Proceedings of NPUA: Information technologies, Electronics, Radio engineering. 2025. Ae 2.

UDC 004.8
DOI: 10.53297/18293336-2025.2-38

ARMUS: A HIGH-QUALITY MULTISPEAKER ARMENIAN SPEECH
CORPUS FOR SPEECH SYNTHESIS

K.H. Nikoghosyan

National Polytechnic University of Armenia
"SYNOPSYS ARMENIA™" CJSC

The development of Text-to-Speech (TTS) systems requires high-quality speech
datasets, which are particularly scarce for under-resourced languages like Armenian. This
paper presents the development and implementation of an automated system for creating
speech datasets from audiobooks and corresponding text files specifically designed for Ar-
menian TTS applications. The system employs intelligent audio segmentation based on
silence detection, text alignment mechanisms, and automated quality assessment protocols.
Using this automated approach, a comprehensive Armenian speech dataset contain 14,182
audio segments was created with a total duration of 75,597.79 seconds (approximately 21
hours), sourced from professional audiobook recordings. The dataset includes recordings
from two male speakers and covers 14,078 unique sentences containing 137,716 words
with 30,466 unique vocabulary items. Audio files are standardized at 22,050 Hz sampling
rate, 16-bit depth, and mono format to ensure consistency.

Quantitative analysis reveals that segment durations follow a natural distribution
centered between 2-6 seconds, with an average duration of 5.33 seconds per segment. Pho-
neme distribution analysis demonstrates comprehensive coverage of the Armenian phono-
logical system, following expected linguistic patterns. Quality assessment shows signal-to-
noise ratios exceeding 35 dB across all segments, with 94.3% of randomly sampled seg-
ments meeting predefined quality criteria. The created dataset significantly exceeds existing
Armenian speech resources in both volume and quality, providing a valuable foundation for
Armenian TTS system development and other speech processing applications.

Keywords: Text-to-Speech (TTS), Armenian language, speech dataset, audio seg-
mentation, silence detection, speech synthesis.

Introduction. Text-to-Speech synthesis has become an essential technolo-
gy for various applications including accessibility services, virtual assistants, and
language learning platforms. The development of high-quality TTS systems re-
quires substantial amounts of paired speech and text data, which presents signifi-
cant challenges for under-resourced languages. Armenian, despite its rich literary
tradition and active speaker community, lacks sufficient publicly available speech
datasets for advanced TTS system development.

The quality of TTS systems is directly dependent on the volume, diversity,
and quality of training data [1]. While rule-based and statistical approaches can
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achieve reasonable results with limited data, modern neural TTS architectures re-
quire extensive paired audio-text datasets to achieve natural-sounding speech syn-
thesis [2]. The scarcity of such resources for Armenian has hindered the develop-
ment of high-quality TTS systems for this language.

The existing approaches to speech dataset creation often rely on manual
segmentation and annotation processes, which are time-consuming, expensive, and
prone to inconsistencies. Professional studio recordings, while offering superior
audio quality, are typically limited in scope and vocabulary coverage. Conversely,
crowd-sourced data collection can provide diversity but often suffers from quality
control issues and inconsistent recording conditions.

This paper addresses these challenges by presenting an automated system
specifically designed for creating high-quality speech datasets from existing audio-
book resources. The system implements intelligent audio segmentation based on
silence detection algorithms, automated text alignment, and comprehensive quality
control mechanisms. By leveraging professionally recorded audiobooks, the ap-
proach combines the quality advantages of studio recordings with the efficiency of
automated processing.

The primary contributions of this work include: (1) development of a mod-
ular automated system for speech dataset creation from audiobooks, (2) implemen-
tation of advanced silence detection and optimal segmentation algorithms, (3) crea-
tion of a comprehensive Armenian speech dataset with detailed quantitative analy-
sis, and (4) establishment of quality benchmarks for Armenian speech data collec-
tion.

Related works. Speech dataset creation has been approached through vari-
ous methodologies, each with distinct advantages and limitations. Professional stu-
dio recordings represent the gold standard for audio quality, exemplified by da-
tasets such as LJSpeech for English [3] and CSS10 for multiple languages [4].
These datasets typically feature single speakers in controlled environments, result-
ing in consistent audio quality but limited speaker diversity.

Crowd-sourced approaches have gained popularity due to their scalability
and cost-effectiveness. The Common Voice project [5] demonstrates this approach
across multiple languages, collecting diverse speaker recordings through web-
based platforms. However, such approaches face challenges in maintaining con-
sistent audio quality and require extensive post-processing and validation.

Audiobook-based dataset creation represents a middle ground between stu-
dio quality and scalability. The LibriSpeech corpus [6] pioneered this approach for
English, creating a large-scale dataset from audiobook recordings. Similar method-
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ologies have been applied to other languages, including LibriTTS [7] which ex-
tends this approach with improved audio processing techniques.

For Armenian specifically, publicly available speech resources are ex-
tremely limited. The Mozilla Common Voice project includes some Armenian con-
tributions, but the volume remains insufficient for training modern neural TTS sys-
tems [8]. Academic efforts have primarily focused on speech recognition rather
than synthesis [9], leaving a significant gap in TTS-oriented resources.

Automated segmentation techniques have evolved from simple silence-
based approaches to sophisticated algorithms incorporating linguistic knowledge
and machine learning. Voice Activity Detection (VAD) methods [10] form the
foundation for most segmentation systems, while recent advances incorporate neu-
ral networks for improved accuracy in challenging acoustic conditions [11].

The work presented in this paper builds upon these established methodolo-
gies while addressing the specific challenges of Armenian speech processing in-
cluding the language's unique phonological characteristics and the scarcity of the
existing resources.

Materials and methods. The approach to creating a comprehensive Arme-
nian speech dataset consists of two main phases: (1) development of an automated
collection and processing system, and (2) systematic dataset creation and quality
analysis.

Automated system development. The automated system employs modular
architecture designed for efficient processing of audiobook materials. The system
begins with configuration file creation or loading, guiding users through parameter
selection and input file specification. Users must select input audio files, specify
output directories for segmented audio files, define metadata file storage locations,
and choose corresponding text files. The system also allows specification of initial
segment numbering for organized file management.

The configuration structure utilizes JSON format for hierarchical organiza-
tion capabilities, human and machine readability, and widespread compatibility
with modern software systems (Figure 1). Each configuration record includes audio
and text file paths, output directory specifications, metadata storage locations, and
processing parameters with quality control indicators.
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"input_audio_file": "path/to/input/audio/file/hobbit_1.wav",
"output_directory": "path/to/wav/dir/wav",
"metadata_file": "path/to/metadata/file/metadata.csv",
"document_file": "pathto/transcription/file/hobbit_1.docx",
"split_points": [

5.637,

22.128,

27.151,

38.041,

68.594,

82.891,

89.282

"last_position": 89.282,
"start_segment_number": 1,
"current_sentence_index": 7,
"text_selections": {}

}
Fig. 1. A configuration file structure for the automated processing system

The core advantage of the proposed system is the automated audio segmen-
tation based on silence detection. This approach enables natural-sounding segments
while avoiding artificial speech interruptions. The graphical user interface allows
visual monitoring of the segmentation process and necessary adjustments (Fig. 2).
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Fig. 2. The user interface of the automated data collection and processing system

The segmentation process implements a multi-stage algorithm. The first
stage analyzes audio signal characteristics within £1 second windows around each
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marked point. Silence detection employs a dynamic threshold method, calculating
signal levels in decibels and comparing them against predefined thresholds.

The algorithm is based on multi-layer analysis. The first layer calculates
signal levels for 50-millisecond windows. Signal levels are determined using the
dBFS scale calculated for digital audio systems using the following formula:

A

max

where A is the absolute amplitude of the current sample, and A,,,4, iS the maximum
possible amplitude in the digital system. For each window, dBFS is calculated as:

1w x2
i=1%i

dBFS(w) = 201log;, e . 2

Amax

where N is the number of samples in the window, and x; represents individual
samples. The silence detection criterion is defined as:

_(1,dBFS(w) < =50 (3)
Sw) = { 0, otherwise
The second layer groups detected silent segments, identifying continuous
silent regions. The third layer selects the central point of the longest silent region as
the optimal segmentation point (OSP), determined by:

OSP = tstart2+ tend’ (4)

where tgiqre and to,q represent the beginning and end of the longest silent seg-
ment.

The system supports automatic loading and analysis of DOCX format doc-
uments. For Armenian texts, special attention is given to proper handling of sen-
tence segments separated by the ":" punctuation mark, which is characteristic of
Armenian orthography.

A mechanism for merging short sentences has been developed based on a
specially designed algorithm that analyzes the sentence length and word count. The
minimum word count threshold is set based on empirical research showing that
sentences containing fewer than 3 words often correspond to audio files shorter
than 1 second. The algorithm also considers the minimum word length (4 charac-
ters) to exclude the influence of conjunctions and auxiliary words.
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Audio file processing includes several important stages. Initial processing
involves audio file loading and preliminary analysis. The system supports various
formats (WAV, MP3) and automatically performs the necessary conversions to
ensure uniform output formatting. All output audio segments are standardized to
WAV format with 22,050Hz sampling rate, 16-bit depth, and mono configuration.

Dataset Creation and Quality Analysis. Using the developed system, a
comprehensive Armenian speech dataset called ARMUS (Armenian Speech Da-
taset) was created for the TTS system training. The dataset source materials con-
sisted of high-quality audiobook recordings from grgaser.org [12], specifically se-
lecting books recorded by professional narrators with superior audio quality.

The system implements detailed logging mechanisms for subsequent anal-
ysis of segmentation effectiveness. The logging module preserves comprehensive
information about each analysis, including marked timestamps, measured dBFS
values, detected silent regions, and selected optimal points. This data are used for
system optimization and parameter tuning.

Since each audio file requires a unique naming, a specialized segmentation
mechanism is developed. The initial segment numbering selection mechanism ena-
bles flexible operation with large-scale data. The system automatically detects the
existing segment numbers and suggests the next available number, allowing work
with multiple files or different sections of the same file while maintaining number-
ing consistency.

Results and Discussion. The automated system successfully creates a
comprehensive Armenian speech dataset with substantial improvements over the
existing resources. The Table below presents the primary quantitative characteris-
tics of the created dataset.

The dataset demonstrates substantial volume with approximately 21 hours
of total audio, significantly exceeding the existing Armenian speech resources. The
14,182 audio files correspond to 14,078 unique sentences, with only 104 repeated
sentences indicating dataset diversity and reducing overfitting probability during
model training.
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Table

Primary quantitative characteristics of the dataset

Metric Value
Total duration (seconds) 75,597.79
Minimum audio file duration (seconds) 1.54
Maximum audio file duration (seconds) 16.47
Average duration (seconds) 5.33
Total quantity 14,182
Unique sentences 14,078
Total character count 869,097
Minimum characters per sample 12
Maximum characters per sample 347
Average characters per sample 61.28
Total word count 137,716
Unique words 30,466
Minimum words per sample 4
Maximum words per sample 56
Average words per sample 9.71
Number of speakers 2

Speaker Analysis. Special attention was given to speaker selection during
data collection. The dataset includes recordings from two male speakers, with dis-
tribution shown in Figure 3. The "Gor" speaker contributes approximately 60% of
the dataset (8,500 audio files), while "Narek" contributes 40% (5,400 audio files).
This asymmetry reflects different source material volumes, with Gor's recordings
sourced from "Ancient Greek Legends and Myths" and "The Count of Monte Cris-
to,"” while Narek's recordings come from "The Hobbit."
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Fig. 3. Distribution of audio segments by speakers

Despite volume differences, both speakers provide sufficient data for effec-
tive multi-speaker model training. Speech quality analysis reveals consistent char-
acteristics: Narek's average speech rate is 135 words per minute, while Gor's is 140
words per minute. This relatively small difference (approximately 3.7%) indicates
speech tempo stability, positively affecting synthesized speech naturalness.

Duration analysis. The distribution of audio file durations presented in
Fig. 4, shows that segments are primarily concentrated in the 2-6 second range,
corresponding to natural single-sentence pronunciation duration. The shortest file
duration is 0.48 seconds, while the longest is 16.47 seconds, with an average dura-
tion of 5.33 seconds.

Distribution of Audio Durations
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Fig. 4. Distribution of audio segment durations
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This distribution is favorable for TTS system training, as most files are suf-
ficiently long to enable intonational feature learning by neural models while re-
maining short enough to avoid training complications.

Linguistic analysis. The dataset's linguistic analysis demonstrates diversity
and richness. The small number of repeated sentences (only 104) confirms dataset
variety and reduces model overfitting probability during training. Special attention
is given to balanced representation of Armenian phonemes in the dataset.

Phoneme distribution analysis, shown in Fig. 5, reveals correspondence
with natural Armenian phonological distribution. The most frequently occurring
phonemes are "w", "t", "h", and "0", which is characteristic of Armenian. This
natural distribution is achieved through carefully selected literary texts ensuring
comprehensive representation of the language's phonological system.
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Fig. 5. Distribution of Armenian phonemes in the dataset

Quality Assessment. Audio quality is characterized by signal-to-noise ratio
(SNR), calculated using the following formula:
Psignal) (5)

noise

SNR = 10 loglo (

where Pg;gnq is the useful signal power and Py, is the noise power. SNR ex-
ceeds 35 decibels across all segments achieved through proper recording organiza-
tion and post-processing in specialized sound-isolated studios using professional
equipment.

Multi-stage quality verification was implemented during dataset creation.
The first stage involved automated verification of all segments technical parame-
ters through the automated system. The second stage implemented manual verifica-
tion of 500 randomly selected segments, evaluating: (1) audio-text correspondence,
(2) audio file boundary clarity, (3) recording quality and cleanliness, and (4) pro-
nunciation clarity.
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Verification results showed that 94.3% of segments fully met predefined
criteria. The remaining 5.7% of identified deficiencies were primarily related to
non-optimal segment boundary selection and were corrected through manual edit-
ing.

Comparative Analysis. To assess the applicability of the created dataset,
comparative analysis was conducted with similar datasets for other languages. Re-
search revealed that the dataset volume (21 hours) and quality characteristics are
comparable to datasets used for training successful speech synthesis systems in
other languages. For example, the LISpeech dataset, widely used for English, con-
tains approximately 24 hours of recordings.

The dataset's distinctive feature is genre diversity. Segments from "The
Hobbit" contain rich dialogues and narrative sections, while "Ancient Greek Leg-
ends and Myths" are rich in descriptive texts. "The Count of Monte Cristo" pro-
vides narrative style diversity. This genre variety enables models to learn different
speech stylistic characteristics.

Technical Standardization. To ensure the dataset technical quality and
consistency, all recordings undergo strict standardization. Each audio file is pre-
served in WAV format with 22,050 Hz sampling rate and 16-bit depth. Original
stereo recordings are converted to mono format, ensuring data uniformity and re-
ducing memory consumption. Selected technical parameters balance audio quality
with resource usage efficiency.

Applications and Limitations. The dataset's applications extend beyond
speech synthesis due to high quality and meticulous annotation. It can be used for:
(1) speech recognition system training, (2) phonetic model development, (3) proso-
dy research, and (4) linguistic studies.

However, certain limitations must be noted. The small number of speakers
(only two) may limit the synthesized voice diversity. Additionally, both speakers
are male, limiting synthesis possibilities for female voice characteristics. These
limitations can be addressed through future dataset expansion.

Conclusion. This paper presents the development and implementation of
an automated system for creating high-quality speech datasets from audiobook re-
sources, specifically applied to Armenian language materials. The automated ap-
proach combines professional audio quality with processing efficiency, resulting in
a comprehensive dataset significantly exceeding the existing Armenian speech re-
sources.

The created dataset, named ARMUS (Armenian Speech Dataset), contains
14,182 audio segments totaling approximately 21 hours, representing the first com-
prehensive and freely available Armenian speech corpus suitable for modern TTS

47



system development. ARMUS is available for research purposes by contacting ka-
ren.nikoghosyan.98@gmail.com. Key achievements include: (1) successful imple-
mentation of intelligent audio segmentation based on silence detection, (2) creation
of a balanced dataset with comprehensive phoneme coverage, (3) establishment of
quality benchmarks for Armenian speech data collection, and (4) provision of a
valuable resource for the research community.

The automated system’'s modular architecture enables adaptation to other
audiobook sources and languages, potentially benefiting under-resourced language
communities facing similar challenges. Technical standardization and comprehen-
sive quality assessment ensure dataset reliability for various speech processing ap-
plications.

Our future work will focus on dataset expansion through additional speak-
ers and genres, particularly including female speakers to enhance synthesis capabil-
ities. Integration of stress and intonation information could further improve dataset
utility for advanced TTS applications. The open availability of this dataset provides
a foundation for collaborative development of Armenian speech technologies and
contributes to digital language preservation efforts.

The significance of this work extends beyond technical contributions to
broader goals of language technology democratization. By providing high-quality
resources and establishing methodological frameworks, this research supports the
development of speech technologies for Armenian while offering replicable ap-
proaches for other under-resourced languages.
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ARMUS. <1308 L624.0d. LU L2LNLTEY AT2UTRIUNAUBEUE SRS
lNULUE3PL SI3ULLE P 6SEUUNMrTY uNULP UhLEE2R {RUUEN

4 .<. Lhynnnuyui

Stipunhg punuph Jtpuhnpudwb (Stud) hwdwlupgbph dywlynidp wwhwbemd t
pwnapnpul hunupuyhtt wjuybitiph hwjupwdnidbpn, npnip hwnfuytiu vwuy G Wiwb
uwhiwbwthwy nbunipubitp nibtgnn  (Ggqnibitiph, wn pYynd® twl huyng tqyh  hwdwnp:
Utinuyugynd G wuniwmwugyud hwdwuipgh dwynuip b dhpppnudp” duybughtt gpptinhg
L npuig hudwyuumuwupiwd mbpunmwyht duyitinhg pmupughtt mjuyitiph hwjupwoniitin
untindtint hwdwp, npp hwwnniy dwhiwgdywd £ huytptt Stud, Jhpunnipnibbtiph hwdwp:
<wdwlungp Yhpwnnd Eopnippub hwynbwpbpdwd  Jpu hpddwo jubjugh auwybught
ubqutiinuynpnud, wkpumuwyhtt hwdwywnmuuppwitigdwb dhhawbthqitip L npuh wdunndwn
ghwhwumiwt  wpdwbwgnnignibnp: Wu  wjuniunwuggud  inntigdwl - ogumugnpdiunip
untindyt) £ hwiwwwnthwy huytiptt pnmupuyhtt ndyuyditiph hwjupwodny, npp wupnibwynid £
14,182 awylhuyhl ubigitin® 75,597.79 Juyplywb plinhwinip wbinnnipyudp (Annwydnpugtiu 21
duny), npnlip unwgyly b wpndtiuhnbwy duybught gpptiph dwybwgpnipynibiitiphg: SYywibtph
hujwpwonih bipunnid Ewpuwjub utinh Gpynt funubiwyitiph auwytwgpnipynibotip b pingpynid
E 14,078 tquih bwhuwumuunipnid, npnbp wuwpnibwnid Gb 137,716 pun® 30,466 tqulh
pwnuyhtt dhwynpitipny: Quybuyhtt Suyiipp vnmwbnupuugyuwd G 22,050 Hz inrpwundwb
hwwhiwubni pyudp, 16-phe npnipyudp b Untin abiwsuthny:

Lubmuljub Ytpnidnipniipn pugwhuwyunid £, np ubiqititnnbtiph mlinnnipynibttpp
htmlinid GO phwubd puphujuwdnipyubp, npp Yabmpntwgwd £ 2...6 Juyplyub dhowluypniy,
dhehtip 5,33 yuynplywd vkl ubiqititnh hudwp: <ognibbbph puphajudnipjub Ytpnidnipniin
gnyg t wwhu huyng hbignibwpwiwui hudwupgh hudwwyuptwy dwolynypp’ htwmbibing
uyuutih Equpuwbwub  ophiwsuthnipynibbtiphi: Opuyh qwhwwmnidp gnyg L wmwhu’
wqnuipub-unini hwpuptpuygnipynibitpp gipuquiignid o 35 dB pninp utigdtinGitipnud,
huy Wuwwmwhwwuwinptt phupguo utiqitiintitiph 94,3%-p hwdwyuwunwuppwinid £ iwpowgtiu
uwhdwiywd npuyh  swthwbhpitiphtt:  Umtndywd wunbitiph  hunupwdnih  qquhnnti
ghpuquignid £ wnluw huybptt funupuyhtt nhunipuittpp hswtiu Swjuwyny, wybwtu b npuyny

49



npuwdwnptiny wpdtpuwnp hhdp hugtiptit Sfud, hwdwwpgliph Wudwd bk junuph Wujdwb
wy] Yhpunnipynibdtinh hunfwp:

Unwhgpuyhit punkp. wmtipunhg funuph YJapuhnpunid (Stud), huyng qni, junupuyh
ujuiitiph  hwjwpwdny, auybughtt ubgitbmuynpniy, poipyut  huwywmbwpbpniy, junuph
uhliptq:

APMYC: BBICOKOKAUYECTBEHHbIN MHOI'OJJUKTOPCKHUM
KOPITYC APMSIHCKOM PEYH JJISI CHHTE3A PEUA

K.I'. Huxkorocsin

PaspaboTtka cucrem npeodpazoBanus Tekcra B pedb (IITP) TpeGyeT BricOKOKaue-
CTBEHHBIX HA0OPOB PEUEBBIX JAHHBIX, KOTOPBIE OCOOEHHO PEIKH JUIS S3bIKOB C OTPAHMUYCH-
HBIMH PECypcaMHy, TaKHX KaK apMsSHCKHH. B MaHHOH cTaTbe MpencTaBieHB! pa3pabdoTKa U
BHEJPEHHE aBTOMATH3HPOBAaHHOW CHCTEMBI AJISI CO3JaHMS HAOOPOB PEUYEBBHIX JAHHBIX U3
ayJAMOKHUT M COOTBETCTBYIOIMX TEKCTOBBIX (pailyioB, cnenuanbHO pa3paboTaHHOW ISt ap-
MsaHckux [ITP-npunoxenuit. CucreMa HUCHONB3YeT HHTEIUICKTYaJbHYIO CETMEHTAIMIO
ayJuo Ha OCHOBE OOHApYXEHMS THIIHHBI, MEXaHU3MbI BEIPABHUBAHUS TEKCTa U MPOTOKOJIBI
aBTOMAaTHYECKON OLCHKU KadecTBa. Mcmosb3ys NaHHBIM aBTOMAaTU3UPOBAHHBINA IOAXOZ,
co3/1aH BCeoOBEeMITIOIINK HabOp JaHHBIX apMSHCKOM peu, copepxauui 14,182 aynuo-
cerMeHTa 00IIell MPOoAOIKUTETBHOCTRI0 75,597.79 ¢ (mpubmusuTensHO 21 vac), morydeH-
HBIX U3 MPO(ECCHOHANBHBIX 3amncell ayAnoKHUT. Habop maHHBIX BKIIIOYAET 3aIUCH ABYX
JIMKTOPOB MY>KCKOI0 1oJia U oxBarbiBaeT 14,078 yHUKaIbHBIX NPEIJIOKEHHUH, coaepKainux
137,716 cnoB ¢ 30,466 yHHKaIFHBIMHU CIIOBAPHBIMHU €IUHUIIAMHU. AyAHO(aiIbl CTaHIaAPTH-
3UPOBaHBI ¢ YaCTOTOH muckperm3anuu 22,050 [y, 16-6utHON riryOWHON U MOHO(pOpPMATOM
JUT 00EeCTIeYeHHs COTJIACOBAHHOCTH.

KonnuecTBeHHBIN aHANMN3 MTOKA3bIBAET, YTO MPOJODKUTEIIBHOCTH CETMEHTOB CJe-
JYIOT €CTECTBEHHOMY PAcCIpe/IeNIeHHIO C IIEHTPOM B juamnasone 2...6 ¢, co cpeqHeit mpo-
JIOJDKUTENIBHOCTBIO 5,33 ¢ Ha cerMeHT. AHalu3 pacrpeseieHuss GOHEM IEMOHCTPHUPYET
BCECTOPOHHEE IIOKPHITHE ApMSHCKOW (DOHOJIOTHYECKOW CHUCTEMBI, CIEAys O0XHIaeMbIM
JMHTBUCTUYECKUM 3aKOHOMEPHOCTAM. OIeHKa KayecTBa IIOKa3bIBAaCT OTHOLICHUS CHI-
HaJl/1rym, ipesbimaroniie 35 05 Bo Bcex cerMeHrax, npu 3toM 94,3% cirydqaitHo oToOpaH-
HBIX CEIMEHTOB COOTBETCTBYIOT IPEAONpPENEICHHBIM KpHUTepusiM KadecTBa. Co31aHHBINA
Ha0Op JaHHBIX 3HAYUTEIHHO MPEBOCXOAUT CYLIECTBYIOIINE apMSHCKHE PEUEBBIE PECYpCHI
Kak 1o o0beMy, TaK | 10 KayecTBY, 00ecneyrBasl IECHHYI0 OCHOBY JUIA pa3pabOTKu apMsiH-
ckux IITP-cuctem u Ipyrux npuiioXeHni oOpaboTKH pedn.

Kniouesvie cnosa: npeodbpazopanue tekcta B peub (IITP), apmsHCKUE s13BIK, HAOOD
PEUeBBIX JaHHBIX, CETMEHTAIHA ay 110, 0OHAPYKEHNE TUIIINHBI, CHHTE3 PEUH.
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