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I What is Audio-Visual Source Localization?

v Audio-Visual Source Localization (AVSL) aims to locate

sounding objects within video frames given the paired audio clips.
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« How to eliminate the influence of confirmation bias? 4 T
« How to effectively utilize the abundance of unlabeled audio-visual pairs alongside the limited yet valuable annotated data.
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Existing Problems can be solved well: Performance:
Ground Truth EZVSL SLAVC DMT  Ground Truth EZVSL SLAVC  DMT Performance of Existing Methods
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Table 1: Comparison results on Flickr-SoundNet. Models are trained on Flickr 10k and 144k. t indi- ) ) ) 4 [} o
cates our reproduced results, others are borrowed from original papers. Attention10k-SSL is of 2k la- Table 4: Extension _resfllt’s ‘?f PMT }’Vlfh various
beled data supervision. We report the proposed DMT results from both stages as stage-2(stage-1). ;ud}g Ea;%g;pe;’ Wétg R éNVt and °S” denoting Table 6: Performance on various
eSINEL, 1Sh an oun ct. . 5 .
|D;| denotes the number of labeled data. —— — T labeled ratios % and multiple x
. . ethods ackbones (8] .
Methods Flickr 10k Flickr 144k - on Flickr 144k.
w/o DMT R 62.65 5489 0.428
CloU AUC CloU AUC Eggk w/ BBM/? §+\S/ 82.32 65.89 0.312 Labeled ratio % CloU AUC
/ 8595 66.12  0.298
Attention10k [13] 14] 43.60 44.90 66.00 55.80 RZVSLw/DMT  ViS 8720 6174 0256 abeled ratio 7o 0
C Fine [31 52.20 49.60 - - y
Oarlgi\t/?clflze][ ] - - 67.10 56.80 SLAVC w/o DMT R 6680 5630 0386 O.Eé% (200/40k) 84.80 63.58
LVS [27] 58.20 52.50 69.90 57.30 SLAvE W/ DMI - Re¥ 8010 6624 0288 1% (400/40k)  86.20 65.16
S]iZAz/SCLT[ff)]] gé-g’g 22'23 ;g-gz gg-gg SLAVC w/DMT ~ V+S  88.80 68.69 0.247 2% (800/40k)  87.20 65.94
. 56. . . 0
SSPL [28] 74.30 58.70 75.90 61.00 150é0/ ((241’(11?4(')5(1()) g;gg 2;?3
SSL-TIET [29] 75.50 58.80 81.50 61.10 k 0 : :
Attention10k-SSL [13.[14] 82.40 61.40 83.80 61.72 Multiple X CloU AUC
Ours (|D;| = 256)  87.20 (84.40) 65.77 (59.60) 87.60 (84.40) 66.28 (59.60)
Ours (|D;| = 2k) 87.80(85.60) 66.20 (63.18) 88.20 (85.60) 66.63 (63.18) 2.5x (4k/10k) ~ 88.00  67.80
Ours (|D;| = 4k) 88.80(86.20) 67.81(65.56) 90.40 (86.20) 69.36 (65.56) 5X (4k/20k) 8820 67.91

10x (4k/40k)  88.40 68.12
20x (4k/80k)  89.20 68.44

Table 2: Comparison results on VGG-ss. Models are trained on VGG-Sound 10k and 144Kk. 40x (4k/200k) 91.20 71.36

Figure 3: Performance on music-domain.

VGG-Sound 10k VGG-Sound 144k
Methods
CloU AUC CloU AUC
Quality of Pseudo-labels Effect of Different Pseudo-labels Performance with Different Module Filtered Samples Numbers
Attention10k [13,[14] 16.00 28.30 18.50 30.20 1 95%
LVS [27] 27.70 34.90 34.40 38.20 ol T s it R N N, ]
EZVSL [8] 32.30 33.68 34.38 37.70 2°71 'é i bR T T Ll 1 R 11
sLavct [9] 37.80 39.48 39.20 39.46 “o ] e ;57”' 1 =L \ “:5 oy — E
SSPL [28] 31.40 36.90 33.90 38.00 o Before Fiterig 3o || = Ea i 2. e 2% _ ~
SSL-TIE" [29] 36.80 37.21 38.60 39.60 02 —3 Re’ei:“a'"::s I B i :DMT;NF'": o me/u:L_nrmm:.
Attentionl0k-SSLT [13/14]  38.60 38.26 39.20 38.52 feration eraton eration epoch
Ours (| ;| = 256) 4120 (39.40) 40,68 (38.70) 43.60 (30.40) 41.88 (38.70) (a) Filter. (b) IPL. (c) Different modules. (d) Filtered number.
urs 1| = . )2 b J0. 5 5)e7 5 0 . . . . . .
Ours (|Dy| = 2k)  43.20 (42.60) 40.82 (40.75) 45.60 (42.60) 43.24 (40.75) Figure 5: The effect of each component (Noise Filtering, IPL and EMA) in DMT to suppress

Ours (|D;| = 4k)  46.80 (43.80) 43.18 (41.63) 48.80 (43.80) 45.76 (41.63) confirmation bias, together with the number of filtered samples for pseudo labeling depicted in (d).




