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Table 1. Hyperparameter settings.

Hyperparameter Value

kt 15
λz 0.8
λortho 1.0

λbce 1.0
λdice 1.0
λfocal 1.0
λcf 0.2
λCDCL 0.2
λv↔a 0.4
λa↔l 0.3
λv↔l 0.3

We provide segmentation results on three datasets, which
can be found in the segmentation results.zip.

1. Evaluation Metrics

Follow [1, 3], we adop J to measure segmentation quality,
F to quantify precision and recall results, and false detec-
tion rate (FDR) to illustrate misclassification of categories.

2. Segmentation Results

In Figure 1, considering the complexity of visual and audio
information, we select four cases from the AVSS dataset
(from top to bottom). Case 1: AVSBench incorrectly clas-
sifies pixels and is incomplete, while AVSegformer exhibits
discontinuous segmentation and lacks sufficient temporal
modeling. Case 2: Contrasting methods struggle to deter-
mine the target outline (person) and may even miss detec-
tions. Case 3: AVSBench lacks global dependency percep-
tion within frames and misclassifies instruments into other
categories, a deficiency partly alleviated by AVSegformer.
Case 4: Contrasting methods fail to effectively perceive
rapidly moving targets. In Table ??, we evaluate the per-
formance of each category (50/70) under different metrics,
providing fine-grained comparison.

3. Implementation Details
1. For the S4 and M3 datasets, the time window is set to

⌈T
2 ⌉; for the AVSS dataset, it is set to ⌈T

4 ⌉.
2. We empirically set kt to 30. Generally, a larger kt in-

creases redundancy, while a smaller value may result in
capturing overly coarse semantic granularity.

3. The visual features Fv and audio features A used for the
CDCL are processed by the decoder (after interaction),
rather than being directly extracted by the encoder.

4. In the baseline, we leverage videos from MIT, employ-
ing frame-level channel-wise cross-attention and self-
attention to enhance the spatiotemporal context model-
ing of visual features. We utilize bidirectional queries to
prevent the dispersion of features that may occur when
audio is used solely as the query.

5. For the signal-to-noise ratio setting, we follow [2]. For
frame mixing, we select 1/4 of the M3 data and randomly
swap it with other video frames.

6. In the setting of the ablation contrast strategy, we apply
masked average pooling to generate visual prototypes.
And We use the mean to generate audio prototypes.
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Figure 1. Qualitative comparison on the AVSS benckmark.
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Figure 2. Comparison of t-SNE visualization with and without the CDCL.
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