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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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PacnozHaBaHue JU3APTPUYHOM pedH 1Mo poHeMaM ¢
HCI0/Ib30BAHUEM CKPBITBIX MAPKOBCKHUX MOeJIeH
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Peztome. AKTyalbHOCTH pabOThl OOYCIIOBJICHA CIIOKHOCTSIMH YCTHOTO B3aHMMOJICHCTBHUS JIIOJEH C
HapymeHUsAMHU p€iu C HOpPMOTUIINYHBIMHA CO6€CC}1HI/IK3MH, a TaK)K€ HU3KHUM Ka4€CTBOM paCliO3HaBaHUA
aHOMAaJIbHOW PEYN CTAHJAPTHBIMU CHUCTEMaMH PACIIO3HABAHUS PEYM M HEBO3MOXKHOCTBIO CO3JaHHS
CUCTEMBI, CIOCOOHOM 00paboTaTh JII00bIe HAPYIICHHS pedr. B CBA3M ¢ 3TUM JaHHAs CTAThs HAIpaBJicHA
Ha pa3pabOTKy METOJa aBTOMATHYECKOrO PACIO3HABAHMS IU3aPTPUYHON peur ¢ NPUMEHEHHEM
npenoOydeHHOW HEHPOHHOM ceTH sl pacro3HaBaHHus (DOHEM U CKPBITBIX MapKOBCKUX MOJENEH st
npeoOpazoBaHus (POHEM B TEKCT U MOCIIEAYIONICH KOPPEKIINH PE3yJIbTATOB PACIIO3HABAHHMS C TTIOMOIIIBIO
MMOMCKa B TPOCTPAHCTBE AOMYCTUMBIX CIIOB OJIDKAMIIEro MO paccTosHuio JIeBeHmITelWHa ciioBa U
JUHAMHYECKOTO aIrOpuTMa pa3OuMeHHs BbIXOJa MOJETH Ha OTHelbHbIE cioBa. (OCHOBHOE
MPEUMYIIIECTBO UCTIOIB30BAHUS CKPBITHIX MAPKOBCKHUX MOJICIICH 110 CPABHEHHIO C HEHPOHHBIMU CETSIMHU
3aKIJII0YaeTcsl B MajoM pa3Mmepe oOydaromiero Habopa JaHHBIX, COOMPAeMOTo MHAWBHUIYAJIBHO IS
KKAOTO TOJB30BaTENsl, a TaKXKE B MPOCTOTE JOOOYYEHHS MOJIENH B CIIy4ae MPOTrPECCHPYIOIINX
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HapymeHuid peud. OnuchIBacTCs HA00p NAHHBIX JUI OOyUEHUS MOJCIH, U JAIOTCS PEKOMEHIAINH T10
cOOpy M pa3MeTKe MaHHBIX i o0ydeHwss Mmomend. OP(GEeKTHBHOCTh MPEATIOKEHHOTO METoAa
MPOBEPSICTCS HA MHIUBUAYAIBHOM HA0OpEe NaHHBIX, 3aIMCAHHBIX YEJIOBEKOM C JU3apTPUCH; Ka4eCTBO
pacro3HaBaHUsl CPAaBHUBACTCS C HEHPOCETEBBIMU MOJICIISIMH, O0OYYCHHBIMHU Ha HUCIOJIB3YEMOM Habope
JAHHBIX. MaTepuanbl CTaTbd MPEACTABISIOT MPAKTUYECKYI0 IIEHHOCTh JJISI CO3J[aHUsl CpPECTBa
JIOTIOJTHEHHOW KOMMYHUKAIMH JIJIS JIIOIeH C HApyIICHUSIMH PEUH.

Knrwouesnvie cnosa: cKpbIThie MAPKOBCKUE MOAECTH, JU3aPTPHsl, aBTOMAaTHUECKOE PAcIO3HABAHHE PEUH,
pacmo3HaBanue (hoHeM, KOpPEKIHs GOHEM.

Jlna yumuposanusa: bpenuxun b.A., Aarop M.X., XnebunkoB H.A., MensaukoB A.B., baaypun M.B.
PacrioznaBanue qu3apTpudHOM peun 1o (JoHEMaM ¢ UCIIOIb30BAHUEM CKPBITHIX MAPKOBCKUX MOJICIICH.
Mooenuposanue,  onmumuzayus u  uHgopmayuonnvie  mexrnonocuu.  2024;12(1). URL:
https://moitvivt.ru/ru/journal/pdf?id=1471 DOI: 10.26102/2310-6018/2024.44.1.002 (sa anr.)

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. Isit possible for a person to give meaningful feedback for directed training of a speech
recognition model?
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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.

5 3TO HE MMEET 3HAYEHWA eltanimetuzyznatfeniga
6 ByKBanbHO bokavalitsna

7 Kpome katrome

8 OTNEYAToK Nanbla atfitfetakpaltsa

9 3BEpEK SGvikrjak

10 WHBOTHBIE z@vaitnaje

Figure 1 — Example of phonemes recognized by XLS-R from the data set
Pucynok 1 — Ilpumeps! poHem 13 HaOOpa TaHHBIX, pacIO3HAHHBIX ¢ moMoth XLS-R

As seen above, the recognized phonetic transcriptions roughly correspond to the correct
pronunciation; however, there are anomalies, for example, extra sounds (" t" in the word
“kpome”/”’krome”/”except’”), substitutions of sounds ("o" instead of "u" in the word
“OykBanbHO”/’bukval'no”/“literally”), omissions of sounds (in the word “umeer”/”’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)

£ = XLSp(x), (1)

where x is a sound wave; XLSg is an XLS-R neural network; 2 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; 2, is a recognized phonemes matrix with shape of T; X |P|; y; is the true text matrix
with the shape of T, x |L|; k = 1,K is a sentence index in the data set; #; ; is a probability that
i-th phoneme is j; y; ; is a probability that i-th letter is j (0 or 1).

Let us assume that HMM = (L, P x P, m) is a hidden Markov model; 7 is a transition
matrix (P X P) X 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:

l.t=0.
II. foreach i = 1,K:

1
1. For each j = 1, min:
t
a) Txpjxijenl = Moy px el " pap
41

T jXi, j+ 1Y j
b) Tty jraviy = ey
c)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| X T, is constructed
as shown in equation (2):

Ty: = (P, Pryq, 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 T, is a letter probability matrix (2); # = " 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(s;,s,) =1 — % is character error rate; LD is a Levenshtein distance.
11102

2. mw =,md = 0.
3.i=|r|.
4. For each word w € W':
a) d, = d(r[st:i],w);
b) ifd > md, thenmd = d,mw = w, st; = i;
C) st = st,,# = * @ mw, @ is string concatenation with space.
50i=1i-1.
6. If st > |r|, go to step 7.
7.1f i > st, go to step 4.
8. 7 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 /.

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 “Moii a5 cambIx yecTHBIX TpaBui,” has recognized phonemes “m
aindedesanaxref@noxppravi andrecognized text “mmuncncnannxpecnixppaoa’;
therefore, CER is 0,58. We correct the recognition result with a text
‘monasascambixuecHbixmmpasu”’, CER=0,06. After correction and model fine-tuning
recognition result is “momasnscansixpsciimxnmnpsis” with CER=0,375 after one batch.

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

Table 1 — Log of model training
Tabmuia 1 — XKXypHan o0y4yeHHus MOICITH

Epoch | Text Recognized | Recognized text CER of

phonemes recognized
text
1 MotiasinsicaMbIX4ecTHbIXIIpA | m ar n d e d | mmuncncnannxpecraxppao | 0,58
BUII, esanaxr|a

ebdnoxpp
ravi

2 KOTJJTAaHEBITYTKY3aHEMOT kagdan e | xaonanaoweokosa3amaME 0,6
ffotkolz
enemok

3 OHYBa)XXaThCEOS3aCTaBIII Onovasa | ymesiivimade3acmons 0,54
tabezedt
alfy

4 WITyYILIEBBIlyMaTbHEMOT ilotfeuv | uremseyssiooomamnamo 0,42
eddomat
nemog

5|9



MopneaupoBaHue, ONTHMH3ANMS W HHPOPMAIIMOHHbIE TEXHOJIOTHH / 2024;12(1)
Modeling, optimization and information technology https://moitvivt.ru

Table 1(extended)
Tabmuia 1 (mpogomkeHue)

Epoch | Text Recognized | Recognized text CER of

phonemes recognized
text

5 eronpuMepIpyrumMHayKa sjevopkr | uesonkuuemoxusnusenkay | 0,48
ivmal kru | eumnnayx
pntsupk
rogimpn
a:oka

10 TTOJTY’KABOT0320aBIIATh pPanozoo | NOHOMHC030203e0088/He 0,47
ovazeba
vulnet

Table 2 — Log of model training (corrected text)
Tabmuua 2 — XKypHan o0y4eHust Mozienu (1mociie KOPPEKIUU TeKCTa)

Epoch Correction text CER  of | Recognized text after | CER of
correction | correction recognized
text text after

correction

1 mounaaacambixuecHerxom | 0,06 Momasascanbixpsacimxmnmn | 0,375

paBu pBIB

2 KorjaHeBmyTky 3anemor | 0,02 KarJJOHEBUIOTKBI3SIHEMO 0,3

3 OHyBakaTe0s3aCTB BH 0,15 YHOBa)KOTBOA3eCTaNIB 0,43

4 wiyTiieBBelyMaTHemor | 0,13 WJIOTBBIBBAIOMAaTHEMO 0,36

S HeronppuMMeKp a 1021 pleMypppurmMekyansssnkc | 0,48

pyruM _Hayka YTUMTHAYK

10 nmoHoxoBoBazabas i sr | 0,33 MTaHOKOCYT035100MYJIHE 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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