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Abstract—The novel approach to speaker adaptation within 
speech recognition system basing on late clustering of prototype 
speakers is presented. For a new speaker the speaker prototype 
is  created  dynamically  on  the  basis  of  selected  remembered 
prototypes that are similar enough to the new one. The training 
utterances are prepared in an optimized way to decrease train-
ing duration without negative influence on recognition accura-
cy.
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I. INTRODUCTION

NE OF the key factors of successful information sys-
tem implementation is related to user involvement in 

this process.  In the case of automatic speech recognition ( 
ASR ) the majority of individual user involvement consists in 
training and adaptation.  Although speaker-independent  ap-
proach is possible, most of low-end speech recognition sys-
tems  are  speaker-dependent.  This  is  because  due  to  great 
variability in human voices as well as individual features of 
pronunciation. For practical success of ASR supporting soft-
ware it is essential to preserve advantages of user-dependent 
approach while minimizing user time necessary to re-train 
and  adapt  the acoustic  model  used  in  speech  recognition. 
Ideally, it would be desired that reasonable level of ASR ac-
curacy is achieved after extremely short training of the dura-
tion in the order of a few minutes or less. 

O

Many approaches have been proposed to avoid user-spe-
cific  acoustic  model  training  from  very  beginning.  Two 
groups of methods can be distinguished: speaker adaptation 
(Cerwa  2005,  Leggetter  2005,  Young  2006)  and  speaker 
clustering (Dabrowska 2008, Jin 2002).  Speaker adaptation 
techniques can be divided into two main groups depending 
on what is modified – the input signal or the acoustic model 
(Huang  2002,  Navarro  2006):  (a)  spectra  mapping  tech-
niques and (b) model mapping techniques (Leggetter 1995). 

In the case of spectra mapping techniques, modifications 
are made on the input signal. The acoustic signal (or its codi-
fication) is altered to adapt the signal to a general acoustic 
model (in these techniques the signal of the new speaker is 
closer  to  the  signal  of  the  reference  speakers).  The  main 
spectra  mapping  techniques  are  dynamic  time  warping,  
spectral-bias and vocal tract length normalization. 

In the case of model mapping techniques modifications are 
made on the acoustic models. The acoustic models are al-

tered in order to make them closer to the source input signal 
obtained from the new speaker.  The main model mapping 
techniques are  maximum adaptation a posteriori (MAP) re-
gression-based  model  prediction  and  maximum likelihood 
linear  regression  (MLLR).  Speaker  adaptation  starts  with 
general  user-independent  model  created  by using  samples 
coming from many speakers featuring broad range of voice 
acoustic  features,  tones,  pronunciation styles,  etc.  The ap-
proach based on adaptation is effective only provided that 
the well trained general model is available. 

Alternative  approach  to  acoustic  model  training  applies 
speaker clustering. The method is based on the assumption 
that there is a finite set of voice and speech style sorts. There 
is a distinct acoustic model for each sort. The sort represents 
a cluster of speakers  whose voices  and pronunciations are 
similar. When recognizing a speech of a particular user , the 
best matching speaker cluster is used and the acoustic model 
of the cluster is used. For user clustering the acoustic fea-
tures of the voice can be used and the methods applied in 
biometry can be applied.  The process  of finding the right 
cluster can be performed in the same way as in the case of 
speaker  identification.  There  are  two  base  methods  for 
speaker identification: 
(a) on  the  basis  of  individual  information  included  in 

speech signals, e.g.  Gaussian mixture model ( GMM ) 
and mel-  cepstral coefficients ( MFCCs ) – also experi-
mented for Polish corpora (Dąbrowska 2008) 

(b) on the basis of phonetic sequences derived from speak-
er’s utterance (Jin 2002).

The identification method proposed in (Jin 2002) is based 
on  finding the  minimum perplexity  produced  by phonetic 
language model. 

In the work described in this article the approach based on 
speaker clustering is followed. The novelty of the approach 
consists in applying late clustering . Complete sets of acous-
tic samples recorded by a number of speakers of distinctive 
voice and pronunciation characteristics are stored instead of 
gathering the speech samples into clusters at the early stage 
of ASR system construction. The clustering is delayed and 
performed individually for each new speaker who is going to 
use the recognizer. In this way the prototype acoustic model 
can be best suited to the specific features of the new speaker 
voice.  Next,  instead  of  applying  known  adaptation  tech-
niques  to  the  obtained  cluster,  we  applied  the  adaptation 
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method consisting in replacing the samples uttered by select-
ed speaker prototypes by the samples of the same phrases ut-
tered by the new speaker. In result the acoustic model con-
verges faster to the new speaker model as the set of collected 
samples uttered by a new speaker grows.  Experiments de-
scribed in later sections of the article show that the proposed 
method outperforms classical speaker adaptation techniques 
for total training sample duration of the order of 5-10 min-
utes.  

To get additional speed-up of ASR training, the method of 
training set selection that covers the set of phonemes more 
uniformly as in the case of random training utterances selec-
tion  was  proposed.  The  methods  described  in  the  article 
were elaborated and tested in applications focused on Polish 
language, but we believe that they are also applicable to oth-
er languages. 

The article i s structured as follows. In section 2, the gen-
eral approach to speech recognition utilized in the work de-
scribed here is presented. Section 3 describes the method of 
the  training  set  construction  based  on  phoneme  coverage 
balancing.  The  method of  speaker  prototype  set  selection 
best fitting new speaker voice characteristics is explained in 
section  4.  Finally  the  experimental  results  comparing  the 
proposed methods with similar approaches are discussed in 
section 5. 

II. THEORETICAL BACKGROUND

Typical ASR method based on HMM was applied in the 
experimental ASR system used for methods described herein 
(Young 2006, Jelinek 1997, Hnatkowska 2008). Three-level 
hierarchical approach was used. On the lowest level, simple 
Markov models are created and trained for individual Polish 
phonemes. Uniform HMM topology for each phoneme is as-
sumed. It consists of five states including initial and terminal 
ones. 

The state transition probabilities as well as the parameters 
of observations emission probability density functions for all 
phoneme HMMs are  estimated  using  Baum-Welch  proce-
dure and the set of correctly transcribed training utterances. 
The recognized utterances consist of words coming from fi-
nite dictionary },...,{ 21 NwwwD = . For each admissi-
ble word its phonetic translation is created and word HMM 
is built by concatenating HMMs for subsequent phonemes. 
The phonetic transcription is achieved using translation rules 
set  for  Polish  language  described  in  (Steffen-Batogowa 
1975). The original rules set appeared to be incomplete, so it 
was complemented by a number of new ones. Because, de-
spite of this extension, some orthographical symbols in cer-
tain contexts were still not translated it was assumed that for 
each orthographical symbol the default phoneme is defined. 
If  the symbol appearing in certain context cannot be tran-
scribed using applied rules set, it is transcribed as its default 
phoneme.  Experiments  with  words  appearing  in  explored 
Polish texts corpora proved that the transcription obtained in 
this way is correct in the case of about 99.8% of words. 

Finally,  the  compound  HMM of  the  whole  utterance  is 
built by connecting word HMMs. The probabilities of transi-
tion from the terminal state of a word HMM to initial state 
of another word HMM are taken from domain-specific bi-

gram language model. Bi-gram language model consists of 
the set of conditional probabilities p ( w i |w j ) of word w i 

appearance provided that the preceding word was w j . In or-
der to uniformly handle the words beginning (ending) utter-
ances,  the  artificial  "blank"  word  representing  beginning 
(ending) of the utterance is added to the dictionary. The con-
ditional probabilities in the language model are estimated us-
ing the domain specific corpora. The structure of the HMM 
used to recognize complete utterances is presented on Fig. 1.

 
Fig. 1. The structure of HMM used in the isolated utterance 

recognition

The recognition with HMM consists in finding the most 
probable path between states of HMM for the observed se-
quence of feature vectors (observations) extracted from the 
acoustic  signal  recorded  while speaking the utterance.  Let 
(o1, o2,...,ot) be the sequence of observations for the utterance 
being recognized.  Let  the compound HMM consists of  M 
states {s1, s2,...sM} and for each state the probability density 
function determining the probability distribution of observa-
tions emitted in this state is defined. Let SW denotes the sub-
set of states SW 1

, SW 2
, , SW N

 being the terminal states of 
HMMs created for words in the dictionary. The recognition 
with  HMM  consists  in  finding  such  word  sequence  W* 
which maximizes its  conditional  probability  given  the ob-
served sequence: 

 
W ∗

= argmax
wi 1

wi2
,. .. , wik

∈D

  P w i1
w i2

, ... , w ik
∣o1 , o2 , ... , ot   

(1) 

where  D + denotes  the  set  of  all  nonempty  sequences  of 
words from the dictionary D . 

Because words are represented by separated HMMs in the 
compound model, the optimization problem given by (1) is 
equivalent  to  finding  such  state  sequence 

S∗={S i1

∗ , S i2

∗ , , S i l

∗}  in compound HMM which ends in 
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state Wi Ss
t
∈  and which maximizes its conditional proba-

bility: 

  (2) 

where ( S HMM ) t denotes the set of all t -element sequences 
of states of the recognizing HMM. By applying the formula 
for conditional probability: 

P  si1
s i2

, .. . , s it
∣o1 , o2 , .. . , ot =

            P  s
i1

si 2
,. .. , si t

∧o1 , o2 , .. . , ot /P o1 , o2 ,. .. , ot 
 

(3) 

and by rejecting the term in the denominator, which is con-
stant for all state sequences, the optimization problem in (2) 
can be further simplified:

  (4) 

The optimization task (4) – and in result also the complete 
speech recognition problem – can be efficiently solved with 
widely used Viterbi algorithm (Jelinek 1995).

The speech recognition algorithm described above can be 
applied to the sequences  of observations  corresponding to 
isolated complete utterances (sentences).  The segmentation 
of formally infinite sequence of observations extracted from 
continuous stream of audio samples provided by the acoustic 
channel is achieved as a kind of audio preprocessing. The 
sentence boundaries are detected by finding the silence inter-
vals  of  the  length  exceeding  the  minimal  duration  estab-
lished experimentally.

III.  TRAINING SET OPTIMIZATION BY PHONEME 
COVERAGE BALANCING

Experiment carried out show ed that the selection of train-
ing utterances  significantly  influences  effectiveness  of  the 
training process. The training at the acoustic level consists in 
estimating parameters of hidden Markov models for individ-
ual  phonemes.  The  accuracy  of  parameters  estimation  in-
creases with the number of phoneme samples count in the 
training utterances set. The accuracy increases rapidly until 
the number of samples reaches certain level. Further increase 
of the sample number does not lead to further significant in-
crease of model estimation accuracy. Unfortunately, the dis-
tribution of phonemes in the language is highly no uniform. 
The analysis of Polish texts corpora shows that the most fre-
quent phonemes are "a" and "e" , while the least frequent are 
"dz"  (e.g. “bar dz o”),  "nn" (nasal  "n" , e.g. se n s),  "g^" ( 
"g" followed by "i" , e.g. “dro g i”) and "dż" (e.g. “ dż em”). 
The frequency ratio of the most frequent phonemes to the 
least  frequent  ones is  at  the order of 100. In  result,  if the 
training utterances are randomly selected from the language 
corpus,  the  number  of  training  samples  for  most  frequent 
phonemes highly exceeds the limit necessary to precisely es-
timate  their  model  parameters,  while  the  models  for  least 
frequent phonemes are still under-trained. 

In order to en sure more uniform phoneme samples distri-
bution we applied the method of training utterances selection 
that attempts to equalize the phoneme appearance histogram. 
The training utterances are extracted from the language cor-
pus. Both very short and long utterances are unnatural and 
difficult  to pronounce  and our observation  is  that  in such 
case the number of mistakes made by the speaker while dic-
tating training utterances is higher  than when saying short 
phrases of the duration in the range of 2-4 seconds. Taking 
into account  that  the typical  speaking rate  is  about  10-15 
phonemes per second, the sentences in the language corpus 
are split into phrases consisting of a few subsequent words. 
The number of  phonemes is  usually equal  or slightly less 
than the number of letters in the phrase. To keep the number 
of phonemes within the range of 30-70, such subsequences 
of words are selected that the total number of letters in the 
sequence is 35-80. 

The proposed training utterance selection method not only 
creates utterances set but also determines the order of utter-
ances, so as to obtain possibly high recognition accuracy af-
ter short training time. The training set is created in stages, 
where  in  each  stage  the  assumed  (specific  for  the  stage) 
number of phoneme samples is present in the utterances se-
lected  so  far  for  each  phoneme.  In  this  way the  required 
number of phoneme samples is reached after each stage and 
approximate equalization of the number of samples is pre-
served. If the utterances are uttered in the training process in 
the same order as they were selected, at the early stages of 
training the coverage of all phonemes with their samples is 
preserved. 

The initialization stage of the method consists of splitting 
the language corpus into short candidate phrases consisting 
of 35-80 characters. The phonetic transcription is created for 
each  candidate.  The  phonetic  transcriptions  of  candidate 
phrases constitute the candidate utterances set denoted fur-
ther by C . Then the number of selection stages is executed. 
The selection stage is an iterative procedure.  In each itera-
tion the single utterance from the set  C is selected and ap-
pended to the sequence of training utterances. The utterance 
is selected based on the gain it brings to the selected set of 
utterances. The gain is assessed based on two factors: a) how 
much its selection contributes to the coverage of number of 
phoneme samples assumed for the current stage and b) how 
many excessive phoneme appearances it introduces. Exces-
sive appearance of the phoneme is the appearance in case 
where the minimal number of this phoneme occurrences is 
already reached in the utterances selected so far. 

Let  phonemes  will  be  identified  by  their  indices 
},...,1{ Ni ∈  , where N is the total number of phonemes. 

Let },...,,{ 21 KcccC =  denotes the set of phonetic tran-
scriptions of candidate utterances. Each utterance transcrip-
tion  c in  the  set  C is  the  sequence  of  phonemes 

)p,...,p,p(
Liii 21  . By T we denote the sequence of ut-

terance transcriptions selected so far. In each iteration of the 
method, single element c is removed from the set C and ap-
pended to T . Such element is selected for which the gain is 
maximal. Let w i , },...,1{ Ni ∈  denote the total number 
of  i -th phoneme appearances in the sequence  T . The gain 
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G(c) for the utterance  )p,...,p,p(c,Cc
Liii 21

=∈  can 

be formally defined as: 

 

L

icg
cG

N

i
∑

== 1

),(
)(

 , (5) 

w here L is the length of the utterance c and  g(c,i) is the 
gain  that  c brings  for  the  phoneme  i .  The  gain  function 
counts the "useful" appearances of the i -th phoneme in the 
utterance c , i.e. the number of phoneme occurrences that fall 
within the limit W min of total phoneme appearances assumed 
at the current stage. The gain g(c,i) is calculated as: 

 ))0,max(),,(min(),( min iwWicnicg −=  , (6) 

where  n(c,i) is  the total  number of  i -th phoneme appear-
ances in the utterance c , and w i is the count of appearances 
of the phoneme i in the sequence T gathered so far. The de-
nominator  L in  (5)  causes  that  the utterances  that  contain 
many useless phoneme appearances have lower gain than the 
utterances  with the same useful  phonemes but  with lower 
count of useless ones. 

If two or more elements in C have the same gain then the 
triphone statistics is taken into account. This utterance is se-
lected that contributes maximally to the equalization of  es-
sential triphone appearances. The essential triphones set is 
the set of most frequently appearing triphones that cover de-
fined  fraction  of  all  triphone  appearances.  In  our  experi-
ments  we assumed the  fraction  corresponding  to  98%.  In 
case of Polish texts it gives the triphone subset of the cardi-
nality in the order of 10 000 triphones, depending on the text 
domain. The algorithm of utterance selection for single k -th 
stage can be defined as follows: 

Input-Output: T – the sequence of utterances selected so 
far, w – the vector of phoneme appearance counts. 

1.while )()(:},...,1{ min φ≠∧<∈∃ CkWwNi i  

2.   ))((maxarg* cGc
Cc∈

=  

3.   if 0)( * =cG                 
4.      break;     // termiante if there are no useful utterances
5.   for all },...,1{ Ni ∈  

6.      ))(),,(min( min
*

iii wkWicgww −+=  

7.      remove c * from C;
8.      append c * to T; 
9.   return T, w 

Experiments presented in (Hnatkowska 2008) showed that 
increasing the training time above the limit of 20 minutes 
does not result in significant increase of the recognition ac-
curacy  if  randomly  selected  training  set  is  applied.  The 
stages of training utterances selection procedure are repeated 
until the estimated dictation time of already selected utter-
ances reaches this limit of effective training. 

In order to preserve equalization of phoneme appearances 
at the early stages of training, the appearances counts W min ( 
k ) for subsequent stages of the selection process should be 
selected so as the stages are relatively short. In our experi-

ments we applied the constant difference between minimal 
counts in subsequent stages: W min (k+1)-W min (k)=const=20 

Application of the described procedure resulted in signifi-
cant equalization of the phoneme samples appearance in the 
training  set  and  in  result  the  accuracy  of  recognition  ob-
tained after a certain training time is increased. Detailed re-
sults of the experiment are presented in section 5. 

IV. LATE CLUSTERING OF PROTOTYPE SPEAKERS

Although  the  method  described  in  the  previous  chapter 
shortens the training so as the ASR can be effectively used 
just after a few minutes of  training, the effort necessary to 
begin errorless dictating can be still prohibitive for a user. 
Further shortening of training time can be achieved by using 
already  pre-trained  acoustic  model  of  other  speakers  with 
speech characteristics similar to the current user. Approach-
es presented in other reports (Dabrowska 2008, Jin 2002) are 
based on speaker identification and clustering. Speaker clus-
tering  is  a  process  of  grouping  the  speakers  into  sets  of 
speakers with similar speech characteristics. Training for a 
new speaker begins with selection of the best fitting cluster. 
The acoustic model created using speech samples of speak-
ers in selected cluster is used as a starting point in further 
speaker-dependent training for a user. Biometric features re-
lated to acoustic properties of speech as well as the feature 
of pronunciation can be used both for speaker clustering and 
for selection of the best fitting prototype. 

The approach outlined above implicitly assumes that the 
higher similarity of speakers in biometric feature space, the 
better accuracy of the recognition based on the model train-
ing with other speaker. It does not have to be always true. In 
our method we propose more direct method of best fitting 
prototype selection. It is based on comparing the recognition 
accuracy achieved by applying the prototype models to the 
recognition of speech sample of a new speaker. The speaker 
clustering is not accomplished apriori. Instead, the samples 
and acoustic models of all prototype users are stored and the 
creation of a cluster  for model building for a new user is 
done only when the speech sample of a new user is avail-
able. The cluster is created by merging samples in subsets of 
prototypes so as to maximize the recognition accuracy. 

Let us assume that the small set U containing L sample ut-
terances annotated with their phonetic transcriptions is avail-
able: 

 )},(),...,,(),,{( 2211 LL auauauU =  (7) 

u i is  a  sequence  of  feature  vectors  extracted  from  the 
acoustic waveform of the utterance  i and  a i is its phonetic 
transcription. Let },...,,{ 21 MgggG =  be the family of 
training sets of prototype speakers { 1,...,M }. We assumed 
that  the total  duration of the utterances  in  U is  about one 
minute what gives typically 600-800 samples of individual 
phonemes. 

We are looking for such subset H * of G which, when used 
as a training set for ASR algorithm, maximizes the accuracy 
of recognition of utterances from U, i.e. 


Hg

L
GH

guuuQH
∈⊆

= )},,...,,({(maxarg 21
*

, (8) 
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where Q(X,Y) is the recognition accuracy of utterances in the 
set  X achieved when the training set  Y is used. To improve 
the  precision  of  training  set  assessment,  the  accuracy  of 
recognition is performed not on the word but on the phonetic 
level. 

Let  },...,,{ 21 Jsssr =  be the sequence of words rec-
ognized by ASR algorithm applied to the testing utterance u 
and trained with the set  Y . Let  a be the actual sequence of 
words constituting the utterance u . As the result of recogniz-
ing r, the corresponding sequence of phonemes Ph r is deter-
mined. In similar way the sequence of phonemes Ph a for the 
actual word sequence in the utterance  u is defined The dis-
similarity  d(Ph r ,Ph a ) between phoneme sequences  Ph r 

and  Ph a is calculated.   Levenshtein edit distance was ap-
plied as the dissimilarity measure.  The edit distance is the 
minimal  number  of  elementary  edit  operations  (phoneme 
deletion, insertion or replacement) that transforms Ph r into 
Ph a . Application of the dissimilarity assessment defined in 
this way makes possible to take into account the word pho-
netic similarity.  In  result,  the error  consisting in replacing 
the correct  word with a word that sounds similarly is less 
critical that the error consisting in replacing the word with 
another one of completely different sound. The function Q is 
therefore defined as follows: 

Q u1 ,a1  , u2 ,a2  , . . . ,u L ,a L ,Y =

∑
i=1

L

d Ψ u
i
,Y  , Ph

a i


∑
i=1

L

∣Pha
i
∣

 

(9) 

where  Ψ(u i ,Y) is the result of the recognition of the utter-

ance u i by the recognizer trained with Y and ||
iaPh  is the 

length of the phoneme sequence 
iaPh . 

Our aim is to find an optimal cluster H* of prototypes from 
G which maximizes the recognition accuracy of the utter-
ances  in  U .  Finding  the  optimal  solution  by  exhaustive 
search is in most practical cases infeasible due to great num-
ber of prototype subsets that need to be tested. For this rea-
son the simplified procedure that finds suboptimal solution 
was  applied.  In  the  first  phase  it  calculates  the  accuracy 

),( mgUQ  of recognition of U with individual prototypes 
g m from G and orders the prototypes in decreasing order of 
achieved recognition accuracy. Then the temporary training 
set is being constructed by gathering the training utterances 
belonging to prototypes in G that are selected by the iterative 
procedure. The prototypes are tested in decreasing order of 
accuracies obtained with them. The set of utterances belong-
ing to a prototype  Gg i ∈  is appended to the suboptimal 
cluster if extending the temporary training set with samples 
from g i leads to the improvement of recognition accuracy of 
U . The computational complexity of the method  is O(M) . 
The complete cluster creation algorithm can be formulated 
as follows: 

Input:  G – set of speaker prototypes, 
 U – set of testing utterances spoken by a new 

                    speaker.

Output: Ω – set of training utterances obtained by proto-
type 

              speaker clustering.

1.   calculate the accuracies ),( mm gUQq =  for all 

     Mm ,...,1=  

2.   create the sequence ),...,,(
21 Mmmm ggg  of ele-

ments in 
     G according to decreasing q m 
3.   φ=Ω  
4.   for Mm ,...,1=  

5.      if ),(),( Ω>∪Ω UQgUQ
im  

6.         then 
img∪Ω=Ω  

7.   return Ω

The constructed prototype cluster is then used to build the 
acoustic  model adapted to the new speaker.  It  is  assumed 
that  all  prototypes  form the common set  of training utter-
ances, i.e. the set of training utterances  },...,,{ 21 Naaa  
is common for all prototypes in G . The speech samples in U 
are also obtained by uttering the same set of phrases. Let us 
assume  that  the  order  of  utterances  in  the  sequence 

),...,,( 21 Naaa=Γ  corresponds  to  the  order  deter-
mined  by  the  utterances  training  selection  procedure  de-
scribed in the previous section. The actual sequence of utter-
ances recorded for a new user in the set U is a subsequence 
of  L first elements of  Γ. The general idea of building final 
acoustic model for the new speaker consists in creating the 
training set  θ using speech samples in  H* and  U. The final 
acoustic  model  is  then  created  by  applying  Baum-Welch 
procedure for training HMMs to the obtained training set. 
Two methods of the training set construction from H* and U 
can be proposed a) θ is simple sum of annotated samples sets 
in H* and U; b) θ is obtained by replacing the samples in H * 

by the samples  in  U recorded for  the same training utter-
ances a. If the method a) is used then the training set is dom-
inated by prototype speakers even if U grows and covers all 
training  utterances  in  the  sequence  Γ.  In  result,  obtained 
acoustic model may not adapt sufficiently to the speech style 
of the new speaker. If he method b) is applied then the train-
ing  samples  in  H* are  gradually  replaced  by  the  samples 
from the new speaker as the set U grows. It may cause that 
when the training set U becomes large, the model better fits 
the individual speech style of the new speaker. 

V. EXPERIMENTS

A number of experiments have been carried out in order to 
evaluate the performance of proposed methods. Because the 
work being described here is a part of a larger project related 
to application of ASR to medical speech recognition in Pol-
ish, the corpora of domain specific texts used in experiments 
were  acquired  from  medical  report s.  In  the  experiment, 
some sets of computed diagnostic imaging reports were used 
both for training and for performance evaluation. The dictio-
naries  of  domain  specific  corpora  were  relatively  small 
(ranging from 7 to 24 thousands of words per domain). In re-
sult sufficiently high recognition accuracy can be achieved 
after short training time. The details of the domain specific 
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corpora are presented in (Hnatkowska 2008). Recording of 
training and testing utterances  was done with popular low 
quality headset with microphone using Sound Blaster Con-
nect external audio card. 

 
Fig. 2. Phonemes distribution for randomly selected and 

equalized training utterance sets 

In  the  first  experiment  the  phoneme  distribution  in  the 
training set was explored. The pool of training utterance can-
didates was obtained by splitting the utterances from the cor-
pora into short phrases consisting of 30-60 phonemes, so the 
duration of each utterance is in the approximate range 2-5 
seconds, according to recommendations given is section 3. 
The set of training utterances was then obtained by a) ran-
dom selection b) equalized selection with the phoneme cov-
erage balancing method. The phoneme distributions result-
ing from applications of compared methods are presented on 
Fig. 2. 

It  can be easily observed that the equalized selection en-
sures the presence of the rarely used phonemes at the mini-
mal level necessary for effective training of corresponding 
phoneme models. 

In the next experiment the effect of the equalization of the 
phoneme coverage in the training set on the training efficien-
cy was explored. Sentences containing the utterances select-
ed for training were excluded from the corpus used to build 
the language model for recognition. The achieved recogni-
tion accuracies as a function of training time were compared 
for training time in the range 60-1800 seconds.  The word 
recognition accuracy was evaluated according to the formula 
used in HTK tools:   

 %*
N

ISDN
Accuracy 100

−−−=  , (10) 

where  D,  S,  I are the numbers of deletion, substitution and 
insertion errors in the utterance consisting of N words. 

The experiment indicated that the equalization of the pho-
nemes distribution in the training set resulted in faster train-
ing. The speech recognition accuracy increases observably 
faster in case when the training utterances set is created by 
the phoneme distribution equalization procedure. The differ-
ences are most significant for short training time. In case of 
training time in the range 120-240 seconds, the word recog-
nition error is relatively reduced by 15-20%. Fig. 3 presents 
the comparison of ASR accuracies obtained by training with 
randomly selected and equalized training utterances sets.

 
Fig. 3. ASR accuracy as the function of training time for 

randomly selected and equalized training sets

One can assume that ASR is practically usable if the word 
recognition accuracy exceeds 80%, i.e.  approximately one 
word of five needs to be manually corrected. For the corpus 
of texts used in the experiment, the level of practical usabili-
ty with random training utterance selection is reached after 
15 minutes of training while with equalized training sample 
selection this level  can be reached  just  after  8 minutes of 
training. 

The next experiment was carried out in order to compare 
the efficiency of late prototype clustering method with other 
popular  speaker  adaptation  method.  Maximum Likelihood 
Linear Regression (MLLR) method (Leggetter 1995) and its 
implementation in HTK package (Young 2006) was selected 
for comparison. Due to short duration of speech samples of 
the  new  speaker,  only  means  and  variances  of  Gaussian 
models  were  adapted.  The  prototypes  set  consisted  of  11 
speaker prototypes. 5 elements of the prototype set were fe-
male  voice  prototypes,  while  remaining  6  samples  came 
from males. Each prototype speaker was requested to record 
the same set of first 250 short training utterances selected by 
the procedure described in section 3. The average total dura-
tion of the speech samples per speaker was about 10 min-
utes,  depending  on  the  speaking  rate.  Additionally,  each 
speaker was asked to record the set of testing utterances. The 
testing set consisted of complete sentences randomly select-
ed from the same domain corpus of texts. The testing sen-
tences were selected in such way that the testing set was dis-
joint with the set of sentences from which the training utter-
ances were extracted. The experiment has been carried out in 
leave-one-out manner. In each round of the experiment one 
of eleven speakers played a role of the new speaker while re-
maining 10 speakers were assigned to the prototype set. The 
results obtained in 11 rounds of the experiment were then 
averaged. The recognition accuracy obtained for duration of 
new speaker samples set in the interval 60-1200 seconds was 
estimated for three methods: a) training only with samples of 
the new speaker b) MLLR acoustic model adaptation and c) 
late clustering of prototype speakers with samples replace-
ment. Comparison results are presented on Fig. 4. 

For extremely short duration of samples uttered by the new 
speaker best results can be obtained with MLLR adaptation. 
However for longer training duration (180 sec and more) the 
method based on late clustering with samples replacement 
gives better results. It is probably caused by the fact that the 
fraction of samples in the training set coming from the new 
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speaker  dominates  the  samples  coming from other  proto-
types. In result, the obtained acoustic model converges faster 
to the model specific for the new speaker.  

VI. CONCLUSIONS

In the article two methods aimed on faster ASR training 
are  described  and  experimentally  evaluated.  The  first 
method  consists  in  training  utterances  selection  based  on 
balancing of phoneme coverage. The second one selects the 
set of speaker prototypes that best fits the new speaker voice 
and  speaking  style.  The  speech  samples  from  selected 
prototypes together with a small number of samples from the 
new  speaker  constitute  the  training  set  used  to  build  the 
acoustic model for the new speaker. Experiments carried out 
exhibited  that  proposed  methods  observably  shorten  the 
training time necessary to begin practical usage of the ASR 
system.

The  methods  proposed  here  can  be  probably  further 
improved.  As  far  as  domain-specific  and  relatively  small 
language  models  are  being  considered,  the  selection  of 
training utterances could be also based on statistics related to

coverage  of  most  frequently  used  words  from  domain-
specific dictionaries. Inclusion of typical words in the set of 
training  utterances  could  improve  the  coverage  of  most 
frequently appearing triphones. 
In the case of late speaker prototype clustering, the method 
could be combining with MLLR adaptation. In this way the 
performance of the method for extremely short durations of 
speech samples could be improved.
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