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Robust Compressive Gammachirp Filterbank (RCGFB) & Robust Extraction of |-Vectors for Speaker Adaptation Experimental Results on the Eval data

v Although State_of_the_art Speech recognmon Systems perform MeI-FIIterbank (RMFB) Features M = ILIC + T H Table 1 WER obtained using utterance-based batch processing for (a) 1-, (b) 2-, & (c) 8-channel tasks.
well in controlled environments they work poorly in realistic M . supervector (speaker & channel dependent), T — Total @) — o e
acoustical conditions in reverberant environments. Pre- | _| Framing & Spectrum variability matrix, 2. — UBM supervector, ¢ — mixture component Near | Far | Near | Far | Near | Far i 20| Near | Far | %
v We use multiple front-ends - based recognition systems with Speech| Processing windowing estimation - . . . T B I e B e I
. . - . . . peec For each speech recording r, an i-vector 1. is obtained as the MAP MM 8o | 95 | 99 | 157 L 100 L 170 BN 5.0 | 595 | ofs
multi-condition ftraining data and combine their results using Signal | e L B e
ROVER (Recognizer Output Voting Error RedUCtion)- Noise Spectrum estimate of &. o TTDMFB | 7.6 | 88 104 | 145 0.8 6 11| 319 33 54
v’ For 2- and 8- channel tasks, to get benefit from more than one Estimation - v i M'xm(rc-e _C°5";'§;"ems l e e e e e o
channel, we utilize ROVER instead of the multi-microphone signal ! MelFB / cGCFB e
processing method | ; R C‘I" $ | i-vector dimension | (b) SimData RealData
. . . . MelFB / CGCFB n egra ion I (D/ - 10@ : : Room 1 : Room 2 : Room 3 Ave. : Room 1 Ave.
v As in previous work we also apply i-vector-based speaker Integration . wem s Near | Far | Near | Far | Near | Far Near | Far
. . e e -kt I S R S ini e —— o ——— RCGFB 84 | 95 | 101 | 152 | 111 | 171 | 119 | 314 | 324 [ 319
adaptation which was found effective. + . MFcC i Training | Featuge fh;n;nswn : MMFB, | 85 | 93 | 101 | 150 | 113 | 179 [ 122 | 328 | 312 [ 32
v' Speech recognition experiments using the DNN-HMM hybrid ' Peatures | - 0r=60) | MMEB, | 89 | 10 | 1 | 181 125 | 203 BN 318 | 329 | 323
. A posteriori SNR < L_(Pf_i§_02_| UBM RMFB 8.4 9.1 10 15.4 10.8 17.3 11.9 32.6 31 31.8
architecture are conducted on the REVERB challenge 2014 pPo ITD-MFB | 7.8 9 105 | 151 | 104 | 161 | 11.5 33 326 | 32.8
: : - Enhanced A=({wl, I Baseline 78 | 92 | 116 | 183 | 117 | 193 13 24 | 385 [ 404
corpora using the Kaldi recognizer. | | ‘ . auditory ({ ARTUN | c}) e e T e T b e
v For the 2-channel task (using full batch processing) we obtained Weighting factor spectrum 8 ! Ich
- . c SimData RealData
an average word error rate (WER) of 9.0% and 23.4% on the computation S*gggﬂge(gm Tramng of <+ © — i . : —
SimData and RealData respectively. Whereas for 8-channel task on ! “"and 1 order) T Extraetor < Near | Far | Near | Far | Near | Far Near | Far
, 5 . xtractor RCGFB 8.1 9 9.1 14 10.3 | 15.3 11 27.9 | 28.7 28.3
the SimData and RealData the average WERSs found were 8.9% Smoothi Extraction MMFB, 81 | 87 | 93 | 143 [101 | 158 [ 11.1 | 284 | 27 27.7
and 21.7%, respectively moothing » Log / Power-law i MMFB, 84 | 92 | 102 | 161 | 114 | 18 | 122 | 275 | 287 [ 281
o ' Nonlinearit RMFB 8.1 8.7 9.1 13.6 10 | 148 | 107 | 204 | 277 28.5
< STMSN <«— ! Extraction ITDMFB | 7.2 8.1 9.7 13.1 | 95 [ 148 [104 | 208 | 301 30
RCGFB / RMFB - of I Baseline 7.6 8.4 | 106 17 | 106 | 179 | 12 | 378 | 368 [ 37.3
| | | Features . i_vectors ROVERall | 6.7 7.3 8.3 116 | 86 | 126 | 951 | 238 | 241 24
The following front-ends (or feature extractors) were considered in I-vector
th|S REVERB Cha”enge 2014 taSk. DNN_HMM Hybl'ld ArChlteCture for Tralnlng & DeCOdlng Table 2 WER obtained using full batch processing for (a) 1-, (b) 2-, & (c) 8-channel tasks.
_ _ (a) SimData RealData
Multitaper Mel-Filterbank (MMFB) Features Room 1 Room 2 Room 3 s Roomt [
. Near Far Near Far Near Far Near Far
IS Pr'e'. » F'fammg. & > SQ?C":'.'"‘ ~ :gﬁ:cilp;:e MLIFD g 88 | 109 | 159 | 111 | 176 12 27 28 | 275
Weights A(p)| | Tapers w,(j)| [No. of tapers (M) Speech processing windowing estimation Speech P r cluster RCGFB | 82 | 94 | o8 15 | 108 | 166 | 11.6 | 304 | 315 [ 309
- ) . . MNMFB; 8.7 0.9 10.3 17.2 11.3 18.7 12.6 28.7 28.7 28.6
> Signal signal MMFB 85 | 98 | 111 | 172 | 11.8 | 192 [ 128 | 302 | 319 [ 31
> STFT & + L L RMEB 34 | 91 0.7 15 | 108 17 | 116 | 318 | 313 | 315
Pre- : spectrum |« , ITDMFB | 76 | 88 | 104 | 145 | o8 16 11.1 | 319 33 | 324
S h > rocessin > Framing > esljl'imaﬂon Inverse < ITD < GTFB Compute TRAP Extract i-vector Baseline | 7.6 | 89 | 115 13,; 11.2 | 138 |[Eaml 41 38 | 395
Peec P g transform rocessin Integration features per frame per speaker ROVERGI | 6.7 | 73 | 84 | 118 | 87 | 227 || 03 | 238 | 248 | 243
signal P g 9 (368) (dimension = 100)
+ + (b) SimData RealData
Mel _fil-'-er bank L L Room 1 Room 2 Room 3 Ave Room 1 o
. . Near Far Near Far Near Far = Near Far 2
+ OLA Feature extraction Features L RCGFB 5.4 9.5 101 | 152 | 1L1 17.1 110 | 314 | 324 | 319
Power or Log MMFB, 88 | 104 | 105 | 170 | 118 | 195 | 132 | 205 | 288 | 291
Lag size nonlinearity MFB Feature extraction steps are similar to the MMFB feature Hidden layer 1 (1024 neurons) T e BT B yra e e L e e B
MMFB extraction. In MFB, for spectrum estimation, Hamming windowed L ITDMFB | 78 | 9 | 105 | 151 | 104 | 161 | 115 | 33 | 326 | 31
' ' ' fth ltit t timat Hidden layer 2 (1024 neurons) Baseline 78 | 92 | 116 | 183 | 117 | 193 13 42.4 33 [ 404
Features | Append delta Feature periodogram is used instead of the multitaper spectrum estimator. ' ROVERall | 66 | 74 | 81 | 112 | 85 | 122 | 9 2.6 | 242 | 234
<— & double |[«— . |e—— :
nor'mallza'l'lon . ] ] . . hd ¢ SimData RealData
delta Maximum Likelihood Inverse Filtering-based Dereverberated Hidden layer 5 (1024 neurons) 5 Room 1 Room 2 Room 3 e floom 1 e
s(n) (MLIFD) Cepstral Features L Near | Far | Near Far Near Far Near Far
MLIFD 75 | 83 10 141 | 104 | 159 11 23.8 | 244 [ 241
Softmax output layer (3483 outputs) RCGFB 8.1 9 9.1 14 103 | 15.3 11 2:.9 23: 33.3
j | Compute Cepstral Feature MMFB, 85 | o5 | o5 | 161 | 108 | 174 12 26 262 | 261
| bl MFCCs | post-filtering " normalization . . , . | MMFB, | 84 | 92 | 102 | 161 | 114 | 18 [122 | 275 | 287 [ 281
Speech v" Multiple recognition experiments with multiple feature extractors. RMFB_ | 81 | 87 | 91 | 136 | 10 | 148 | 107 | 294 | 277 | 285
. C . . ITDMFB | 7.2 | 8.1 07 | 131 | 95 148 | 104 | 208 | 301 [ 30
§o ! Signal v" Combination of decoded transcripts using ROVER, a Baseime | 76 | 54 | 106 | 17 | 106 | 170 [ 12 | 378 | 365 |3
o A -y i i i recognition system combination software available from NIST. o s LI B R U R D I B [
49—"‘ PR (00— \ v’ Baseline system utilizes conventional MFB features. )
a i ezl | g Maximum likelihood v’ Every recognition system uses a Deep Neural Networks-HMM — S PO
W (0),p=2 - l a | m Dereverberation <- mve:;e ?I'l'er' (DNN-HMM) hybrid architecture. RMFB Robust Mel FilterBank
—”j ; —»{ [PFT () estimation v ’ A : : : : MMFB, Multitaper Mel FilterBank with power-law nonlinearity
| For all DNN's a 100.d|menS|onaI | Ve(,;tqr 's also used with the MMPFB, Multitaper Mel FilterBank with logarithmic nonlinearity
: o - f i TRAP features. The i-vector characterizing a speaker helps the ITD-MFB [Terative Deconvolution-based Mel FilterBank
0 N ; Dereverberated DNN to adapt to the Speaker characteristics. MLIFD Maximum Likelihood L‘_wers.e Filtering-basec:l Dereverberated cepstrum
% ' Feature v' For decoding a pruned trigram LM with 709K trigrams generated bl e - Tierhan e Case ne)
|DFT{_~]‘2 normalization —>  MFCCs gapru e 9 9 9 ROVER Recognizer OQutput Voting Error Reduction
W (n),p=6 T “ from the WSJ LM training data. STMSN Short-Term Mean and Scale Normalization
ol _ 1 : : : : : UBM Universal Background Model
()b ﬁl P(2)=1/(1+ pz*) - IR dereverberated filter &tz v T?he gte%]ltm'ﬁ' Iattthes were rescotredd fusmgtha Is\r/gsir ERAgrta\m LM s Desp Neural Networks
c’[m] — dereverberated cepstral featuresrof fréime With 9, To million trigrams generated from the raining MM Hidden Markov Model
0 N-1 - data. TRAP TempoRALI Pattern
A 1 A ar.1_ = q , GTFB/cGCFB GammaTone/compressive Gammachirp FilterBank
Var( ST (m’k)) = W Va'( S, (m k)) C[mf= C[m] - ; p[k]c [m_ k] v A vocabulary of 20K words is used. MFCC Mel-Frequency Cepstral Coefficients
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