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Abstract 
In this paper we present an approach for incorporating a state 
of the art speech recognition engine into a novel assistive 
reading system for Greek dyslexic students. This system is 
being developed in the framework of the AGENT-DYSL IST 
project, and facilitates dyslexic children in learning to read 
fluently. Unlike previously presented approaches, the aim of 
this system is to monitor the progress and perspectives of a 
dyslexic user and supply personalised help. The goal of this 
help is to gradually increase the reading capabilities of the 
user, gradually diminish the assistance provided, till he is able 
to read as a non-dyslexic reader. 
Index Terms: Automatic speech recognition, Dyslexic 
students, Assistive reading system 

1. Introduction 
Reading disorders, such as dyslexia, affect a significant 
number of people. Dyslexia is the most common cause of 
reading difficulty – it is estimated that one in 10 children is 
dyslexic. Dyslexia is not related to intelligence. However, 
because dyslexic readers are unable to master decoding as it is 
traditionally taught, they are gradually left behind in the 
classroom and consequently in society. Poor reading skills 
have an impact on the vocabulary development of dyslexic 
readers and to their exposure to relevant background 
knowledge. This leads to repeated failure in the classroom and 
has a negative effect on their motivation. The AGENT_DYSL 
project [1] designed an Intelligent Assistive Reading System, 
which can help school-aged readers who have dyslexia to 
improve their reading. Children using the reading system 
should receive personalized attention by the system, with 
customized presentation of reading material, based on 
individual profiles built up through “observation” of each 
child reading the text on the system’s viewing area and by 
recognizing the types of their reading errors.  

Many software solutions [2]-[4] tend to address either one 
or the other of these needs being either ‘enabling’ or 
‘instructional. Such systems, up to now, have not been 
designed to respond to feedback from the learner and to 
personalise the system in line with the user’s performance. 

The goal of the proposed system is not only to enable 
access to the reading materials within an inclusive learning  

system but also to promote the development of reading skills 
by adjusting and adapting to the environmental needs. 

The paper is organized as follows: a description of the 
speech recognition engine used is presented in Section 2, 
while the features of ASR built for AGENT_DYSL are 
described in Section 3. The experimentation scheme is found 
in section 4 and finally, the conclusions are drawn in Section 
5. 

2. Automatic Speech Recognition (ASR) 
Technology 

2.1. System Overview 

The proposed large vocabulary continuous speech recognition 
engine is based on Hidden Markov Models (HMM) [5]. The 
unknown speech input is converted into a sequence of acoustic 
vectors 1 2 n�=y ,y ,...,y , by means of a parameter extraction 
module. The goal of the Large Vocabulary Recognition (LVR) 
system is to determine the most probable word sequence 
Ŵ given the observed acoustic signal � , based on the 
Bayes’ rule for decomposition of the required probability 
� �� W|�  into two components, that is, 

^

W W

P(W)P(Y/W)W = argmax P(W/Y)= argmax
P(Y)

 (1) 

The prior probability�(W) is determined directly from the 

language model. The likelihood of the acoustic data � �� Y|W

is computed using a composite HMM representing � �� Y|W
constructed from simple HMM phoneme models joined in 
sequence according to word pronunciations stored in a 
dictionary. Figure 1 illustrates the main components of the 
speech recognition engine [6]. 
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Figure 1:  The Speech Recognition engine 

2.2. Parameter Extraction  

The prime function of the parameter extraction module is to 
divide the input speech into blocks and for each block to 
derive a smoothed spectral estimate. The spacing between 
blocks is typically 10 ms and blocks are normally overlapped 
to give a longer analysis window of typically 25 ms. A 
Hamming window weighting is applied to each block and 
Mel-Frequency Cepstral Coefficients (MFCCs) are used to 
model its spectral characteristics [6]. 

2.3. Acoustic Modelling  

The purpose of the acoustic models is to provide a method of 
calculating the likelihood of any vector sequence Y given a 
word w. For a small vocabulary system, whole word models 
can achieve good performance. However for LVR systems this 
is impractical. In this case word sequences are decomposed 
into basic sounds called phonemes. Each individual phoneme 
is represented by an HMM. HMM phoneme models typically 
have three emitting states and left-to-right topology. For the 
English language, 45 phonemes are used to describe the 
pronunciation of all words[6]. 

2.4. Statistical language modeling 

The purpose of the language model is to provide a mechanism 
for estimating the probability of some word wk in an utterance 
given the preceding words k-1

1W . An effective way of doing 
this is to use N-grams in which it is assumed that Wk depends 
only on the preceding n-1 words, that is 

k-1 k-1
k 1 k k-n+1P(w /W )=P(w /W )    (2) 

N-grams simultaneously encode syntax, semantics and 
pragmatics and they concentrate on local dependencies. This 
makes them very effective for languages like English where 
word order is important and the strongest contextual effects 
tend to come from near neighbours. Furthermore, N-gram 
probability distributions can be computed directly from text 
data and hence there is no requirement to have explicit 
linguistic rules such as a formal grammar of the language. In 
principle, N-grams can be estimated from simple frequency 
counts and stored in a look-up table [6]. 

2.5. Search Engine 

The basic recognition problem is to find the most probable 
sequence of words given the observed acoustic signal (based 
on the Bayes’ rule for decomposition). In our system, we use 
the breadth-first approach and specifically, beam search and 
Viterbi decoding (it exploits Bellman’s optimality principle). 

3. Features of Speech Analysis And 
Recognition Engine Built For 

AGENT_DYSL  
The Automatic Speech Recogniser (ASR) module will 
contribute to the following objectives of the AGENT-DYSL: 
• Automatic user progress monitoring: The ASR will 
be able to recognise the user’s reading and detect 
discrepancies from the original text, enabling user evaluation 
and progress monitoring. 
• Automatic user modelling: By detecting and 
recording the user’s reading errors, the ASR will enable the 
AGENT-DYSL intelligent reading system to predict the 
reading errors the user is likely to make, but also take into 
account the user’s improvements in updating the user profile. 

3.1. Speech recogniser tasks and characteristics  

The ASR main task is to record (in text form) the user 
utterances, while they are reading aloud a given text. 
Specifically, the ASR performs the task of identifying word 
mispronunciations and reading errors 

3.1.1. Sufficiency of the system vocabulary   

The ASR system vocabulary will comprise a set of high 
frequency words, which means that the system will be able to 
recognise these particular words when uttered by the user. The 
number of words included in the system vocabulary is 
determined by a number of limitations, the most important of 
which being the speed of recognition; since a more extensive 
vocabulary would slow down speech recognition, that would 
cause problems for the particular application of the system. 

However, the number of words included in the system 
vocabulary for each language is such that is considered 
sufficient to cover the system needs by recognising an 
adequate variety of words, enough to provide a reliable 
evaluation of the user’s reading performance. More 
specifically, the number of words, was determined by the 
following factors: 

- 10-15 types of reading errors (rules) would be 
evaluated by the system 

- each reading error rule should be represented by at 
least 10 error-sensitive words in the system vocabulary  

- each sensitive word should be presented to the user 
in 3 different sentences   

Based on the above, approximately 300 sensitive words 
were required to perform a reliable evaluation of the user’s 
performance. Additional words needed to build sentences (3 
sentences per sensitive words) were also added to the system 
vocabulary, reaching the number of 1000-1300 words 
approximately for Greek language. 

The basic operation of AGENT_DYSL system is the User 
Re-evaluation Mode – henceforth UserReEval mode. The 
ASR will be fully active during the UserReEval mode. 
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3.1.2. User profile re-evaluation (UserReEval mode)   

While in the UserReEval mode, the user will read pre-selected 
sentences that will be comprised exclusively of words included 
in the system vocabulary. The UserReEval module will be 
used either to build an initial user profile (when used for the 
first time), or to update the user profile after a period of time 
using the AGENT_DYSL system. The ASR will then perform 
the tasks described above provided that the following input 
has been given: 

• vocabulary consisting of words sensitive to reading 
errors. 

• a list of errors for each of the sensitive words of the 
system vocabulary. 

Given the fact that, being dyslexic, users will be prone to 
reading errors, the ASR will be able to detect those errors and 
enable the system to match these errors to one of the pre-
defined error types, updating thus the user profile. 

4. Experimentation for Error Reading 
Detection 

4.1. Experimental setup   

The ASR will be able to record the user’s speech. The 
linguistic data included a list of words that would comprise the 
system vocabulary and a set of sentences that would comprise 
the text to be presented to and read by the user. The selection 
of this material was determined by a number of error types that 
frequently occur in reading by users with dyslexia. The 
methodology of ASR construction is described in the 
following sections.  

4.1.1. Training data 

The LOGOTYPOGRAFIA speech database [7] was used for 
training the corresponding HMMs. These acoustic models 
were adapted to child voice specifications with the use of 
speech samples taken from 22 child speakers aged 8-10 years.   

4.1.2. System vocabulary 

The system vocabulary for Greek, includes 1321 words, both 
error-sensitive words and sentence words (filler items). The 
words were again drawn from school text books addressing the 
ages that AGENT_DYSL targets (i.e. 9-11 years). The 
sensitive words were selected based on their sensitivity to the 
following error types: 

• Phoneme visual confusion 

• Errors in polysyllabic words 

• Errors in composite words 

• Errors in complex structure words 

• Stress errors 

4.1.3. Sentences 

A number of sentences were created to include the sensitive 
words. Three sentences were created for each sensitive word, 
while each sentence contained only one sensitive word. The 

sentences are of age-appropriate complexity and length 
(between 4 and 6 words). 

4.1.4. Error Variants 

A list of 228 alternative words was also introduced in the 
system as possible error variants of the sensitive words. The 
error variants were selected through trial testings, where 
children with dyslexia were asked to read the system sentences 
while their errors were recorded. Any mispronunciations of the 
sensitive words were included in the error variants list. 

4.2. Experimental Resutls 

4.2.1. ASR operation in the User Re-evaluation mode 
(UserReEval mode) 

When in the UserReEval mode, the ASR operation is 
described in the following steps: 

Step (1) Teacher or parent adjusts recording volume using 
Windows tools and specialised, high quality microphone. 

Step (2) Child places microphone at a convenient position, 
not more than 10cm from his/her mouth. 

Step (3) Child presses a button on the computer keyboard 
and begins reading the sentence that appears on screen (the 
room must be relatively quiet for the recognition to succeed). 

Step (4) The speech signal is recorded and processed by 
the ASR along with the stimulus sentence in text form – the 
speech signal and the stimulus sentence in text form comprise 
the input to the ASR system. 

Step (5) After processing the input, the ASR will be able 
to produce output in the following form: 

<word that should have been uttered><[confidence level 
(low, medium, high)]><[start point (ms)]><[end point 
(ms)]><[error variant (if any)]><$>  

An error type appears only if there exists as an alternative 
to the word that should have been uttered and delivers better 
confidence level. 

 $ is just an end marker. 

4.2.2. ASR output in the User Re-evaluation mode 
(UserReEval mode) 

To illustrate, let us assume that the user sees on screen and 
utters «The person responsible for the vehicle was not in a 
position to answer the charges against him». If the speech 
recognizer decides that a word was mispronounced and if there 
are alternatives for this word incorporated in system 
dictionary, the speech recognizer will suggest which 
alternative (if any) matches best the mispronounced word. 
This is illustrated in Figures 2 (correct reading) and 3 
(incorrect reading), below.  
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Figure 2: The Output of ASR in case of correct 
reading. 

Figure 3: The Output of ASR in case of incorrect 
reading.  

5. Concluding Remarks 
The main goal of this section is to present the results of the 
AGENT_DYSL system evaluation on the learners’ 
performance. More precisely, we study (before and after the 
use of the AGENT_DYSL system) the reading pace and 
accuracy of the readers. Finally in Table 1 we present data on 
the usage of the system by each child participated in the 
program. The 23 ids correspond to children from the public 
schools participated in the program. 

Table 1. The evaluation before and after using 
AGENT_DYSL. 
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ID_1 1 2 1 2 3 1
ID_2 3 4 1 2 3 1
ID_3 3 3 0 2 2 0
ID_4 3 3 0 3 3 0
ID_5 2 2 0 2 2 0
ID_6 1 1 0 2 2 0
ID_7 1 1 0 1 1 0
ID_8 3 3 0 3 3 0
ID_9 3 3 0 3 3 0
ID_10 2 2 0 2 2 0
ID_11 1 3 2 1 3 2
ID_12 2 4 2 2 4 2
ID_13 2 3 1 2 3 1
ID_14 2 2 0 2 3 1
ID_15 2 1 -1 2 1 -1
ID_16 1 2 1 2 2 0
ID_17 1 2 1 1 2 1
ID_18 1 2 1 1 2 1
ID_19 1 2 1 1 2 1
ID_20 3 4 1 3 4 1
ID_21 3 4 1 3 4 1
ID_22 3 3 0 3 4 1
ID_23 2 2 0 2 2 0

TOTAL 46 58 12 47 60 13
AVERAGE 2 2,521739 0,521739 2,043478 2,608696 0,565217

Number of children participated 23
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