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Abstract

Identifying spoken language automatically is to identify a language from the speech signal. Language
identification systems can be divided into two categories, spectral-based methods and phonetic-based
methods. In the former, short-time characteristics of speech spectrum are extracted as a multi-dimensional
vector. The statistical model of these features is then obtained for each language. The Gaussian mixture
model is the most common statistical model in spectral-based language identification systems. On the other
hand, in phonetic-based methods, speech signals are divided into a sequence of tokens using the hidden
Markov model (HMM) and a language model is trained using the obtained sequence. Approaches like
PRLM, PPRLM, and PR-SVM are some examples of phonetic-based methods. In research papers, usually a
combination of phonetic-based and spectral-based systems are used to achieve a high quality language
identification system. Spectral-based methods have been the focus of researchers, since they have no need
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for labeled data and usually achieve better results than phonetic approaches. Therefore, in this paper, these
methods used for language identification and different spectral methods, are introduced, implemented, and
compared with spoken language recognition.

The basic spectral language identification method is Gaussian Mixture Model-Universal Background
Model (GMM-UBM). In this paper, the MMI discrimination method is used to improve the Gaussian model
of each language. Moreover, in order to model the language dynamically, GMM is replaced with the ergodic
hidden Markov model (EHMM). GSV-SVM and GMM tokenizer methods are also implemented as two
popular spectral approaches. In this paper, novel speaker and channel variation modeling methods are used
as language identification approaches, including joint factor analysis (JFA), identity vector (i-Vector) and
several variations compensation methods exploited to improve the results of i-Vector.

Furthermore, in order to boost the performance of language recognition systems, different post-
processing methods are applied. For post-processing, each element of raw score vector indicates the degree
by which the spoken signal belongs to a language. Post-processing methods are applied to this vector as a
classifier and allows making better language detection decisions by mapping the raw score vector to a space
of desired languages. Different studies have employed different post-processing methods, including GMM,
NN, SVM, and LLR. This study exploits several score post-processing methods to improve the quality of
language recognition.

The goal of the experiments in this article is to detect and distinguish Farsi, English, and Arabic,
individually and simultaneously from other languages. The latter is also called open-set language
identification. The signals considered in this paper include two-sided conversations, whose quality is usually
not desirable due to strong noise signals, background noises of individuals or music, accents, etc.

Gaussian mixture-universal model (GMM-UBM) was implemented as the basic method. In this
approach, mean EER of the three target languages (Farsi, English, and Arabic) was 13.58. Experimental
results indicated that training the GMM language identification system with the MMI discrimination
training algorithm is more efficient than systems only trained by the ML algorithm. More specifically, the
mean EER of the three target languages was reduced about 8 percent in comparison to GMM-UBM. The
GMM tokenizer method was also tested as a novel spectral approach. Using this method, the mean EER of
the three target languages was also about 5 percent better than GMM -UBM.

In this study, the GSV-SVM discrimination method was also used for language recognition. The
results of this method were considerably better than those of common spectral approaches, such that the
mean EER of the three target languages was reduced by 11 percent in comparison to GMM-UBM. This
study improves the low speed of this method using a model pushing method.

This study also implemented two novel methods, JFA and i-Vector. According to the results, both of
these methods provide better results than GMM-UBM, such that the mean EER values of the three target
languages in JFA and i-Vector are respectively reduced by 1% and 12%. Generally, experimental results
showed that i-Vector provides better results than other spectral language identification systems.

This study is a result of a seven-year research in spoken language identification in the advanced
technology development center of Khajeh Nasiredin Tousi. The ongoing research includes studying and
implementing novel spectral language identification algorithms like PLDA and state-of-the-art phonetic
language identification methods to combine the two spectral and phonetic systems and eventually, achieving
a high quality language identification system.

Keywords: Automatic Spoken Language Recognition, Acoustic Approaches, Discriminative training,
Channel compensation, Identity Vector.

oS U1y ol bl Blbs 4y fopm, 5 00l oL 4 dodio—)

30] cewl 00,5 ISCie camlin
Ol aws g0 a4 1) by olels sbbable
loly; o Tk p i laghsy 0,8 Sapends
Cawds o9y 4O 'fs’.b] slaxly b balss 5 s
Moy S Sygeay LS ab olsS-ley sla S
lo S5 cnl 5slel Joo G 1090 o0 g5l sanaiz
w8 sl Jae e cuwssa oly e Gy

G5 3l oby casas sl oly e slulis
Jolis wilgica ol 5055 plules ol i8S JUSes
s slagls ol slegeze 5l B by S et
S5l by o g @lelis by (ol sle 58D
Slests (ol oaen) AL sad ailis ol dsgere

Oyl g adsl d(oasS g pogie Jio) JliasS LK S13
Lo yo Slellbl 2l sl Sz woge o daos ok

3 Spectral-Based Methods
4 Token-Based Methods

! Language Detection
2 Language Identification

AR IR S\ POWRL by W

&


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

- 10.18869/acadpub.jsdp.14.1.111 ]

WIS Yl Gwliab )l sl Saab by dumlio

OTSVM) 5,0 oy oedbe Loy Loy o ol
Sgd(se odsell GSV-SVM by, (nl 39 oo saiailo
Ao yo 0 0ke; Jedoas by, ol yo [10] [11] {39]
SVM (655 poas @ dralone 5 (ool 5l 2l e
S ooy cnl Gl (sl el 0l Gtalojl e e
e 0je 4 aSn ln Py Se VerA e o
[9] sl 05,5 sl ((TMP)

Whax Cemdh b ol bl iy, S
soxly » (e slaalele )3) Bby Wik okl
(GMM Tokenizer) wsS bbb Joo o L (&l
oslizal 5,50 Sl Lawsss YooV Lo, by, ol e
(©B) ns,2 o (Tokenizer) liSailis [46] <é,5 1,3
Sl 5l sland, g eols 18 (hils sy 955 1, 5, LaS
Alis S e g B 2 gl |y s slaadlse
(lesl 0olo L) pudas ools 12 (gl onnlcwwsay slals
[38] [21] 098 oo (guimaids SVM 5l sslaul b

5 oolatwl oy50 Gl pulo e a5 sbiyles
ALy 8 e Slellll el Lo oy bl ailale
ol 4 SaS a5 oyl 3 6,550 Slellll Eols oyl
SlocShs Jals Al Slellll ol a5 e ol
wxgd ((Fyo gleme JSB) e BangS 4 bgye
coplpogle covl 08 5 08 clle Cunsy wOlulusl
S SRy weiom By Gezes Mo oo Ll
Slelbsl 55 Seo (518505 05l 5 Jlail JUIS (89 S0
ol ooled & S e Lol LS LS 4y 1, (glanulys b
Phio Lyls a4 awsly olelbl awlgsl olels!
Slegs (pl Bi> Glp oed oo 485 (plie Dlegi)
ey b p (e g9 5] Gz slaghy) qe>lre
lole plys oo (g, oy, ol 5 (S el 00
ol e g ‘Vb.; Lug Yoo Jlo o a5 el (PJFA)
ol & anly Slelbl g, ol 4o [26] [29] o b yee
winsly Slellbl (gilulaz 6lp 09d oo silulaa Slegis
12 88 el i o gy el o 555 e BB 1y 4
4 bape w0l SL jisn 5 cwl LS Bols oles
0ol LS gy o2l emlin oS Syzy b el Slegis
Slelbl glle lien Olegs 4 by iz a5 0l

12 Support Vector Machines

13 Model Pushing

4 Yang

15 Session Dependent Information
16 Joint Factor Analysis

17 Kenny

AR I WR P POVRL L VN W)

e 0y elobis slaaills ps g)lel Joe 0 S gene
Lobalas p sie by, 5o oblie o ol b
G e e Jde 5l eslial U s L ols] slaasls
L lales 5 gladlis & Kos ulidsb ;e L (HMM)
$9y Sb) oo S o 1395 o e 22lg] (sloOg
057 ooy, [38] 0gi co 03l pudas sdliawaay ALy
(S sl g, aox 5l fPR-SVM 9 YPPRLM ."PRLM

[30] J41] J49] (17] ocwn sg.lgl slaxly
sl b9, 2 s sl aileles 54551 SULe )5 Jganesboay
Lol lobs ailebs a5 (o sl b 5 (——5)
[8] 7] 058 o0 oolazwl UL coaS

olsls 4 g3l wab e sl g, oS L] 3
sy, 5l e (S Jyerejoba 5 o)l ooz
ool 8,5 18 (S 4z 50 yide )l gl
bl gl Wby, 5l ats ol 5l lie ol 45 5, cnl 5
slp b it laghy, glgl g ot eslinul ob;
odd duslie g (gilwosly ((Bpme (LT Ol (omlidil
Ll

Jae Giidsere COMM) (ousS Lgle Joo
Lol b e b ololis sladibls yo 5Ll
oSl Uy oS gl Jie s 0l 0 sl sy 52
[39] sgi o0 o0ls oulai YML Lo ¢ FEM o651 5
(Sl gl das padyplete @lp Veof Jlo 0 MeS s
hgy el 3l esliiwl b .o,S soliiw! TMMI s ples jLas |
Sy &5 9500 G T S Siledne ()
2 0es Jae 6558 emia gileber 5 S eeeal
&5 )l @bt Giledae @l oo gl el il ams
24] 59, 500 yor (el LSy b Jow golad j0 45T (S5
[8]

Grled Gy (MlSen o 1 LpaS Yo o2 Lo o
25 gy ool g e S ) by olelid Gl sna
g oo zlyeiwl (VGSV) (cwsS oy ol O oudas go00ls

! Hidden Markov Model

2 Phone Recognition - Language Modeling
3 Parallel Phone Recognition and Language Modeling
4 Phone recognition-SVM

5> Gaussian Mixture Model

¢ Expectation Maximization

7 Maximum Likelihood

8 Burget

9 Maximum Mutual Information

19 Campbell

I Gaussian Super Vector


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

[ DOI: 10.18869/acadpub.jsdp.14.1.111 ]

CosheS S5etr gly 39 lie ol 45 el o onliil
Shliel lonm gy x5 0by emledsl
ol 00 oolazwl

3 b g;fs zlhpisl Jol e pgo Gisu o laml aslsl jo
UR9) P GRS o 0980 (B LS JLSe
GMM-UBM  y52en (3L swliil cilie o
GMM Tokenizer-SVM GSV-SVM .GMM-MMI
sib, wler (W S 9 Py -Vector o JFA
BT SR TOUWIRE FIOW] IR O/ KO SUO-3 ) { U093 R 3 CSUpgee]
(it im0 g oolaul Sjge BNl ey o
9 o,Syg) oihe (i o g &l ol @l g o tales]
5 Saledys g oad (Byme joya Sllis I wax slasg,
@ Sl e JI S Ganper S eiie i
sl 005 s b les]

b (S 39 gl ol =¥

wlre 0l @lulid alebs sl Jyoro el o S
U2 s b s b p S gancas S
s lsy boadgali (¢ cuypo oglleas ("MFCC) o
&lp SDC olys aiwd (M'SDC) S adboi s
MECC lajlsyy 4 )laS obgS-gloy sbigy 0,5 Joe
Syt wgo slablle LB (line g 0ol BLSL Jgons
MFCC ul,5 51 SDC g5l Jgnyd [42] 5 o0 gl
il 325 O ypoty

c(t) = [cy(t) e, (B),..., ey (D)]

M)
Ac(t,i) = c(t +iP + h) — c(t +iP —h) )
cot@t) = [e(t), Ac(t,0), Ac(t,1),..., Ac(t,k — 1)] *)

b oles ol Sy o (1) by nl o

99 Oom oy bed Pl log o JlyanS Sl clt)
dmils sl Gloy AL 5 pas lie By Jlgie Sl
Moy clys sl s Nl W ulpo
Ry wigd oo ooliiw] SB o 10 a5 cul Jsexe JlyanS
dlne Wb o)l ls culpo a5 ol oSl slaws
SDC (sl el gl el Sloglas allie ol 53 [2] 355
ond s L s (N,Phk)=(8138) &, 50

Gop S,k LB e ) Egoime 4o Slple ol

19 Mel-Frequency Cepstral Coefficient
11 Shifted Delta Cepstral

@bolid Jlon (g (St cnl @) sl [13] el S5
o) alie Sy, 53 gy onl S Sl (fi-Vector)
TS Slegs gl g SO aS gl ol b sl JFA
Ol igd e (gilulas walitee Dlegis 5 ool 4,3 L
@bl sladlele o aid) Say By, (n Fosae &5 o,
L San T Sms Lawgi izl wad Yo Jlo b ol
i e g Yg5le Lawgs s 5 [15] L16] oy 1))
Gilwar @l ol 5l o (311 43] wd (g5lueols
-ov9,y il gamaa b g 0 S Jow g e i-Vector gl 5!
[19] 41] s &1, 325 Lo 9 05 1ol ags olo

(e b slagty, als Wlis ol o
ond duglie 0Su b oty onl oS 5 silwesly
5 wlolid wadalul slambyl o L Gas .l
s 9 eS8 bl 5l e e gslula
5 (STLD) (o5 yoé 5 (ol 18 (o)l 18 Slap)l;
(o) by aw asgerme Glojen giluliz g lubid 5
e IS I L RS N
Dlrasgezme Sygonr (b et pe <> (*MTLD)
Wlis ol 0 5 500 b JUSew 05 e ol 3
Sl 48,193 SLISa 5l (slo yglone ials LS slo LK
Jie Olyeds )l (polie Sl (ogesjsbay oS
979 «slady Saba S JUSew ez 9)lse @ (e
9 Bl ladmg) injm 0 (ewge 5 33 (lao
2,5 o Lol a8 ool 5l (6050

bl gloailels CoaS See slagss, 5l S
el slasboel Jlon (Blonm slaghs) 5l esliinl (b;
2 a5 Sl il el slajliel sy ) Seaie canl
5S4 a8 S 3l ol o] sloadlie 51 S
S Spsoet Ailnom slaghy, el gl
Loy ooSdee basloal Jlop cnl s5; oS gamail
oot slagl; lad 4 plB slaslial oy el
Behen Gby A vy ;O S S el e
GMM  ale> 51 gglate slo g, 51 alisee llie o
G sl [3] 4] 30] {34] LLR 3 SVM NN

! Identity Vector

2 Total Variability

3 Dehak

4 Matrouf

5 Glemberg

¢ Martinez

7 Single-Target Language Detection
8 Multi-Target Language Detection

° Open-Set Language Identification

AR IR S\ POWRL by W


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

- 10.18869/acadpub.jsdp.14.1.111 ]

WIS Yl Gwliab )l sl Saab by dumlio

G g ead lul Cepuar LS LB s 8 lie
&z o o bl il LS Sy culps 69y p e
T by 8 Gl coslin adgl polie caed B9, [1]
adgl use polae 5l dlae cpl o sl sal ool
ool oolaiwl Ll.w) PV O Y LS‘)% 03 yunnS

FLDA g,y 4 day Sals-Y-Y
Sy A JEsl el S 8L s 4 LDA Gy,
olial ]y alizee gleadls o (6,08 SIS Wilgly oz
ol e e eS|y glaads gy (SauSTy blie jo
Slasi ¢ aS cewl ¢ — 1 plp Sl o glas .xa;‘u“::j)
2 = Az ®

003k Alis cpl jo mudas slagl; slaws a5 x5
, Sig olo s dus LDA oo, 5l eolatl b el o)l
an el S bl 5le,S has VS las 4 VY 5l olgie
I kadl sl &b 4 ol 1A w0gh 0 Slellbl
Joe SO ol jelate cpay ol ol gile & jgods
o3l 5l oolawl b ((owsS 4adge VYT L) owsS byl
10,8 s 10 0000 oudad Loy adS” Sols (69, EM
sleadgl gl (Shy slajloy 5l S e Bl Jlus
dwlo owsS dddie VoVY 51 G e 4y olda B0l
alie 8led (S slajlon 5l o e sl et
Wl i Jlois! o & Jlade o] il a5 owsS
e sn 458,555 ,5 Fg sla o s ilme ik ey
Bb VoYY o Shoulolopal S i, py
NS oo 18 At (55l

ax UL g, 4 5 LDA 3l solinal b allie ol o
oealS cwl oal ool ualS oz a4 VY 5l (Sg lo
Bi> crge el S Al poslle (s sy as
500l (S eyl (b olelbl 08l 5) aslsl wlellls!

b5 ot bwbods Slolu-¥

i slaghy, 5 S Gzl g bhy, ise (nl 0

4 Linear Discriminant Analysis

AR I WR P POVRL L VN W)

Sod g glAiel Gan VY (Shs
—digel S8 L el )L._af 6')‘3 allis u.:‘ )
¥ e s SSL o b ol ooy 5,0 oS A g lop
Sorie Jlade 5 4l e YV LS b 0,y Jsb
il le Vo (Jlgte SB g0 g4, QLQ)' salald) b
S5 5! (*VAD) 6)1.’;65 L5’>|9.'- L;)’L.J)Lii)] &ly |

R PR

Tlowy b b (S 5g Sgaee—)-Y
Ol a5 05 s e Oy S Liw, kS
Spl b Jisl JUE Gl s 0g2g Oyg0,0 a5 Sl LS
5 Al Gl Shy e coee (S b
5 ootysS ol Slolid glaabels LLIS sy ulgs
Fro 4 Sep slals B B b il (nl esdos L
o B> g (amllgne WSS B39 )0)
Slolosel 5 ol slotig) oy s sl 3
i ol R b 3 sptie i 5 (JUS et
(Ogamllghe 5 2 859> 10) Seho e 9 UL (slouils 2
ity il sl gl S5 S e i e )
oo p s Sy 5 1,35 sl a5 Col o gplass
125] Wi oo B a8 JiSes 5|

loadie Bl 50 Liw) b ge Wlsh 3929 L
Sn b ol S U ) e 5 ol S
5 1) LU ade g mlm Wl 8 leadlie (B o]
Sy oae 4 ild ol b e dx o oplply S Gis
DC e i & jio Sl 3 5 il sl 55y
g oxd FSu5 (Geemlgde W58 839> ,0) JUSw
5 bl b slaadlie p ald ane ol Lo
b Al o dasedis ool poglle ol o LEALS LS ape
s b, TR il sl 505 las Ao
[#(—1), 2(~2), 5(—3), 2(—4), y(~1)
Sy 4 s olae cpl ol lE ae Oise jo ol
A nl Jlesl @500 ulple o)l 5l pas )l Gl
Sry slalen gl glagisn (Shy wolre ) 2
Oy ez ieel il g lul pae Jdody a2l
sae 4y o) b Jake Sl sl 5] eoliiad sl

adgl ke mu a4

9 pme adgl polie he adgl polie gl 4 Wb (SO

! Voice Activity Detection
2RASTA
3 Infinite Impulse Response


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

[ DOI: 10.18869/acadpub.jsdp.14.1.111 ]

oblssS S le 9 gy 5 Sede ool Gk
UBM-GMM g, ;| oolatul (wgd cod ool gudas
[34] {42] {8] [38] s55 o0 mles @l ods (ol g
S 5 00 25 (5,8 el el syl 5o
W).’Lo Lg)hﬁ fol.».c d.«.]s‘ )‘.\.M el 0als d.d)f
w52, 51 S5 ol 5o (il s led ) ol fssS
OBls IS ilyly b oply (BM 02,6 UBM (les
o=lly Balion ;e lade (reid w1 d (b jo g ol
ol ly S ke a5l a8 T il ly ST jlade 1wl
2 b el lyr g 955 cn kS g ooy a2 0
olls S liee a4z e sB5sel (s U5 bl
pdss B0l (55, GMM Jaw gl 485 lai o aS
O3l pEels (55, o paend il g azdly (35500 e
Sl by & 2l e dlie cpl jo 398 0 oS
O ygods) ol ool 48,5 a5 o +/+ ) Bl UBM 0!
(sB350T QoI S (il )l & S 5 (e

MMI (5 3 Loi o 595! 51 solasiwl-Y-1-Y

s, s 5l gl (owsS sladse pud inleis sy
Bos b (s pled palsi [0 0ed o oolatul gled ulss
5l Ognte (oulidil 8o 45 05b 0 ()b 597 4
MMI olas w800 goeeiin S 52bed s (slapty o501 5]
[46] el pdss sla i

T l l
(| 1)p() .

p (x| 1)p(L)

R
p/\
FMMI \) = Zlog
r=1

vr

55 M s ol lbaid adS iy Jlasl L
i Ul 51 p(1) 5 P sloalez ol il o9 oo

G Qo @ TDI)) aal, zie edios
Gl o8, gladae als (8,5l 0 b T, LS Lo
oS S9nte Slp b be, aslol yo [24] el (agl;
o3ls 758 MMI is, b (SeitwsST ol oboles lals

05 o 4ty ol S el
L d.dbp-a-]-u Ls‘*'; 6LQJ\.\.¢ C”L"' O 9afe 6‘1—.’ o9 <

3 Final Variance Floor

R PR é}“ UL‘) @L&L.w lej"

S bolse Juo (yog,-)-Y
oy a8 cel S ganaib Ul S Ly olulis
Jsers slajog, 3l (S el 4t S sauaslas Q] N
Joe 5l eolatu) il o Bols aie 0,5 Jae lp
Jae GMM m55 5 b «o)lj 52 50 MFCCHSDC sla

Jj.wso

M
pz;A) = > wNi(z)
= ©)
SE b Ni(@) (gom d Sy fopaal, ol o @
B wb 5n el (sS wl5 2 s W g pl T sS
ol lasS ma e o 1 Sl oy bojiie 4 sS
il 25 S ygods B
d

Ni(z) = (27) -

1
Zj‘72 eXp{—é(l’ — )" /in)} *
w -1 )

GMM-UBM jg,-V-)-Y
Ja) "UBM Gl (SwsST Jae gy cnl o
bolo Jao S dlagly alS (Bols (g5, adlypelss
03ls odai ML jLxs 5l ooliznl by aS” cel (GMM) o5
o, gaemme ML o lslin] poulss 020,650 j0 090 o0
43,8 i o Goe ali lgieds (e Bl S Jlazs]

il @b cpl o S Ao Bus g 9ed o0
R

FML N = ZIOg p(l’r | lr) @
r=1

ro Sl T (Joe slagellb A akl, ol e
ez by s Syl Sla B el LS (el
(Bas b o Saiin lp cwl ol T ss ools oo
Lol 5l eslinnl by (6,1, & )s0as GMM sl 2l )y
g 0 dmoloes EM o550l (e
Jae S5 gl 5l S e (SetsST o
Joe 53l el 3o,k 51 45 Ced (GMM) oS gliice
solitul 1) Lol b ol ol plas 59, 2 UBM sle>
Ko ooygel (Relevance MAP  godas bg, )
55 &l GeSle slajlsp polie Ladd Jsene ©)g00)

! Universal Background Model
2 Relevance Maximum A Posteriori Adaptation

AR IR S\ POWRL by W

&


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

- 10.18869/acadpub.jsdp.14.1.111 ]

WIS Yl Gwliab )l sl Saab by dumlio

SVM g,-1-Y—Y
@bobets Blae > ln gnled (b, So SVM s,
sk wle aly aekis SVM Lol suyl el 53!
slaiged) 50 sbagsl Slelbl jlagy jobay a5 ol
ole 4w colaul (aad g0 buSTas 0,0 oadpadly
S S0 g |y (ot b (s 550 I SO SVM K00
Gl 6l WS D90 (n e 4 ) eail &Sl ol
S ol Gl Sonlpgs 5 (Ganaiws sl
Ol Ol sl adl ain 55 leadb SaSlae
oot 9 0ol Sl Glagsl 4 (eaiiS ganail oS
BO] spioe aaS Pigipe Jlop oaiil jpe fueed 5o
el 9990 0aiiS gl 5y ol SVM (adlg
S5 k() Tas wly oo bt S Sl &S

Dy e
NGT,'
f(g:):Zoziqu(:L',Ii)er am
i=1
Ny,
Zaiyi:(), a; >0, av)

=
T Vi« Sire syloy olasi Ny alal, cpl yo

5 Gy 03 o s ({Fnan) polie 51 S0) sllae
[30] 34] cul z; aigad b blos 515U o adlg
99d Jo 5 dee (gjlutings Ul 2L SVM olss sl

1 n
min —w w + CZ &, ay)
w2 -1

wrt. oy, [wTd)(mi) +b]>1-¢
& 20
G ¢ byl Al hug z; oy akly pl o

Sodise s O(T) 4y 5 oals CllS iy ax b lad

QhD)

i ol e [08 » a8 cal s ayie C sl [23]
A o g oad i ganainb glad coeal il
il e GhalS a8l jgel SVM (g ndyarans ljee
$z,) 5 H1) J3lo ©po oot diwn &b
[14] (ol COlSS 2l S ) 05,5 oo iy 25
K(z,2,) = ¢(z) ¢(x,) (o)

SanS ganaid Bl slaghg, e 5l S

3> Support Vectors
¢ Kernel Functions

AR I WR P POVRL L VN W)

Gz 4 dwly b Jas 5l colaiwl MMI (5,651
Stz e el QIS polae pay el TousysS
oo sobods atws ;o (gl g ool (Gupendl aws 9o &
ol 00 001s oudss MMI 0,65l b cassS (sl Joe
MMI adasly o 339 Jlos!
slaws aS olonby 4 b Jus Had hles 5l 6 Ssl> ol y
A Bas b gilwaige abkaly o wijls ol p,.J.:u oBals
g se Jlasl 225 (139 slade ool o

1
N N, * M/

7
w

)

Slols slass M} o ol oBols slaws Np alal, ol 5o
ol 0313 () pr o Jlas! Cy3s W5 1 oL 5l el ol
HMM G (L5 sbigs o905 Jor

hey 4 4Bl laae CudS Son sln SRy S
GBSl ol Jse L GMM o S5l MMI
Klgs o owgS Joe a5 Ll 51wl (EHMM) SGo65 )|
Oby & Joe has S Joe |, LS bgy L8, o5
Sty w>ge Nlgi oo HMM o ailloaiz Joo S @
Jae o allie ol o 0sd by olobis able cuas
L EHMM Jow 5 & MMI L b atiblss GMM
ol Bl sl el sad bas T UelS Jlas!
S Olpea GMM 1 sS laadlie 51 S 5o polie
ol byl s 0943 2,8 EHMM o o> >
Glise Sl T35 Sllaast olie s ML g les
S @y syl ple 5 ool ol |, HMM
[48] ogipe arily a5 ol (loguilyly 5 lopnSilee)
[24]

GSV-SVM g, Y-V
e J> slp b b9y o GSVSVM (3,
S pedas osls Ay cnl 5o sl by bt
gl gusS Jlon S (LS 5l slasl Yo aakd
igbie gandis SVM Luwgi Lo, i cnl g oas
lamyl aslal jo .0l dalys ools peusgl (9434 )loﬁfj PYVE

el 00 00l T

! Gender Dependent Models
2 Ergodic HMM

3 Fully Connected

4 Transition Probabilities


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

[ DOI: 10.18869/acadpub.jsdp.14.1.111 ]

2l 1 GresS @ byrpe oSk Jlop SOl i S

el 8 9 8, ol ,laS 4y cabosls gudai GMM o

KL(p" || p') < KL(" || w') +

N
> w KL(N (;p
i=1

Lk o msS oo glayully Gk S
“Je loieSile (59, 2 ks 9 MAP 02,6801 1 oslas

a

b . .z =
W= W Syge cpl 50) Wb 485 O (S lo

A
NG E)

. a b .
Glae UL o> (og walgs N =X i =1.N

KLQ(p" || pb) < Zwl (#’Iu _ ,“',h)l EI I(U%" _ /l%b)

i=1

2 a b
<D (pp)

QRY)

N
Df,? (M(L , ,U/b) _ Z w, ('u/ia _ ML'I) )t Ei71 (,U/L'(L _ Nib) (Y )
i=1 *

dols il 65hd uib)lssS mple 45 (5550

alols Soles 1) 5 1" GMM slajlop ol o D2

sl 0t ol GMM. sla 1o 5l cr 5055 (sl

S 3ol 1 by ol KL alols UL a> D2 aluls

KL2 alols jLae il o5 4 5 4" GMM la s,
[10] {117 [14] sgs walys 15 5 LT bl

b pf g b dwa—F-Y-Y
28 ol plo 5l Bas Bl s alold o gl p
NLIVE, RV SO LW T I UPS JPY ESUNSULSWE S (B RV-Y
50 Gl 5l sdal Candds wsS Jow 90 o Aol Las
(b s 1) I3 ord @ Gl | (V2) akal,
Covsts D7 alols (as dies Jlel L oo)S o

Ol dalgz
- )

GMM  slajloy ol glas o K

[P VW S ¥
Uo)fk)“)l"ﬂ" ‘J Qd> §JJ5 6L~a5 9 Cans| 6h>
0 GMM  slals,y ul o) GMM  (slajls il

JEeF, (YY) akl, jo .l Cawsas ( wlZ:l/Q

)‘Jﬁ J..v| SV 9 ‘o‘ ) 6“5? c;l.\ odﬁwl‘{._‘in O:.ijl:..‘o

maa b 5l glacgesms jl osliwl SVM 4 i ‘u_,.lom
wa) )l s U”‘ 9 RG] 5&5»} SVM L;Lbo.b.SdM
[45] sl ooy oolazwl Tady Llie jo SO

w95 N0y -Y-Y-¥
Lolse Jao Sy oulss GSV-SVM g, 10 Canss o5
ol @l 5 mele slapl; 4S5l SBols (595 (owsS
UBM ¢l & GMM g4 51 Sl oweS bolie Jow S
el () Ayl b illao

Joe C‘)Z"“"" GSV-SVM b9, ;o gow ’alf
UBM golss 32 )b 5l (6)LdS adgy 10 (6lp (owsS Lgline
GMM & 0,5] cawoas 5 5 LS asgy o w
Joe ol Ll L;)U.éf abe ,» slila sabosls gadas
(Relevance MAP 2,51 5l eolatwl L) ailflos jgloay
(1) Sl oyl o5 ¢ Jgare jobods .yl oo sy
L;LQGMM ‘u—")‘l"-‘ ‘Q}”“LSA oalo dM,a.s L;wgf G‘}’
o998 e pile 5, a8 slaaig adS 5l saslcassa
eSlos ke 5o sl oglis L 5 o (LeSy (39 5 (3)
GMM .3 b ol colo)ld oo LS 51 .ol
S op gl SO liS alg o 4 oobosls adas
ol G Rsbe Ay LS g o Gl
[10] J11]

BGMM (ys abol-Y—Y-¥

5, sl ks b ble SUlis! glajae P' 5 P° S

2,5 iy gy O )gon KL 15

p'(z
KL || ') = [ (:v)log[ b( )]dw (%)
- p'(z)

139 g0y yi py O)ygods oS Zuwl KL
KL2(p" || p') = KL(p" || ') + KL’ || p*) OV
39 GMM Jas g0 e KL 1515 jLoe UL 0>

ubi 5 n, abayly cpl jo el oal atiel (VA) dlall,

I Multi-Class A

2 One Versus the Rest g Ji’

3 Kullback-Leibler

AR IR S\ POWRL by W


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

- 10.18869/acadpub.jsdp.14.1.111 ]

WIS Yl Gwliab )l sl Saab by dumlio

e Sldas plxil b 2, T, Nax sl ls il g
koS 0, 5 9, w85 sldee & lop ol gl
ljloppl a5 s Slaia gomd jsbar igdi o
Slpls ails 13 sl gilulas e cadgl Sl
1
» {ila, >0} "
Z{i\a’>()}a7

1 (V)

I S DI
{i]a, <0} "1

J‘Z‘“ ‘gn 69‘““ 6‘”; 9 gl’ M stgf LSLQJM
25kel g,y S e Je |y e g e slajse
sl 3 Oygody Gialesl Sols S5 sl

score = E log(g,(y,)) — Z log(g,, (¥;)) YA

wodls 5l pl B SB (Shg oy, akly ol o
0, oee 03ul8 g gy ol 5l eoliiwl [9] cenl iolesl
Jae Gkt Ao 65 oS ey Jobo b olSols ol
o oppl xS Soge o 80 L wsS
Jlim! lade asiis g 0g dwless 3.8 cadzl el
g wlys e SVM suuS somailb 5l soslowsa
dwbre 3l colainl b s MP oy, 51 eolaiwl L Jg
maib g Sl 090 Al (o 50 Ske laowsS Jleio
Jlexl glgiee () g +) S Glagewss) oo sla
Byg] Cawddy a5 8,90 i a1y iolejl Bols 3las
oz Al gl 5 (usS Joe Gk 0 a5 Ll o
SVM sleosisS gandad ;o0 -) g+ sladal 4 oyl

GMM Tokenizer gig,-Y-Y

3hesliinl by (owlidiil )3 Jgene slaghy, 5 (S
Ll PPRLM sl olg] sloasly e slaasbeles

S5 Jxe S5 5 s5lse slyl bl Gl lasg, cnl 5o
O930me3S (sl lgl ulid il w09 oo oolitnl ;o (sl p
Gl Jliml (ess 6l Gl Jae 5 5L slgl dns,
Sy b ogd ce ooliiul Sl 050 by 4y lgl and, ol
Oby Al ke (g )0 (255 mls Ghe, cnl &S
Ly sl 1S s (Slasloee Sl 5l Cnl pigle) Sl

0d g 98 lol B als (gl Hluws olows wb g, ol yo

AR I WR P POVRL L VN W)

o aS Cewlins u.u).: Ah.!‘) u.;‘ R W QJL:JEA GMM
2 5l eael Cavsay 2 Sile slayloy GSV-SVM s,

o pl g eS oo B3 mbiie (YY) Aal; b 1) oanysS
N N ) JJ‘JJLLLM:‘ SVM &S @ l) Qe B uSeis

F o= wiZi*l/Z/ti i=12 ...,N av)
SV = [Fi,F;, Tty FN]

ZOLiJT

a by a\t b Yy

K. (SV",8V") = (SV*)' SV an

&b 5l osletnl as 8 atin 09l cemsds gl g, SO
_ e*mD‘g(/lr“,u“) (Y¥)

Non — linear (S" 1Sy )

ipa,0 (g slwools o UL dlayly o (Y+) alal) yols (13 L

2
o 8V7,8V7) = I
Joo 0g> 4 Sl @ gy 4 (o83 kel-0-T-Y

OV alaly 5l eolanwl b oo jlastsl SVM g, o
@ S g, Sed oo dmle eejl Sols Litel laie
LS ol Ml e 5 a0 g, o (MP) Jote 55>
Sl 1) CodsS 9w g (Bl Bord i
3 odliiul b by, cnl 4o 0gbise Saesm il 5 (ebgS
bausS gamddds sl laiy slalo p dcgasne
O § 05 8wl dab 1o clily GMM S, SVM
J"M 9° O’»’J }l oolal |y adb 9 &5¥ S}L“‘L'\:-’ 33
SVM  Jgexe 255kl b lail 098 o a5l GMM
W g0 el Ghow 90 4
Y aK(zz)- Y, aK@z)+d (Y9)

{ila, >0} {ila, <0}

f@) =

Comd S oo UL dlayl, cul) oo Aoz g0

slaibogy 5 slaibg,s sladoe Gm caled ()8
Slade b sleiy slelo gy g glaads g 0 Bols lgeas |,
88 Gl o cldads gy Bols laeas 1) o <0
55 e (S sz (T S 99 0 psleessn ol

Sgisn dmmle i bailg, lail (e (wsS Jow 5 e

9]


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

[ DOI: 10.18869/acadpub.jsdp.14.1.111 ]

S slbaalie olass 21531 GMM Tokenizer g, ;o
slaolllas slhadlie o Jby clelbl a5 05i o el
L) osS sloadlie slass pualssn o5 5)90,0 Wsd ol
Joe ouded gl 00l o iin Jlaws Slass a4 (e 20158
Dada g8 Slabre gloy S0 bl g maseils
oolatwl MLM 1 e ¢yl 28, (gl auS oo oy ]3]
Sol) 5l Jais (cusS sladoe oS 3 MLM 053 e

1wl alio
p(x, | ) = ;wf/\f(xt;uf;zf) )

i

Joe sloyally N = {wlvﬂz’zz} b alal, o

39w B g i w] il pll ol oS
Jue @ Lo (owsS adlie el i Gl lssS 5 Sl
sl B d Sias oy 5 sl ol I oLy GMM
Slade 5l (S sloadlie (> G KL Alols o5 555050
g S b b alie gleadlie wb il S ol
D9l o adlge S

Jiwe glaoe slayulb MIM LS5 sl
2 e sbadae 0jy slade meed b oS 5 (Solua
igdso <o 5 o0 b (L) b slaoe slaxs

[u}l,...,wL]

A gseepy 11252, 1)

MLM { I *Y)
lapl; pled MLM Jaw slayiel )b Ayypyy adaly cnl 5o
[21] el

JFA ig,-f-Y
bt L ol alolis aibols s oslizl 550 50l
5 6,Ses Slellll Sls ol aShy s apke lellls
ol xS ol mlelid 4 SeS a5 sl
5 0dnsS Cuge 4 bae alelbl 4 g o olelbl
L arwssl olegss 1, o] a5 5,5 o)lal JUS olellbl
lole plys Jolow by, 50 eralion ket Slelll
Slellbl 5 anulysl Slegs (JSie ol &3, ly TFA)
2R by (l 5o egdie lax Kosen by 4 ail
Sl oles o a5 el iy by Slelll aS 558 e
Ay cwl Slegts 4 bapye oaile b o 5 (LS
el Gl BB pem jgods dibe jé g aude Olellsl
Omlesl 8000 ;2 15 dgz g0 Dlegs inlejl al> e o
el (Bl legts 4y Azl g o9d 0 03) [y

Sk s 5o 0l e

Jae S L gl ol ;b GMM Tokenizer g, o
Olpeds (owsS Jao pl 0edioe Rl (oweS
S5 ol glp . aS e Jes (Tokenizer) LS oauiSay jo0
o 315 il 5 48,5 )8 gl 550 5,05 ol 5o
dale oS Jao sloadlie 51 o e 4 ol 51 B
sy Jliol b S 8050 gl lB a5l 95 e
Shslad; oo las ools o lp Coledys g oud 0538
dle iy Jlaiml b cwsS loadlie byl
At b (oS Joe 9y (nl )3 S p e
1y ol ik g liS LB e sl 4y el
Moz OBl 4 5l e 1) LS 5 WS (e 12
[21] &S e 55

B L ankd ) ety sl
P bl an Mooy o a Glsie |y s JuSe
i el gwsS Jde sloadlis slass M oS bas
D9 0 dmslne ) Oygods 0 cnl sleadie 51 S50

count(C)

Pi = > count(C,) R

550 5k 0550 uail slas ol Sl 5Ll b Pj s
95 &b il a8 el Slads slaws s Count(C))
O el oolidl Bl o usl 4l o gl C; oyleds
KW, 644'-.: M oy S g kel ools o sl sy
Dy e

Jliml slojlo s oy PP P oS 55
Soge onl 5o il Bae il g Bue lapl; 4 by e
h axio ol & Jaore N-gram suisS gondal S
oz oo 3l 1) Bos 8 9 Gan slajls oS cudls g
L

bk

h; = log(p;"" / p;"*) (¥

ol sl 4 ol a3 N-gram 80S gonaib
&5 lgl L SVM sossaalds g sl eolazul b lgs oo
05 (et (6 Fmmlin g2y ) B dsan pl s milgs
[21]
OMLM) 5 diy (guisS osS 5 Jotn 5

! Multi Language Model

AR IR S\ POWRL by W

&


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

- 10.18869/acadpub.jsdp.14.1.111 ]

WIS Yl Gwliab )l sl Saab by dumlio

Dy 0y ol e less ple g sl oL
Sl by i Y s Ty e 9 ®
L b onSles Jlop ol Olegs DD = (2 /7) L be
el Tglaibin llssS uile 5w ol
o ple g des o Hlid 1) atwlys b Slegs UUT L 5l
oais oy a5 buil el Tlaab g, il lgsS
L onle 5 legs wiis Jiwe JUIS 5 oansS legs
2 ooles ot mye wonlple el DDT 4+ UUT
obe DDT +UUT Lol esS s m nls L bajls s

2] 5s o0

JFA o9y pudni al> o—V-F-Y
S5y 95 Lol Jao o lanl JFA ) olsd sl
L pdws sloply oled ol alds 5l ISice SBols
Joe plas a5 558 o 00ls nulss EM ooy 651 51 ool
ol Sl slaloy (28,518 wa LS 5l .l UBM
5 a3l Slegs ) Jitn Jao s bolie Jas
b e ((FF) dlaly 0 m) Wl po Camoay )b Slegs
OBasS by o mulsd glagl jl (Slekad 5l ool
Slayiall ol o bnd Gl Lyl o 5 il
Silwdirior @2byoeel oSl 5l eslanad b Jae
& 53 ST b5 j2) Sl (ads 1B (EM 550
o el (5ladl ¥ lehad) S>o5 sleady golows
(09
oy 5l eolal Ly Ty 9 Y O B Al o
ol o) o sbcaaXu lp ¥y wed s plosl MAP
Dgd g0 abls oSS
48 3o 3, 4 97 Joe slo el M Al o
UL Gl sl 0sh e pelad (Bl (55, Jloxs]
WL TFA g, 5l sllas azes (0 psleasay sl
3 emlice Slasd 5l eolawl b U s jilo 5l (095 (puess
D dwloes (L) 2 5l salize slalas) pudss ol
ol odl 00ls s i JFA (g5lwosly ld > aslsl jo

F 86 o Ll-1-)-F-¥

S LI U G ple g Hlesy slo it (a5 sl

2 Across-Class Covariance Matrix
3 Within-Class Covariance Matrix
4 Sufficient Statistics

AR I WR P POVRL L VN W)

oailo Bl Lt ilssl Slegs Bis b ogd o s
goa ol a5 Cel wihe Slellbl (g5l
[29] 48] 5,5 o &30 &yt

Aol od Gl (M) (owsS 1oyl @S 553
bl s (Ta cud) ooy Jaiuws kﬁgi O yguod
osblssS s M Sl b Jlop Sjsots nien a8
GMM- sla,ll Sy my il DDT = (X /7)
Relevance- s lailiwl i 6501 )0 Yalal; ele 7 3 UBM
Ry Oyeed Glgiee |, My Bolar jaie il MAP
1y

m, = m + Dy, YY)

S35 b ol (ol Jlop oy kil cnl o
5 eslatul b e N(0,1) samais oluibnl Jloy
Lomy e @98 MAP o2 680l D oy 51 SBsls
]

ol OB ol I lacsame Sl
S ey B =12 ks Lls bomg,
s sy Rl d by Sosle S BA s
5 (M a4 o) asl Jiwws gl ©jgoas my,,
b o ile Oy0 ol po il Jloy Wil (e Jlozo!
s walyS v92g h bans e 6l U el Gl 435,
My = My + ULL'(h’” %)

Ol Bolas sloyesie oy 3,y aaly cnl o
5 Gk Bols ozl bl N(01) Jloy o5 b
MAP 3ol o2, b JUIS 51 eads ks 5 1 o
Slp WS asbe zy, Glp 2y Sl
Lily, aslg>l Slegs 5 by Slegd oS 5 (28,5 ki
Gl Oyl oles Jow 298 o0 oS 5 42 L(YD) 5 (VF)
5
mg,y = m + Dy, + U:lr/(,,“l> )

55 sadlye M slils UBM Jus oS (590,
My, cpl po sl d (Fhy sbjls REHPIRVAT
ol Doailgsl Dlegs g by 4 analy o
Md o ob; 5656 sy 4, (Mdx Md) ¢ ks
s (Mdxn,) n, a5, L Slegs uyib U (gon
Sl 0 el (o 1y 4l ) anlss b Slegss Jelse ),
S S Ly &S Sedise 258 (5 B8 g0 by,

I Relevance Factor


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

[ DOI: 10.18869/acadpub.jsdp.14.1.111 ]

S LD S BRD ey el UBM
wnts |, (gl MAP a5 s by YD, 2(00)
31] 5,50

U' s yilo cymnsis —F—)-F-Y

2(h,1) = L(h,1) - B(h,1)

T 1 v
y,() = ———D, 31X (I)
T+ N, () (f+)
1
D = ——=x/?
g \/; g
:f”'-{)b 9 UMLQ‘)JaML: Ug u:.u))u,w"L‘Ug ;‘

U, = L(g) R'(9),
Lg) = > > N, (hD.(Lh1) + a(h,Da(h,)") V)

1 hel

R(g) =YY X, (hD)[i].x(h,1)

I hel

solitl U 1y U o yle pmeds Jolpe o) iy ,o5]

Ol it Slegs L iz slapl; 5l Jawe ol )

O3 w2l et Sl 5 Y 5 B e sl WS e
J19] 0 oo ool U (238 Jlas o ol b g (1,5

JFA o9y siwlojl al> po —Y—F-Y

e 950 pules co imleleols 5 JFA Jleel b

m(hl/eslﬂl) =m+ Dy’ + Uxhn:st (fv)

oy &l 5l eslatsl L (LLR) Jlim! can o,
ol Jlixl P(L | m) abkly pl )0 058 o0 dloxe
eSibe )10 il b (qsS bglis Ja (59, 2 Glalesl ool
2] el m

P(Y | m + Dy, + Uz, )
PY |m+ Uz, )M

score(Y | 1) = log (fV)

w9d Gl JFA g, @lIS a5 as 3l idu 5 onl 5
s Al ol alog ;0 Laly) jiiey medg oS Lxl S
03b 97, B1] 093 o a2 0 42 baly it o sl

i &0 slaclen ( 35 LT ol 0ed oo ool
N(h1) 3 N(I) 51 <l (UBM Jow 4l ) prie s
ik e Slegss g Gl @ analy LT Jols oo e

:M)lo

N® =27, N KD =37, s

fet fe(h,l)

Sl § (o085 ey Jleizl () alaly ol o
S9) ) Egemme i bl ol o el [ xS jlo
obed g9y 1y Egee remi) 9 Loy sl soles
ShasS oo clax 1 o 5l plh s o Glos slbold
iy L Jolis slajloyy oy X(BD) 5 X()
A ol Bl ol Slegs 5 0l 4 aly s
Sgiise Al i S0 g Cusl Md L yly Loyl
[31]

X ()= 00 X (D)= 7,()f

9

fel fe(hl) v)

RAVSVRPITSUFCTRUPE L ST

e .. . y(l z(h,l
oS Sk (e pj cnl 5o ut) 9 ) Slo yeste
Shewl gy oby g 24, olegs Jelge 51 slalais MAP
Gy 5 05 4 Aty S5l ey KD XD
10,5 (G yad lei so bl Ole gl 4

X,(0)=x,0 - > N (h0){m + Us(h, 1)},
_' ' hel ' YA
X (h1) = X, (hy1) — Ny(h,l).{'rrb + Dy(l)}g

Sleg) (b oo e slp X(1) calaly nl 5o
JUS elss cpass sl X(ByD) 5 (Conl ond Bis
D o o3kl (Sl pé atwlesl Olegis)

B | oo xn ple s HBD

.)..wl; é‘J.a: n, )lo)g g_i;

T -1
L) =T+ Y N, (h)UI U,

geUBM _ ()
Bhl) = Y UISLX (hD)

geUBM

pl g addse 4 bgrye wiljlesS mile B alal) ool jo

2 Log Likelihood Ratio

! MAP Point Estimate

AR IR S\ POWRL by W


http://dx.doi.org/10.18869/acadpub.jsdp.14.1.111
http://jsdp.rcisp.ac.ir/article-1-390-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-07 ]

- 10.18869/acadpub.jsdp.14.1.111 ]

WIS Yl Gwliab )l sl Saab by dumlio

Joe 5efibe Jlop I bl JFA iy alie 5 o
slad a5 ol il S T ogd oo 0ols 13 UBM
b ol oo pa Wy das e plas 1) (IS Slegis
Sgi g0 odmel i-Vector oS cewl o jlastinl Jloy &y ie
[33] {16]
i-Vector saisS zloeiwl Glgiecas T s yile #8190
ladp) &5 Sl (ml A5, b (o le 5 0ud Cgune
aas o olai ly my ey ol Slegis 4 bgye o 1y,
ol w sy o ny,

alie (1) i-Vector gl vl s yle mass g,
BB Lkl Shge pl o Wl TFA 0 D slad g adss
Slegld ilw e @ b jisw JFA llg, o ol
s Gl Oise pul yo e Bis (Ux(h,l)) Jus
Cond Ol ez p b OB0b @ 5l T Bl e Sile
ous ol aliSre 915 e jlools o aS 3ed 0 B3 g
Ol e el O (b Gemolese s Gl 4l
25 omibe (nl s deleed wdS Gl Tl o
5 oazes (JUS (ol Sless Joli SIS Slegss 5 s
- I, (w) i-Vector Cl):;’c;...;l ool RCX P o (g
L85 e (Shy gl aoye K lpea oy
Bre T el pwle gl Ly, i medy
ool dog> 0 JFA Ly, b cgplie Jdoay w ololis
Sszge [16] [32] alye 1o Fiseds Slomdsh ons dllie
o

cuaS Jdoas i-Vector g, 2l sl Jle o
5 0k eloled 59,0 slaalsbs 5 Sllie (oolos ;5 canlie
30 el oal s i o 4l alele leicas cansS
o ¥ diao) ! 5o 1) sl NIST avcwio YoV Jlo
sabels ase; pl jo piegh @b sloeg,S g ol
ol e 1y sex i-Vector 4l b g caineS olulis
i-Vector alols 5 9351 o2 [20] w60, &l adslucs
salls o 1) mlo pige owae &5 L ol el
[35] 5,ls )b 9 oans8 luliss

i-Vector &b » b; o lobil lolu-1-0-Y
al> oy ol i-Vector 44l 5 by olobis alels o
S 5l e 5 428l ol Tl e ile ke
D98 oo gyl i-Vector wgzge sla)l; plas Bl
b Goiailb

i-Vector Gly Al ol o

AR I WR P POVRL L VN W)

30 olegid Lad 5 i yile (rmadk poy o5 (V- poy 595J1)

(Algorithm-1): Estimation of total variability matrix in JFA
method

For each language [ and session A :
y(l) «— 0,2(h,l) < 0,
U « random(U is initialized randomly)
Estimate statistics : N(I), N(h,1), X(1), X(h,1)
fori = 1tonb _iterationsdo
for all hand ! do
Center statistics : X (h,1)
Estimate L(h, )" and B(h, 1)
Estimate z(h, )
Center statistics : X(I)
Estimate y(I)

end

Estimate matrix U

end
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approach for score post-processing in the GMM based
language identification system
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(Table-9): Applyingf variability compensation methods in i-
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