0593 )3 3T 9 93 (5 yimns (SHIAT sl

%
\&
M
&

i

/ L HLES Sk )b

Sebl 3

od—os gl (dm gl j—5y0 (Sl )iy 4 (BliCawd g oyl pl 0 (o) HUES wllljl 5395 50 gl Al ow dudin SUS
L o501 g (ol 3l Silobus Jolds 35 ey iamny - ohiiannsd (3480 (21551 9 dmmmlo BB (gl yiamns 39279 pis Judoas suliplxil sla, s
51 (6 ybay pazmin (S S 513 o 09235889 9979 L (65 e Silobu .l (o)l g Arwgi (hjgel sLbassaze asin iy o
Sl oy cilgz dnd Bl by g Cowl 48,5 51,8 Lid JLiaS 15318 59 o 3155 sboolKis Lol 55T azgi 890 sl g Jlw yo 45
9 b aily (luogas o)y 3l g Alio (pl 50 ol (o (b o 51 L3 (oolod (5 Jws (2] )5 Al (GLawl) )5 3990
s g Lid ol a3 3 K0d 51y 3 (3099 g yiuwsd BB g (somwy S Judoas [y il yo )l Eals ¢ gudS 518l 5 aliso (513!
Sl g drmwgd ‘&)5—‘“] S gommo a2 A TIMIT 5315 g9, » ouploxil olil @agb 4 g 00,8 Ol pws ol )50
B )5 O ygm0 iy Gallao (D3 oy (OIS (595 2 ST 10 9290 g g ST BT 41 e B Glaw Culedyd e l0n o0
V&/A ug—n)i acgoxo (gl 9 9oy To/Y dxwgi acgomo gl g Zlg (owldib 5o Joolo glbas lmn o i 0ilasd S 1,8 u..ulaﬂ S)g0
o1 982 )lmire Ay dmmrgi Loy aS Gl 392 g0 (GS 45800 35 30 « s (3] (55 lwpdl 33 g 3O Ayl GLBUS Ay o piwd el 034

el ol BB ol yas o gy Eals s jlaisyo & ygu 0 Al (] 53 ool gubi silwil jabieds Ll 4y ouw yiws

S b 538l 55 (Olo (po )8 ESIS (o y b dign HLAS wliib il guals BSlg

A state-of-the-art and efficient framework for Persian
Speech Recognition

Bagher BabaAli

School of Mathematics, Statistics and Computer Sciences, College of Science, University of
Tehran, Tehran, Iran

Abstract

Although researches in the field of Persian speech recognition claim a thirty-year-old history in Iran
which has achieved considerable progresses, due to the lack of well-defined experimental framework,
outcomes from many of these researches are not comparable to each other and their accurate assessment
won’t be possible. The experimental framework includes ASR toolkit and speech database which consists of
training, development and test datasets. In recent years, as a state-of-the-art open-source ASR toolkit;
Kaldi has been very well-received and welcomed in the community of the world-ranked speech researchers
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around the world. considering all aspects, Kaldi is the best option among all of the other ASR toolkits to
establish a framework to do research in all languages, including Persian.

In this paper, we chose Fardat as the speech database which is the counterpart of TIMIT for Persian
language because not only it has got a standard form but it’s also accessible for all researchers around the
world. Similar to the recipe on TIMIT database, we defined these three sets on the Farsdat: Training,
Development and Test sets. After a survey on Kaldi’s components and features, we applied most of state-of-
the-art ASR techniques in the Kaldi on the Farsdat based on three sets definition. The best phone error rate
on development and test set have been 20.3% and 19.8%. All of the codes and the recipe that was written by
author have been submitted to Kaldi repository and they are accessible for free, so all the reported results
will be easily replicable if you have access to Farsdat database.

Keyword: Persian Continuous Speech Recognition, FarsDat Database, Kaldi Toolkit
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(Table-1): Specification of three datasets defined on the
FarsDat database
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210211 215216216217 218 220221 223 224 227 228 229 230 230 231 232 234
235237 238 240 241 243 244 245 246 247 248 249 251 252 253 256 257 258 260
261 262 264 265 266 267 268 269 279 293 297 298 300 301 302 303 304
009 018 036 046 049 063 080 098 103 113 115 118 135 144 149 150 159 162 168
169 190 206 209 214 222 226 239 254 255 259 263 270 271 272 276 277 278 281
282 284 285286 287 289 290 291 292 294 296 299
A 007 010 032 037 044 090 097 125 139 143 152 155167 172 181 212 213 219 225
o 233236 242 250 273 274 275 280 283 288 295

A4S oo

oyl

G131 4 O3y (SIS (555 » ound Gyl (b3 b 903 Acgoomo g Arwgi Acgoo gl Ely (bl U las wuo)ys (Y- Jgu)
G5 31,80 o35 50 (SwsST (G5lwdue g s Sig !yl cilisee sl b

(Table-3): Percent of Phoneme error rate (PER) on the development & evaluation datasets defined on the FarsDat database for
applying various methods of feature extraction and acoustic modeling in the Kaldi Toolkit
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1 MFCC + delta + delta-delta Mono-phone 29.8 30.5
2 MFCC + delta + delta-delta Tri-phone 25.8 25.1
3 MFCC + LDA + MLLT Tri-phone 24.4 233
4 | MFCC + LDA + MLLT + SAT Tri-phone 21.2 21.8
5 | MFCC + LDA + MLLT + SAT SGMM 20.2 19.9
6 | MFCC+LDA +MLLT + SAT | SGMM + MMI 20.3 19.8
7 | MFCC + LDA + MLLT + SAT | Karel-DNN 20.3 19.8
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