model. The SNN model is chosen in such a
way that the digraph structures are sufficient for the
manifestation of path complexes separating a set of
input signals. Due to the limitation of the number of
input and output edges for each vertex, the manifested
path complexes can contain 0-dimensional (vertices),
1-dimensional (edges), 2-dimensional (triangles),
and 3-dimensional (tetrahedra) simplexes. Such
simplexes allow for visualization, which was the
motivation for limiting the number of incoming and
outgoing edges at the vertices of the digraph.

In Fig. 1a an SNN digraph with 10 vertices and
30 edges is presented. Four vertices (green marks)
are shown as vertices, receiving input spikes from
signal sources. At the bottom left (Fig. 1b) an ex-
ample of a path complex is shown. And at the bottom
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Fig. 2. STDP based on the approximation of the conduc-
tivity of nanocomposite memristor.

Fig. 3. Input signals: each signal is represented as 2× 2
square of pixels, where A is a black pixel, B is a white
pixel.

right (Fig. 1c) examples of two 2D simplexes (trian-
gles, red) and one 3D simplex (tetrahedron, blue) are
visualized on this path complex.

The SNN model includes a specific implementa-
tion of the STDP dynamics. There are many such
implementations in the literature. In our studies, we
have chosen the variant of STDP (see Eq. (1)) that
can be implemented on nanocomposite memristive
chips [16]. In such an implementation, the following

equations [17] are used for the two branches of the
STDP dynamics (positive and negative, see Fig. 2):

Δω(Δt)

=

⎧
⎨

⎩

A+ω
[
1 + tan

(
μ+−Δt

τ+

)]
, Δt > 0;

A−ω
[
1 + tan

(
Δt−μ−

τ−

)]
, Δt < 0.

(1)

Here, Δt = tpost − tpre; A+ (>0) and A− (<0) are
the coefficients of potentiation and depression; τ+,
τ−, μ+, and μ− are the time constants of the STDP
dynamics; Δω is the change in the ω, the current
value of the synaptic weight.

3. MODEL OF THE INPUT SIGNALS

The model of input signals includes 16 signals,
each consists of 4 binary pixels. Figure 3 shows
images of input signals, in which each of the four
pixels can be in one of two states: A—black, B—
white.

The vertices of the SNN digraph are numbered
from 0 to 9. Four vertices are designated as input
vertices (their numbers are 0, 1, 2, and 3). During
the first 20 ms (the signal feed window), the signal is
fed. The pixels in these images are numbered in the
same order for all signals, say as 0, 1, 2 and 3. The
fed rule is the following—for all signals four pixels are
fed on four input vertices uniformly over the signals:
1st pixel is fed on the 1st input neuron, ..., 4th pixel
is fed on the 4th input neuron, as shown in Fig. 4.
During the next 80 ms there is no input signals. We
will denote this 100 ms interval as an epoch.

If a pixel is in state A (black), it is encoded by four
spikes, which are fed at times of 2, 7, 12, and 17 ms
within the signal feed window. If a pixel is in state B
(white), it is encoded by one spike, which is fed to its
input neuron at time 10 ms in the signal feed window.

4. COMPUTATIONAL EXPERIMENTS.
BIMODALITY

For the computational experiments, the SNN
model and input data model described in Sections 2
and 3 were used with the following set of parameters:

• general parameters: spike duration 0.1 ms,
synaptic delay tsyn = 0.1 ms;

• neuron parameters: refractory period tref =
1 ms, membrane potential relaxation period
τm = 3 ms, threshold voltage Vth = 16 mV,
resting voltage Vrest = −65 mV;

• STDP parameters: A+ = 0.14, A− = −0.12,
τ+ = 10 ms, τ− = 20 ms, μ+ = 26.7 ms, μ− =
22.3 ms.
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Each of the 16 input signals is fed into the SNN
multiple times (200 epochs). Before the first epoch,
all synaptic weights are set to the starting state equal
to 0.5. During the computational experiment, the
weights are changed by the STDP dynamics. For
each signal, the resulting distributions of the SNN
digraph weights are recorded for further analysis after
each of 200 epochs.

To check whether a bimodal weight distribution
has been established, intervals of weights around the
starting value 0.5, in which there are no edges, were
computed for each signal i and epoch jep:

ωi
min(jep) < 0.5 < ωi

max(jep), (2)

where ωi
min(jep) and ωi

max(jep) are lower and upper
boundaries of these intervals (thereafter, bimodal in-
tervals).

For the full set of signals from the lower boundaries
of the bimodal intervals (see Eq. (2)) the maximum
value is selected for each epoch, ωmin(jep), and from
the upper boundaries the minimum value is selected,
ωmax(jep). We obtain bimodal intervals at differ-
ent epochs for the entire set of signals according to
Eq. (3)

ωmin(jep) < 0.5 < ωmax(jep). (3)

It follows from Fig. 5 that bimodal weight distri-
bution is stabilized after 50th epoch, with sizes of the
bimodal intervals more than 0.6. It is worth to note
that upper boundary of this interval, wmax, is stabi-
lized starting already from 25th epoch at the level of
0.7. This makes it possible to identify path complexes
with large weights using a cutoff less then 0.7.

5. MAPPING PATH COMPLEXES
INTO EUCLIDEAN SPACE

In this and next sections for all signals we will use
the weight distribution after 200th epoch.

There is an obvious way to introduce the Euclidean
metric on the set of path complexes. For this purpose,
each edge of the digraph corresponds to an unit vector
of the Euclidean space E , which, in our case, will be
30-dimensional. The mapping of the path complex π
into E can be defined in two ways:

π →
30∑

k=1

απ
kek ∈ E , (4)

π →
30∑

k=1

απ
kωkek ∈ E , (5)

where απ
k = 1 if k ∈ π, and απ

k = 0 otherwise. Here
ωk are the synaptic weights of digraph edges. Note

Fig. 4. The scheme of the BAAB signal feed to the input
neurons. On the top the indication from which pixel in
the signal to which input neuron the spikes come. On the
bottom one epoch of the signal feed is shown.
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Fig. 5. Upper wmax and lower wmin boundaries for the
bimodal interval (3) in dependence on epoch.

that in the formulas (4), (5), only the weights of edges
on the path complex π contribute, since the contribu-
tions of other edges are nullified by the coefficient απ

k .

The mappings (4), (5) match two points in E to the
same path complex. Thus, we obtain two metrics in
the space of path complexes.
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Fig. 6. Minimum distance along the first metric (exclud-
ing weights) between pairs of path complexes in depen-
dence on the cutoff value, ωcut.

In the case of (4), distances are computed without
taking into account the weights on the edges of the
path complex. Such metric will be used to compare
path complexes as digraphs. Obviously, if such dis-
tance between two path complexes is zero, then they
coincide as digraphs.

In the case of (5), the distances are computed tak-
ing into account the weights on the edges of the path
complex. Such distances will allow us to estimate
the proximity of path complexes taking into account
information from the dynamic action of STDP. This
may be important, for example, for estimating the
proximity of path complexes at different degrees of
signal noisiness. If the noisiness is small enough, it
may turn out that the path complexes, as digraphs,
are coincided. And it will be possible to distinguish
them only by weight distributions, i.e., with the help
of the second metric (5).

Let us first analyze distances between pairs of path
complexes, computed by the first metric (4). The plot
in Fig. 6 shows dependence of the minimum distance
between pairs of path complexes (input signals) com-
puted for different values of ωcut. If ωcut < 0.7, some
pairs of path complexes appear with zero distance
between them, which means that they completely co-
incide as digraphs. In the interval 0.71 < ωcut < 0.74,
the minimum distance is 1.4. At larger cutoffs, the
path complexes become disconnected digraphs, and
then zero distances appear again. We can conclude
that encoding of input signals in terms of path com-
plexes is optimal for 0.71 < ωcut < 0.74.

Later in this section and in the next section, we will
use ωcut = 0.71 to cut off edges with small weights
in order to identify path complexes as encoding input
signals.

15

10

5

20

0 0.5 1.0 1.5 2.0 2.5 3.0
Distance between path complexes

Fig. 7. Histogram of distances from Table 1 between path
complexes (input signals).

Now, let us look at the distances between the path
complexes (input signals) computed by the second
metric (with weights). These distances are presented
in Table 1. The minimum distances in this table is
equal to 1.1.

6. ALGEBRA-TOPOLOGICAL PORTRAIT
OF A PATH COMPLEX

We define the algebra-topological portrait (ATpor-
trait) of the input signal as the set of simplexes and
homologies in the corresponding path complex.

To find homologies, we use the theory of homolo-
gies of path complexes presented in [8]. The notion
of path complex unifies and generalizes the notions of
simplicial complex and digraph. A complex of paths
P on a finite set V is a set of paths (sequences of
points) on V such that if a path v belongs to P , then
the truncated path obtained from v by removing the
first or the last point belongs to P also. For a given
path complex P , all paths in P are called allowed.
Obviously, any directed graph defines a path complex
in which the allowed paths go along the directed
edges of the digraph.

To define the homology of a path complex P with a
set of vertices V , one introduces the space of allowed
n-paths (paths out of n vertices)

An =

⎧
⎨

⎩

∑

i0,...,in∈V
vi0...inei0...in : i0 . . . in ∈ P

⎫
⎬

⎭
, (6)

where vi0...in are real coefficients and ei0...in is an
elementary n-path (an arbitrary sequence of p+ 1
vertices from V ). On this space we introduce the
boundary operator

∂ : An → An−1,
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Table 1. Distances between path complexes computed using the second metric (5), after 200th epoch and ωcut = 0.71.
The numeration in the first column and the first row corresponds to the signals as follows: 1—BAAA, 2—ABAA,
3—AABA, 4—AAAB, 5—ABBB, 6—BABB, 7—BBAB, 8—BBBA, 9—AABB, 10—BABA, 11—BBAA, 12—ABAB,
13—ABBA, 14—BAAB, 15—AAAA, 16—BBBB

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1 0 – - – – – – – – – – – – – – –

2 2.3 0 - – – – – – – – – – – – – –

3 2.8 2.3 0 – – – – – – – – – – – – –

4 2.4 2.4 2.5 0 – – – – – – – – – – – –

5 2.7 1.7 1.6 2.7 0 – – – – – – – – – – –

6 1.9 1.1 2.5 2.3 2.0 0 – – – – – – – – – –

7 2.3 2.1 3.1 2.4 2.7 1.8 0 – – – – – – – – –

8 2.7 1.9 2.2 2.5 1.6 1.9 2.5 0 – – – – – – – –

9 2.9 2.4 1.4 2.4 1.8 2.6 3.0 2.0 0 – – – – – – –

10 2.5 2.3 1.1 2.2 1.9 2.5 3.2 2.1 1.8 0 – – – – – –

11 1.7 1.7 2.9 2.8 2.6 1.4 2.0 2.3 3.0 2.9 0 – – – – –

12 2.4 1.6 2.5 2.2 2.0 2.0 1.8 1.9 2.5 2.5 1.9 0 – – – –

13 2.5 1.8 2.0 2.6 1.4 1.8 2.5 1.4 2.2 2.2 2.1 1.9 0 – – –

14 3.0 2.9 3.2 2.6 3.2 3.0 2.6 3.0 2.9 3.2 2.9 2.6 3.2 0 – –

15 2.1 1.8 2.0 2.2 1.8 2.0 2.6 1.7 2.2 1.7 2.2 1.7 1.9 2.7 0 –

16 1.9 1.2 2.2 2.0 1.7 1.1 1.9 1.5 2.3 2.2 1.8 1.6 1.4 2.8 1.7 0

which is defined on the elementary paths by

∂ei0...in =

n∑

k=0

(−1)kei0...̂ik...in ,

where îk means the omission of the index ik.
By definition, for any n ≥ 0, vector space of n-

dimensional homologies is a factor space

Hn = Ker∂|Ωn/Im∂|Ωn+1 ,

where ∂|Ωn is the contraction of the boundary opera-
tor to the space of ∂-invariant n-paths

Ωn = {v ∈ An : ∂v ∈ An−1} .

Above we used the term simplex without giving
strict mathematical definition for it, limiting ourselves
to geometric notations. Following the [8, 9], we define
a digraph-simplex of dimension d as a directed graph
with d+ 1 vertices, each pair of vertices connected by
a directed edge, and which has trivial vector spaces
of n-dimensional homologies for n ≥ 1. The latter
condition is ensured by the fact that the vector spaces
of n-dimensional homologies of the simplex are trivial
for n ≥ 1. A digraph-simplex defined in this way is
topologically equivalent to a simplex.

The count of simplexes for the ATportrait of a path
complex is performed with the following conditions:
the number of 2-dimensional simplexes does not
include faces of the tetrahedrons (3-dimensional
simpelexes), the number of 1-dimensional simplexes
does not include edges of 2-dimensional and 3-
dimensional simplexes. We will denote these features
as: N s

1 , N s
2 , and N s

3 correspondingly. Moreover,
the path complexes obtained for the input signals
can have only 1-dimensional homologies—closed
directed cycles composed of edges. This is a con-
sequence of limitation on numbers of vertices and
synaptic connections in the SNN digraph. There can
be several such cycles, up to three. For each cycle we
will specify the number of its edges, nh

c .

Thus, we will represent ATportrait for each input
signal as a vector with 7 components:

ATportrait =
(
N s

1 , N
s
2 , N

s
3 , N

h, nh
1 , n

h
2 , n

h
3

)
.

The results of computing these characteristics for
all input signals are presented in Table 2. Analysis of
this table allows us to conclude that each signal has
its own unique ATportrait.
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Table 2. ATportraits for path complexes obtained for the
input signals (after 200th epoch, and ωcut = 0.71)

Signal Ns
1 Ns

2 Ns
3 Nh nh

1 nh
2 nh

3

BAAA 6 2 1 2 14 8 –

ABAA 3 9 0 1 21 – –

AABA 5 2 2 2 16 18 –

AAAB 2 4 1 2 14 8 –

ABBB 3 3 2 2 17 18 –

BABB 2 5 3 1 23 – –

BBAB 6 1 2 1 15 – –

BBBA 3 8 0 2 18 18 –

AABB 2 6 2 2 19 20 –

BABA 4 6 0 2 15 13 –

BBAA 5 4 1 1 20 – –

ABAB 9 3 0 3 9 15 15

ABBA 1 5 2 1 20 – –

BAAB 8 2 0 2 8 9 –

AAAA 6 5 0 2 13 13 –

BBBB 2 7 1 2 20 20 –

7. CONCLUSIONS

In Sections 5 and 6 two methods were proposed
for comparing path complexes that are encodings of
input signals: computation of Euclidean distances
between path complexes and algebraic-topological
portraituring.

Each of these methods confirms the validity of the
encoding hypothesis of input signals in terms of path
complexes formulated in the Introduction.

This result was obtained for simple models, SNN
(Section 2) and input data (Section 3). The limita-
tions of the chosen SNN model architecture
(10 neurons with 3 incoming and 3 outgoing synaptic
connections) allowed visualization of path complexes.
In addition, the dimensions of simplexes are limited
to 3, and only 1-dimensional homology is possible.

Fig. 8. Digraph-simplex of dimension 2 (triangle).

Such structures can be visualized, which increases
the interpretability of the results. These architectural
limitations also simplified the research and compu-
tational experiments. At the same time, we note
that the encoding hypothesis nevertheless received
significant support, justifying further research.

The following comments can be made on the two
methods of comparing path complexes (input signal
encodings) proposed in Sections 5 and 6. The Eu-
clidean metric method for comparing path complexes
is based on the (obvious) fact that a path complex is
uniquely determined by a set of edges in a directed
graph. On this basis, in Section 5 we proposed
definitions of two metrics (4 and 5) for numerically
comparing path complexes (input signals). We note
that the representation of path complexes in the edges
terms used in the definitions of these metrics can be
interpreted as a conjuction to the representation in
terms of admissible paths over vertices in the SNN
digraph (see Eq. (6)). One can suppose that compar-
ison of path complexes based on Euclidean metrics
(Eqs. (4) and (5)) and by the ATportraituring could
be not effective for a deeper structural analysis of
input signals. In this connection, mathematics of
cohomologies, which are mathematically conjugate
objects in relation to homologies, may be interesting
for such an analysis.

The next comment concerns the proposed input
signal encoding method as a whole. This method is,
in fact, a new tool for analyzing input signals. Our
research showed that this tool requires fine tuning
of the SNN model parameters and the parameter
for cutting off edges with small weights, ωcut. For
example, for the relaxation period of a neuron in the
SNN model, we used the value τm = 3 ms in the
computational experiments. If this parameter is less,
τm < 2 ms, or greater, τm > 5 ms, the problems
with bimodality will appear. Further, in Section 5
it was found that the proposed method turned out
to be sensitive to the parameter ωcut for cutting off
edges with small weights.With the parameters used
in the computational experiments, a rather narrow
interval for this cutoff parameter turned out to be
acceptable, 0.71 < ωcut < 0.74. Similar problems are
observed for the method of separating input signals
by algebraic-topological portraits of path complexes.
We expect that for complicated models of the spiking
neural network and input signals, a more complete
analysis of the window of acceptable parameter val-
ues will be required to get complete separation input
signals by their encodings in terms of path complexes.

Finally, we note that encoding input signals in
internal terms of the spiking neural network can be
considered as an initial step in developing, for ex-
ample, methods for classifying datasets. Classical
machine learning methods (not spiking ones) require
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a large datasets for training. Our further research
will be aimed at studying the proposed method in
the direction of reducing the dependence on such
a resource-intensive stage as labeling training data
when solving classification problems.
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