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Abstract: A large amount of strong labeled audio samples, which are annotated with detailed sound event categories
and timestamps, is required for a deep neural network sound event detection (SED) model. However, obtaining strong label
is very difficult and time-consuming. Weakly-labeled SED is an effective way to solve this problem. This paper approaches
weakly-labeled SED as a multiple instance learning (MIL) problem and proposes a spatial-channel feature representation
and self-attention pooling method for weakly-labeled SED based on convolutional recurrent neural network (CRNN). The
proposed method studies the feature representation and the frame-level prediction pooling method for multi-instance weakly-
labeled SED. In feature representation, in order to enhance the ability of CRNN, we design a gating attention structure by
combining context gating and channel attention mechanism, and embed it into CRNN to realize the spatial and channel se-
lection of audio sample features. In frame-level prediction pooling, we introduce the idea of self-attention and design a self-
attention pooling (SAP) function to enhance the event frame correlation in the audio sample and assign great weights for
event frames. The proposed method effectively improves the detection performance of SED model by innovating the feature
representation of CRNN and the pooling method of frame-level predictions. The proposed method has achieved 52.47% and
31.00% F1 scores respectively in the evaluation set of DCASE 2017 task 4 and DCASE 2018 task 4 datasets, which outper-
forms most of the current weakly-labeled SED methods. Experimental results show that the proposed spatial-channel feature

representation and self-attention pooling method can significantly improve the performance of weakly-labeled SED.
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CRNN-GA-Linear 39.00% 30.07% 50.00% 50.86%
CRNN-GA-Max 23.85% 18.39% 35.17% 35.96%
CRNN-GA-Average 17.62% 15.02% 48.56% 49.18%
CRNN-GA-Attention | 31.20% 24.20% 50.66% 50.41%
CRNN-GA-SAP 38.65% 31.00% 52.91% 52.47%

B R 1Ak pREL L K Linear softmax jib £k bR 4% A9 2%
AT DL B, AR SO A R AR e IR A () F1AR )
Linear softmax AL 1% 0.35%, it & 1Ak & 7.45%.
TEPEAL 4 - [E Linear softmax WAL =5 0.93%, LbiF & it
b 155 6.8%. X B H TE Bt Ak pR U7 7 S5 R A T
AP BE Y Linear softmax WAL BRECAAH [ F , HAETIE
B R Rl [ EALE S A R TR
E Ak PR A B PERE . 3T DCASE 2017 BCH £ At 45 5L [+]
FERT L& B, £ A A 5t Ak pR 207 I R 5 TR A 4
ARSI A R A AR T At Tt Ak PR

B, T Rl S 00 A 25 SR TR, AR SCHE R A 1 195 0
BRI R R A R B RE R R 5 bR A e S
RIS [P RE .

5.3.2 #HASHMGENIEERITL

h T RE B WLPEAN T ik i SR, AR SCHE DCASE
2018 F1 DCASE 2017 B4l 45 A7 5050, 5 Y AT 1E 59 b5
2 7 T AR DI AT 55 v BS54 5% 1 HL Al vk
rXFHe . BEAE DCASE 3% 28 J5 #n 1, DCASE 2018 Fl
DCASE 2017 ¥ 5 0 P I 38 b5 43 1) Sk 3 1 5 08 3k
T 1UREIE F115357 .

F 4 X T A [F J7 75 78 DCASE 2018 1 DCASE
2017 B4 45 B SC e 25 5 . SCHlk [26] i B Y
DCASE 2018 ‘B 7 $24E i FE LR AR 3285 0 ol F B o 114
CRNN(fU% 3 )2 & ZE M 12 GRUJZ ) I8 , &1k
B R (T 5, AR5 I A AL D) REAR R . SClk[24 [ i
AL CRNN, 17 S ZEFUZ A1 Z XU GRU 2,
IR FHORU (B i b B . SCiik[27 1R FH ) Sk [ 26 ] —
1) CRNN AR 25 55 bR 8 B8, 322 DX T i (i
FHAR 7 4% 52 AL B AT 00 9 461 2% R B T4 = R Tl =R
B IX 43R . SCHk[29 ] DCASE 2017 B 5 # I A 32k
AR ZA A A A F 2 )2 4 T e 2 A ) A o A 4 I 4%
(FNN). SCHk[17]5% H CRNN #£# | Horp gl 2+ 2 45
JEF)ZXE GRU 2. SCHR[ 12 ]/ CRNN AT 5 44
WA GLU PAICIY 45 BB A 2 J2 XA GRU, B> ¥ A B
T 2ZERUZ . ek (1300 7E SR [ 12 ] i 5 B
Sonth DAY ER T RRAE R PR H , IR TE RNN 843 22 1 i
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%4 DCSAE 2018 #1 DCASE 2017 ##E & E R EF EZME TR 4N F1155
- DCASE 2018 DCASE 2017

NS BRGE S NS WAL
DCASE 2018 Baseline [26] 14.06% 10.80% 14.41% 17.23%
Dinkel [24] 36.00% 30.10% 47.05% 45.57%
Pellegrini [27] 34.75% 26.20% 41.23% 39.64%
DCASE 2017 Baseline [29] 0.19 % 0.28 % 13.80 % 21.31 %
Xu [12] 29.59% 20.46% 47.20 % 47.50 %

Wang [17] 28.09% 25.62% 46.80% /
Yan [13] 31.26% 28.57% 51.30 % 55.10 %
Kao [28] 42.0% 29.5% 49.9% 49.4%
CRNN-GA-SAP 38.65% 31.00% 52.91% 52.47%

BT X 1 ) 7 AR UGS 1 S AN R DR
AR SRR I R AT 3 — M50k . Sk [ 28 it ele it 5
1) Densenet 1 R FRAE $E ML AR , T F1) H 42 )= °F- 4 it Ak )2
TR R 2 .

X} F DCASE 2018 H#li 42 , M 4 il LLE
CRNN-GA-SAP 7£ 38 45 F1ITA% 42 1 43 551 B A5 38.65%
31.00% (M) F1 1355 . 58 7 BEAAERAR L, A S0
FEM AR [t 24.59% , FEPEAL 46 B i 20.2%, ik 5%
B 5] AR JIHLE], 35 2534 in CNN A1 RNN 9 2506 F
TR R PERE . 54N, 53R 24 1A EE , AR 3T
D5 ¥ AE D A RNl 45 14090 v 8 2.65% F10.9% , 5
SCHR[27 VA B, AR S0 36 70 R 4 R4 4 4 51 i
1 3.9% F14.8%. 5 3CHk[28 140 H , A SO g iR 4
UMK B TRAE B FLAS i, B R R I 45 R
AR . X AR 9 75 55 R4 [ -3 R
FAEFN [ A R SO S R LA e 55 0 45 7 o A
B ARG I A5 SR

X T DCASE 2017 #4954 , W& 4 ha] LUE 1,
CRNN-GA-SAP Jo it J& 76 i 4R [ iA 2 e vEAl 4 1
F1 1843 ¥t & T DCASE 2017 B )7 LR . X F 0
TE 5555 25 75 5 S (AR I H , CRNN X 75 35 35 0 AR A1
FAERE J1E 58 T FNN. CRNN-GA-SAP 7 MK 4 | BUfS
T 5291% B F1A3 45, & F3CHk[12] Scik[17 ] 3Clk
[28 JFnSCk[ 13155 7k . 7EPEA A, CRNN-GA-SAP
1 F14558 28 52.47% AU T 3CHR[ 13 19 55.10% , 7 A1
A A X AT REJE SCHR (13 1 3 F X2 ik S
O DI A NPT R A B AR 2 SOk B AR ST I
X 55 bR %5 R B AR AT 5 B B B M RE G

LR XS F A R, AR S A A Bl 4
PIRE U B K M P B, Ui B A SCO7 0] LU s T 55
FREE P B S AT B P BE , ELX B0 S5 A IR | S
o7 PEF 3
5.3.3 i EBMKEFEEGHNEIE

T AN [ S0 7 o S e A R e il ) A KA

J, AR A 7S B S A U A ME EE AN . XA [R] R
A RS 25 SR A T S AN A3 AT, A R T R A b AR 5 A
TSR ) RS 0K FRE R . AR SCAH B DCASE 2018 %45
£ H SR ST Linear softmax &) FIAS SCHE H Y H TE
3t A bR BN AN [R]HR7 252 I TR P i g ) A RCR,
ARICH DCASE 2018 1 iFA 22t A7 G0 B , AR 98 4558
BRSPS R LN TR 10 2875 35 Sf R4 0 o SR A A =
. H KA Vacuum cleaner(8.37 s) , Running wa-
ter (5.07 s) , Frying (7.89 s) , Electric shaver (7.97 s) HI
Blender (4.97 s) H.Fl , 58 = 1474 Speech (1.49 s) , Dog
(1.50 s), Dishes(0.64 s) , Cat(1.60 s) fll Alarm/Bell ring-
ing(2.11 s) Fiflr.

F 545 7T 3 it A pR R G I AR AU TE 10 Fif
FEOE P E RIS AL, OF B TR S R A
BRI 25 5 . R Al LI 1Y, Linear softmax 1k bR
RO R SEAF AR I RCRAF , F1 735> 4 38.04% , (HIEA
AT RLFAF AR, F1 A 22.40%. T =71 AL R
BN RALK SR8 R AE 5 A b i A6 4R AR A
FRAR . VR R AL R B K SR R R R Y FLAS
R5 FREEEF DCASE2018 1R EXFRRHRNM F155

— CRNN- CRNN-.CA- CRNN-
GA-Linear Attention GA-SAP

K 38.04% 25.40% 28.66%

S 22.24% 22.60% 33.36%

Speech 10.90% 47.10% 39.10%

Dog 24.30% 14.70% 19.20%

Dishes 0.00% 4.30% 22.50%

Cat 27.20% 3.40% 34.70%
Alarm/Bell ringing 48.80% 43.50% 51.30%
Vacuum cleaner 63.30% 24.40% 15.30%
Running water 31.90% 26.50% 31.30%
Frying 41.90% 36.90% 48.20%

Electric shaver/toothbrush 23.50% 20.00% 18.00%
Blender 29.60% 19.20% 30.50%
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53453 50 Ky 28.66% 11 33.36% , EIR K AT 1Y) F1 153530 1%
A Linear softmax 5y, [H & R ACHE 3 7 %6 251 16 46 0 2
T EL A R e RO R S A D SR R
P8, XoF 7 G ) ) B A R R T A 2 b AL

Xof e 25 B B A 3 — 2B WL gE ] LA & BEL, Linear
softmax Jtb ft PR RN {3 22 77 3t Ak pR T ¥ 1E B A
Dishes F4F, H F1 1553 JL-F- 4 0. [ T 2 i Ak s B 1M
AU RIMEER . I TIRA G — IS, A S
FHVPAS B v 0 — A8 AR A A7 038, 25 3 AN [m] v Ak

4 6 L
/s 1A /s

(@) Mel 3£

(b) Mot Tt 45 2R

oR I A T AR A R L 3% IR AR 4 B Speech
Dishes Fll Frying 3 375 % F 14 .

30 H A AL R B % S SRR AR Ty A
R NE3(0) LIF i, A T A ek B3 o T H
B P Y 3 S SR B R S e A
(8] ) T BT A 3 Ca) R AR R B . A
3Ce) AT A I, A 1 AL k5 45 b 2 Dishes
F AL E A R AU, X F B [ 1 5 Ak pR iR
T S5 ot 2 T) ) S B R 3 AT LA v e S 4 1 G

Electric shaver/toothbrush
Vacuum_cleaner 0.12
Running water 0.10

Blender
Frying 008
Dishes 0.06

Alarm/bell ringing
Cat 0.04
Dog 0.02

Speech

0 2 4 6 8 10
Bl /s

(¢) TERSIARE

K3 AR fe s i PTG L 2L B RISk 2 BeAX 3R Speech, Dishes il Frying 4 & A= 037 1)

&1 4 A 3 it £ ok 5 i s S0 il 2, i
20 g 2 i 22 53 5 3% Speech, Dishes il Frying [ 11

1.0

0.8
0.6
0.4

0.2

0.0 2
I R)/s

(@) Linear softmax Jthfk pREL

¥ /s
(b) FER I Ak pR %L

I al/s
() EEE AL PRAL
P4 3 Fh £k e 250y B0 il 2 P (I €8 40 68 R g 6875 SRR
Speech . Dishes il Frying it BL5Z & A IR A])

W, e 2 KR ME . EH el LUE % T Speech
A1 Frying S 44, 3 Pt A R 55T LA SR ST G Hs 20 04 437
B EIENE 4(a) FIE 4(0) AT LK B, X} F Dishes g5
4, Linear softmax 5 7 & J7 Ak R ECC L B112% 44,
B KB A3 A Hh BLZ A 19 X AR IC R & A= Dishes =
. 33X 16 B 2 Tt £ R AR 5 6 R S B[R] 5 Y
Dishes F5 {45 FHoAh 75 & F ARG , JCIE IE SR R0 Ak
DU T L 4 Ce) v i) VR St Ak PR ASGE 3 [ T R ML 3
5 ST 2 T A DG IR R B O R 5 7 St 22 5%, A
T2 HH P o S, B R T ) A A5 A

ZEAWIRAE DCASE 2018 F1 DCASE 2017 %idi4E |
B SIS 25 0T DL Y A SCHR H A 9 A 28 75 o S
W72 0] DA 2 5 R S A 2 7 o SRR R R I AR
F1AF 04 R o HL A A Y | I X6 35 £ e ) AS ] £
T B S ARSI EL A i e

6 =4

ARSCRPGHYER T 7T R R 45 A A T R
bR B, F K B A4S 2255 CRNN R 268 M1 45 A i 55 b
ZoFE AR L IR R AR LT X RE
P& T L 11 2 [R) RRAE RS0 T8 R AE B 1R 4% 5 1 R i Ak o
HRGE 1 A AL — 25 o S i S B
PR A W5 15 SR 0 22 5, NI M A7 78 410
Wi W T B K A9 AL B . 7E DCASE 2017 1F %5 4 f1l
DCASE 2018 1F: 55 4 0y %54l 45 I 1 5230 25 3R 7« AR S
P2 9T VA RS 0 S R T L SR rh S AR A A
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