The experiments has shown that this system’s performance of translation from Chinese to
Kazakh language in satisfactory level. In future, it is planned to improve the translation of verb
tenses as well as use of the plural nouns, since compared with English language their rules are
much more and complicated depending on the vowels and consonants.

Defining the tenses is also considered as a complex process , because it is necessary to
perform analysis. Afterwards using taken analysis the program synthesizer has to be created.

Creating the synthesizer include several difficulties since the results needs to be matched
with the tense used in original text. Otherwise the sentence meaning can be modified and making
the translator confused. All of this abovementioned cases is fully linked to the distinct features of
Kazakh language compared with other languages.
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The paper presents a spoken term detection system for Kazakh language in which significant
improvements are obtained through modifying speech-to-text process used for generating word-
based lattices. These lattices are indexed and used for the keyword search later. Spoken Term
Detection systems quickly discover the occurrence of a term, which might be just a word or
sequence of words, in a large audio set of heterogeneous speech records. The paper provides an
overview of a speech-to-text and keyword search system architecture built primarily on the top of
the Kaldi toolkit and expands on a few highlights. Our aim was to develop a general system pipeline
which could be advanced regarding phonological and linguistic features of Kazakh language in
order to detect OOV keywords.
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B crarbe mpezcraBieHa cucteMa sl OOHApPYKEHHS Pa3rOBOPHOrO TEPMUHA HA KA3aXCKOM
A3BIKE, B KOTOPOM MOJYYCHBI 3HAYHUTCIIBHBIC YJIYUIICHUA YTEM MOI[I/I(bI/IKaL[I/II/I nponecca peiu B
TEKCTOBBI (hOPMAT, UCIONB3YEMBI NJIi CO3JaHUs CIIOB Ha CTPYkTypHOU (lattice) ocHoBe. JTa
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CTPYKTypa HWHACKCUPYETCS W TO3Ke HCIONB3YeTCs JUIsi TOMCKa KimodeBoro ciosa. Cucrema
oOHapyKeHHsI Pa3rOBOPHOTO TEPMHUHA OBICTPO OOHAPYKUBAET BOSHHKHOBEHHE TEPMUHA, KOTOPBIM
MOXET OBITh MPOCTO CIIOBO WJIM IOCIENOBATENIbHOCT CJIOB B OonblioM ayauo Habope
Pa3HOPOAHBIX peueBhIX 3amuceil. B craThe maercs 00630p peun B TEKCTOBBIH (POPMAT U apXUTEKTypa
CUCTEMBI IMOUCKA KJIFOYEBBIX CJIOB, MOCTPOSHHOW Ha ocHOBe matdopmbl Kaldi u pacmupsiemoii Ha
HECKOJIbKO OCHOBHBIX MOMEHTOB. Harmma menp cocrosuia B TOM, 4TOOBI paspadoraTh OOIIyrO
CUCTeMy, KOTOpasi MOXKeT TPOABUHYTLCS BOEped B OTHOUIEHWH (DOHOJOTHYECKUX U
JUHTBUCTUYECKUX OCOOEHHOCTEH Ka3aXxCKOTo si3bIKa C elblo BbisiBJieHHs OOV KITFOUeBBIX CJIOB.

Kmrouesnie caoBa: Ilonck peun, Unapexcaums crpykryp, [lonck pasroBopHOro TepMuHa,
PacrnioznaBanmne Peun, IIonck 1o KIrO4eBBIM CIIOBAM

1. Introduction

Data processing is nowadays an essential activity of IT industry and recorded materials is
considered as core source of that data. Hence, together with increasing volume of audio
information, a possibility grew for developing an efficient information retrieval system for audio
data storage. Spoken term detection (STD) attempts to set up a specific term (considered as a
sequence of single or multiple words) speedily and thoroughly in major heterogeneous audio
storages, in order to be utilized solely as input to better compounded information retrieval
techniques.

The STD task is based on the detection process, demanding every appearance to be clarified
by its beginning and ending times in contradiction to spoken document retrieval. Moreover, systems
have to maintain a score for every appearance and a tough decision showing its accuracy.
Unprocessed audio materials and a list of search key words together make an input for the task.
Despite the fact that the evaluation practically utilizes only small number of data, it is designed to
initiate the biggest data condition. Thus, the systems are obliged to be deployed in two stages:
indexing as well as searching. Processing of audio data is held meanwhile indexing stage going on,
without knowing about search terms. In order to retrieve the terms the output index is kept and
admitted in the course of the searching stage. The searching stage might be replicated several times
for various terms so the effectiveness of its deployment is very significant

The remainder of this paper is organized as follows. Section 2 describes related works. The
system architecture will be discussed in details in Section 3. Section 4 demonstrates the experiments
and the obtained results. Finally, the last section concludes the paper and suggests further research
in this area.

2. Related works

Languages with morphologically features like Kazakh experience challenges in large
vocabulary continuous speech recognition (LVCSR) process by virtue of vocabulary increase.
Enormous vocabularies, great frequency of OOV words as well as scattered data for LM are the
prominent indications of word-based lexical techniques. A lot of researches have been conducted to
solve these challenges regarding OOV issue.

First method to limit the OOV issue is to preventively enlarge the LVCSR dictionary. To be
precise, a person augments automatically created pronunciations of a huge amount of words in the
LVCSR dictionary prior to lattice creation [1].

Second method to deal with OOV words is though sub-word blocks similar to phones,
syllables or morphemes. A subword index is built by producing a sub-word lattice which were
presented by [2], or by modifying a word lattice to a sub-word lattice with or without the utilization
of a proper phone confusion matrix described in [3].

The OOV challenge also can be solved by introducing the concept of query expansion in
text retrieval. Optional words or syllables for OOV can be produced by a confusion matrix utilized
in [4]. Consequently, rather than searching primary keywords, the system searches within word or
syllable index. In contradistinction to concept of query expansion, in which a person adds
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potentially lacking word with other terms which are corresponding semantic features, speech search
involves different words which sound identically.

Job performed in this paper is based on [5], in which proxy keywords are generated utilizing
a confusion matrix. Rather than looking for the proxy keywords in list produced by the LVCSR
system, weighted finite state transducer (WFST) is applied on the basis of framework for directly
linking several proxies versus the whole LVCSR lattices.

3. Kaldi-based STD system

The Kaldi-based STD system includes two different subsystems, as illustrated in Figure 1:
the ASR subsystem and the STD subsystem. This section presents each subsystem in more detail
regarding interprocesses and tuning parameters.

ASR Subsysteen ¢ Web Service

STD Subsystem

(T‘/L' = % — Terms Results

” Searcher [ i
audio | i = ,'“l‘] _Final results | ~~J \ .
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Figure 1: Spoken Term Detection System Architecture

3.1 ASR subsystem

The ASR subsystem utilizes the Kaldi toolkit [6] to gather word lattices from the raw audio
data. It applies 13-dimensional Mel-frequency cepstral coefficients, Linear Discriminant Analysis
transform as well as Maximum Likelihood Linear Transform rating. A flat-start initialization of
context-independent phonetic HMMs begins the training, while speaker adaptive training of state-
clustered triphone HMMs along with GMM output densities finishes it. Moreover, the ML-based
acoustic model training step is run, which followed by a universal background model. It is created
from speaker-transformed training data that is utilized to train an SGMM applied in the decoding
step to produce the word lattices [7, 8].

Kazakh speech data from the KazSpeechDB and KazMedia corpora is employed to train the
above mentioned acoustic model. The KazSpeechDB corpus as part of Kazakh Language Corpus
[9] is a body of utterances consisting of 12675 Kazakh sentences recorded in a sound recording
studio, uttered by speakers of different age and gender, from different regions of Kazakhstan. Every
audio file 1s supplied with a text file that contains transcription text of the utterance. The corpus
contains 22 hours of speech.

The KazMedia corpus is a body of text and audio data collected from official websites of
broadcast news channels “Khabar”, “Astana TV” and “Channel 31”. The audio data is 600 wav-
files, which are actually audio tracks extracted from a number of video news in Kazakh. Every wav-
file is supplied with a txt-file that contains detailed transcription text of the news and a time-aligned
annotation file with labels about speaker gender, language and noise. The total duration of these
audio files is 13 hours of speech. The total training data amount is about 30 hours of speech.

The dictionary and the language model (LM) of the ASR subsystem were formed on the
basis of cumulative text data of both KazSpeechDB and KazMedia sub-corpora. The dictionary
contains over 160000 words. The LM was trained using a text database of about 3.5 million words.

A common metric of the performance of experimental speech recognition models is WER
(word error rate), which is computed as the ratio of erroneously recognized words to the total
number of words. It is commonly believed that a lower WER shows superior accuracy in
recognition of speech, compared with a higher WER. The experimental results are given in Table 1.
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Table 1: Minimum value of the WER on the train, validation and test sets

Experiment \ Set | train dev testl (Khabar) | test2 (Astana TV) | test3 (Channel 31)
Triphones 6.19 % 6.42 % 6.62 % 14.87 % 19.52 %
SGMM 5.16 % 5.39% 5.56 % 13.18 % 16.95 %

3.2 STD subsystem

The STD subsystem combines Kaldi term detector [1] that searches for the keyword terms
among the lattices generated by the ASR subsystem. Firstly, word lattices of all the utterances in the
speech data from individual WFSTs are converted to a single generalized factor transducer pattern
that aggregates the start and end times, as well as the lattice posterior probability of each word
token as a three-tuple cost in the lattice indexing approach presented by [10]. This factor transducer
indicates an inverted index of all the word sequences comprised in the lattices. Hence, with the
search term, an ordinary finite state machine which receives the term is built and structured with the
factor transducer with an eye to gather all the appearances of the term in the audio data. The
posterior probabilities of the lattice relatively to all the words of the search term are piled up,
appointing a confidence score to every detection. The decision maker process merely gets rid of
those detections with a confidence score which is less than a predetermined threshold.

The Kaldi STD system [1] treats OOV term search by virtue of a technique named proxy
words [6]. This approach based on replacement every OOV word of the keyword term to
acoustically corresponding IV proxy words, demolishing the necessity of a subword-based system
for handling OOV term search.

4, System evaluation and results

An assessment of the STD systems performance on the basis of the term length (IV words)
has been conducted (Table 2, 3). Test search queries are divided into three classes: unigrams,
bigrams and trigrams. Generally, longer queries should produce greater results than shorter ones as
long as these are originally more liable to be confused with speech data.

Table 2: Search term categories (IV test set)

Table 3: Search terms statistics (IV test set)

Terms Terms Occurence of IV
quesires in test set
Type Unigrams | Bigrams | Trigrams unigrams 82874
Amount 1000 1000 1000 bigrams 12383
Total 3000 trigrams 3937
99 80
98 - 70
i 60
97 W exact
96 M percen 50
-tag.e 40 +— | false
95 - of hits 56 postive
by STD
94 - true
20 - ;
negative
93 - 10 - - L.
92 - 0 - T T 1
unigrams  bigrams  trigrams unigrams bigrams trigrams

Figure 2: The percentage of hits by STD
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The above figures show that STD system performs in searching IV keywords well. It can be
seen that trigrams and bigrams are detected more accurately rather than unigrams as expected
(Figure 2). Figure 3 presents the results of exact, false positive and true negative hits out of 1000
queries for each category. As the decision maker process depends on the posterior probability of the
occurred term, there might be a false alarm or accurate decision for query terms. Therefore, the
exact hits mean that the frequency of query matches with frequency obtained by the STD system,
the false positive and true negative hits show that original frequencies are more and less
respectively than the gathered ones.

The test set with 295 OOV words was created in order to evaluate the STD system for OOV
queries. More precisely, the words are not in the main lexicon but are in the manual transcripts of
the test audio set. In order to do fuzzy search, the phone confusions are gathered firstly and a G2P
model is trained using G2P Sequitur [11]. Afterwards, this model was applied to the OOV
keywords and KWS data directory was built. The system searches the words from the main lexicon
with the minimum edit distance score. For example: “OXEM/I” — “OXIM/I,
“AJILIMJAPBIH” — “AJIAMJIAPBIH”, “IOIITEPIM” — “JIOITEPIH”. The results of the
experiment are shown in Table 4.

Table 4. OOV test set results
OOV queries | Hits by STD # Yes decisions | # No decisions
295 112 259 114

5. Conclusion and future works

In this paper we present an STD system that benefit significantly from tuning the speech-to-
text process and applying lattice indexing. Making applied models more diverse, indexing and
searching methods produce more advanced results for our system. Even though the proxy keywords
approach applied for detecting the OOV terms and it does not show the expected results, there are
other approaches for handling the keywords which are not in lexicon. In future, phone, syllable,
morph bases techniques and even feature based method will be utilized to enhance this research for
Kazakh language.
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VJIK 681.5

TABUI'BIA TUWIAETY TEKCTTEPAU OPYC TUJIMHEH KBIPTBI3 THJINHE
MAIINHAJIBIK KOTOPYVYJA CO3/10PAY AHA/IM3AOOHYH AJITOPUTMHUH
TY3YY

Kouxonbaesa Byascap Ocmonanueena, cmapuiuii npenooasamens, OwilY um. axademuxa
MM. Aovrmesa, 714018, 2. Out, yn. Hcanosa 81, e-mail: buajar@mail.ru

Mopdonorusiblk TajImo0 KaHa €63 Ty3yy mnporeccTtepu Oupu OupHHE KaKbIH OO0Mym
scenTenier. MalMHANBIK KOTOPYy TMpoueccuHae Oup sie ydypaa ce3mepay MophOSOrHsIIbIK
JKaKTaH TaJfan aHbl KaHbl THJITe KOTOPYY Y4YyH €63 »Kacooro Tyypa kener. bym mpoueccrep
OYTYHKY KYHIO® akTyannyy mnpobnemanapmaan Ooiyn scenTeneT. AHTKEHH OapibIK 3 YIyT o3
TUJIMHUH YHYTYJIOall aBTOMATTALITHIPBUIBILIBIH JKaHA HHTEPHET CANTTapblHA KOIIYJNYYyCY YYYH
apaket KpuTblyyna. OMIOHAYKTaH MEH OyJ Makajana Taburblil THIAETH TEKCTTEPAN OPYC THIMHEH
KBIPIbI3 TUJIMHE KOTOPYY4y MPOrpaMMaHbl TY3YYHYH aJITOPUTMUH Kapar YbIKTBIM.

AYKBIY €O316pP: MAIIMHAJBIK KOTOPYY, MOPQOJNOTUIIBIK aHanmu3aTop, adduxcrep,
CHHTAKCHUCTHK aHAJHM3aTOP,CEMAHTHKAJBIK aHAJIM3aTOp, MPOrpaMmMa, MaajbsiMaTTap 0a3acsl

DEVELOPMENT OF ALGORITHM ANALYSIS OF WORDS IN NATURAL TEXT
MACHINE TRANSLATION FROM RUSSIAN INTO KYRGYZ

Kochkonbaeva Buazhar Osmonalievna, senior lecturer, OshTU after named acad. M.M. Adishev,
714018,c. Osh, Isanov st. 81, e-mail: buajar@mail.ru

Morphological analysis of words and word-formation are very similar in how to conduct and
are closely related to each other. Today these processes are very actual. Because all the nations seek
to automate their language and add to the online translators. In this article T will consider the
algorithm of a program algorithm machine translation of texts from Russian to Kyrgyz language.

Keywords: machine translation, Morphological analyzer, affixes, syntactical analyzer,
semantic analyzer, program, database.

Kupumyy

JXacanma nHTEIEKT OarbITBIHAATBI a1aM OaTaChIHBIH U3MIIIOOJIOPY KYH CaHaIl ecyn Oapar.
ABBIPKBI KYHII® KOMIBIOTEP OUp raHa 3CenTee TEXHUKACHI IMEC, ap KaHAai OareITTarsl Cypoosiopro
JKOON Oepyydy SKCHEPTTHK CHUCTeMa, OUp THUJIEH 3KHWHYU THIITe TEKCTTEPAH KOTOPYydy Kapaxar
e 60100CO MHTENIEKTYaIbIK OFOHIAPABI OITHOOAO SKMHYH Taparl KaTaphbl )KacajaMa HHTEJIEKTTHH
pOJIyH »KapaTbll Kenyyne. byn makanana sxoropyna aWTeuiraH OarbITTapAblH WYMHEH TaOHUTbINA
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