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Abstract: In order to further utilize near-field speech data to improve the performance of far-field speech recognition, this paper
proposes an approach to integrate knowledge distillation with the generative adversarial network. In this work, a multi-task learning
structure is firstly proposed to jointly train the acoustic model with feature mapping. To enhance the acoustic modeling, the acoustic
model trained with far-field data (student model) is guided by an acoustic model trained with near-field data (teacher model). Such
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training process makes the student model mimics the behavior of the teacher model by minimizing the Kullback-Leibler Divergence. To
improve the speech enhancement, an additional discriminator network is introduced to distinguish the enhanced features from the real
clean ones. The distribution of the enhanced features is further pushed towards that of the clean features through this adversarial
multi-task training. Evaluated on AMI single distant microphone data, the method achieves 5.6% relative non-overlapped word error rate
(WER) and 4.7% relative overlapped WER decrease over the baseline model. Evaluated on AMI multi-channel distant microphone data,
the method achieves 6.2% relative non-overlapped WER and 4.1% relative overlapped WER decrease over the baseline model. Evaluated
on the TIMIT data, the method can reach 7.2% WER reduction. To better demonstrate the effects of generative adversarial network on
speech enhancement, the enhanced features is visualized and the effectiveness of this method is verified.

Key words: distant speech recognition; knowledge distillation; generative adversarial network; multi-task learning; speech enhancement
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Table 1 The WER (%) comparison of near-field, far-field and
multi-condition acoustic models on single channel AMI dataset
R 1 YR, m AR R Y
£ HIHIE AMI 4 48 119 WER(%) HL

T 2 A Y WER(over) WER(non-over)
IHM 76.5 72.9
SDM 54.0 44.5
MCT 53.0 43.2

Table 2 The WER (%) comparison of near-field, far-field and

multi-condition acoustic models on multichannel AMI dataset

F2 ILIGFEERL, R E R B AR Y
1EZ 8E AMI H4E 4 L WER(%) EL 8

P WER(over) WER(non-over)
IHM 76.5 72.9
SDM 49.0 39.3
MCT 48.4 38.6

Table 3 The WER (%) comparison of near-field, far-field and
multi-condition acoustic models on TIMIT dataset
F 3 ILIGFEER, R E R AR Y
7E TIMIT %4 £ 1 1¥) WER(%) LL %L

7R WER
IHM 65.5
SDM 421
MCT 41.6

FHr,SDM Al IHM 4353l 32 7 19 2 P 328 32 R0 3% B8 VI 25 00 75 58 50 MCT 3R 7R 2 14 08 37 A0l 3 B 408 VR
B — LI ZR 0 75 25 A5 B WER (over) fl WER(non-over) $8 H 72 76 AMIIINR B B 75 TE 1 16 AN 38 B 1) AR .
Al DL B I 3 05 U G i B B ) 3K 58 37 5040 1 R A 22, 10 W St 3% A v (14 M 7S R VR T < 7 R BRI IR
SRS RE. LS MCT HT SDM BE2Y ] S, 78 YN S5 (1 B 38 0 N30 3% 25008 23 30— 2B 4 R i HE Tl 26 /2. AMI
HETE TSN AR T SDM B MCT #i%] WER(over)F1 WER(non-over) % K & 1.9%R1 2.9%.7E AMI £i@
TE LT ,MCT 4! WER(over) 1 WER(non-over) FHXT T [ 1.2%7#1 1.8%.7E TIMIT ##54 b MCT AT
SDM #i % WER % R B¢ 1.2%.

TR ATRH ZAT S5 5 SIRESE AR IL T 15 & 38 9 F0 75 2% A — R B & I vz 37185 3 R WER 52
W) E Y Gk HEOIN O -2 2 U R S 3t — 2B 3R T T R 4644 T R 5 R B AR st 45 R L3R 4~ 6.

H P MCT-MSE R85 AN AT 5 2% S HESL AT & G om0 75 2 5 B — gk AT B & Ul 45 7T DU HH AR T
MCT # % MCT-MSE # I 7E AMI BLf & 15 %0~ ,WER (over) 1 WER(non-over)#Hxt T~ [& 1.7%%1 1.6%.7E AMI
ZIWIE R4 T , WER(over)f1 WER(non-over) A%+ F % 0.4%£1 0.8%.7E TIMIT %4 F WER #X%F F % 1.7%.
Hoh 75 2 @B BT NNE S REE AN E WER F /5 b Ul G 1 ol T 20 R oA 2 Wi s £ &
28 T T i 14 9 RO BGGER B T A v 1 SR KR

9T R B HBAZ AR T 37 1 5 R R A SR B 0T 25 A A ) SR SR A B AR A BRI R, LR 4~3% 6 i
J&—47 MCT-MSE-TS.AJ DL iM% T MCT # % MCT-MSE # R4 AMI #3E i 1% %~ ,WER(over)f1 WER
(non-over) A% T B& 3.8%F1 5.1%./E AMI % i8iE 1% 4L T , WER(over)fl WER(non-over) X} T B 3.3%F1 4.7%.
76 TIMIT $¥54E E WER HIX} T B% 6.5%.
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Table 4 The WER(%) comparison on single channel AMI dataset
when applying the multitask learning and knowledge distillation
R4 MAZALS A AAR AR BOR G B AE AMI S8 TE 2008 4R 1 1 WER(%) L

EEA WER(over) WER(non-over)
MCT 53.0 43.2
MCT-MSE 52.1 42.5
MCT-MSE-TS 51.0 41.0

Table 5 The WER (%) comparison on multichannel AMI dataset
when applying the multitask learning and knowledge distillation
R"5 A BALS A MAR AR BOR 5 B AMI 23838 80 4R [ WER(%) Lt

ke it WER(over) WER(non-over)
MCT 48.4 38.6
MCT-MSE 48.2 38.3
MCT-MSE-TS 46.8 36.8

Table 6 The WER (%) comparison on TIMIT dataset when applying
the multitask learning and knowledge distillation
R 6 A DAEST ) MAZR R 5 B AE TIMIT $dl 48 LK) WER(%) EL L

AR WER
MCT 416
MCT-MSE 40.9
MCT-MSE-TS 38.9

IR, N T A4S R 5 R AR 23 AT BB BRI I 3 AR 1Y) 23 AT, AR SCFE MCT-MSE-TS B filf b, Iin N 48 501 X 45 ¢
PR 2 AR B BRI AR IR 73R 9.5 R Y iR 5 — 47 MCT-MSE-TS-GAN &5 A % 531 %
LEPAT X PN LR T LLE H AHECT MCT B2 iR AN 24T 5% 20 . AHRZE AT §15 2 5 M RYTE AMI B
JEIE R N ,WER(over)f1 WER(non-over)#i %} R[4 4.7%F1 5.6%.7F AMI Z il iE &l ~ , WER(over)fl WER
(non-oven) A4t T 4 4.1%1 6.2%. 76 TIMIT #5 4 _ WER A%} T f% 7.2%. 45 RIGIE T X 5% 31,8 17153
5 I P B, AT 4 T T 38 3% TR D ff e

Table 7 The WER(%) comparison on single channel AMI dataset
when applying generative adversarial network

RT7 IMANAERRST PN G T AMI FOE E B8 2% i WER(%) L%

PR WER(over) WER(non-over)
MCT 53.0 43.2
MCT-MSE-TS 51.0 41.0
MCT-MSE-TS-GAN 50.5 40.8

Table 8 The WER(%) comparison on multichannel AMI dataset
when applying generative adversarial network
£ 8 IINERO LN 5 ALLE AMI 2808 24 4 F 1 WER (%) Lb#%

7R WER(over) WER(non-over)
MCT 48.4 38.6
MCT-MSE-TS 46.8 36.8
MCT-MSE-TS-GAN 46.4 36.2

Table 9 The WER(%) comparison on TIMIT dataset
when applying generative adversarial network
F 9 NI PINLS 5 BEAE TIMIT #4844 1 WER(%) He 4

ekt WER
MCT 41.6
MCT-MSE-TS 38.9
MCT-MSE-TS-GAN 38.6
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4.3 EEEBENEHERTRAL 54T
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Fom I 7 E 5 WAL, GAN £ R4 5 MCT-MSE-TS-GAN # A 1 58 5 (K 45 1iE, MSE 7~ MCT-MSE #5784 4 08 j5
(R AR I X b, BT DU Y R A RN 1 4 o — A IS LK 1 22 4T 55 5% S0 T S R B 1 SR A R, G O A
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