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(Class—Aware Contrastive Learning for Improving
Performance of Sound Source Localization Model in Videos)
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Abstract

Training neural network models to localize the source of sound in a video is one of the important areas in image and audio
multi-modal research. Recent research proposes a method for training the sound source localization model using contrastive
learning, which assumes that different videos always represent different objects. However, there will likely be the same object
videos in the common training dataset. These videos mislead the model in the previous training stage, existing together in the
same batch. To address this issue, this paper proposes a refined contrastive learning approach that accurately regroups the
data by predicting object classes shown in the videos. Commendably, this simple approach enhanced the performance of the
existing sound source localization model without explicit additional labels. This performance was supported by validation
experiments in sound source localization research.
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Fig. 1 Comparison of positive and negative data grouping
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H 1. VGG-SS ¥ Flickr—SoundNet BIXI0I3 A0HAN S& QX =8 85 2
Table 1 Comparison of sound source localization results on Flickr—SoundNet and VGG-SS benchmark

Flickr—SoundNet VGG-SS
Method
CloU™? AUC™? AP F17 CloU™? AUC™? AP F11
SLAVC [1] 0.832 0.6448 0.8629 90.8 0.3889 0.3985 0.4264 56
SLAVC + Class Aware (ours) 0.848 0.6454 0.8873 91.8 0.3924 0.3976 0.4332 56.4

I 2. &= VGG-SS 2 Flickr—SoundNet BIXI0IE[1] &A0A S AX =8 s 2
Table 2 Comparison of sound source localization results on Extended Flickr—SoundNet and Extended VGG-SS benchmark [1]

Vethod Extended Flickr—SoundNet Extended VGG-SS
etho

CloU™? AUC™? AP1 F11 CloU™? AUC™? AP1 F11
SLAVC [1] 0.400 0.6328 0.6721 64.4 0.1871 0.3927 0.2576 33.6
SLAVC + Class Aware (ours) 0.418 0.6404 0.6871 67.1 0.1870 0.3917 0.2596 33.7
Location of

Sound Source

Baseline

g 3. 22 E Flickr-SoundNet HIAE OIOIEHS S& X =& Z1 OlAl
Fig. 3 Examples of estimated sound source location results on the Flickr—SoundNet test dataset by models

CloUuz =Z&o0l =F=&g 3& 42X HAE ClOIEO VGG-SS OIOIEIAIOIIAl +0.0045, F1 score &t2 FlickrOllAl

bounding boxZ HAlIE=s &AM S AX FF 22 +1.0, VGG-SSOIAM +0.4, AP &2 FlickrOlAl +0.0244,

= - 3 HEket VGG-SSOIA  +0.0068 2t= OJHMGHRACH Olelgt Z2is

HNZEE SRE 85 XNHOICH &, S¥ fIX =8 F=&0 Nigtots 2 21X X 50 33 X =8 4ds
E

CloU gt2 HIg2=2 AP, F1-Score (precision—recall curve), JH&0 =SS0 &2 EQICt. O AUC 22  FlickrOll A

AUC (ROC curve)E HIASO2M 20| ME5 S 2= +0.0006, VGG-SSOIA -0.0009 = J|&1 Hlxst Hs=
d30{=0E IYg = UL oy A7 Z20HiAM=E SAGHLCH. =2 AUC g2 UEWI| fldid=e 220l 23
CloU2t AUC XIEJI =2 AIS<EU[2-4, 11, 12]. 23X A Aol HEl 2Y dHIY RAIEE =011 1 202 BE=2
ZEHE TMS 222 =2[1]0AH &olg = UL SE00F BHCH =, M2t B0l st &&01 20 Z &S|
OIRFUMHOF ot= Hd3 R0 HMotcste 222 AUC s

42. 45 A8 2 W& StHE 2Lt
H 2= g9 =2[1]0lM HQetst Extended Flickret
12 23 X =3 22 8 45 58 Z2UE 2EHE0L Extended VGG-SS HAE H®IXI0I2 ds2 20HECH 0
2 ==20Ad HFHotst RIS HiojAtel Rd[1]e UL OIOIEAl2 OI0IXl &2 2Xet MHEZXN L= LelE
Hs2 JNHGIRUCE CloU 82 Flickr HIOIEHAMNA +0.016, olRIECz gHoiRE M 82 f|X FH 220l 0
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