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Abstract 
Speech Perception of humans begins to develop as young as 6-
month-old or even earlier. The development of perception was 
suggested to be a self-organizing process driven by the 
linguistic environment to the infants [1]. Self-organizing maps 
have been widely used for modeling the perception 
development of infants [2]. However, in these models, 
temporal information within speech is ignored. Only single 
vowels or phones have little variations along time can be 
represented in this kind of models. In the present model, 
temporal information of speech can be captured by the self-
feeding input preprocessors so that the sequence of speech 
components can be learnt by the self-organizing map. The 
acquisition of both the single vowels and diphthongs will be 
demonstrated in this paper. 

1. Introduction 
Experiments show that phonetic perception of humans is 
altered by 6 months of age due to different linguistic 
experience [1],[3].  In these experiments, 6-month-old 
American infants perceived the prototype of vowel /i/ in 
American English and the vowels acoustically nearby more 
similar than the Swedish infants did; on the contrary, Swedish 
infants at the same age perceived the prototype vowel /y/ in 
Swedish and the vowels nearby more similar than American 
infants did [1].  The formation of the perceptual warping has 
been found in very young infants.  Their abilities in 
generalizing the speech sounds in their native language 
improve as they grow up throughout their first half-year.  
Since the infants’ understanding to the meanings in their 
native language is still very limited around one year old, the 
emergence of the perception warping is likely to be a self-
organizing process [1].   

Kuhl named the warping of perception “perceptual 
magnet effect” because the prototype of sounds acts as a 
magnet and assimilates neighboring stimuli, effectively 
pulling them towards the prototype in the perceptual space [3].  
Guenther and Gjaja [2] hypothesized that this effect emerges 
because of the non-uniformities in the distribution of the 
firing preference of the cells in the auditory map due to the 
auditory experience of the native language and simulated the 
effect by using self-organizing maps, or SOM [4],[5].  The 
version of SOM used in Guenther and Gjaja’s model was 
claimed to be biologically plausible because the concept of 
population vectors used in the neuron activity measurement 
of some neurophysiological researches [6],[7] can explain the 
mechanism of his version of SOM.  Based on their pioneering 
work, different versions of self-organizing neural networks 
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ed widely by many other scholars to simulate speech 
tion development for different purposes such as the 

of motherese in acquisition of sound categories, 
ence of vowel systems  and learning sounds in a second 

age [8],[9],[10].  However, although these models 
e good explanatory results to various aspects of 

age, all these models are restricted to simulations on 
 vowels and ignore the variation of speech formants 
 time, which is one of the important properties of speech.  
 consonant-vowel patterns and diphthongs cannot be 
ed in these models, the magnet effect between single 
s and diphthongs has not yet been simulated. 
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Figure 1: Model Architecture 

he experiments on the perceptual boundaries between 
 vowels and diphthongs by infants, to my knowledge, 
not been conducted.  However, perceptual warping 
cting between these two kinds of sounds can be 
ed in the second language of adult speakers.  For 
le, native speakers of Cantonese seem difficult to 

guish French [e] and [o] from Cantonese [ei] and [ou].  
 scenario of magnet effect, instances of French [e] 
e the members of the category Cantonese [ei] in the 
 Cantonese speakers’ perceptual space.   



In the present model, I attempt to demonstrate this kind of 
phenomenon by cascading preprocessors to the inputs of an 
SOM as shown in figure 1.  Our model here was tested by a 
few sets of varying formant values with varying input signal 
duration.  The mechanism of the model will be introduced in 
next section.  Two simulation experiments will be reported in 
section 3.  Conclusions will be made in the final section. 

2. Architecture 
The present model (figure 1) is mainly based on the SOM 
described in [9] with some modifications.  Buffers store the 
input vector, x and feed it into every neuron (or receptive 
field).  Each neuron, ni, responds maximally to a specific 
stimulus.  This specific stimulus template the neuron stores is 
called ‘reference vector’, vi.  Initially, the value of each 
dimension of all the reference vectors is set randomly between  
0 and 1.  The perceived signal (i.e. the population vector, 
pop(x), can be calculated by Formula (1)) is the resultant 
activity of the activities of all neurons in the system.  [9] 
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where the activity of the neuron, ni, act(ni), activated by an 
input vector x is defined as below (

Aσ  is an arbitrary constant).  
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Inspired by the ‘leaky integrators’ used in the Temporal 

Kohonen Map [11] and Recurrent Self-Organizing Map [12], 
similar integrators are cascaded before the input buffers as the 
preprocessors of the present SOM model (figure 1) in order to 
capture the temporal information within speech signal.  The 
temporal sequences of each component of input signal, say, 
F1 , is fed to the series of preprocessors.  These preprocessors 
are defined by formula (2): 

 )()1()1()( 1 tFtxtx jjjj ×−+−×= αα  (2) 

where jα  is a self-feeding ratio, 0 ≤ jα  ≤  1 and t ≥ 2.  
 

To process each speech component, each preprocessor 
has a different self-feeding ratio.  The values in the input 
buffer bias to the formant values at the end of the temporal 
sequences if the self-feeding ratio is close to 0 while the input 
buffer value retains more information from the beginning of 
the sequences if the ratio is close to 1.   

In order to show the learning process easily by a two 
dimensional representation, only two input buffers with 
extreme self-feeding ratios (α 1 =0.1, α 2=0.9) of one signal 
component (F1) were chosen as the demonstration model in 
this paper.  In each iteration in the training stage (and also the 
testing stage), a sequence of F1 with signal length, L, is fed 
into the preprocessors.  Starting with xj(1)=F1(1), xj(2) .... xj(L) 
can be calculated by formula (2).  xj(L) is taken as the input 
of the SOM.  By this type of calculation, the signals different 
in length but similar in vowel quality can still be generalized 
into categories.  During training, vi is updated by formula (3). 
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 Lσ  is an arbitrary constant. 

he learning procedures are defined by Formula (3), that 
oser is the input vector to the reference vector, the larger 
tion of the reference vector towards the input vector 

 processed.  
mulations were conducted by feeding in different sets 
wels and/or diphthongs into the present acquisition 
l.  The results will be reported in next section.  The 
mance of the system will also be evaluated. 

3. Simulations 
s section, the results of two simulations will be reported.  
th simulations, the artificial input stimuli are generated 
e same way.  Sequences of values, that simulate the 
ng F1 of the vowels or diphthongs along time, are 
ated (all formant values are assumed to be normalized 
bstractly represented by values in between 0 and 1 in 
mulations).  Each of these sequences is defined by two 
nt values as listed in Table 1 and 2.  The two values are 
ntral tendencies of the F1 at the first and the final time 
s.  For example, as shown in the two columns on the 
of Table 1, 0.35 and 0.75 are the average values at the 
time frame (t=1) and the final time frame (t=L) 
ctively of the diphthong, DB, in Language B.   
 the training stage, taking DB in Lg B as an example, the 
li are generated by the following procedures: 

he length of a stimulus, L, is randomly assigned as a 
alue between 4 and 10.  This simulates the variations in 
ength in real speech. 
he values of the frames in between the first and the last 

rames are linearly assigned. e.g., if L=5, x(1) = 0.35 and 
(5) = 0.75, then x(2), x(3) and x(4) are set to 0.45, 0.55 
nd 0.65 respectively. 
hen, random values between -0.05 and 0.05 simulating 
ariations and noise in natural speech are added the 
equence generated in Step 2.  

 the testing stage, as what the psychologists do in the 
ration of the synthesized speech stimuli in the 
tion experiments, the length, L for each testing 

lus is consistently set as 7 (the mid-value of the shortest 
e longest length, 4 and 10).  Then all the values of the 
rames are assigned as in Step 2.  Step 3 is ignored. 

Table 1: Linguistic Environment for System  

es in 
 A 
 

Vowel 
Trajectory 

Phones in 
Lg. B 

Vowel 
Trajectory 

l, VA 

 
0.35 to 0.35  Diphthong, 

DB 
0.35 to 0.75 

hong, 
A 

0.35 to 0.75   



case of the model in language A environment, VA and DA 
were presented with equal probability while, in Language B 
environment, only variants of DB were fed into the system 
during the training stage.   

In the testing stage, the length of the sequence is fixed to 
7 and the first time frame of the vowel trajectory is fixed to 
0.35 which is the average value of the first time frames for 
both VA and DA.  The value of the final time frame, F1(7), is 
varied based on the formula (4): 

 
F1(7) = 0.35+k(0.75-0.35)   (4) 

 
When k=0, F1(7) equals to the central value of the final 

time frame of VA,0.35, and, when k=1, it equals to that of DA 
(and also DB), 0.75.  Different stimuli are ‘synthesized’ by 
varying k.  In figure 2, top left, the dots represent the input 
vectors of the SOM, x(7) s with different values of k.   

 
 

 

Figure 2: Perceptual warping due to different 
linguistic environment 

At 0 iteration, the perception of the stimuli is very similar 
to the stimuli in the input space (top right, figure 2).  After 
2000 iterations of training with sounds in Lg A and Lg B, the 
perception alters according to the environment.  Figure 2, 
bottom right, shows that almost all the instances of the stimuli 
on the two ends are mapped onto two specific points in the 
perceptual space.  Figure 2, bottom left, shows strong warping 
on only one side in the perceptual space that has been 
frequently stimulated. 

In the present simulation, the emergence of categories for 
both single vowels and diphthongs can be shown and these 
emerging categories are dependent on the linguistic 
environment provided to the system.  In the next simulation, a 
more complicated vowel system (see Table 2) is used to test 
the performance of the present model.   
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3.1. Simulation 1 

In the first simulation, the system was tested based on two 
different linguistic environments as shown in Table 1.  In the 
imulation 2 

 present simulation, sound patterns roughly based on the 
nese front, unrounded vowel inventory (including single 
s, diphthongs and glide-vowel patterns as in Table 2), 
sed to further test the system.  As in the previous 
ation, the stimuli used in the training stage are generated 
 same procedures.  In the testing stage, with the length 
to 7, the testing stimuli form a grid by varying F1(1) and 
in the range of 0.0 and 1.0.  Vowels/diphthongs with 
ent slope of F1 are ‘synthesized’ to test the system.  The 
vectors x(7) are represented by dots shown in the input 
 in figure 3. 
t 0 iteration, the reference vectors are randomly 
uted (figure 4, top left, each dot represents one 
nce vector of one neuron) and the perception of the 
li, i.e. the population vectors, (figure 4, top right) are 
similar to these input vectors (figure 3).  After 2000 
ons, the reference vectors change according to the 
ng mechanism (i.e. formula (3)).  Some reference 
s are attracted to the location of the instances of input 
s (figure 4, bottom left) and eventually perceptual 
ng based on the seven sound types in Language C is 
d (figure 4, bottom right).  

Table 2: Inventory of Front Vowels in Language C 

Phones in Lg. C Vowel Trajectory 
[ i ] 0.9 to 0.9 
[ ε ] 0.4 to 0.4 
[ a ] 0.1 to 0.1 
[ ei ] 0.6 to 0.9 
[ ai ] 0.1 to 0.9 
[ j ε ] 0.9 to 0.4 
[ ja ] 0.9 to 0.1 

he performance of the present models seems quite well 
tinguishing some close sound types with overlapping 
tories, such as [ ai ] - [ a ] - [ i ].  The model can also 
with the patterns having the same component but 
ent directions, such as [ai] - [ja].  We are now only 
two input buffers (2-dimensional input vectors) in this 

ation.  If we add more input buffers (i.e. increase the 
er of dimensions of the input vectors and reference 
s) for the higher formant frequencies such as F2 and F3, 
ont-back and rounded-unrounded distinction of vowels 
lso be learnt by the present model. If we add more 
cessors with different self-feeding ratios for each 
nt buffer, the formed categories can become more 
ct and syllables with more phonetic segments can also 
rnt. 

4. Conclusions 
OM model with preprocessors is proposed for the 
ling of the development of speech perception with 
ral properties in this paper.  The model has been tested 
wo different artificial linguistic environments in the first 
ation.  The emergence of perceptual warping due to 
ent linguistic environment is shown.  The diphthongs 
e learnt as well as the single vowels.  In simulation 2, 

odel can generally distinguish the sounds with 
pping acoustic trajectories.  By increasing the number 



of input buffers and preprocessors, more different types of 
sounds such as the vowels require front-back and rounded-
unrounded distinctions and even triphthongs can also be 
learnt by this self-organizing model.  With the present model, 
the simulations can be more realistic because natural speech 
varies along time.  Moreover, this temporal model may also 
allow us to connect the acquisition of speech perception to the 
later stages of language acquisition.  This is very important 
for the understanding of the interaction of the speech 
perception with phonology and even with syntax. 

 

 

Figure 3: Input Space of the Model 

 

 

Figure 4 :Reference Vectors and Population Vectors 
at 0 iteration (upper) and 2000 iterations (lower) 
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