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Abstract: Deep learning-based methods have been widely used in the field of speech enhancement. However,
a model with large scale and high complexity is typically required to achieve the desired performance. Hence,
deployment difficulties may occur in devices with limited hardware resources or in applications with strict
latency requirements. In order to solve this problem, a teacher-student learning method for speech enhancement
based on deep complex convolution recurrent network (DCCRN) is proposed. The real and imaginary feature
streams are extracted from the output of the complex long short term memory (Complex LSTM) in the middle
of the DCCRN model, and the frame-level teacher-student distance loss is calculated to transfer knowledge.
Meanwhile, the multi-resolution short-time Fourier transform loss is used to further improve the performance
of the low-complexity student model. The experiment was conducted on the open source dataset Voice Bank
Demand and DNS Challenge, and the results show that the proposed method has a significant improvement in
various indicators compared with the baseline student model.
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Fig. 1 A framework for teacher-student learning based on the DCCRN model
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1.1 EE5FBAMELEN

A T HA P T A T P Y AT 2R ) ik A AR AR
i F SCHk [9] A DCCRN A3 Y, R A ok 2 i
1T 196 #1925 -fif i 25 (Convolutional encoder-
decoder, CED) 454, 1 % it &% Al g AL 25§ o [B] 48 A\
LSTM 2 H T S AL I T AR5 2R o HLAR MU, 4 fid
#H 6N 1E A Convad BRI K, B 1EIZ A MHIA
FRAE 42 By SRR FE AR o 3 o T AR 4 T 2L
A 59t 8 X FRF 6 A S Ir) Convad Ht, Hik B /2 N
TORHAR S HE F AR IR B AL SN B S A6 K0 o T ]
() LSTM JZ A48 1 4l 3R 15 75 R AE K I AH 5 1% 1 A
%, HYERE TR HEZL I DR B A o G B 25 AR A 2
1) Conv2d B 512 / [ B FUZ M B, I 5 it
A — A E RIS SR A . 8 A AR 2% R 0T B 2 15
Bk i 4 DR R B BN

5—f%& ) CED Zi# A [A], DCCRN ALK BT A7
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TE XN W, + jWi, Fet AT BE W, W 23 30l o
HEPALISAE RS . BRI A2 1 % AR AiE
Fou HEHUE B A E &R JE R & MBI s
ﬁ?%tlj:

Fout = (Xp x W — X« W)

LR, 25 58 i N RS AL B 1) S X, AR R X
HELSTM 2K

F.. = LSTM, (X,), F.=LSTM, (X;),

Fi = LSTM; (X;), Fy=LSTM; (Xj),

Fout:(Frr_Ei)+j(Fri_E)7 (2)
Hort, By Fips Fos Fy R 8 808 828 St
Eoba . — AN E B LSTM M A & ML S 1Y
LSTM JZ LSTM, Al LSTM;, 43 5l 2 fiF 52 35 Al iz 5
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AR ST AP A P 2 A % o Rk B A
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HAEE S ERIEEES, BB —RERSTFT
W RPEHRR Lagss (1, 9) 7T BLE SCHRERER (spectral
convergence, sc) i 2% M B i (magnitude, mag)
R 2.
Lyt (4, 9) = Lse (4, 9) + Limag (¥,9),  (5)
Hr, i%%ﬁﬁ?ﬁ%%ﬂ mﬁfgiiéfjﬁf’iﬁj\%ﬂ ﬂﬁi)fﬁjj
. STFT (y)| — |STFT (9)|||
v ]

Lunss (.5) = ~; |18 [STFT (5)] g [STFT ()]

(6)
o, || - [|p A - ||y 4+ 8227 Frobenius A L, #1
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(18R STET Hi 2K 8
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o, MEAFHZHMMIESRREH, &
ALY P AR [5) RLBE i bl R o 25 ok
WA MR H b P B AR R KN
{512,1024,2048}, % ¥ HL H {240,600, 1200}, Wi
FEELH {50,120, 240} .
1.3 ATREBMIGEZE I FIERK

Jili Az 2 S e — o R R B RS Ok, SRR
WIZRRFUAR I BT N 45 , SR Ji5 18 3 I AR 2 3] 05/
FIAS I 2 A2 A5 T fi H 5 28000 P90 2% A [R] O HHE BT . AR
SCHEET DCCRN BB S 1A 2 2] 773, R 1o
J&In T HUMAE YN 2 A R (i S R . Herh
LIESENAE BIA IR E LK (I 5] 4
x SR YESE) B RUL K (stride) FIBIER. AR
LSTM JZ B HAMESG LSTM 2, 43 il %6 B S 4 50
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Table 1 Hyperparameter settings for

teacher and student models

R R HEH
SRR Y
Conv_1 2x5, (1,2), 8 2x5, (1,2), 32
Conv_2 2x5, (1,2), 16 2x5, (1,2), 64
Conv_3 2x5, (1,2), 32 2x5, (1,2), 128
Conv_4 2x5, (1,2), 64 2x5, (1,2), 256
Conv_5 2x5, (1,2), 64 2x5, (1,2), 256
Conv_6 2x5, (1,2), 64 2x5, (1,2), 256
LSTM_ 1(x2) 64 64
LSTM_ 2(x2) 64 64
Deconv_1 2x5, (1,2), 64 2x5, (1,2), 256
Deconv_2 2x5, (1,2), 64 2x5, (1,2), 256
Deconv_3 2x5, (1,2), 32 2x5, (1,2), 128
Deconv__ 4 2x5, (1,2), 16 2x5, (1,2), 64
Deconv_ 5 2x5, (1,2), 8 2x5, (1,2), 32
Deconv_ 6 2x5, (1,2), 2 2x5, (1,2), 2

FETN GRBOMAETY i, Lk 2 AR A R AT 20T Y
B o AR 2 ST R R A A S AR AR R A5 K ) i
Fidh - BRODR 2B B B 4 O SE B, AR R AR R L
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Lstu = LMRSTFT + B'C‘distancm (8)
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L distance A& 20T FH 2% A2 A5 B 4y th 22 S (i U . 0K
BB > 0 A T & AR AR S8, ASCH
VBN 1o AR 2] (47 B 5 B R dm b 2% A AR A 2
HE R LSTM A . BT DCCRN FERLA B [ %F
PR, TEFET 0 1) 1 2 UCRFAE LA I8 10 75 3 1)
KB REHE % B 8E BMEE ). FHE LSTM
R IR 2 B8 5 BRI 30%, 7&HE T 15 A5 g 18] R 9%
PERI BT AT 5, DRI AE 12 4 S it S R i 7 e % BE 4T
AL AE R E B . T LSTM AR 54 Fysk
S0 R R 0 O U I R b 0 S 308 0 R 38 60 o L 4 )

THEIE B R IF B I BSOS EE B 45128 Laistance :
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+ (Ol,t,f - O[)qu ) :|7 (9)

Horfr, Optugreal F1 OF) ™8 Feo5 2 A AL S
HB KA s Ofsroreal B Ofeareat o FUMA A S 8
R # 4 , L o9 LSTM BEHLEAH, T i A
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SRR A MR (K BTk o e 28026 2 ST S T
AN B B B3 R I A DA AT
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E
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2.1 SCEEHEE

ARGy ) ik BEAE /N L JT K4 5 Voice Bank
Demand 101 1k % A 71 ¥4 42 DNS  Challenge (M1
B REAT XS HE S

£ Voice Bank Demand £ 4E 71, 1% 115
4 K H Voice Bank 1K} FEH ) 30 44 Ui il A,
28 N EENZGES, 2 NS AN KES . &
A ULE NS HELT 400 ). X T IIZRAE, K 10 Fhig
75 (babble. cafeteria. car. kitchen. meeting. metro-.
restaurant. ssn. station. traffic) BEAL5 T 15 &
B LE 4 PP 5 IR L (15 dBL 10 dB. 5 dB 10 dB)
T BN 1572 55 e - iE A . i, &
SEHE T A0 FhAS R M A 25 AR o T I K 4R A ST
{8 F 7 Demand %44 P2 7 56 4% 19 5 FEE 75 (bus.
cafe. living. psquare- office) Fll 4 FfAS [7] (145 M b 1%
B (17.5 dB, 12.5 dB, 7.5 dB #12.5 dB), X {15
RELG 20 M AFMAE . EER, d T LM
IZRARAE ] T AN R A B 3l AN A, — 2
NS o

DNS Challenge #4447 >k H 2150 Ut ik
A 500 h T BEALE T2 180 h [ 65000 4% W
B . BEALY) 2 TR I 2R AN B 10E 2 45 60000
ZAH1000 218 A o Y ZREEAIGG IR LR 1) i e 1 75
Fe i T AT A AR R A AR B ML G B B A
—5 ~ 15 dB Z [8] HI BEALAE e LE T HEAT VR 5 R A2 AR
(. BEAHE T 100 h 8 50 T I ZRA g6 .
MR 4E /8 H DNS Challenge ‘B 77 $2 5 9 J6 R 1 )
AT 2 PR3 1 L
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FIr A (A8 75 s 6 16 kHz KAf . 1 32 ms
(BT T IF % B WU R 50%. STFT s 4k B M
512 £, FINEAERHE R 257 4. £ /] Adam flift.
AT I 28 FEAT IR, 5 2] R ARE D9 0.0006, S ITZR
4 (epoch) A 20, fLALEE K /INR 16, 7E—N/MLIR
T RE A 3R 7 LA R R KA AN A (5] 1) I
[s1p 78
2.2 1FNIERR

N T PPA SRR I R AROR, I DL T RO R
75 P AL 48 b5 T RERU P A WB-PESQ: ITU-T
P.862.2 HE 7 (115 75 R SR AN VP4l 773, AR
()58 7 h A (1215 STOL: 1 75 A I 25 00 e 3 VP A g
2081 AR EREIA 0 ~ 1 22 18], M A Bk
AT I TE AT CSIG: [ 5 R T E L
#57% (Mean opinion score, MOS) Fiilll ['4; CBAK:
T FME TP T I MOS $E4 T 14 COVL:
FARE 7 R MOS PR T 141,

3 ZWERHESHIRLEIL

3.1 Voice Bank Demand ¥#E&ELELEER ST

N1 VG BT SRR I I e e 4% | —LEAE Voice
Bank Demand ##5 % b A IT 85 R i FE AT PERE
R PG, AR B TS IS M B AL T B 4E 9
P 5], 3 A 35 U-Net 45 09 (1 A 10t 1t 94 2%
(Speech Enhancement Generative Adversarial Net-
work) (161, 4 FH VR FERFAIE 35 2% (Deep feature loss) il

SR IR 2 R R 2 V70, T 7 AT 4 3 D s 38
I 1% Wave-U-Net 18], 36T B #4322 et DNN
15 7 4 5 7 vk 191, DL R R 2 Rl WA A 48 b
W25 A BRI 2% A5 R 2% 1 595 MetricGAN 201,
T % ST T D10 A4 25 23 (1) 50T A 20 R 25 A A5 2 B fy
YR RAS 2 9]y DCCRN-T #1 DCCRN-S. H:H1,
DCCRN-O-S #5281 i SCHR [9] H (% SISNR 4571 K 34T
RT3, 1M 3 4 DCCRN £ %4 ¥ % F MRSTFT
TR AT SR

2 H R T AL S HADSE I R AR AR
Xftbe AT ELE TR S S A R R A
fE B ESR, R2pa T EIEF RN (Cau.) FEE
MSHE (M BN E H, KRN T) M. K
R B PR M e T R R Re W R AT SN
Fo TMAT SRR, HSHE 0 RN R
RIS (A 28 FE o 73, KA MRSTFT #5211 25
() 27 A B A AR B T {3 A SISNR /) DCCRN-O-S #5
HANAE CBAK — T A5 L&A FRAK, AR IR
H— T, XU MRSTFT $# 2k fEf% F i £ 4
JUEE (5 ., EAF b 5| T AR R AL . T A
R 59 DCCRN-TS 3 F i A= 2 3 #7715, Al
FH PRI 25 0 2800 R B S0 1R 5] 5 2 A A R B 45 B8 4
I 5RO . A B2 AR B DCCRN-S, B i
DCCRN-TS #AAE % IR bR EIA 1T, IF 0 &%
T T 5 MR (A 2 . M AS ORI, AT
P& AR 2% 3] 5 R AN 2 FEASLZRY (1 HE W B 38 i

#2 FMRHARESHEME LA Voice Bank Demand #iE&E FHWEWIEE RETMHLER
Table 2 Results of objective speech quality evaluation of the proposed model with
other algorithms on Voice Bank Demand dataset. The “—” indicates that the data

is not given in the original text

el Cau. Param.(M) PESQ STOI CSIG CBAK COVL
Noisy - - 1.97 0.92 3.35 2.44 2.63
Wiener v 5.07 (K) 2.22 - 3.23 2.68 2.67
SEGAN x 97.47 2.16 0.93 3.48 2.94 2.80
DFL x - - - 3.86 3.33 3.22
Wave-U-Net x 10.00 2.40 - 3.52 3.24 2.96
DCT v 3.45 2.7 - 3.90 3.29 3.29
MetricGAN x - 2.86 0.94 3.99 3.18 3.42
DCCRN-T v 2.81 2.87 0.94 4.276 3.275 3.586
DCCRN-O-S v 0.23 2.70 0.93 3.709 3.302 3.187
DCCRN-S v 0.23 2.74 0.94 4.175 3.295 3.465
DCCRN-TS v 0.23 2.79 0.94 4.205 3.302 3.510
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Fig. 2 Speech spectrogram results for test set speech p232_ 170

3.2 DNS Challenge #iR&ESLILER T

N T B bR B BT B S I R R, AR TE KRR
HI%#E 42 DNS Challenge 4T 7 XF EL S5, BT
KXEIFEHER TSR S8 E, ERHREREE
Z4 F H B 7 NSNet 21 RNNoise (22 F1 A 3 8035 3
17X e S IR VRS FE bR LE AR 3 BTs o

S8 45 BE , K MRSTFT #i2% () DCCRN-S
HH LU T i 1) 3 2k A A AE PESQ $8 b A BE IR Tt
T 7E Db Aty 1 30 47 0 A 2% =) 51 S A6 1 DCCRN-
TS BRYEAR T 3 — 5 T, X B 75 X AR A 4
£ DNS Challenge b= SCFfr# i (1 A 2% 2 77147
A BIEREBESINES G, 5T

3 FiRHARBI 5 HME X DNS Challenge
HIRE FMENER REITMHER

Table 3 Results of objective speech quality
evaluation of the proposed model with other

algorithms on DNS Challenge dataset

AR Cau. Param.(M) PESQ STOI
Noisy - - 1.58 0.91
NSNet v 1.30 2.15 0.94

RNNoise v 0.06 1.97 0.93
DCCRN-T v 2.81 2.70 0.96
DCCRN-O-S v 0.23 2.39 0.94
DCCRN-S v 0.23 2.40 0.94
DCCRN-TS v 0.23 2.44 0.94
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