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AnHoTanus. B crathe paccka3pIBacTCs 0 pe3yIbTaTaX IPUMEHEHHUS i-BeKTOPHBIX METO/I0B PacIiO3HABaHHS
pedn U 3aJaHMS PACcCTOSIHUS MEXIy s3blkaMH. B KkadecTBe BXOAHBIX J[aHHBIX HCIIONB3YIOTCS
(oHOTpaMMBI CIIOHTAHHOH pedd. OKCIEePUMEHTH IIPOBOISATCS Ha 3BYKO3AMUCAX JATBHIICKHX U
JATTaIbCKUX TOBOPOB, HO METO/IbI IPHMEHUMBI U K JIFOOBIM IPYTHM HIIHOMaM.
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Abstract. The article describes results of applying i-vectors-based (both LID and SID) speech identification
methods to define a kind of a distance between languages (in a wide sense of the word — including dialects
and any other forms of spoken language). Spontaneous speech recordings of many enough speakers of
languages are used on the input of the method. The experiments were carried out at recordings of Latvian
and Latgalian dialects, but the method is applicable to any other idioms. Cosine similarity, Euclidean metric,
standardized Euclidean metric, Jordan (or Chebyshov) metric and city block (or L1) metric were tried out.
Cosine similarity worked well for SID i-vectors, but for unknown reasons was senseless for LID i-vectors.
Jordan metric worked well for LID, but was not good enough for SID i-vectors. Standardization of the
Euclidean metric does not gave any improvement. Thus, the conclusions are: 1) both SID and LID vectors
of full length recordings of spontaneous speech are characterizing and representing languages good enough
to be used for detection of a distance between languages; 2) the best metrics for such tasks are Euclidean
and L; (for arithmetic mean vectors computed from i-vectors of all informants coordinate by coordinate).
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1. BeedeHue

i-BEKTOPBI — 3TO OTHOCHTEIHFHO HOBBI CIOCOO pEIICHUS 3ajad paclio3HaBaHUs, KOTOPHI B
HACTOSIIEE BPEMS MCIMONB3yeTCS [JIs pPAaclo3HaBaHMs OOBEKTOB M APYIHX BHAOB!, HO
MIEpPBOHAYAIBHO UX BBEJIU MPH MOUCKE HOBBIX METOJIOB PACIIO3HABAHUS PEUH.

[epBast OTHOCHTEIFHO MIUPOKO M3BECTHAS MYOIMKAIUS, B KOTOPOU O3BYUMIIH TAHHYIO UJICHO (B
KOHTEKCTE MieHTH(UKAMKU roBopsiero), seiuia B 2009 roxy?. Hassanue i-BeKTOPOB B TO
BpeMsl ellle HE MOSBUJIOCH, B CTaThe UX MPOCTPAHCTBO UMEHYETCS IPOCTPAHCTBOM MPHU3HAKOB
moiHO# wW3MeHuYMBocTH. B Havame 2010 roga codeTaHWe «i-BEKTOpP» TOSBHIOCH Kak
JIOTIOJTHUTEIBLHOE Ha3BaHKe®, HO KO BTOPOii MOJIOBMHE TOTO K€ TOJa UM YKE TOJIb30BAINCh B
HOJIHOH MepE, IPHUYEM YKE ONIUCHIBAS HMEHHO 3a]1a4l UACHTU(DHUKALNHK A3bIKa*,

! Hampumep, npu pacno3HaBaHuu CUMBOIOB: We propose a novel text classification approach based on

iVector, a newly developed concept in speaker verification. To a given text line, the iVector is a fixed-length
feature vector representation, transformed from a high-dimensional supervector based on means of
Gaussian mixture model (GMM), where the text dependent component is separated from a universal
background model (UBM) and can be represented by a lowdimensional set of factors. We classify the text
lines with a discriminative classifier - support vector machine (SVM) in iVector space. A baseline approach
of text classification using GMM in feature space is also presented for evaluation purpose. Experimental
results on an Arabic document database show accuracy of 92.04% for text line classification using the
proposed method. Furthermore, the relative word error rate (WER) of 9.6% is decreased in optical
character recognition (OCR) when coupled with the proposed iVector-SVM classifier. The proposed
iVector-SVM approach is language independent, thus, can be applied to other scripts as well. [2]

% This paper presents a new speaker verification system architecture based on Joint Factor Analysis (JFA)
as feature extractor. In this modeling, the JFA is used to define a new low-dimensional space named the
total variability factor space, instead of both channel and speaker variability spaces for the classical JFA.
(3]
3 Based on this, we proposed a new speaker verification system based on factor analysis as a feature
extractor. The factor analysis is used to define a new low-dimensional space named total variability space.
In this new space, a given speech utterance is represented by a new vector named total factors (we also
refer to this vector as “i-vector” in this paper). [4]

4 _.a new language identification system is presented based on the total variability approach previously
developed in the field of speaker identification. Various techniques are employed to extract the most salient
features in the lower dimensional i-vector space.. [5]

..we described the application of the i-vector or total variability space approach to the language
identification task. The i-vector representation is a data-driven approach for feature extraction that
provides an elegant and general framework for audio classification and identification. It consists of
mapping a sequence of frames for a given utterance into a low-dimensional vector space, referred to as the
total variability space, based on a factor analysis technique. [5]
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Merton i-BEKTOPOB OCHOBaH Ha MNPEACTABICHUU MOZETEH BBIpaKEHHH IaycCOBOM CMeCH €O
CKPBITOM MaJIOMEpPHOW IIepeMEHHOH M HCIIOJIBb30BAHMHM H300pa)X€HHsI 3TOTO BBIPAXKEHHS B
Ka4yeCcTBE BEKTOPA MIPU3HAKOB B S3BIKOBOM KiaccudukaTope.

BBIBaIOT pa3HbIE i-BEKTOPHI B 3aBUCHMMOCTH OT TOTO, KaKyl0 JMHIBUCTHYECKYIO HH(POPMALIHIO
OHH cofepxar (HalpuMep, aKyCTHIEeCKYIO, POCOANIECKYIO, (JOHOTAKTHIECKYIO), TIOCTPOSHEI
JIM OHH Ha HENPEPBIBHBIX WX JUCKPETHBIX JaHHBIX U NPEJAHA3HAUCHEI JIN ISl HACHTU(QUKAIII
rosopsmero (SID), unentnduxarmmu s3pika (LID) nmu npyrux 3amad. Tak 4To, Ha caMoM Jiene,
MBI MOTJIM OBI Jakeé TOBOPHTBH O LIEJIOM Psijie METOOB, HO MOTPY)KEHNE B TaKHe TOHKOCTH HE
SIBII€TCS IIEJIBIO TAHHOW CTaThU.

2. UcxoOHbIe OaHHbIe

B namem pacnopspkeHHE ObUTH COOpaHHBIE (3alMCaHHbIE) HAMU 3BYKO3aIIUCH CIIOHTAHHOW peun
IISITH WIMOMOB (JIATBHHCKHX TOBOPOB) — oanH U3 Kypnsaaun: JlyHnaxcKkoi BOJIOCTH, U YeTHIpe
n3 Jlarrammu: Aynen, banstunosa, Buneka u Pymzatos. Kypnsaaous ucropudeckn Obuia moj
HEMEIIKHM UTOM, TIO3TOMY MECTHBIE TOBOPHI IIOIBEPIIINCE BIMSHUIO (HIKHE JHEMEIIKOTO SI3bIKa,
a CeBEpPOKYPIAHACKHE TOBOPHI, B TOM UHCIE U TYHAAKCKHUH, COAepKyT OomibIIoi cybcTpar
JIMBOHCKOTO S3bIKa (MPUHAJIEIKAILET0 K NPHOANTHICKO-(DUHCKON MOATPYIIIe (PMHHO-YTOPCKUX
A3bIKOB). JlaTranus, B CBOIO ouepe/ib, Oblia MOJ| MONSKAaMU, TOITOMY B JIATTaIbCKUX TOBOpPaxX
MPHUCYTCTBYET BIUSIHUE TOJIBCKOTO S3bIKA, TAKKE — B CHIIy ONM3KOTO COCEJICTBA M HAIMYUS
0eIopycCcKUX M CTapoOOpsSIIECKUX JIepeBeHb — OeIopycCKOro u pycckoro. bansTuHOBCKHit 1
BHJIEKCKHH SIBIIIOTCS. TOBOPAaMH CEBEPOJIATIABECKUMHE, KOTOPBIE OT 3allaJHONATTaIbCKOTO
PYA3aTCKOTO ¥ IOXKHOJATTIBCKOTO — ayJIeMCKOTO  OTIMYAIOTCS CYIIECTBEHHO — W
MOP(}OTOTHUECKH, U TEKCHUECKH.

Jupaanoun Buaex

Bansmunoso

Jamzanusn

« Pyosamu

« Ayres

Puc. 1. Pacnonoscenue 3anucannvix 2060pog Ha kapme Jlameuu
Fig. 1. The recorded dialects on the map of Latvia

5 The most recent front-end subspace modeling technique known as iVector, which is a feature extraction
model in the front-end of the language recognition system, has become the state-of-the-art technique in
SID and was successfully adapted for the language recognition. The main idea of the iVector model in
acoustic language recognition is to represent each utterance dependent GMM with a low-dimensional
latent variable and use the low-dimensional representation of the utterance as a feature vector to the
following language classifier. [6]
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Bce 3ByKo3anucu cobupanuck COriaacHO 3aaHHBIM HaMH MPUHIMIAM cOopa HHGOPMaKH UL
aBTOMAaTH3MPOBAaHHOTO aHanu3a (oHorpamMm [1], T.e., Bce 3amucu OBUIM OJHOPOAHBIMH,
3aNHMCaHHBIMKA  OJHOTHIIHOHM ammapaTypod (MCIONB30BANCSA JHMHAMHUYECKHH MHKpPO(hOH
OJTHOCTOPOHHETO HaIlpaBJICHUs, (DPUKCHPOBAaHBIH Ha TOJIOBE HH(POPMAHTA), B YCIOBHIX
YMEHBIIEHHOTO BJMSHMS BHENIHMX ITyMOB. Bce 3amucu OBUIM MaHyalbHO BBEIYHINCHEL,
yAaJlCHUIO MOIBEPIIINCH BCE MOCTOPOHHME 3BYKH U TOJIOCA, OCTABUB TOJBKO MPSMYIO pedb
nHpopmanta. KauectBo 3ammcu — 44,1 x['m / 16 OutoB. B 3aBucumoctn 0T TpeOoBaHHA
KOHKPETHBIX CKPUITOB 10 BEIYHCIIEHUIO i-BEKTOPOB, AT (JOHOTPAMM BBINOJIHANIOCH TOHMKEHNE
9aCTOTHI AUCKPETU3ALUH.

Tabn. 1. Xapakmepucmuxa nabopa ghonoepamm, UChoib3yemMo2o 6 IKCHepuMeHme.

Table 1. Characteristics of recordings used in the experiment

losop Munym Hngopmanmos Myosrcuun IKenwun
Ayies 95 14 8 6
BaabpTHHOBO 140 23 9 14
Jynnara 161 17 4 13
Pyazatbl 246 28 11 17
Buaex 238 30 11 19

Bcex uH(popMaHTOB mpocwin pacckasblBaThb O OBITE, POXUTENAX, 0alyIikax, AeqyIIKax,
OpaThsx, cECTpax, IeTIX, APYTHX YiIeHaX ceMbH, yuéde, paboTe, X03sicTBe, CiIy:x0e B apMuH,
cBajgpOax, Mpa3gHUKax, cocelsix U T. . T.e., B Xoje cOopa JAaHHBIX Ha TPAJUIIMOHHOCTH U
TOMOT€HHOCTb JIEKCHKH 00pallaIoch NPUCTAILHOE BHUMAHHUE.

IToaToMy, y4nTBIBasi OTHOPOAHOCTb HALIEr0 MHOTOTOBOPHOT'O KOPITyca M B TEXHHYECKOM, U B
COJIEPIKATENLHOM CMBICTIE, MBI JIA)KE MOXKEM HE MOCTECHATHCS €r0 CUMTATh COMOCTABMMBIMY.
Jlocesie 5TOT TEPMHUH NMPUMEHSUICS TOJIBKO K TEKCTOBBIM KOPITycaM, HO MbI CUHTAeM, YTO €ro
MOXHO IPUMEHSTh U K PEYEBBIM, M IPH TAaKOM IPHMEHEHHH HAIll KOPIyC COOTBETCTBYET
CMBICITY COIOCTaBHMOCTH.

3. Akcnepumenm. Bekmopsbi SID

ITockonpKy B HalleM PacTIOPSKEHUN ObLIM CKPHUINTHI BBIYUCIEHHS i-BEKTOPOB, pPa3paboTaHHbIE
Bbprenckum Texnmueckum ynusepcureroM (BTY), Mbl, KOHEUHO, UIMH BOCIIOJNB30BAIHCH. B
2015 roxy PeueBas rpynma BTY BelcTynmmia ¢ mpeajiokeHHEM cO31aTh OOIIUH CTaHAapT
rojocoBoil Ouomerpun — Voice Biometry Standart win VBS, TOCKOJBKY pa3iIu4HbIE
UCTIONb3yeMBle B HACTOSIIEe BpeMs TEXHHYECKHE CTAaHAApTHl He II03BOJITIOT OBICTPO
MPEOCTABIATh JaHHBIE U OOMeHHBaThcs MMH. IIpeanoxkeHHe MOAKPENIIOCh CKPHIITAMH,

¢ 4 comparable corpus is one which selects similar texts in more than one language or variety. There is

as yet no agreement on the nature of the similarity, because there are very few examples of comparable
corpora. ... The possibilities of a comparable corpus are to compare different languages or varieties in
similar circumstances of communication, but avoiding the inevitable distortion introduced by the
translations of a parallel corpus. [12]

A comparable corpus is a pair of corpora in two different languages, which come from the same
domain. [13]
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HAIMCAHHBIMH Ha TIUTOHE, JUIS BBIMUCIIEHUS i-BEKTOPOB B TIPEJUIOKEHHOM CTaHIapTe’ (Ha BXOJ
MOXHO [0JJaBaTh HeoOpaboTaHHbBIE POHOTPAMMBI peH, HO TIPH HO/1a4e 3apaHee ONpeIeNEHHbIX
HMHTEPBAJOB TON0COBON akTUBHOCTU — VAD wunu Voice Activity Detection — pe3ynbTaThl
Iydlle), MOTOMY 4YTO BCTPOCHHBIM OIpEAEIUTENIb aKTUBHOCTU OYEHb NPUMUTHBEH. B [7]
JIOCTaTOYHO MOJPOOHO OMMCAHO U TeopeTHueckoe obocHoBaHMEe VBS, m ero TexHuueckas
peanu3anys, IO3TOMY MBI He OyIeM 3TO IepemnuchiBaTh. [IOHATHO, YTO OHOMETpHYECKHIt
CTaHJapT NpeJHa3HavYeH IS 3a1a4 HACHTH(HUKAIINN TOBOPSILETO0, TO €CTh OH (hOKyCHpYeTcs Ha
0COOEHHOCTH peud (B TOM YHCJIE T0JI0ca) ONPEAeIEHHOTO JIMLA, T.€. 1-BEeKTOPHI, [eHEpUPYEMBbIe
STUM IaKeToM, Ha3biBatoTcs SID (ot Speaker [Dentification) i-BekTopaMu. TeopeTHUECKH OHH
MeHee MOAXOAT A HaIllel 3aJaud, HO MBI PEHNIMIN MX HCIpPOOOBATh, TAK KAK OTKPBITHIN
cTaHgapT u oobmenoctynHocTs I1O  sABIsrOTCS KiIIOYeBBIMH (pakTopamu THpU  BeIOOpE
TEXHOJIOTUHU. i-BEKTOPHl MBI PACCUMTHIBANU JUIS TONHBIX (POHOTpPAMM CIIOHTAaHHOW pedn
MH(QOPMAHTOB JAHHOTO $3bIKA, TaKMUM O00pa3oM OXHpAas, 4YTO OHH, B CHIy OOJBIION
TIPOJIOJDKUTEIBHOCTH  3BYKO3AIMCH, OYAYT XapaKTepu3oBaTh S3bIK B IEJIOM, T.8., H
(oHeTHueckue, 1 MOPGHOIOTHIECKHE, U JISKCHUECKUE, U JaXKe CHHTAaKCHIECKHEe 0COOCHHOCTH.
Kocunycupiii koddunuent® (wim mepa Otuam) ObUI NPELIOKEH B KauecTBe Hauboiee
TIEPCTICKTUBHOTO METOJa OLEHKH DPAcCTOSHMS MEXIy i-BEKTOpaMH C CaMoro Hadama — B
U3HAYAIBHBIX MyOiuKanuax o6 i-Bexropax’. HecMOTps Ha MOCTOSHHBIE MOUCKH Pa3iMYHBIX
Cr0co60B €ro yrmy4menus ', OH BC& paBHO MOKa 0OCTAETCS OCHOBHBIM METOIOM OLIEHKH OIIM30CTH
i-BekTOpoB. [To3TOMY /UIs BCEX map i-BEKTOPOB FOBOPOB MBI CHadaJla BEIYHUCIIMIN KOCHHYCHBIN
k03¢ purmeHT.

7 This standard is supposed to give formal description of the i-vector extraction algorithm. However, we

provide a python demo package for i) better understanding of the properties and features of the extraction,
and ii) for convenience, so that the user can immediately use the basic functions and do prompt
customizations. [7]
8 Cosine similarity measures the similarity between two vectors of an inner product space. It is measured
by the cosine of the angle between two vectors and determines whether two vectors are pointing in roughly
the same direction. [8]
9 We have proposed two new systems based on this new speech representation. The first system is an SVM-
based system which uses the cosine kernel to compute the similarity between the total factors. The second
system directly uses the value of the cosine distance computed between the target speaker factors and test
total factors as a decision score. In this scoring, we removed the SVM from the decision process. One
important characteristic of this approach is that there is no speaker enrolment, unlike in other approaches
like SVM and JFA, which makes the decision process faster and less complex. [4]
10 This paper deals with the problem of processing of I-vectors in the text-independent speaker verification
systems. A new generalized cosine similarity optimization technique is proposed. The optimization is
performed over sets of orthogonal and diagonal matrices. [9]

1t is known that the equal-error-rate (EER) performance of a speaker verification system is determined
by the overlap region of the decision scores of true and imposter trials. Also, the cosine similarity scores
of the true or imposter trials produced by the state-of-the-art i-vector front-end approximate to a Gaussian
distribution, and the overlap region of the two classes of trials depends mainly on their between-class
distance. Motivated by the above facts, this paper presents a cosine similarity learning (CML) framework
for speaker verification, which combines classical compensation techniques and the cosine similarity
scoring for improving the EER performance. CML minimizes the overlap region by enlarging the between-
class distance while introducing a regularization term to control the with-in class variance, which is
initialized by a traditional channel compensation technique such as linear discriminant analysis. [10]
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Tabn. 2. Kocunycnutii koagguyuenm meacoy SID i-eexmopamu (ponoepamm (3Hauenus okpyenenvl)
Table 2. Cosine similarity between SID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag | Rudzatys Vileks
Auleja 1 0,07 -0,73 -0,16 -0,08
Baltinova 0,07 1 -0,63 -0,33 0,68
Dundag -0,73 -0,63 1 0,21 -0,54
Rudzatys -0,16 -0,33 0,21 1 -0,45
Vileks -0,08 0,68 -0,54 -0,45 1

Tabn. 3. Yenvl 6 epadycax om Kocunycnoeo koagguyuenma meancoy SID i-eexmopamu Hawiux
gonoepamm (3navenus okpyenenvi)
Table 3. Angles in degrees from cosine similarity on SID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag | Rudzatys Vileks

Auleja 0 86 137 99 94
Baltinova 86 0 129 109 47
Dundag 137 129 0 78 122
Rudzatys 99 109 78 0 116

Vileks 95 47 122 116 0

KocunycHBIH K0O3(OHINEHT 110 CYyTH — BEJIMYMHA KOCHHYCA, 8 apKKOCHHYC OT HEr0 BO3BpaIaeT
YTIBL, KOTOpBIE TaKXKe XapaKTepH3yIOT BBIYHCISiEMOe paccTosHHe. [loaToMy BH3yalIbHO
BOOOPA3UTH, YTO K YeMy OJIMIKE, a 9TO OT 4Yero Jajblile, Tydlle BCeT0 MOXKHO, Iepei s Ha yIiIbl
B Tpajycax, T.e., BEIUHCIUB apPKKOCHHYC OT KOCHHYCHOro kodddumuenra. [Ipencrassre cede
HYJIEBYIO JIMHHIO, NPOBEACHHYIO Ha IUIOCKOCTH W Ha HeH TOYKY MM LIEHTP; TOTAA YTOJI,
00pa3oBaHHBII JTydaMu OT 3TOTO IIEHTpa M HYJIEBOTO Jyda (IIpaBEIH JIyd HyJEBOIl JIMHHM),
MPE/ICTABIISET COOTBETCTBYIONIEE PACCTOSHUE MEXKTY IBYMsI KPUBBIMHU — YEM MEHBIIIE YTOJI, TEM
SI3BIKU OJIKe.

Ecnu takuM o6pa3oM mpoaHanu3upoBaTh 3-10 TaONIHILy, TO BHIHO, YTO PE3YIbTATHI SBISIOTCS
OCMBICIIEHHBIMH, T.€., MEXJy Oojee OIU3KHMH S3bIKaMH YIJbl MEHBINE, a Oonee ManéKUMU —
Oosb1re.

Tax 6aJIbTHHOBCKHI M BUJICKCKUI TOBOPHI OKA3bIBAIOTCS OIiKaiimeid mapoi (47°). Paccrossaue
MEK/Ty I0’KHO- U 3aMa{HONIATrabCKUMHU FOBOPAMH — PYI3aTCKUM U ayJIeHCKUM — MEHBIIIE, YeM
MEXy HUMH U ceBepHoJaTransckumu. JlyHnara Hanbosee ynanena ot Ayneu, banstuHoBa n
Buneka. EnvHCTBEHHAs OLIEHKA, KOTOpash KayKeTCsl B KOPHE HEBEPHOM, 3TO PAaCCTOSHUE MEXIY
PYA3AaTCKMM M AYHAQKCKAM — OHO, OE3yCIOBHO, HE MOJDKHO OBUIIO OBITH MEHBINE, YeM
paccTosIHUE MeXIy PYA3aTCKUM U TPeMs OCTalbHBIMU JaTralbCKUMH TOBOPAMHU.

Wnrepeca panu, 1abbl OBUIO C YEM CPaBHHUTH, MbI IJIsl ONpPEACNICHUS] PACCTOSHUA MEXIY i-
BEKTOPaMU PELININ UCIIPOOOBATh TaKKe EBKIUIOBY H IPyrHe BEKTOPHBIE METPUKH (HAIpUMep,
xopaanosy'!). Tlox BiusHueM [11] MBI PEMIWIM NPUMEHUTH TOXKE METPHKY TIOPOJICKOTO
KBapTaja. Tak Kak BCce BHIIIEYNIOMSHYTBIC METPHUKHU 3aJaHbl HA BEKTOPHOM HPOCTPAHCTBE, TO
NOTPeOOBAIOCH IPUBECTU HAIIIM MHOTOBEKTOPHBIC XapaKTEPHUCTUKH K OTHOMY BEKTOPY: MBI 3TO

11 Oua xe — merprka Uebbnuésa, paccrosaue YeObImeBa, pABHOMEPHAs METPUKA, SUP-METPUKA, GOKC-

METpHKA.
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CeNaN! I KaKAOTO S3bIKa, TOKOOPIMHATHO BEIYHCINB CPEIHUN apu(METHUIECKUH i-BEKTOP
13 1-BeKTOPOB MH()OPMAHTOB JAHHOTO S3BIKA.
Tabn. 4. Eexnudosa mempuxa mexcoy SID i-eexmopamu Hawiux Qonocpamm (3HaveHus okpy2ieHsl)

Table 4. Euclidean metric between SID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag Rudzatys Vileks
Auleja 0 8,04 11,42 8,71 9,00
Baltinova 8,04 0 9,78 7,56 6,56
Dundag 11,42 9,78 0 9,27 9,13
Rudzatys 8,71 7,56 9,27 0 7,24
Vileks 9,00 6,56 9,13 7,24 0

Tabn. 5. Hopmanusogannas eskiuoosa mempura mexncoy SID
(BHAUeHUs: OKpy2iieHbl)
Table 5. Standardized

i-6eKmopamu Hauux @on

oz2pamm

Euclidean metric between SID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag Rudzatys Vileks

Auleja 0 0,480 0,663 0,515 0,542

Baltinova 0,480 0 0,582 0,458 0,405

Dundag 0,663 0,582 0 0,547 0,549

Rudzatys 0,515 0,458 0,547 0 0,443
Vileks 0,542 0,505 0,549 0,443 0

Tabn. 6. Kopoanosa mempuxa mexncoy SID i-eexmopamu Hawux ponoepamm (3Hauenus oKpyenenvl)

Table 6. Jordan metric between SID i-vectors of our recordings (values rounded)
Auleja Baltinova | Dundag | Rudzatys Vileks
Auleja 0 1,20 1,39 1,24 1,36
Baltinova 1,20 0 1,35 0,95 0,87
Dundag 1,39 1,35 0 1,10 1,04
Rudzatys 1,24 0,95 1,10 0 0,94
Vileks 1,36 0,87 1,04 0,94 0

Tabn. 7. Mempuxa 2zopodckozo keapmana unu L1 meswcoy SID i-eexkmopamu nawux gponoepamm
(BHAUeHUs: OKpY2iieHbl)
Table 7. City block or Li metric between SID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag | Rudzatys Vileks
Auleja 0 155 223 170 173
Baltinova 155 0 188 149 127
Dundag 223 188 0 182 178
Rudzatys 170 149 182 0 142
Vileks 173 127 178 142 0

W3 Tabn. 4-7 BUIHO, YTO B HAILIEM CITydae HAUXYIIIHE PE3YNIbTATHI (XOTh M HE COBCEM ILIOXHE)
1oKasaja )opaaHoBa MeTpuka: Aynes u ais Buneka, u nuist Pynzar okaszanack ropasno gajslie
Hynnaru.

Metpuku L, u eBkaumoBa (Kak HOpMalW30BaHHAsA, TaK U OOBIKHOBEHHAs, IOCKOJBKY
HOpMaJM3anus Ha pe3ybTaThl CYIICCTBEHHO HE MOBNIHUSIIA) 00€ BBINISAIAT OJAWHAKOBO XOPOIIO
W — TJIaBHOE — JIaKe JTydIlle, YeM KOCHHYCHBIA Kod(duuueHt: Bunek n bansTuHOBO — cambie
Omuskue, /lyHmara — 1O OTHOIIEHHIO KO BCEM JIATTAIBCKUM TOBOpaM — camas JalbHSIS.
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EnuHCTBEHHBIH BOIPOC, KOTOPHIH BO3HHUKAeT: moueMy Aynes K bambTHHOBY oOKka3bIBaeTcs
ommxe geM k Pynsaram? D10 MokeT OBITH OMMOKOH METPHUKH, HeaJleKBaTHOCTBIO TaHHBIX, HO
Taloke U OOBEKTUBHOH OIIEHKOH, KOTOpasi YYUTHIBACT HEKOTOPHIE JHANICKTAIbHBIE HIOAHCEHL,
KOTOpbIE B TEOPETUUECKUX CPABHEHMSIX OOBIYHO HIHOPHPYIOTCS. UTOOBI OTBETHTH HAa 3TOT
BOIIPOC, HEOOXOANMBI JJONOJIHUTEIbHBIE 3KCIEPUMEHTHI ¢ OOJBIIMM KOJINYECTBOM JAHHBIX U
OOJIBIINM KOJHYECTBOM FOBOPOB.

4. dkcnepumeHm. Bekmopsi LID

Jlpyroii Bux i-BEeKTOPOB, NpeHa3HAYEHHBIN I MACHTH(HUKAIMN s3bIKa, HazpiBaeTcst LID (ot
Language IDentification).

CnepBa MBI IIPOBEINIH TIPEBAPUTEIBHBIA SKCIIEPUMEHT, TAa0bl YOeIUThCS, 4TO i-BEeKTOPHBIN
METO/]] PacTIO3HaBaHHUS s3bIKa 3 PEKTUBEH IS HAIINX AHAJICKTAIBHBIX 3BYKO3aIHICEeH: BO BpeMst
cTaxnpoBku B bpaenckom TexundeckoMm yHuBepcutere Mbl qamn Onppuxy [Inory, HaydHOMY
cotpynHuKy VccnenoBatensckol rpynmnsl Mo oOpaboTke peun Hamu (OHOTpaMMBI (OH HX
MOMPOCUN  JUIi CBOMX 3KCHEPUMEHTOB) M TIONPOCWIM 3a0[HO TIPOBECTH M  OIMBITHI,
HMHTEPECYIOIINE HAC.

all test segments 3second cond.

auleja  baltinova dundag  rudzati vileks

aulja  baltinova dundag  rudzati  vileks

auleja

baltinova

dundag

rudzati

vileks

10second cond, 30second cond,

s baltinova dundag  rudzati _ viieks aueja_baltinova _dundag vileks

baltinova

dundag

rudzati

Puc. 2. Pesynomamel knaccuguxayuu Hawux 38yKOOAHHbIX, npedocmasienvle Mcciedosamenbekoil
epynnoil ho obpabomke peuu bpuenckozo Texnuueckozo ynusepcumema
Fig. 2. Classification results of our audio data provided by the Speech Processing Research Group of the
Technical University of Brno.
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[epen mpoBeneHNEM SKCIIEPHIMEHTA JAHHEBIE Ka)KJOT0 TOBOPA OBLIH ITyTEM CITyIalfHOH BEIOOPKH
paszeneHsl Ha JIBE€ 4acTH: OONbIIyr0, 00y4aronlylo 4acTh U MEHBIIYIO, IPOBEPOUYHYIO YacTh.
3areM i-BEeKTOPbI OBUIM pacCUMTaHbl A KaxIol yacTu oTnensHo. [locie 3Toro rayccoBCKuii
JMHEHHBIN Knaccudukatop'? obydancs Ha i-BeKTOpax 0Oydaromieil 4acTH, a Ha i-BEKTOpax
MPOBEPOYHON YaCTH OH B CBOIO OUEpeab NPUMEHSIICS.

Ha puc. 2 1y pedeBBIX CETMEHTOB pa3HOW JUIMTENBHOCTH IIOKa3aHO IIPOIIEHTHOE
pacmpejeneHie TOro, CKOJbKO HMPOBEPOYHBIX JaHHBIX OBLIO pacHpeneleHO MpaBIIBHO (T.€.,
NPaBUJIBHO ONpeAenaéH TOoBOp (OHOrpaMMbl) W CKONBKO — HempaBwibHO. Kak BuIuM,
pe3ynbTaThl BechbMa ONM3KM K peanbHOCTH: JlyHnoara Kak HawOosiee OTIMYAIOIIasics
OIIpe/IeIIsIeT sl JIydIe BCero; Pym3aTel Toke OTpaskeHBI JOCTOBEPHO, TO, YTO OHU «OTHAIOT»
4acTh APYTUM JIaTrajJbCKUM TOBOPaM, BIIOJHE 00bsICHIMO; bansTuHOBO 1 Bunek, yunTsiBas ux
ONMU30CTh, TAKKE MOKA3hIBAIOT OTHOCHTENHHO XOPOLINE PE3yNbTaThl, MpU4EM OOJbIIas 4acTb
pasHULBI «OTHAETCS» OpYr APYry — MEXIy COOOH; eIMHCTBEHHOE, YTO YIMBISIET, 3TO
CPaBHHUTENBHO TUIOXHE Pe3yIbTaThl AylleH «B Moab3y» Pyn3aros.

Y4uuThIBas XOpOLINE Pe3yibTaThl OpHEHIEB, MBI pelin Ha ux LID i-BekTopax, KOTOpbIe OHH
HaM JIF00E3HO MPEIOCTaBUIIY, IPOBECTH CBOU 3KCIIEPUMEHTHI, KOTOPbIE MBI IO TOTO IIPOBEJH Ha
SID i-BekTOpax. MBI O’KHAANIH, UTO pe3yabTaThl OyaAyT mofo0HbI SID i-BeKTOPHBIM, HO BCE-TaKu
YyyTh Jydiie, noToMy 4To LID i-BekTophl npeaHa3Ha4YeHBI IS PeIIeHNs 3a7a4n, Oonee cXoxei
c Hameil.

Tabn. 8. Kocunycnulii koagguyuenm meancoy LID i-eexmopamu ¢ponoepamm (3nauenus: OKpyeieHul)

Table 8. Cosine similarity between LID i-vectors of our recordings (values rounded)

Berzins A.A. Usage of i-Vectors for Automated Determination of a Similarity Level between Languages. Trudy ISP RAN/Proc. ISP

Auleja Baltinova | Dundag Rudzatys Vileks

Auleja 1 0,49 -0,06 0,57 -0,85

Baltinova 0,49 1 -0,24 -0,05 -0,49

Dundag -0,06 -0,24 1 0,06 -0,04

Rudzatys 0,57 -0,05 0,06 1 -0,82
Vileks -0,85 -0,49 -0,04 -0,82 1

Tabn. 9. Venvl 6 epadycax om kocunycnozo koagpguyuenma meacoy LID i-eexkmopamu

honocpamm (3nauenus okpyenemwvl)
Table 9. Angles in degrees from cosine similarity on LID i-vectors of our recordings (values rounded).

Hawux

Auleja Baltinova | Dundag Rudzatys Vileks
Auleja 0 61 93 55 148
Baltinova 61 0 104 93 120
Dundag 93 104 0 87 92

12

The next step in an LID system is training of language models using the generated iVectors. ..

..it is enough to have class (language) likelihoods so that we can make an optimal Bayesian decision on the
language of a trial. The optimal Bayesian decision could be made if our LID system delivers optimal
likelihoods for the languages of interest. E.g. if the task is to minimize the probability of language
misclassification, we can select the most likely language, where the language posteriors can be obtained
using Bayes rule from the priors and likelihoods. Having iVectors, our back-end would be a single multi-
class probabilistic classifier (e.g. multi-class logistic regression, Gaussian linear classifier and etc.) that
takes iVectors as inputs and, by definition, delivers class likelihoods. .. [6] [danee B [6] BhIBOAATCS
(opMyITBI TayCCOBCKOTO JIMHEHHOTO KilacchuHKaTopa.
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Rudzatys 55 93 87 0 145
Vileks 148 120 92 145 0

K Halmi€eMy BEJIUMKOMY YIUBJIICHUIO, PE3YJIbTaTbl KOCHHYCHOTO KO3(1)(1)I/IHI/I6HT3 OKa3aJIuChb

COBEPUICHHO 0ECCMBICIICHHBIMH. Y CTAHOBUTH NPpUYXUHBI 5TOT'0 HaM IOKa HE YIaJ10Ch.

Hecmotps Ha Heyaady, Mbl petura Ha LID i-BekTopax HcipoOOBaTh 1 OCTalbHBIE PACCTOSHUS,
npumenénnble 11 SID i-BexTopos. [ eBKIHA0BON U L1 METPUK pe3yabTaThl ObLIN HOX0XKUMHU
Ha SID i-BexTopHBle. VHTEpecHO, OfHAKO, YTO JKOpAAHOBAa MeTpHKa, Koropas mmsit SID i-
BEKTOPOB OblIIa HE CJIUIIKOM aJeKBAaTHOH, Bena cebst HamHoro y4mie Ha LID i-Bexropax — 0e3
KaKHUX-I1100 HamIAAHBIX IpoliieM, Kak B ciaydae ¢ SID i-BekTopaMu, U, MOXKHO CKa3aTh, IIOYTH

TaK € XOPOLIO, KaK eBKIN0Ba 1 L',

Tabn. 10. Esxnudosa mempura mexcoy LID i-eexmopamu Hawux ponoepamm (3HaueHus oKpyaieHvl)
Table 10. Euclidean metric between LID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag | Rudzatys Vileks
Auleja 0 6,07 9,59 6,22 6,76
Baltinova 6,07 0 8,75 6,91 4,71
Dundag 9,59 8,75 0 8,39 8,45
Rudzatys 6,22 5,91 ,39 0 6,14
Vileks 6,76 4,71 8,45 6,14 0

Tabn. 11. Hopmanuzosannas eskaudoga mempura mexucoy LID i-eekmopamu nawux gonoepamm
(3Hauenust OKpy2ieHsl)
Table 11. Standardized Euclidean metric between LID i-vectors of our recordings (values rounded)

Auleja Baltinova | Dundag | Rudzatys Vileks

Auleja 0 0,381 0,586 0,390 0,428

Baltinova 0,381 0 0,543 0,377 0,303

Dundag 0,586 0,543 0 0,519 0,528

Rudzatys 0,390 0,377 0,519 0 0,394
Vileks 0,428 0,303 0,528 0,394 0

Tabn. 12. JKopoanosa

mempuka mexucdy LID i-eexkmopamu nawux gponoep:

Table 12. Jordan metric between LID i-vectors of our recordings (values rounded)

amm (3HaAUeHUs: OKpyeneHbsl)

Auleja Baltinova | Dundag | Rudzatys Vileks
Auleja 0 0,75 1,13 0,79 0,87
Baltinova 0,75 0 1,31 0,75 0,59
Dundag 1,13 1,31 0 1,11 1,06
Rudzatys 0,79 0,75 1,11 0 0,81
Vileks 0,87 0,59 1,06 0,81 0

Tabn. 13. Mempuka 2opodckozo keapmana uiu
(3Hauenus oKpyeneHwl)

Table 13. City block o

r L1 metric b

etween LID i-vectors of our recordings

L1 meancoy LID i-eexmopamu Hawiux ponoepamm

(values rounded)

Auleja Baltinova | Dundag | Rudzatys Vileks
Auleja 0 120 188 123 131
Baltinova 120 0 171 115 91
Dundag 188 171 0 164 167
Rudzatys 123 115 164 0 119
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| Vileks | 11 [ o1t | 167 [ 119 | 0 |

5. Bb160o0bI

BcerencTBre IpoBeJEHHBIX SKCIIEPIMEHTOB MBI yO€HIINCE, YTO i-BEKTOPHI JOCTATOYHO XOPOIIO
XapaKTepH3yIOT S3bIKM M IMO3TOMY MOTYT MCIOJB30BAaThCSA [ KOJIMYECTBEHHOI OLIEHKU
S3BIKOBBIX PA3IUUYUM, MPUUYEM MONIB30BaThCS MOXKHO Kak SID, tak u LID i-Bekropamu. Kpome
TOTO, HECMOTpSl Ha TPAAWIMIO NPUMEHEHHs KOCHHYCHOTO Kodddunnenta, Goiee Han&KHO
BOCIIOJIE30BAThCS €BKINIOBOH Min L MeTprukamu.

MeTton i-BEKTOPOB HE €IMHCTBEHHBIH MeTOA, pa3pabaThbIBacMblii HAMHM JUI PELICHHS 3a]a4u
YHCJICHHON OLEHKM OJIM30CTH SI3BIKOB, B TOM YHCJE M IO 3ByKo3amucsiM. Ilostomy mist Hac
aKTyaJbHa 3ajaya CPaBHEHUS STHX METOJOB, OTOOpa JydIINX M3 HHX M JaXKe CO3IaHUSI
«HaIMeTonay», OObeAMHSIOMEro Hamu pa3paborky. KoHedHO, HHKaKMX «30JOTHIX
craunaptoBy»'’ B 310l 00NACTH HE CYLIECTBYET, OCOOEHHO B KOHTEKCTE JIATHILICKMX TOBOPOB.
M=t yxe Haganu paboTy o pa3paboTKe U MPUMEHEHHIO METO1a SKCIIEPTHEIX OLCHOK, KOTOPBIH
HOJXOAWI OBI IO/ HAIIM JAHHBIC U METO/Ibl, B TOM YHCJIE ¥ ONHCAHHBIN B 3TOH cTaThe. Ho 310
yXe TeMa OT/eIbHOM ITyOIHKalHH. ..
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