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Abstract - This paper tended to the issue of modeling the dynamics of speech based on temporal self-organizing neural 
networks (SOMs).Starting from the premise that the dynamic conduct of the phonetic constituents can be recognized in 
characteristic discourse at the neural level, this work examined the likelihood of separating the highlights of 
phones/phonemes utilizing dynamic SOMs. A version of temporal SOM was suggested that demonstrated the capability to 
incorporate the phones/phonemes dynamic features and furthermore indicate the component trajectories as they show up in 
the feature space. The simulation results proved the potential offered by this version of temporal SOMs to model the 
dynamic features and trajectories for both the individual phones/phonemes and words. The present approach isconsistent 
with recent findings in the field of cognitive neurodynamics, and can be extended as well for modeling brain dynamics in 
other linguistic studies. 
 
Index terms - Speech Modeling, Dynamic Modeling, Neural networks, Self-Organizing Maps, Semantic Modeling, Time 
Series Modeling. 
 
I. INTRODUCTION 
 
Studies upon the brain neural network showed the 
presence of many distinct areas of the cortex 
characterized by spatial organization. According to 
this property, similar regions of the sensory space 
map to nearby regions of cortex. One of such areas is 
the somatosensory cortex known as the "cortical 
homunculus." The primary visual cortex was mostly 
studied, and the spatial organization of the retinotopic 
map was clearly put in evidence [1] [2]. The nearby 
image points map to nearby cortical cells. Other areas 
of the brain show spatial organization of sensory 
physical features. An example is the auditory cortex 
that has tonotopic maps in which the spatial order of 
cell responses corresponds to pitch or acoustic 
frequency [3]. In another report [4], ERP studies were 
conducted to put in evidence the presence of a 
semantic process beyond the cortex response to 
primary sensorial stimuli.The main issue was to 
establish the degree to which the cognitive and neural 
semanticmemory systems for sensory and symbolic 
stimuli overlap.The study put in evidence that the 
neural mechanism responsible for the semantic 
analysis of symbolic information is different from 
that of direct sensory information. However, it seems 
that at a different level of processing, there is an 
amodal semantic system which processes imagistic as 
well as abstractconceptual information. This suggests 
the existence of a hierarchical structure of neural 
processing. At the bottom level may exist different 
neural mechanisms for processing the sensory 
information of different kinds (visual, acoustic, etc.) 
and, at higher levels,there is a separate non-sensory 
semantic mechanism that is accessed from the levels 
below.Besides the spatial organization, another 
direction is the exploration of the neural network 
dynamics. This revealed important aspects that help 
for understanding how neural circuits produce 

cognitive function [5]. A dynamic map-like pattern 
was put in evidenceat a higher level of language 
cognition. Experiments with language-related brain 
potentials suggest the existence of an integrated 
syntactic-semantic map [6]. 
 
Inspired by the researches in neurobiology,different 
computational models of speech and language 
acquisition and processing, mainly based on artificial 
neural networks, have been proposed. The most 
popular approaches are constructed around the 
unsupervised learning model, popularly known 
asself-organizing map (SOM) [7].In [8], a review of 
several SOM-based models of language acquisition is 
provided. Among the most articulatedmodels we can 
mention DISLEX [9] and DevLex-II [10]. These are 
hierarchical models that employ two types of 
learning, unsupervised (SOM) and Hebbian. The 
associative connections between SOMs are trained 
via the Hebbian learning.These models share a 
common concept of language as formed by a 
collection of independent parts in a mechanical kind 
of interaction. This view may be suitable for dealing 
with the formal aspects of language processing but, 
because it did not encompass the dynamics of neural 
systems [11], encountered difficulties in dealing with 
nonlinear aspects of language generation and 
understanding. 
 
In the present study, we are concerned with the 
possibility of developing a neural map model for the 
speech phenomenon from a dynamic perspective. In 
contrast with the above-mentioned models, we 
employed only SOMs, andfocused on the possibility 
to increase the expressivityand the dynamic features 
of the self-organizing map-like patterns. These 
patterns convey information, and ultimately have a 
meaning in themselves. Theycan account for the 
neural activity at different levels of information 
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processing, starting from the sensory level of the 
acoustic signal and arriving finally at the formation of 
words and phrase meaning representation at ahigher 
semantic level.A reasonable assumption was to 
consider that the formation of self-organizing map-
like structures at different levels should follow a 
similar principle of temporal self-
organization.Therefore, at every level, based on a 
similar principle, a map-like pattern is formed which 
in turn is embedded in another more complex pattern 
at a higher level.The present paper deals mainly with 
the formation of map-like patterns for words, starting 
from the elementary sensory acoustic signals of 
phones. 
 
The rest of the paper is organized as follows. In the 
second section we define the main problems that need 
to be accounted by the SOM neural network model 
and we propose the topology of a variant of temporal 
SOM. The third section shows by experimental 
results the possibility to extract the related features of 
phones/words and model the trajectory traces in the 
feature space by a temporal self-organizing map 
(SOM). Finally, the last section draws the 
conclusions and points to further researches. 

 
II. TEMPORAL SOM AS A MANIFOLD 
 
The fundamental premise in the dynamic modeling of 
natural language generation and understanding is that 
it is a phenomenon that can be modeled by the 
activity of neural networks, but it is the activity of 
form, rather than of substance. The linguistic 
apprehension can be described as the interplay of two 
processes at different levels: (1) the empirical 
manifold of the separate syllables or words and (2) 
the synthesis of the manifold that imparts a unity to 
those components which would otherwise have 
remained a mere manifold [12].A manifold is defined 
as a topological space possessing a family of local 
coordinate systems that are related to each other by 
coordinate transformations pertaining to a specific 
class.A two-dimensional manifold may be seen as the 
multidimensional analogue of a curved 
surface.Related to cortex, a manifold may be 
considered as a plausible representation. It’s a space 
that looks locally like the Euclidean plane, but it may 
have different global structure.  
 
In dynamical systems,the manifold is the state space 
or phase space of the system. Considering a 
continuous function, F, the evolution of a variable x 
can then be given by the equation: 
 
xn+1 = F(xn).                                                              (1) 
 
A similar system can carry on either predictably or 
chaotically, contingent upon little changes in a single 
term of the equations that portray the framework.Eq. 
(1) can also be interpreted as a difference equation 

(xn+1 – xn = F(xn) – xn) that can generate iterated 
maps. An attractor is a set of numerical values or a 
region of state space,invariant under the dynamics, 
towards which neighboring states, in a basin of 
attraction, asymptotically approach,in the course of 
dynamic evolution.An attractor's basin of attraction is 
the region in the space of system variables such that 
initial conditions chosen in this region dynamically 
evolve to a particular attractor. This type of behavior 
is suitable for modeling self-organizing processes. An 
example of such an approach is the topological 
feature map or SOM.  
 
The original SOM model is static but several versions 
of temporal SOM were suggested by introducing the 
time dimension into the map [13] [14]. A solution to 
add time to neural networks is encountered in 
practical time series applications of recurrent neural 
networks(RNNs), where there are some nodes that 
provide the sequential context and receive feedback 
from other nodes. The feedback connections are 
added to previous layers of a basic feed-forward 
structure.The weights of the neurons form an active 
memory of input data but following a law of 
exponential discharge. The solution suggested 
initially was to model each neuron by a “leaky 
integrator” placed at the output. Later, better results 
were obtained by moving the integrators from the 
units’ outputs towards their entry. In the versions of 
temporal SOMs, the context can be added in the data 
space or in the weights space.In principle, the 
temporal dimension is added to the map by 
incorporating the context at one particular time step, 
and feeding that data back to the inputs at the next 
time step. 
 
In these temporal SOM approaches, the time 
variablewas considered by adding the context from 
the previous time state. Therefore, the temporal 
dimension is not a distinct perceptive state but is 
given by the sequence in which the physical states 
manifest. Such models lack the capability of fully 
capturing the dynamics of a system.An example can 
be found in [15], where an important problem for 
SOM is discussed related to the difficulties of 
obtaining a realistic speech projection.The issue is to 
find such a topology for a SOMlattice which allows 
the sequences of projected speech feature vectors to 
form continuoustrajectories.Such continuous 
trajectories can account for the dynamic evolution of 
the speech process in the manifold. 
 
The proposed method in the present paperis aligned 
with some models in neuroscience regarding how 
brain processes temporal information as combined 
with sensory information and used also in the 
production of motor outputs [16] [17]. Thetemporal 
processing appears to be distributed among different 
structuresin the brain due to the intricate link between 
temporal and spatial information in most sensory and 
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motor tasks. Therefore, timing and spatial processing 
result to be intrinsic properties of the neural function. 
This view surpasses the limitations of other models 
which cannot explain the sequences of action in terms 
of succession of external stimuli. Based on this 
model, in order to capture the spatiotemporal 
dynamics of the sound signal,we defined the input to 
the neural network as a vector x(t), formed by the 
amplitudes of the acoustic samples a(t) to which we 
added the temporal dimension, as a second variable. 
Each input dimension is called a feature and is 
represented by a two-dimensional vector.This 
variable has a logarithmical evolution, simulating the 
logarithmic scale of brain perception, according to the 
Weber–Fechner law. This law was proved to be 
consistent with observations in audition, vision, 
haptics and numerosity [18] [19]. As a result, two 
scalars {(x1, x2) | x1 = a(t), x2 = klogt} serve as input 
for the network at every step (k is a time parameter). 
Each node in the SOM lattice has two weights, one 
for each element of the input vector: x1 and x2. The 
synaptic weights in the SOM are initialized to random 
values so that 0 <w< 1. In contrast with the static 
SOM, the input vector is not chosen at random from 
the set of training data, but it’s presented to the lattice 
as a time-series.  Given the input x =(x1, x2), we 
defined a function that gives a map from x to w(i, j). 
In other words, it determines which neuron will fire 
or the best matching unit (BMU). This is obtained by 
the condition that ||x – w|| is a minimum: 

 
w(i, j) = argmin ||xi – wi||, i=1,…,N.                        (2) 

 
The convenient way is to calculatethe distance 
between the current input vector and each node’s 
weight vector. The following function computes the 
Euclidean distance squared: 

 
D = Σ(xi – wi)2.                                                         (3) 

 
Next, the BMU’s neighborhood is determined by 
computing the radius of the neighborhood. This value 
starts large, set to the lattice’s radius, and shrinks 
over time: 
 
σ(t) = σ0exp(–t/λ).              (4) 

 
Figure 1: Temporal SOM model. 

σ0 denotes the width of the network lattice at initial 
time, and λ is a time constant. The value of λ depends 
on σ0and the number of iterations chosen to run: 
 
λ = n / logσ0.                                                            (5) 
 
All the nodes that are within the BMU’s 
neighborhood (the BMU included) are going to have 
their weight vectors altered in the iterated learning 
process. The following equation was used to adjust 
the weights w(t) for all these nodes: 
 
w(t+1) = w(t)+ ε(t)hw(t)[x(t) – w(t)],(6) 
 
 
where ε(t) is the learning rate. This decreases with 
time (λ = const.) in a similar way as the radius: 
 
ε(t) = ε0exp(–t/λ).(7) 
 
The neighborhood function hw(t) is computed for the 
winning node w(i, j) as in the classical SOM: 
 
hw(t) = Exp[-D/(2σ2(t))].           (8) 
 
The temporal SOM architecture is presented in Fig. 1. 
This model has the capability to surpass the static 
nature of the classic map by adapting to the dynamic 
changes in the input space.In the next section we 
present the experimental results of using this 
architecture in capturing the dynamics of phones and 
words. 
 
III. DYNAMIC FEATURE SPACEOF WORDS 
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Figure 2: Acoustic parameters anddynamic features of /o/, /b/, 

/k/, /f/, and /s/. 
 
In developing the dynamic model of speech, we are 
interested to start dealing with the distinct feature 
space of phones or the physical segments over time. 
Phones are made out of elemental patterns that repeat 
with slight variations of the sound parameters 
forming a time-series. Their dynamics can be put in 
evidence by the embedding space. In Fig. 2 the 
elemental waveforms of /o/, /b/, /k/, /f/, and /s/ along 
with their corresponding embedding spaces are 
presented. The embedding space serves to uncover 
the dynamics of the sound signal a(t), similar with a 
signature, and is constructed from the original signal 
delayed by multiples of Δt, provided that the 
embedding dimension d is large enough. In our 
experiments, d = 20. The data were 16-bit length, 
sampled at 96 kHz, uttered by a male. These phones 
were pronounced as in the words ox, box, and fox, 
where /k/ and/s/ form the sound for the letter x.On a 
generic audiogram,vowels appear on a lower region 
of the chart because they are spoken louder. 
Consonants are spoken more softly than vowels and 
lie higher on the chart, in the lower decibel ranges. 
Also, consonants are mostly higher-pitched than 
vowels, and they lie more on the right part of the 
chart. The phones /o/ and /b/ appear however very 
close one to another on the same group on the lower-
left part of the diagram. From an audiologist point of 
view, they are quite similar in pitch and loudness, but 
we can remark a very clear distinct dynamic 
evolution by observing the shapes of the embedding 
space for these phones. This dynamic distinction may 
be the reason why the brain can differentiate between 
these two. The consonants /k/, /f/, and /s/ belong to 
the higher-pitched group, and appear in this order. /f/ 
and /s/ are one next to the other in the higher position. 
 

 

 
It’s a natural assumption to consider that the 
dynamics of phones determines the formation of 
phonemes which constitute the entity, over and above 
the sounds, that serves as the minimal semantic unit 
to distinguish between meanings of words.The 
proposed temporal SOM architecture was used to 
extract the dynamic features and model the 
trajectories of the phones employed in the 
experiment. The results are depicted in Fig. 3 for a 
SOM lattice of 20 x 20 neurons.On the left side of the 
figure we can observe the shapes of the map after the 
phones were learned by the SOM. It’s interesting to 
remark that although these are two-dimensional maps 
they look like a curved surface resembling the 
characteristic of a manifold, as discussed in the 
previous section. This manifold-like behavior 
capability, as a way of modeling the cortex activity, 
was in fact the purpose of developing the suggested 
version of temporal SOM. On the right side of Fig. 3 
the feature trajectories of the phones are depicted. 
They result as a traceroute of BMUs in the process of 
self-organization. Both the map patterns and the 
feature trajectories can provide a suggestive insight of 
the dynamic behavior of the neural network in the 
process of speech perception. 
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Our premisewas that the phones dynamics, as it is 
manifested in the sound signal, is conserved and 
ultimately present in the formation of words at the 
semantic level of cognition.In order to prove that 
assumption, the dynamics of the following words was 
studied, ox, box, and fox. These words are composed 
by the phones /oks/, /boks/, and /foks/ as previously 
mentioned. In Fig. 4, we can see the corresponding 
SOM patterns and the feature trajectories.Also, the 
embedding spaces are depicted.  

In ox the vowel /o/ dynamics (see Fig. 3) is mixed 
with the /ks/ influence. The shape of the map is more 
elongated. Specifically, we can observe the effect of 
/k/ by the back curvature of the shape. In /boks/ the 
influence of the vowel /o/ is attenuated by the 
presence of /b/ in the beginning of the word. 
However, the /ks/ group at the end has the effect of 
balancing the map shape. In /foks/, we can observe 
the same balancing effect, a vowel between two 
consonants, but the different dynamics of /f/ makes 
the distinction with the /boks/. It’s interesting to 
remark that for more complex dynamics, as is the 
case for words, the embedding space curves (see Fig. 
4) become more complicated and are not so 
convenient anymore for use. We can still identify the 
presence of the component phones inside but the 
distinction between words is much more difficult. 
The present model demonstrated that based on 
phones features, words of various lengths can be 
mapped into the state space.Each word will generate 
a map with unique feature trajectories. Small prosodic 
variations in the input will be accepted and 
recognized with the same meaning, but other 
combinations will be unrecognizable. The model can 
be extended for a whole sentence. The unified 
dynamics of the entire sentence will be the result of 
the dynamic contribution of the individual component 
words. 
 
CONCLUSION 
 
Our purpose was to study the possibility of using the 
dynamical approach in modeling speech by temporal 
SOMs. The proposed approach integrates the 
different units of speech coming in sequence into a 
unitary map along with the feature trajectories. The 
temporal SOM behavior was exemplified for three 
different words but having similar phone 
components. The SOM seemed to be robust enough 
to put in evidence both the dynamic similitudes, due 
to the contribution of the individual components, and 
differences, due to way of how these components 
globally interacted in forming the words. The model 
can be extended and can serve as basis for a dynamic 
theory of speech recognition. 
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