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ABSTRACT: This paper introduces and implements a Sound Event Detection (SED) system based on weakly-
supervised learning where only part of the data is labeled, and analyzes the effect of parameters. The SED system
estimates the classes and onset/offset times of events in the acoustic signal. In order to train the model, all
information on the event class and onset/offset times must be provided. Unfortunately, the onset/offset times are
hard to be labeled exactly. Therefore, in the weakly-supervised task, the SED model is trained by “strongly labeled
data” including the event class and activations, “weakly labeled data” including the event class, and “unlabeled
data” without any label. Recently, the SED systems using the mean-teacher model are widely used for the task with
several parameters. These parameters should be chosen carefully because they may affect the performance. In this
paper, performance analysis was performed on parameters, such as the feature, moving average parameter, weight
of the consistency cost function, ramp-up length, and maximum learning rate, using the data of DCASE 2020 Task
4. Effects and the optimal values of the parameters were discussed.
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filename onset offset event_label
1009.wav 2.2675 2.5848 Alarm_bell_ringing
Strongly-labeled 1009.wav 2.7140 3.3266 Speech
1012.wav 1.5167 2.7259 Dog
filename event_label
Weakly-labeled YKK22gPpRn4.wav Alarm_bell_ringing,Speech
Y3vcBPIhHjbE.wav Cat,Dog
filename
Unlabeled Y--CE2f-ttEQ.wav
Y-0BScjoz3Z0.wav
1Training
Test samples Predictions
filename filename onset offset event_label
YOeh_N-cmcul.wav Sound event Y0eh_N-cmcul.wav 0.467 0.717 Alarm_bell_ringing
— — 4
YOhAK5f1tDok.wav detector YOeh_N-cmcul.wav 1.919 10.00 Running_water
YOhAK5f1tDok.wav 6.367 7.226 Cat

Fig. 1. Problem description for weakly supervised sound event detection.
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Fig. 2. (Color available online) A diagram of structure for the CRNN classifier.
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& S o] MFte] shrol © A & 4 Gleh

Table 3. ATHY Bl B0l thEt 715 4 o

2 4% ]IS e ik, -3kt el 7]
o oA S3F o] MIE HZ7|oA] de] ALg
2 (5=2) T 2] 4~ 16 o] 9] gho] AuFH o= F
& %S Bolrh Tt BE AN L 4SS
Holi 4 ghe EASHA) gL, AT TR B

Table 2, Averaged results with various moving average
factors of the teacher model.

trum, resepectively. Micro-avg. | Macro-avg. | Micro-avg. | Macro-avg.
Micro-avg. | Macro-avg. | Micro-avg. | Macro-avg. @ Flscore | Flscore | Flscore | Fl-score
Feat. Fl-score | Fl-score | Fl-score | Fl-score (event) (event) (segment) | (segment)
(event) (event) (segment) | (segment) 0.9 32.99 33.60 74.35 67.30
MelSpec 34.82 34.48 74.89 68.93 0.99 37.78 37.72 75.96 70.45
LogMel 30.27 29.88 67.74 60.69 0.999 34.82 34.48 74.89 68.93
GAM 32.15 33.09 73.96 67.81 0.9999 41.14 31.77 73.65 67.05
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Table 3. Performance comparisons with various weights
of the consistency cost,

Table 5. Comparison results with various maximum
learning rates.

Micro-avg. | Macro-avg. | Micro-avg. | Macro-avg. Micro-avg. | Macro-avg. | Micro-avg. | Macro-avg.
B | Fl-score | Fl-score | Fl-score | Fl-score Fomaz | Fl-score | Fl-score | Fl-score | Fl-score
(event) (event) (segment) | (segment) (event) (event) | (segment) | (segment)
2 34.82 34.48 74.89 68.93 0.00005 36.38 35.37 71.82 67.22
0.0001 38.38 38.30 74.53 69.24
4 39.10 36.84 75.73 70.56 0.0002 | 3791 37.87 74.56 69.40
3 39.88 3828 7443 68.65 0.0005 38.33 37.06 73.24 68.31
0.001 34.82 34.48 74.89 68.93
16 40.61 36.84 74.43 68.05 0.005 28.28 24.47 68.07 58.50
0.01 27.23 24.58 67.72 59.25
32 41.38 34.92 71.73 62.49
64 | 3747 2851 65.29 50.89 ds Aolz AA| stk
\V i =2
Table 4, Comparison results with different ramp—up - = =
lengths,
Micro-avg. | Macro-avg. | Micro-avg. | Macro-avg. 2 =7 A=, 7 W efstA s7]E HlolH,
. Fl-score F1-score F1-score F1-score = LA A
rampup 1 71 [|o [JEES ST 2~ o]
(event) (event) | (segment) | (segment) elat mae7] Hle[BE ol 8ot SHER = Gl
oF [e) 2] = NES = =
10 35.54 34.94 73.48 66.94 A= 5 oE HE AlLES sk, st
30 35.60 3547 73.86 68.25 ujEl Ao w2 4J59] AlolE EA5HTH & =
50 34.82 34.48 74.89 68.93 Fo| A FHE A= 23F o|HIE HAE A AEHL
22 DCASE 50141 o] Mg 3 9l Ba-aat
= ok ol whet A9 g gho] ZebAh mdlo] HeE AT 3 AAY o] 1xE
B=329] 79-= v|Al-Fot o|HE 7|8 Ad52 A3 7|5E0 2 ST} Wt WAL HE2 7] W )37
50 =L OL, U ] 379 A oA e e go]E] S o] 835}0] mEl ASE 51451 51
gk 3, o] o] et o] B G AR 1A A
Table 4= H32- ZO| N, ll T A5 ¥ g2 o]2oj ) Y muEle =239} At
WBFATE N,y = 30 & WOl = OPHIE-7 N A5 gk @2}, 1231 WAF HEaof 2 %] of| thgk @2}
o1 F1, N, =509 Bl AITHESS o] chat o dukE Be) A4S ssslnl, i
o] £& AT uolrh. ok hE Hetulgol vls] £ ofiute] ofa) A4g s o oAl HA
W] hojo] Aol Aol 2 AL A g mEe o BT PojAlr.
A& 2 4 glolch AL B ORI Bhr 2§13 b4 9l 7
Table 5= Hth S5 & ., O B2 ABO ASE 22 KT 9] whiel, IRk AR AR
PO 15k Dipipoat ) S A SR ST ) 5 o g ol 1% el
&2 ZE2 0.0010]¢l oL, ol A2 shgE B o] A7 Zholl what Adso] Mg 4= qltk= AS 9

(00001 ~0.0005)00 ] ] F:& 4453
2 Sher&e2 oA B A LR E-

2t} 0.0019]
7]k |30 A 7}

2252 B o, Y R] Z|mof| A tha A8}
g S Btk 7P 2 oME-TNE e
0.00019] 3F5-8-90| A, AA-Ha A IHE-7|8F A%
2 0.00029] 5ol & = Ao, & Atol<]
o2 2ete|x] M40 M2z (2021)

n|st, ojof thgt g3k 24 0}71 2]5}o] DCASE
2020 Task 4 Hlo]E]E o]§-3o] AlEH 0] H-S %13
sttt AlEYo]d A, W-AHE -} FhupE A
HEHH9 **ho} H| 24 A el oW, o]5 Hat
ahefu]E] Q] 79- UHbA 0 2 gro] ARE-5H=0.999 &
T} 0.99¢] %MW o F2 Aol e, vy

<



Aol v A= ggFo] & Hol itk dTAd vl
O 7FE A =4~ 16 Alo] o] Zhof A £ S B
HaL, Hz-Q Aol= sl vl R= F&Fo] 2A) &
orth 2|t 3F5-8 B3 0.0001 ~ 0.00020]| A 22 A
oo o=, ol g AFSER= 0.0019] FHak=
oha gtk

zAre 2

o] =B 2020WE HR(LSH)] Yoz gt

T AFA G 2| Y& o} 6‘3 Z|Z2AFAE
(No. 2020R111A3069162).
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