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Effectiveness of dereverberation techniques and system combination
approach for various reverberant environments: REVERB challenge

TACHIOKA YUUKI}® NARITA TOMOHIRO! WATANABE SHINJIZ

Abstract: The recently released REVERB challenge includes a reverberant speech recognition task. This
paper focuses on state-of-the-art ASR techniques such as discriminative training of acoustic models including
Gaussian mixture model, sub-space Gaussian mixture model, and deep neural networks, and various feature
transformations after the proposed single channel dereverberation method with reverberation time estimation
and multi-channel beamforming that enhances direct sound compared with the reflected sound. In addition,
because it is necessary to handle these various environments in the challenge and the best performing system
is different from environment to environment, we perform a system combination approach using different
feature and different types of systems. Moreover, we use our discriminative training technique for system
combination that improves system combination by making systems complementary. Experiments show the
effectiveness of these approaches, reaching 6.76% and 18.60% word error rate on the REVERB simulated
and real test sets, which are 68.8% and 61.5% relative improvements over the baseline.
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1 Schematic diagram of the proposed system. (CSP: cross spectrum phase anal-

ysis, DS: delay-and-sum beamformer, derev.: proposed dereverberation method,

NLMS: normalized least-mean-squares algorithm, gray blocks are complementary

systems for each system type)
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%= 1 WER [%] by room and microphone distance on the REVERB Challenge (dev).
SimDATA ReEALDATA

Room 1 Room 2 Room 3 Avg Room 1 Avg

Feature Type near far | near far | near far near far

1ch
Kaldi baseline MFCC ML 10.96 12.56 | 15.70 34.21 | 19.61 39.24 | 22.05 | 48.53 47.37 | 47.95
derev. 12.41 14.68 | 14.03 27.16 | 16.39 33.85 | 19.75 | 47.04 44.57 | 45.81
GMM +LDA+MLLT ML 9.46 11.01 | 11.51 22.04 | 13.08 28.09 | 15.87 | 39.99 40.67 | 40.33
+basis fMLLR 7.77 10.00 | 9.76 19.28 | 11.05 24.90 | 13.79 | 33.00 35.54 | 34.27
bMMI 7.13  9.61| 9.12 16.19|10.46 21.98 | 12.42 | 30.69 35.20 | 32.95
f-bMMI 6.27 873 | 828 14.89 | 9.37 19.54|11.18 | 28.32 31.31 | 29.82
f-bMMI. | 7.06 9.05| 8.58 14.96 | 10.16 20.43 | 11.71 | 29.01 31.72 | 30.37
+SAT ML 8.87 11.21| 9.71 19.89 | 10.95 24.04 | 14.11 | 36.06 36.23 | 36.15
bMMI 6.56 851 | 7.76 16.24 | 9.03 19.88 |11.33 | 34.19 37.53 | 35.86
f-bMMI 588 7.60| 7.25 14.59| 8.09 17.51 | 10.15 | 31.63 34.72 | 33.18
f-bMMI. | 6.07 7.82| 7.22 14.89 | 8.43 17.51|10.32 | 32.38 35.27 | 33.83
SGMM ML 6.47 9.07| 818 17.11| 9.55 20.40 | 11.80 | 33.13 34.93 | 34.03
bMMI 5.53 7.23| 7.00 14.44| 7.76 17.48| 9.91 | 31.50 33.36 | 32.43
bMMI. 5.68 7.28 | 7.02 1444 | 7.94 17.68 |10.01 | 30.94 33.08 | 32.01
DNN CE 6.71 885 | 870 1558 | 9.15 19.07|11.34 | 30.88 35.82 | 33.35
bMMI 529 7.06 | 6.95 13.09| 7.57 15.53 | 9.25 | 28.45 32.67 | 30.56
bMMI. 5.14 6.74 | 6.51 1237 | 7.27 15,50 | 8.92 | 28.32 33.49 | 30.91
ROVER 4.67 5.88| 6.31 11.93 | 6.63 14.89 | 8.39 | 26.58 28.91 | 27.75
8ch

CSP+BF+derev. MFCC ML 10.79 12.19 | 11.02 16.71 | 11.47 20.43 | 13.77 | 40.36 42.83 | 41.60
+NLMS 11.11 12.27 | 11.81 17.40 | 12.34 21.46 | 14.40 | 38.37 40.74 | 39.56
GMM +LDA+MLLT ML 8.38 10.30 | 991 14.94|10.19 17.28 |11.83 | 34.06 37.18 | 35.62
+basis fMLLR 7.74 9.22| 880 13.33| 9.05 15.28 | 10.57 | 27.39 30.14 | 28.77
bMMI 6.64 821 | 725 11.39| 7.10 11.50| 8.68 | 24.89 27.96 | 26.43
f-bMMI 6.19 740 | 7.39 10.13 | 6.58 10.24 7.99 | 2258 26.25 | 24.42
f-bMMI. | 6.39 7.33 | 7.44 9.86 | 6.70 10.44 | 8.03 | 22.71 27.41 | 25.06
+SAT ML 7.25 9.32| 870 12.79| 8.33 13.80 | 10.03 | 28.88 32.88 | 30.88
bMMI 524 7.10| 6.56 993 | 598 1098 | 7.63 | 26.58 30.83 | 28.71
f-bMMI 5.01 6.76 | 5.96 9.07 | 5.84 9.40 | 7.01 | 24.27 29.60 | 26.94
f-bMMI. | 5.16 6.93| 6.11 9.49 | 5.96 9.67 | 7.22 | 24.27 29.73 | 27.00
SGMM ML 5.65 7.62| 7.47 10.97| 7.00 11.45| 8.36 | 25.27 30.35| 27.81
bMMI 4.57 6.05| 6.19 9.27 | 6.01 9.89 | 7.00 | 24.70 30.01 | 27.36
bMMI. 4.72 6.10 | 6.09 9.56 | 6.18 10.01 | 7.11 | 24.39 30.01 | 27.20
DNN CE 649 745 | 784 1144 | 7.25 11.97| 874 | 2527 29.32 | 27.30
bMMI 5.56 6.27 | 6.24 9.29 | 571 1044 | 7.25| 23.27 28.84 | 26.06
bMMI. 526 6.05| 6.21 9.10 | 5.61 10.06 | 7.05| 22.65 28.50 | 25.58
ROVER 4.18 5.11 | 5,50 7.74| 4.85 8.23 | 5.94 | 21.90 26.52 | 24.21

BTN R S5 N7z, “NLMS” X, REALDATA 2B\ T
X WER # 2.04%#E L7725 DD, SIMDATA 12X L Tl
0.63%FALT 2R Lo 7z, UL LIRD S, BALD SH D
Do 7=MDT, LAMEIZ NLMS %o 728550888217,

LDA & MLLT iZ& D, WER iZKEIcEL -, &1
X0, BAFEIEREREIIILTEAMTHEZ 0D
Pb, ETDHFET, £bMMI ZE OMEEH, bMMI ¥
% LAl o7z, REOHIY AT LOMWREIL, TOY AT L
DOUREL D EHETEWIRET, VAT LAREIZHEL TV,

SGMM E 5V, SIMDATA 128 L TlE GMM % E[A]-
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7275, REALDATA (ZXf L Tl GMM & 0 B HREAMEA - 72,

DNN EF )i SIMDATA (2% U T, R DMREZR 57,
REALDATA 1203 2D ¥ A F L 1% SAT ZfHib 7\
GMM T, DNN X 2 H#HT®H o7z, SIMDATA & REAL-
DaTA O TIE, DNN Idi B OMEE% 572, DNN (Zxf
UL THERINDEMFHIIENTH - 7=,

VAT LRELUEGEORR R FTERIZRLT WS, 4
16 VAT LDOHIFEREZRAEIZ L D, R DMEREZR 572 5,

*5

PLP %{#- 7-35&121%, MFCC 2> 7258 08R I b £ 5#T
PERENTBAL L2 DD, TN o DR D EAIZAHY R > Tz,
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%= 2 WER [%] on the REVERB Challenge (eva). MFCC feature was used for single
system and MFCC and PLP features were used for ROVER).

SIMDATA REALDATA

Room 1 Room 2 Room 3 Avg Room 1 Avg
near far near far near far near far

1ch Kaldi baseline 13.23 14.13 | 15.54 29.69 | 20.06 37.44 | 21.68 50.62 45.98 48.30
derev. 12.50 13.43 | 14.61 24.71 | 17.09 32.62 | 19.16 44.75 43.32 44.04
f-bMMI 7.27 8.17 8.82 14.11 | 10.54 18.76 | 11.28 28.65 29.54 29.10
SAT+{-bMMI 6.44 7.22 7.57 13.97 9.52 18.44 | 10.53 28.87 29.78 29.33
SGMM+bMMI 5.81 6.54 7.22 13.84 8.70 18.17 | 10.05 27.75 28.36 28.06
DNN+bMMI 5.90 6.84 7.35 12.57 9.40 16.55 9.77 25.97 25.69 25.83
ROVER 5.30 5.61 | 6.30 11.16 | 7.76 14.95 | 8.51 | 23.79 23.60 | 23.70
8ch | CSP+BF+derev. | 10.94 11.69 | 10.98 16.33 | 12.79 21.39 | 14.02 34.33 36.93 35.63
+NLMS 10.94 1232 | 11.38 17.59 | 13.46 22.96 | 14.78 35.32 35.28 35.30
f-bMMI 6.57 6.93 6.80 9.93 7.47 12.76 8.41 20.22 23.19 21.71
SAT+{-bMMI 6.17 6.64 6.51 10.13 7.40 13.15 8.33 20.63 23.67 22.15
SGMM+bMMI 5.86 6.44 6.29 9.23 6.96 12.83 7.94 20.66 23.50 22.08
DNN+bMMI 5.64 6.18 6.16 9.29 7.08 12.40 7.79 19.35 22.28 20.82
ROVER 4.96 5.62 | 5.58 8.18 | 5.73 10.47 | 6.76 | 16.90 20.29 | 18.60

21X, @iz v b (eva) DFERERT, WMAIFE %

757 DNN X, B—D Y25 Lth, HEOMWEEL 57,
Z 3% DNN ORFGAFITH§ 2HEMEEZRTHEDO L VWX
5, 51T, YAT LA (ROVER 5) 12X H WER 25,
FNF N SIMDATA £ REALDATA 12X L T, 1ch DIFE.
1.26%. 2.13%. 8ch D&HE 1.03%. 2.22%u3 L 7=,

7. i

BEREPER A 7235 HEMANERTH - 7=,
R e SRR A, 4 OFRBIRE T TAETH S
ZEeWREINTZ, BEFULOVHBIV AT LEWET L7200
REDOV AT LKA LD, 5 ERED T E L 7=,
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