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Abstract. The relevance of the paper is due to the difficulties of oral interaction between people with 

speech disorders and normotypic interlocutors as well as the low quality of abnormal speech recognition 

by standard speech recognition systems and the inability to create a system capable of processing any 

speech disorders. In this regard, this article is aimed at developing a method for automatic recognition 

of dysarthric speech using a pre-trained neural network for recognizing phonemes and hidden Markov 

models for converting phonemes into text and subsequent correction of recognition results using a search 

in the space of acceptable words of the nearest Levenshtein word and a dynamic algorithm for splitting 

the output of the model into separate words. The main advantage of using hidden Markov models in 

comparison with neural networks is the small size of the training data set collected individually for each 

user, as well as the ease of training the model further in case of progressive speech disorders. The data 

set for model training is described, and recommendations for collecting and marking data for model 

training are given. The effectiveness of the proposed method is tested on an individual data set recorded 

by a person with dysarthria; the recognition quality is compared with neural network models trained on 

the data set used. The materials of the article are of practical value for creating an augmented 

communication system for people with speech disorders. 
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Резюме. Актуальность работы обусловлена сложностями устного взаимодействия людей с 

нарушениями речи с нормотипичными собеседниками, а также низким качеством распознавания 

аномальной речи стандартными системами распознавания речи и невозможностью создания 

системы, способной обработать любые нарушения речи. В связи с этим данная статья направлена 

на разработку метода автоматического распознавания дизартричной речи с применением 

предобученной нейронной сети для распознавания фонем и скрытых марковских моделей для 

преобразования фонем в текст и последующей коррекции результатов распознавания с помощью 

поиска в пространстве допустимых слов ближайшего по расстоянию Левенштейна слова и 

динамического алгоритма разбиения выхода модели на отдельные слова. Основное 

преимущество использования скрытых марковских моделей по сравнению с нейронными сетями 

заключается в малом размере обучающего набора данных, собираемого индивидуально для 

каждого пользователя, а также в простоте дообучения модели в случае прогрессирующих 
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нарушений речи. Описывается набор данных для обучения модели, и даются рекомендации по 

сбору и разметке данных для обучения модели. Эффективность предложенного метода 

проверяется на индивидуальном наборе данных, записанных человеком с дизартрией; качество 

распознавания сравнивается с нейросетевыми моделями, обученными на используемом наборе 

данных. Материалы статьи представляют практическую ценность для создания средства 

дополненной коммуникации для людей с нарушениями речи. 

Ключевые слова: скрытые марковские модели, дизартрия, автоматическое распознавание речи, 

распознавание фонем, коррекция фонем. 

Для цитирования: Бредихин Б.А., Антор М.Х., Хлебников Н.А., Мельников А.В., Бачурин М.В. 
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Introduction 

It is difficult for people with speech disorders to communicate with normotypic 

interlocutors. Common voice assistants do not appear to be helpful due to the poor quality of 

speech recognition. The variety of speech disorders, especially hyperkinetic dysarthria which 

does not have certain patterns, does not allow creating a single automatic speech recognition 

system suitable for a large number of people with speech disorders [1]. That is, it is necessary 

to collect an individual data set for each user to train the recognition model. However, collecting 

a large data set required to use neural networks is often difficult because of the slow pace of 

speech and/or rapid fatigue of the target user. Also, if the individual features of speech change 

over time or have a probabilistic nature, it will be necessary to collect a new data set comparable 

in volume to the original. 

There are publications on the recognition of abnormal speech which address mainly 

native English speakers. According to [2], either artificial neural networks or hidden Markov 

models are generally used for the analysis of dysarthric speech. 

Xiong and Barker used articulatory based data having WER about 0,49 [3]. 

Nevertheless, this approach uses MRI data instead of voice; therefore, it cannot be used in a 

casual environment. These authors also employ GMM-HMM approach for speech recognition 

[4] which is similar to the proposed method and requires a small amount of training data. At 

the same time, there is no human-feedback stage that is useful for model fine-tuning, and the 

method shows WER about 0,69. 

Two papers were taken as the basis of this article, one of which provides the solution to 

the problem of recognizing predefined phrases, and the second examines automatic diagnostics 

of the degree of speech disorders. 

Hidden Markov models is used by Hawley [5] to translate MFCC spectrograms into a 

hidden state, which is classified by a small (up to 50 elements) dictionary as one of the 

predefined phrases. To train the system, it took from 600 to 2000 audio recordings for each 

user. 

The translation of speech into phonemes using the XLS-R neural network and 

comparison of the result with the reference phrase using the loss function is used in [6]. There 

is no direct speech recognition in this paper, but it is possible to recognize text based on the 

features extracted by XLS-R. 

The paper proposes a hybrid model combining an artificial neural network and a hidden 

Markov model. Answers to the following questions are given: 

1. Is it possible to use a pre-trained multilingual phoneme recognition model? 

2. Is it possible for a person to give meaningful feedback for directed training of a speech 

recognition model? 

https://moitvivt.ru/ru/journal/pdf?id=1471
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3. What is the minimum data set size required for high quality speech recognition? 

4. Is it possible, having trained the model on a small set of phrases, to recognize words 

from a large dictionary. 

Materials and methods 

For the purposes of speech recognition model training and evaluation, a data set of 2000 

Russian phrases spoken by a man with hyperkinetic dysarthria were recorded [7]. 

Hyperkinetic dysarthria is characterized by random voice flow stops, including stops for 

breathing, variable rhythm and tempo [1]. Each phoneme can be realized by a wider set of 

sounds, which is different from the norms of the Russian standard language. It is also possible 

to implement separate combinations of two phonemes by combining more sounds. These 

features make speech recognition difficult by standard methods. 

To complete the data set, phrases of various subjects are recorded: typical personal 

conversations, pleas, study materials. The phrases were recorded sequentially from September 

2022 to May 2023. The length of phrases varies from 1 to 718 words, the total duration of audio 

recordings is 2 hours 46 minutes 15 seconds, the minimum duration of one recording is 1 

second, the average is 5 seconds, the maximum is 868 seconds. 

For phoneme recognition, a pre-trained XLS-R neural network by Xu et al [8] is chosen. 

This neural network is trained on audio recordings and their phonetic transcriptions of the 

Common Voice and Babel data sets in 45 languages of various language families. In total, the 

model is able to recognize 392 phonemes. Figure 1 shows the results of audio recording 

recognition from the data set described in the "Data collection" item. 

 

Figure 1 – Example of phonemes recognized by XLS-R from the data set 
Рисунок 1 – Примеры фонем из набора данных, распознанных с помощь XLS-R 

As seen above, the recognized phonetic transcriptions roughly correspond to the correct 

pronunciation; however, there are anomalies, for example, extra sounds ("ʌ t" in the word 

“кроме”/”krome”/”except”), substitutions of sounds ("o" instead of "u" in the word 

“буквально”/”bukval'no”/“literally”), omissions of sounds (in the word “имеет”/”imeet”/"it 

has" two sounds are missing: "j e"). All three types of anomalies can be calculated by means of 

the Levenshtein distance [9], which is used in next section. 

Phoneme recognition can be described as (1) 

𝑥 = 𝑋𝐿𝑆𝑅(𝑥), (1) 

where 𝑥 is a sound wave; 𝑋𝐿𝑆𝑅 is an XLS-R neural network; 𝑥 is a probability matrix of 

recognized phonemes. 

We can formalize phonemes-to-text translation as a hidden state revealing task. 
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Let us assume that 𝑃 is a set of phonemes; 𝐿 is a set of Russian letters; x is a sound 

wave; 𝑥𝑘 is a recognized phonemes matrix with shape of 𝑇1 × |𝑃|; 𝑦𝑘 is the true text matrix 

with the shape of 𝑇2 × |𝐿|; 𝑘 = 1,𝐾 is a sentence index in the data set; 𝑥𝑖,𝑗 is a probability that 

𝑖-th phoneme is 𝑗; 𝑦𝑖,𝑗 is a probability that 𝑖-th letter is 𝑗 (0 or 1). 

Let us assume that 𝐻𝑀𝑀 = 〈𝐿, 𝑃 × 𝑃, 𝜋⟩ is a hidden Markov model; 𝜋 is a transition 

matrix (𝑃 × 𝑃) × 𝐿 at start filled with 0's. 𝐿 is a state set, all the states are final. 

The following algorithm has been used to train the model: 

I. 𝑡 = 0. 

II. for each 𝑖 = 1, 𝐾: 

1. For each 𝑗 = 1,𝑚𝑖𝑛
−1

: 

a) 𝜋𝑥𝑖,𝑗,𝑥𝑖,𝑗+1,𝐿 ≔ 𝜋𝑥𝑖,𝑗,𝑥𝑖,𝑗+1,𝐿 ⋅
𝑡

𝑡+1
; 

b) 𝜋𝑥𝑖,𝑗,𝑥𝑖,𝑗+1,𝑦𝑖,𝑗 ≔
𝜋𝑥𝑖,𝑗,𝑥𝑖,𝑗+1,𝑦𝑖,𝑗 ∙𝑡+1

𝑡+1
; 

с) 𝑡 ≔ 𝑡 + 1. 

We have the transition matrix corresponding to the phonetic distortions of the person 

for whom the model is being trained. This model is able to correct one of three phonetic 

anomalies – the replacement of sounds. Two other errors, extra sounds and missing sounds are 

corrected at the text recovery stage. 

To recover raw text by phonemes sequence 𝑃, a 𝑇 matrix of size |𝐿| × 𝑇2 is constructed 

as shown in equation (2): 

𝑇𝑥,𝑡 = 𝜋(𝑃𝑡 , 𝑃𝑡+1, 𝑥). (2) 

To recover text, the method requires a list of acceptable words or phrases 𝑊 which is 

stored as a text file or CSV-file. 

1. Let us assume that 𝑇𝑥,𝑡 is a letter probability matrix (2); 𝑟 = ′′ is a resulting text; 𝑠𝑡 =
0 is a current word start index; 𝑚𝑤 =,𝑚𝑑 = 0 are the next most probable word and its 

similarity index; 𝑑(𝑠1, 𝑠2) = 1 −
𝐿𝐷(𝑠1,𝑠2)

|𝑠1||𝑠2|
 is character error rate; 𝐿𝐷 is a Levenshtein distance. 

2. 𝑚𝑤 =,𝑚𝑑 = 0. 

3. 𝑖 = |𝑟|. 
4. For each word 𝑤 ∈ 𝑊: 

a) 𝑑1 = 𝑑(𝑟[𝑠𝑡: 𝑖], 𝑤); 
b) if 𝑑 > 𝑚𝑑, then 𝑚𝑑 = 𝑑,𝑚𝑤 = 𝑤, 𝑠𝑡1 = 𝑖; 
c) 𝑠𝑡 = 𝑠𝑡1, 𝑟 = 𝑟 ⊕𝑚𝑤, ⊕ is string concatenation with space. 

5. 𝑖 ≔ 𝑖 − 1. 

6. If 𝑠𝑡 ≥ |𝑟|, go to step 7. 

7. If 𝑖 > 𝑠𝑡, go to step 4. 

8. 𝑟 is the final text. 

Results 

The method has been tested on the data set [7] split into a train set of 1 335 phrases and 

a test set of 445 phrases. For model evaluation purposes, the list of all data set phrases were 

used as a list of acceptable phrases 𝑊. 

To score models, the character error rate (CER) metric (lower is better) has been used, 

which is a Levenshtein distance [9] divided by a string length. 

The proposed method has CER of 0,39 on train set and 0,36 on a test set. 
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Original wav2vec2 model [10] has CER of 0,97, and a custom combination of CNN and 

LSTM has CER of 0,37, which is comparable to the proposed method, but requires more 

computational resources and does not support online learning. 

Our method supports online learning with the algorithm described in the section 

“Materials and methods”. To implement the method, a web interface with speech recorder, 

phonemes field, result field and human feedback field was built. Human feedback contains only 

those letters which are presented by the recognized phonemes. 

To evaluate online learning, first several lines of original Russian text of “Eugene 

Onegin” by Alexander Pushkin were used. Word list 𝑊 in this case was constructed from the 

words used in selected lines. As shown in Table 1, the proposed method can correctly recognize 

dysarthric speech after 10 sentences marked-up with feedback corrections. The feedback string 

must have the same length as the output of the model, that is, it does not contain letters omitted 

by the model, and the extra recognized letters must be replaced with the "_" label. 

This is the log of human feedback learning: 

The first sentence “Мой дядя самых честных правил,” has recognized phonemes “m 

aɪ n d e d e s a n a x r e θ n ɔ x p p r a v i’ and recognized text “мтнпспспаннхреснлхрраоа”; 

therefore, CER is 0,58. We correct the recognition result with a text 

‘мойдядясамыхчесныхпправи”, CER=0,06. After correction and model fine-tuning 

recognition result is “момдядясаныхрясймхппрыв” with CER=0,375 after one batch.  

Further, model training log is presented in Tables 1, 2. 

Table 1 – Log of model training  

Таблица 1 – Журнал обучения модели 

Epoch Text Recognized 

phonemes 

Recognized text CER of 

recognized 

text 

1 Мойдядясамыхчестныхпра

вил, 

m aɪ n d e d 

e s a n a x r 

e θ n ɔ x p p 

r a v i 

мтнпспспаннхреснлхррао

а 

0,58 

2 когданевшуткузанемог k a ɡ d a n e 

f ʃ o t k o l z 

e n e m o k 

каопаняошвдкбязямямв 0,6 

3 онуважатьсебязаставил o n o v ɑ ʒ a 

t a b e z e θ t 

a l f y 

 

 

умввййытабезастолв 0,54 

4 илучшевыдуматьнемог i l o t f e u v 

e d d o m a t 

n e m o ɡ 

илвтвеувяддоматнамо 0,42 
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Table 1(extended) 

Таблица 1 (продолжение) 

Epoch Text Recognized 

phonemes 

Recognized text CER of 

recognized 

text 

5 егопримердругимнаука : j e v o p k r 

i v m aɪ k r u 

p n ts uː p k 

r o ɡ i m p n 

aː o k a 

йевопкчивмокчвпнявпкау

гимпнаук 

0,48 

... ... ... ... ... 

10 полуживогозабавлять  p a n o ʒ o ð 

o v a z e b a 

v u l n e t 

поножозогозебоввлне 0,47 

Table 2 – Log of model training (corrected text) 

Таблица 2 – Журнал обучения модели (после коррекции текста) 

Epoch Correction text CER of 

correction 

text 

Recognized text after 

correction 

CER of 

recognized 

text after 

correction 
1 мойдядясамыхчесныхпп

рави 

0,06 момдядясаныхрясймхпп

рыв 

0,375 

2 когданевшутку_занемог 0,02 кагдоневшотквлзянемо 0,3 
3 онуважатебязаств_ви 0,15 уноважотвбазесталв 0,43 
4 илутшеввыддуматнемог 0,13 илотвывваддоматнемо 0,36 
5 йегопрриммекр_____д_

ругим_наука 

0,21 ыемуррригмекчапняяпкс

угимднаук 

0,48 

... ... ... ... ... 
10 поножововазабав_л_ят 0,33 паножосугозябомулне 0,52 

 

As we can see, after 10 sentences the proposed method gives us a result of CER 0,47, 

which is better than wav2vec2 model and is comparable to a neural network trained on 2000 

sentences for several epochs. 

Conclusion 

The paper proposes an effective adaptive algorithm for recognizing abnormal speech 

based on a hybrid neural network model and Markov models. The effectiveness of the algorithm 

when being trained on a pre-recorded data set and when being trained with human feedback is 

shown. The suggested algorithm will be used to develop a voice assistant application for people 

with speech disorders. 

Returning to research questions, we can argue that: 

1. It is possible to use a pre-trained multilingual phoneme recognition model because a 

human can understand the model output and 0,61 of phrases the model predicted can be 

reconstructed automatically into correct phrases. 
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2. As we can see in Table 1, it is possible for a person to give meaningful feedback for 

directed training of a speech recognition model with some rules of phrase to model output 

alignment. The feedback string must have the same length as the output of the model, that is, it 

does not contain letters omitted by the model, and the extra recognized letters must be replaced 

with the "_" label.).  

3. The algorithm can start give meaningful recognition result after 10 attempts of human 

feedback for recognized sentences. 

4. Recognizing words from a large dictionary with a model trained on small data is 

likely to be impossible for hyperkinetic dysarthria but can be effective for less variative speech 

disorders like stuttering. 

Further, we plan to collect a larger data set from speakers with different speech disorders 

and to provide base models for common types of speech disorders. Individual training of these 

models will require even less labeled data. 
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