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Motivation Quantitative results

1. Most VSSL models perform poorly on negative audio (silence, noise, and offscreen
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Data and Evaluation

Training: VGGSound-144K (a fixed subset of VGGSound). Testing: VGG-SS (boxes), 1S3, Qualitative results VGG-SS
S3+ (our curated version with negatives), and AVS-Bench S4 (masks). We evaluate both
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= Each image is paired with silence (a”) and Gaussian noise (") which are used as 7
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additional negative audios for the contrastive learning.
= We add two loss terms enforcing empty similarity maps:

Ls=15@%v)l5  Ly=[5@}v)ll3

These penalize activations under silence/noise and also improve performance with
positive audio.
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A good VSSL model should align positive audio-visual pairs and separate negative ones.
We introduce a new metric:
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Sep = Q) — Q3
where @7 is the 1st quartile of positives and @5 the 3rd quartile of negatives.
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Higher values indicate better discrimination between positives and negatives. SSL-SaN
achieves the strongest separability across datasets.
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Separability + Universal Threshold

] 8

j

f—

II|II||III Race car II|'I||III Silence lI|'I||III Noise II|'I||III Offscreen ||l

" Keyboard II|'I||IIl Silence III'I||III Noise II|'I||III Offscreen

LA Li 1L SERL,
0.5 1 , ! i i : | T i 8 Min: 0.01 - Max: 0.60  Min: 0.00 - Max: 0.25 Min: 0.01 - Max: 0.25 Min: 0.01 - Max: 0.40 Min: 0.01 - Max: 0.63 Min: 0.00 - Max: 0.41 Min: 0.00 - Max: 0.41 Min: 0.01 - Max: 0.52
| | | | ”ﬁﬁ= %ﬁ aol] ] n = .
0.2 1 : : : l T T T ol L a8
0.0 : 3 . 5 . 5 | 5 I | T il Bl ol 0 =
LVS EZ-VSL FNAC SLAVC ACL Sals ALIGN SSL ALIGN (S. Sup SSL -TIE SSL — SaN '_']
1S3+ test set %
1.0 : : : - : : |
Thr = 0.669 | Thr=0.653 | Thr=0.560 | Thr=0.566 | Th_r_=h  Thr=0313 . fThr=0347 | §Thr=0326 | TThr=0.315 % it
0.8- Wl T ]l | i | | o | ’ | . A~ __Min: 0.03-Max: 070 _ Min: 0.03 - Max: 0.39 Min: 0.03 - Max: 0.31 Min: 0.05 - Max: 0.17 Min: 0.03 - Max: 0.72__ Min: 0.03 - Max: 0.35 Min: 0.01 - Max: 0.11 Min: 0.04 - Max: 0.29
| : i e : ! 3 # > T
Il i—vi?% ! : o : i l i m
0.6 iﬁ FigT EEEE | e Paa % I ; | | %
T T + T T T T +* 1 | T ’L i | ~
0.4 b i i i : i i : [ €
| : i : { u = D1 50 |
- | | e | 3 SR 0 N = -
0'2 ] 1 I I I__L—l \II T T [ I
ol TR | 19a] 2 \ \
RS e TG SNt ikt SSL-ALIGN SSL-ALIGN (S SUp) SSLTIE SSL - SaN Min: 0.00 - Max: 0.70 _ Min: 0.00 - Max: 0.07 Min: 0.00 - Max: 0.05 Min: 0.00 - Max: 0.27 Min: 0.00 - Max: 0.79 _ Min: 0.00 - Max: 0.23 Min: 0.00 - Max: 0.18 Min: 0.00 - Max: 0.35
Positive Silence Noise Offscreen = —— Threshold

SSL-SaN

Ablation Study

We analyze the effect of negative pairs (Silence, Noise) and loss terms (L, Ly).
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