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MODELING DOMAIN OPENNESS IN SPEECH INFORMATION
TECHNOLOGIES

The paper examines the topical problem of applying speech-to-text systems for different domains, including a variety of acoustic
conditions, individual characteristics and context types, as well as taking into account multi- and cross-lingual properties. The
described techniques for modeling speech signal deterioration, lexicon flexibility and code-switch made it possible to increase the
robustness of previously developed systems, which expanded the domains of their application.
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Introduction

When developing speech technologies, a number
of human intellectual functions are modeled,
which provide:

= automatic perception of information trans-
mitted by voice through various communication
channels in many languages;

= the ability to search for information in the
broadcast stream by text request;

= receiving an answer to the question "Who is
speaking?";

= automation of documentation of media sourc-
es of information;

= release of hands when entering information
(dictation);

= release of the visual channel (voicing of mes-
sages and other arbitrary text).

In previous works [7, 11, 13] the authors have de-
veloped speech signal transcription systems within
subject areas in conditions of user cooperation with
the system (text input under dictation), as well as
in conditions when individuals do not expect that
their speech will be automatically converted into
text and communicate spontaneously (transcribing
records of meetings or news stories).

Automatic transcription of audio recordings
obtained in conditions of notable noise and dis-
turbances allows to document episodes and deter-
mine:

= what is said (speech-to-text conversion);

= who is speaking (voice identification and iden-
tification of unknown persons);

= what language and cultural context is used
(language, country, speaker social position);

= what is the content (classification by topic,
sentiment, specific entity detection, etc.);

= what other kinds of sounds are observed and
might be interpreted.

The resulting transcription is an array of text
synchronized with audio (and video) stored on the
server and searchable by text query.

A number of the limitations of the listed works
are related to the focus on specific subject areas.
Among the shortcomings are: (1) significant sen-
sitivity to acoustic conditions distinguishing from
the conditions in the training sample, (2) the in-

ability to fully process proper names and specific
vocabulary terms and (3) lack of real multilingual-
ism.

Therefore, the next step of the research is to
strengthen independency on the subject area and
to model robustly the following:

= acoustic tract properties through which the
speech signal is transmitted,

= the (virtual) openness of the lexicon, including
speaking failures,

= Janguage change (code-switching).

The next section overviews the recent evolution
of approaches used in speech signal analysis and
the state-of-art techniques and implementations,
the Research and Development section describes
applied techniques and developed technology and
systems, main assessments are presented and dis-
cussed in the Result section, finally, we conclude
and spot future research.

Related work

Previous decade was characterized by the domi-
nance of architectures based on Hidden Markov
Models (HMM) combined with Gaussian Mixture
Models (GMM) with the gradual displacement of
GMM by Deep Learning techniques. The typical
stages involved in speech-to-text conversion in-
clude:

= Feature Extraction: The raw audio signal is
transformed into a feature representation that cap-
tures relevant information for speech recognition.
Commonly used features include Mel-Frequency
Cepstral Coefficients (MFCCs), filter banks, or
spectrograms.

= Acoustic Modeling: Acoustic modeling aims
to capture the relationship between the acoustic
features extracted from the audio signal and the
corresponding phonemes or other chosen basic
sub-word units. HMMs are commonly used in
this stage to model the temporal distortion of basic
speech units and GMM is used to model the ap-
proximation in feature space.

= Pronunciation Modeling: Pronunciation mod-
eling deals with the mapping between phonemes
and word-level tokens. This stage typically involves
a pronunciation dictionary that maps word-level
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tokens to sequences of phonemes, along with rules
for handling variations in pronunciation.

» Language Modeling: lLanguage modeling
focuses on predicting the likelihood of word se-
quences in a given language. This is typically done
using statistical language models, such as n-gram
models or more sophisticated techniques like re-
current neural networks (RNNs).

= Decoding: Decoding involves searching
through the space of hypothetical word sequences
to find the most likely sequence given the acoustic,
pronunciation and language models integrated in
Weighted Finite State Transducers (WFST). Algo-
rithms based on Dynamic Programming, such as
Viterbi decoding or beam search, are commonly
used for this purpose.

Nowadays, Deep Learning techniques mostly
absorb Acoustic, Pronunciation and Language
Modeling stages and are presented by networks
composed of multiple layers of interconnected ar-
tificial neurons, which can model complex patterns
and grasp wide contexts in data.

= Recurrent Neural Networks (RNNs): RNNs
are a type of neural network particularly well-suited
for sequential data, such as speech. They have con-
nections that loop backward, allowing informa-
tion to persist. Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) architectures,
which are variants of RNNs, are often used to
handle long-range dependencies and alleviate the
vanishing gradient problem.

= Convolutional Neural Networks (CNNs):
CNNis are highly effective for processing grid-like
data, such as images. In speech recognition, they
are often used for feature extraction from spectro-
grams or other time-frequency representations of
audio signals. CNNs can capture local patterns ef-
ficiently.

= Attention Mechanisms: Attention mechanisms
have been incorporated into speech recognition
models to help focus on relevant parts of the input
during decoding. They enable the model to align
input features with output labels dynamically, im-
proving performance, especially in noisy or com-
plex audio environments. One of the most power-
ful architectures based on Attention Mechanism is
Transformer.

= Connectionist Temporal Classification (CTC):
CTC is a method used for training neural networks
to optimize sequence-to-sequence mappings. It's
particularly useful in tasks where the alignment be-
tween the input and output sequences is not known
beforehand, which is common in speech recogni-
tion.

» Transfer Learning and Pre-training: Transfer
learning techniques, where models are pre-trained
on large datasets (such as LibriSpeech or GigaS-
peech), have been instrumental in improving the
performance of speech recognition systems, espe-
cially in low-resource scenarios.

Normally, the Decoding stage operates with sub-
word token observation scores at each time frame
and produces the final sequence of word-level to-
kens, which may include punctuation as well as let-
ter capitalisation and digital and symbolic presen-
tation of word subsequences. Since the granularity
of time frames has become larger, the beam search
is used mainly to compose the most probable word-
level tokens rather than to approximate nonlinear
temporal distortions of speech signal segments.

The observed tendency to combine the tradi-
tional stages into a single neural network architec-
ture leads to End-to-end models simplifying the
pipeline and potentially improving performance.

The most productive toolkits that implement
speech analysis techniques include Kaldi, WeNet,
ESPNet, Wav2Vec, Nemo, Whisper, Seamless [4,
6, 8, 10]. Normally, a toolkit includes baseline
models derived from train samples based on ei-
ther publicly available corpora like LibriSpeech,
Tedlium, GigaSpeech, VoxCeleb, Multi_ CN etc.
or some closed corpora. A choice to train a model
from scratch or fine-tune a pre-trained model gives
a chance to build a viable model with less annotat-
ed training data and rather modest computational
resources.

Due to the diversity of approaches implemented
in the toolkits and train samples annotation the re-
sulting text may include some particular features:

= etter capitalisation, punctuation, digits and
symbols,

= elements of distinct text reconstruction with
alleviating of speaking failures,

= multilinguality elements.
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In the case of word sequence output, the further
application of certain techniques may help to re-
store the required properties from the raw text like
it is done in [12, 13].

Speaking failures might be falsely detected at
actually correctly spoken segments, which can be
crucial. E.g., when the speaker intentionally spells
the same digit several times the result may contain
only one sample of the digit, having processed the
rest of samples as a restart or hesitation.

Multilingual features are available for systems
trained on multilingual data like provided in Whis-
per or Seamless. However, this does not mean that
a single inference will produce the result in a code-
switch manner. In fact, the text output inference
is based on the only selected language, and words
in segments containing other languages are, hypo-
thetically, either interpreted or approximated with
similarly sounding words of the selected language.
Moreover, in certain cases, an unacceptable text
output might be produced by end-to-end architec-
tures, which even got a specific term of hallucina-
tions. Therefore, to provide real multilingual fea-
tures we should envisage a code-switch mechanism
that should show acceptable results for predefined
sets of languages. Currently, bilingual Automatic
Speech Recognition (ASR) systems can be found
only in commercial production for such language
pairs as English—Spanish and English—Chinese
[13].

Noisy, distorted and overlapped speech causes
the significant deterioration of recognition results.
A huge progress in speech enhancement tech-
niques is promising for recognition improvement
in noisy and distorted speech segments as well as in
segments with overlapped speech [9, 15].

Research and development

In this work the numerous techniques and their im-
plementations were analyzed, tested and combined
into pipelines of means providing the functionality
of speech recognition systems aimed to alleviate a
substantial domain dependency.

The properties of the acoustic tract are deter-
mined by various causes like external noises, re-
verberation, interference, simultaneous speech of

several people, speaking styles and the state of the
speaker (emotion, singing), lossy compression etc.
This is topical for domains related to telephony and
wireless analogous communication means as well
as for records done outdoors by a highly sensitive
microphone.

Modeling of the acoustic tract takes place on the
basis of a training set that has one or more of the
listed properties, or due to augmentation — arti-
ficial provision of the initial signal of the training
sample with specified properties [16].

The most challenging among the listed issues
is modeling the overlapping of signals of two and
more speech sources [9, 15]. It is even not obvi-
ous how to transcribe overlapped segments. This
problem was not paid proper attention due to its
relatively infrequent occurrence until practically
absence for certain specific tasks like phone calls
transcribing with isolated records for each call
participant. However, when the same records are
mixed into a single channel, nothing prevents over-
lapped speech segments from occurring.

Lexical limitation that ties to the domain can-
not be avoided in speech-to-text systems with a
closed dictionary, no matter how large the dic-
tionary is. For example, for Ukrainian language,
non-dictionary word forms make up an average of
3—5% for a dictionary volume of 200,000 words.
Moving to dictionaries of sub-word segments like
morphemes instead of words makes it possible to
alleviate restrictions on the lexicon significantly
providing its kind of virtualization.

Considering morphemes as a basic unit instead
of phonemes leads us to direct estimations of ob-
servation probabilities for parts of words by the
multilayer network. In Fig. 1 a sample of Ukrai-
nian word “oca” can be segmented by recognized
subword hypotheses that include: "o", "oc", "c",
"ca", each of which has its probability-based score
at time frames. While decoding word sequences,
an optimal or suboptimal path is computed for all
permissible sequences of subword units by means
of the beam search with optional involving certain
language model scores.

Another application of subwords is handling of
speaking failures like false-starts, self-corrections
and hesitations. Each hypothetical word can be
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Fig. 1. Subword segmentation with token score visualization

4

\
w::wOwj{h,'j::j+1

Fig. 2. Modeling of speech failures

divided into partial words and one or more filled
pauses, which are invisible (transparent) in the de-
coded word sequence. So, in addition to the virtual
dictionary of words, V, we introduce dictionaries
of all partial words, Vpa .» and filled pauses, mesp.
Then, upon arrival of a hypothetical partial word,
we can delay the accumulation of the full word until
the completion of following the hypothetical filled
pauses. Fig. 2 shows the graph by which a bigram of
P(wj |wi ) is formed for its further score adjustment.
Dashed lines indicate the accumulation of a partial
word, the dotted line corresponds to the arrival of
a filled pause, which is dropped. A circle operator
means a concatenation of subword segments. In

the general case, it is possible to advance with two
arrows at the same time, when the full word coin-
cides with the partial word w: weV NV gy #O.
Code-switching means alternation of different
languages between or within sentences for different
or the same speaker. In countries where more than
one language is spoken by a significant number of
people the code-switching speech is a common
phenomenon. In Ukraine, switches, as well as lan-
guage mixtures (surzhyk), are often observed in bi-
lingual spontaneous speech. Solving the problem is
carried out in two directions: (1) creation of a com-
mon dictionary with combined sets of basic speech
units or (2) parallel recognition of signal segments
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File uploads

Select File: [Browse... | Nofile selected.

Or youtube URL: ‘tps://www.youtube.com/watch?v=VCJcm0Xzzdk‘

Select media segment from (sec): s ¢ | duration (sec):| <]
Language: [ Ukrainian v |

[ Upload |

Fig. 3. Automatic speech transcribing basic web-interface

| 2 L 3:02 4 -9

" CKa3all, Korjaa OH 3ajayy BBHINOJIHUT, OH M MoefleT, | ¢
PHHAN? ) ClIpalUMBaeT paspelleHde OTKaTUThCH Hasa
MaHeBpUpoBaTh He MoryT. Kak npunsn? 411, 411. Jleso 2-1
TOTOBHOCTH OTOHL. A s, Kak npansn? Bpoae 61 mo
BOIIPOCOM 3aHsJI, @ OH TOXKe uejloBeka 6e3 npoBOgHHUKa, Ok

ymuaTKa 8-1. .4

. TTpunsn. CKaXxH, a mMocTopc
iy 1o nomexe? [lpuénm. ¥ MeHs 61103. My3sIKaHTOM BREIPBY
napHu. CHPKYISPHO, CUPKY/IApHO. A BocTok. Kak npussmm’

Fig. 4. Speech-to-text conversion result for a set of inter-
cepted radio transmissions

> e 315
195
s wDBHYY, CTIOYATKY POCIACHKOI arpecil ie BH 3HaXOIHIHCA?
Jloma.
3a agpecow?

Ceno .

- —e

p_— 2,

Konwu okynaniisi sisicbka 3ainuu o cena?

BoH# Ojpasy, sK THILKK 3aAIIH, 110-MOENY, 25-

25-70 KONOKa HI/la B HAMPAB/IilHi, IK He s, ACCh TYOH, B TY CTOPOHY.
A BXe NOTiM 3aRINNKH, KONK IHIR Yepes I'ATh, AK BePTANHCH BOHK OTYT,

ToAl BOHH AIIUIH 4acTi 0TCI0Aa 1 YacTi no By/mui,

4acTi 3 iz, B 1Ba A, 60 BOHH CHIBHO CIIH/IH Yepe3 MoCT.

1 1HOTIM BOHHM 30IMIIHIMCH TYT.

CKinbkH 6y710 NPEGIH3HO POCIACLKAX 260 ACHCCPOBCLKHX BICLK 3@ MCPioX OKymamil?
Kinekicth conatin?

Conjaris, Tax.

Hy, 10 51 ne 3nao, 150, 300, 400.

Fig. 5. Speech-to-text conversion for investigative action
documenting

using monolingual models with subsequent merg-
ing of separate results into one [1, 2].
Speech-to-text conversion system output con-
sists of words composed of basic tokens. When
we consider tokens including only orthographic
case-independent presentation, then we need to
introduce one or more text decorating models that
cover word-to-number conversion as well as punc-

tuation and case restoration. Number extraction is
provided by word sequences consisting of certain
basic numeric words. The authors use a rule-based
sequence-to-sequence conversion procedure,
similar to grapheme-to-phoneme converter, with
introduced multilingual rules allowing for word se-
quence segmenting into numeric and generic words
and extracting digital spelling for any integer num-
ber [5, 12]. For punctuation restoration, we apply
a model based on Recurrent Neural Nets, where
the encoder sequentially encodes word sequences
optionally accomplished with prosody, and the de-
coder decodes the text with restored punctuation.
The model parameters were estimated on a Ukrai-
nian text corpus containing about 10 million sen-
tences extracted from news web-sites so no prosody
features were used [13].

Before restoring punctuation marks and con-
verting word sequences to numbers, a speaker
turn changing detection, i.e., speaker diarization,
should be accomplished. We assume that when the
turn to speak is transferred to another party, the
next thought is started, so a new sentence begins.
Rare cases, when other conversation parties can
continue or finalize the sentence, are not currently
considered.

After the speaker diarization stage is passed, we
recover the numbers from the word sequences and
then restore the punctuation. This is due to the fact
that the parameters of the punctuation model are
more appropriate for estimation and evaluation on
texts containing numeric expressions rather than
word sequences. Otherwise, before estimating the
parameters, it would be necessary, in the training
text sample, to convert the numeric expressions to
a word sequence, which is not a sufficiently ana-
lyzed and solved problem, particularly for Ukrai-
nian language because of necessity to model the
gender and case agreement.

With the use of appropriate open source tools
and multilingual speech and text corpora ei-
ther open, like Common Voice and UberText, or
closed, the experimental system have been devel-
oped in the client—server architecture with a basic
web-interface [4, 8, 10, 12]. Fig. 3 illustrates the
input interface where a user can choose a record
among local files or provide a link to media data,
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adjust desired media segment boundaries and se-
lect a language or mixture of languages. The ap-
plication of this system is intended for the event
fixation documentation automating, audiorecord
transcribing and subsequent interpretation and
analyzing of telecommunication and other media
sources (television, radio, youtube, contact cen-
ters, etc.) by recognized text.

The example of automatic transcription for a set
of intercepted radio transmissions is shown in Fig.
4. This is a highly coarse noise signal with specific
lexicon. Here, the speech-to-text conversion result
might be used to analyze the current situation op-
eratively due to automating.

Fig. 5 illustrates the speech-to-text conversion
of an investigative action that might be used as a
basis for documenting the events of legal nature.
Since the record is made by a highly sensitive mi-
crophone, external noises and speech overlaps are
observed. The inter-sentential code-switching with
elements of surzhyk can be found in line 9, which
is processed as expected.

Experimental results

To assess speech-to-text conversion, firstly, for the
developer set, the least error-prone hyper-parame-
ters, in terms of word error rate (WER), are being
searched and adjusted, then WER is estimated for
the prepared test sets.

The test samples were taken from both publically
available and closed sources. The crowd-sourced
freely available Ukrainian part of the Common
Voice set of corpora is continuously collected by
volunteers and, at the experimenting time, con-
tained 12 hours of isolated phrases. Phrases and
respective annotations were examined and about
2 hours of records were removed from the sample
as garbage data. The bilingual test set was collected
from noisy sources, particularly from telephonic
channel, and 3 test samples were prepared on its
basis:

= mixed inbound and outbound channels,

= inbound and outbound speech placed into dif-
ferent files and

= mixed signal was automatically divided by
source and stored to respective files.

Table 1. Speech-to-text monolingual test accuracy, %9WER

Model Bilingual Mono- Mono- Whisper,
lingual lingual + large v2
Test set LM
Common Voice, 10,7 72 6.5 13.5

Ukrainian, 10h

Table 2. Speech-to-text bilingual test accuracy, %2WER

Model Bilingual
Test set
Bilingual, telephonic, mixed 17,2
Bilingual, telephonic, stereo 16,1
Reconstructed stereo 16,6

Table 3. Punctuation restoration results in F1-score, %

Model Monolingual Monolingual Bilingual
Test set baseline improved
Monolingual,
artificial 68,1 73,5 71,7
Bilingual 61,9 63,5 66,9

The bilingual test samples contain spontaneous
conversations with sometimes emotional speech
and noises and cover inter- and intra-sentential
code-switching. The total duration of multilingual
test data is about 5 hours.

Model parameters were estimated in single lan-
guage (monolingual) and merged languages (bilin-
gual) modes [13]. To estimate parameters for the
monolingual model about 1000 hours of speech
were taken and almost 2400 hours of speech were
used for the bilingual model. Language model
(LM) was trained only for monolingual mode us-
ing text data extracted mostly from news web-sites
with a total amount of 2GB.

A publically available Whisper model taken
for the comparison is trained on the multilingual
closed corpus containing 680K hours of speech
with 1550M parameters estimated [10].

The developed models showed better accuracy
for isolated phrases and for the monolingual setup
LM application gave a significant improvement
(Table 1). The WER below 20% reported in Table 2
for the only bilingual model confirms that the de-
veloped model enables effective assisting for speech
transcribing as well as a further analysis of the rec-
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ognized text by NLP automatic means under the
conditions of domain extension.

The WER reported by the Whisper team for the
similar test set is slightly different, as expected,
which can be explained by the cleaning procedure
applied with thorough supervision to the initial test
data.

The punctuation restoration model is evaluated
in terms of F1-score, which is a geometric mean of
precision and recall for such punctuation marks as
period, comma and question mark. The monolin-
gual test set consists of 32000 words and is obtained
by removing the punctuation marks from text. Bi-
lingual test set is based on real texts making a total
of 12000 words. The baseline monolingual model
is the result of previous work [7, 13]. Other models
were trained on an updated training set: 2 GB for
the improved monolingual model and 2.5 GB for
the bilingual model.

As shown in Table 3, language merging is benefi-
cial for multilingual punctuation restoration.

Conclusions

The achieved accuracy of the developed model
shows weaker sensitivity to acoustic conditions
and various contexts, and allows for processing real
speech recorded for Ukrainian cultural environ-
ment.

The implementation of the described approach-
es to modeling the domain openness makes it pos-
sible to move on to the creation of speech signal
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MOJIEJTIOBAHHS BIIKPUTOCTI MPEAMETHOI OBJIACTI B
MOBJIEHHEBUX THOOPMALINHUX TEXHOJIOTTIX

Beryn.

Y nonepenHi poku po3po0JieHi CUCTEMU TpaHCKPUOYBaHHSI MOBJIEHHEBOTIO CUTHAJIY B MeXax MpeaAMETHUX 00J1acTeid, 1K
B YMOBax KOOIEPYBaHHSI KOPUCTYBaya 3 CUCTEMOIO (BBEIEHHSI TEKCTY MiJ TUKTYBaHHS), TaK i B yMOBax, KOJIX 0coOu He
PO3PaxoBYIOTb, 1110 IX MOBJIEHHS Oy/ie aBTOMaTUYHO MEPETBOPEHE Ha TEKCT, i KOMYHiKYIOTh CHOHTaAHHO (TPaHCKPUOYBaHHS
doHorpaM 3acigaHb abo CroXeTiB HOBUH). Jlo HeHOJiKiB LIMX PO3po0OK BapTO BiHECTU: 3HAUYHY YYTJIMBICTH /10
aKyCTMYHUX YMOB, BiIMiHHUX BiJl YMOB y HaBYaJbHill BUOip1li, HEMOXJIMBICTb OINMpallbOBYBaTU MOBHOIO MipOIO BJIACHI
Ha3BM, 0COOJMBOCTEN JIEKCUKHY Ta BAMOBHU Ta HEOCTATHICTh MOJIETIOBaHHSI BJIaCTUBOI YKpaiHi 6aratomoBHOCTI. [TocTano
3aBJaHHS BiIilTU Bil NMPUB’SI3aHOCTI IO MPEAMETHOI 00JIacTi, 110 TOJOBHMM YMHOM XapaKTEPU3YEThCS: aKyCTUYHUM
TPakTOM, uYepe3 sKi IepeaaeTbcsl MOBJICHHEBMI CHUIHaJ, MPUCYTHICTIO B JIGKCUL crelu@iyHUX CJiB, PO3MAITTSIM
iHIMBiyaTbHUX OCOOJIUBOCTEN i MiXKMOBHUM MEPEMUKAHHSIM.

Meta. Po3poOutu TEXHOJOTiIO, 10 Ja€ 3MOry e€(EeKTMBHO PpO3Mi3HaBATU MOBJIEHHEBUU CUTHAT B PO3MAITOMY
MpPeIMETHOMY i aKyCTUYHOMY CEpEeIOBUIIL, 3HSBIIM SIKOMOTa OiJibllle OOMeXeHb, 3yMOBJIEHUX HEOOXiAHUM paHillle
afanTyBaHHSM 0 KOHKPETHOI ITpeIMeTHOI 00J1acTi.

Metoau. MonenoBaHHs PO3MAITOCTI aKyCTUYHOIO TPaKTy BiOYBAa€ThCsl Ha ITiACTaBi HaBYaJIbHOI BUOIpKH, 1110 Ma€
OJIHY i Oisbllle MepesiueHuX BIACTUBOCTEH, ab0 3a paXyHOK OIMEHTallil — IITYYHOTO HadaHHS MOYaTKOBOMY CUTHATY
HaBYaJIbHO1 BUOIpKHU 3aaHUX BjlacTUBOCTel. [lepexin 10 CIOBHUKIB i3 CyOCTiBHUX CErMEHTIB-MOP(iB 3aMiCTh CJIiB AaJ10
3MOTY 3HSITU CTPOTi OOMEXEHHS Ha JIEKCUKOH, KOMIIOHYBATU BipTyaJIbHO Oy/b-sKi C10Ba, 0OpOOJISATU MOBJIEHHEBI 3001
Ta BUKOPUCTOBYBATH MOP(U B IKOCTI 6a30BOi ONMHUIII MOBJICHHSI 3aMicTh (hoHeM. BupiiieHHs Tpo6ieMu MiXkMOBHOTO
nepeMUKaHHS 30iMCHIOETHCS 3a ABOMa HampsiMKaMu: (1) CTBOpEHHS CITiJILHOTO CJIOBHMKA 3, BiIMOBIAHO, 00’ € AHAHUMU
MHOXWHaMM 06a30BMX OJMHUIIL MOBJIEHHS a0o (2) mapajieJIbHOro po3Mi3HaBaHHSI CEIMEHTIB CUTHATY 3 BUKOPUCTAHHSIM
OTHOMOBHHUX MOJIEJIEH 3 MOAAJIBIIINM 3JTUTTSIM OKPEMUX Pe3yJIbTaTiB B OIMH.

Pe3ynsraTu Ta BUCHOBKHU. 3 BUKOPUCTAHHSIM BiIITOBIIHUX iIHCTPYMEHTAJIbHUX 32C00iB Ta 0araTOMOBHUX MOBJIEHHEBHUX i
TEKCTOBUX KOPITYCiB pO3POOIEHO eKCTIEPUMEHTAIbHI CUCTEMU B apXiTEKTYpi KIIIEHT-CEPBEp, sIKi 3HAXOISITh 3aCTOCYBaHHST
MpyY aBTOMATH3allil TOKYMEHTYBaHHS (pikcalliii mofiii, TpaHCKpHMOYBaHHI Ta MOAAJbIIINA iHTeprpeTalii i MOHITOPUHTY
TeJEeKOMYHIKaliifHUX Ta MemiliHux Ikepen (Teaepamioedip, youtube tomio). Peanmizaiisi minxomiB 10 MoaenroBaHHS
BiIKPUTOCTI MPEAMETHOI O0JIACTi Aajia 3MOTY TEepeiTH 10 CTBOPEHHSI TAKMX CUCTEM TPAaHCKPUOYBaHHSI MOBJIEHHEBOTO
CUTHAJTY, 110 MEPETBOPIOIOTh HA 3pO3YyMIJIMIA JIFOAMHI TEKCT MPAKTUYHO Oy/ib-sKYy MOBJIEHHEBY iH(bOpMallilo, 10CATaIOTh
Kpauioi HaliitHOCTi 32 MEHILIOI YYTJIUBOCTI 10 aKyCTUYHUX YMOB i Pi3HOMaHITHUX KOHTEKCTiB, 0OpPOOJISIIOTh MOBJICHHEBI
3001 Ta MOZICJIIOIOTh peajibHy 0araTOMOBHICTb.

Karouogi caoea: moenenns, mosa, MOBACHHEGUI CUCHAN, AHAAI3, PO3NIZHAGAHHA, PO3YMIHHA, aKyCMu4Hi wymu i 3aéadu,
gi0kpumicmo npedmemHoi obnacmi, 6aeamomosHicmb, MO6AEHHEBE 300i.
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