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In this file, we supplement more content from the following
aspects to support the findings and experimental results in
the main body of the paper:

¢ Section 1.1: Training configurations, including backbone
settings, transformer components, and loss weighting.

* Section 1.2: Data augmentation used throughout training.

* Section 1.3: Cross-modal fusion design, including pro-
jection layers and attention operations.

* Section 1.4: Contrastive learning setup, including sam-
pling strategy and hyper-parameters.

* Section 1.6: Pseudocode for AuralFuser, covering multi-
stage prompt construction and SAM?2 decoding.

e Section 1.5: Re-implementation details of GAVS [14]
and SAMA-AVS [5] using SAM2.

* Section 3.7: Additional prompt-engineering experiments
comparing point/box prompts, adapter prompts, and our
audio—visual prompting.

e Section 3.1: Results of applying AuralFuser to task-
specific backbones (e.g., Swin-B).

e Section 3.2: Results of applying AudioCon to task-
specific method CAVP [1].

 Section 3.3: Statistical evaluations across multiple seeds
showing the stability of our results on AVSBench (V1m).

e Section 3.4: Ablation studies on incomplete-modality
settings in the Ref-AVS dataset.

* Section 3.5: Analysis of failure cases, highlighting chal-
lenges in scenes with visually similar sounding objects.

* Section 3.6: Ablation study on input resolution, demon-
strating robustness under reduced resolutions.

* Section 3.7: Evaluation of promptable capability based
on human-in-the-loop interaction.

 Section 3.8: Analysis of computational cost, including
memory usage and training time.

* Section 3.9: Evaluation on long video scenarios [4].

e Section 4.1: T-SNE visualisations showing improved
clustering of audio—visual features.
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* Section 4.2: Additional qualitative visualisations on
AVSBench and Ref-AVS compared with other methods.

1. More Implementation Details

1.1. Hyper-parameter Configuration

Our method is based on SAM2 [I11], utilizing the Hi-
era_base+ and Hiera_large backbones within the PyTorch
framework, both of them remain frozen during training.
We employ a batch size of one, where each batch con-
sists of 5 frames for the V1s and VIm subsets in AVS-
Bench [16], and 10 frames for the V2 subset in AVS-
Bench [17] and the Ref-AVS [15] dataset. Training for
datasets with 5-frame sequences is conducted with RTX
3090 GPU, whereas datasets with 10-frame sequences are
trained with RTX A100 (40GB) GPU. We utilise learning
rate equal to le~* with a polynomial decay schedule, fol-
lowing (1 — )09 throughout the entire experiment.
The number of training epochs is set to 180 for all experi-
ments. Optimization is performed using the AdamW opti-
mizer [8] with 5 = (0.9,0.999) and a weight decay of 0.01,
without applying any gradient clipping. Our method pro-
cesses the visual modality and the audio-language modal-
ities using the self-attention mechanism within the trans-
former blocks before cross-modal fusion. For the visual
modality, we employ 9 transformer blocks with the same
structure as in PVT [13]. For the audio-text modality
branch, we utilize 3 transformer blocks and follow stan-
dard practices [2, 11] for self-attention. In both modali-
ties, the self-attention configuration consists of 4 attention
heads with a dropout rate of 0.1. In terms of the SAM?2 loss,
which includes I focais ldices liow and loce in lganr2, We ap-
ply weight ratios of 20:1:1:1. Following the original SAM2
paper’s configuration, we penalise only the best-predicted
segmentation mask, which is determined as the one with the
minimal loss based on lfcq; + lgice. During inference, we
use the best-predicted IoU to select the class-agnostic mask
from the set of predicted masks. Please note that we do



not apply any post-processing techniques such as test-time
augmentation (TTA), largest connected components, or in-
ternal hole filling in our experiments. To encapsulate the
semantic information in the AVSBench (V2) [17] dataset,
we employ the Stepping-Stone [9] method to train class to-
kens using pre-predicted class-agnostic masks generated by
our approach. We fine-tune the officially released code for
an additional 40 epochs and report the final results using the
same evaluation metrics. All resources associated with this
paper, including the code, checkpoints, and training logs,
will be made publicly available.

1.2. Augmentation Configuration

We apply color jittering both at the video level and frame
level, along with random horizontal flipping and random
darkred!50scale transformation with a probability of 0.1,
following the SAM2 [11] training pipeline. We do not use
random cropping; instead, all input frames are resized to
a resolution of 1024 x 1024 x 3 throughout the experi-
ments. Additionally, no augmentations are applied to the
audio data.

1.3. Cross-modalities Fusion Details

Our cross-modal fusion is adapted from TPAVI [16] and in-
corporates an additional cross-attention for audio-language
modalities, enabling the two-way cross-fusion. Specifi-
cally, we have input visual modalities represented as r,, €
REB*H'XW'<L and input audio-text modalities with shape
r. € RB+NIXL \where B is the batch size, H' x W'
is the resolution of the feature map, N* is the number of
words in the sentence, and L is the latent dimension. We use
conv3D as the projection layer for the visual modality and
conv1D for the audio-text modalities. Then we can have
{aqv, ky, vy} € RBXH'XWH)XL for the visual modality, and
{Ges ke, ve} € RBTNIXL' for other modalities, where L' is
compressed dimension. After that, we calculate the cross-
modality fusion as following:

T T
r, = softmax (qi/ké ) ve T, = softmax (qjdi ) Uy,

where d is the normalise value to avoid large magnitudes.
Followed by batch normalisation and a MLP that reduces
the dimension from L’ back to L, r, and r. continue the
training pipeline as described in Eq. (5) of the main paper.

1.4. Contrastive learning Details

We utilise a 3-layer MLP to project the latent embeddings
from the audio and visual modalities into a 64-dimensional
space, respectively. For the pyramid multi-scale visual fea-
tures, we randomly select 512 visual embedding samples
from each scale in every frame. Except for AVSBench
(V1s)[16], we apply the InfoNCE[10] loss only on the first

Algorithm 1 Pseudocode of AuralFuser (PyTorch-like)

# Inputs: frames, spectrogram;

# Backbones: SAM2 (fixed), VGGish
# Modules: AuralFuser

# Output: segmentation masks

LA

a_feats = VGGish.encoder(spectrogram)

® W

v_feats = SAM2.encoder(frames)

10: a_pos = PosEnclD(length=a_feat)
11: v_pos =PosEnc2D(length=v_feat)

13: for each stage k = 1 to 3 do

16: p=(4-k) *¥*2
17: d-prpty = PatchEmbedy (v_featy, p) + v_pos

18: s_prpty =a_-featy + a_pos

19: if k > 1 then

20:

21: d_prpty = Pyramidy (d-prpty, d-prptx-1)
22: end if

23: d_prpty, s-prpty = Fusiony(d_prpty, s_-prptyx)
24: end for

25:

26: prompts = (s_prptio3, dprptizs)
27:

28: segmasks, ious, occ=\

29: SAM2.Decoder(visual_feats, prompts)
30:

31: output = segmasks[argmax (ious) ] [occ]

32: return output

frame during training, as it is the only frame with avail-
able labels. Following [6, 7, 12], we perform hard and easy
sample mining based on the ground truth. Embeddings cor-
responding to correctly predicted results are treated as easy
samples, while embeddings associated with incorrectly pre-
dicted results are considered hard samples, maintaining a
balanced 1:1 ratio. We adopt the default temperature value
of 0.1 from [12] without further fine-tuning and we don’t
apply any weight to the contrastive loss in Eq. (8) main pa-
per.

1.5. Re-implementation of Other Works.

We directly apply the SAM2 model to the GAVS [14] and
SAMA-AVS [5] approaches, replacing their original SAM



Table 1. Prompt Engineering with Audio in the AVSBench
(V1m) [16] dataset with Hiedra_base+ backbone. We use points
and boxes generated from ground truth to simulate real-world
prompting practices. The greenrows represent SAM2-based
methods that receive visual prompts while retaining their adapters
for promptable segmentation. The blue rows indicate the AVS
results of SAM2-based methods, while the yellow rows show
results obtained by ensemble learning, combining both AVS and
SAM?2’s original promptable segmentation results. The FPS rep-
resents the number of frames processed per second, and the best
segmentation results highlighted in red.

Methods Prompts M Mgz | FPS
points 64.67 7215 | 17.8

SAM2[11] box 68.85 7652 | 174
mask 75773 81.54 | 169

points box 72.64 79.56 | 17.2

GAVS [14] points box 69.34 7732 | 169

SAMA-AVS [5] points box 7025 7854 | 17.0
Ours points box 72.64 79.56 | 17.2

GAVS [14] audio 68.13  79.07 | 14.8
SAMA-AVS [5] audio 67.70 7893 | 16.3
Ours audio 72.04 8146 | 164

GAVS [14] (wsam2) | audio points box | 71.70  81.94 8.7
SAMA-AVS [5] w/sam2) | audio points box | 69.74  80.97 9.9
Ours (w/sAM2) | audio points box | 74.26  83.58 | 14.1

model. In AVSBench [16, 17], for GAVS [14], we inject
Multi-Layer Perceptron (MLP) adapters after the 9th layer
of the image encoder, with an intermediate latent dimension
of 128. Additionally, we insert adapters into the mask de-
coder with the same latent dimension during the two-way
cross-attention process. For SAMA-AVS [5], we expand
the intermediate dimension to 512 for each adapter, follow-
ing its setup. In both methods, the adapter outputs are di-
rectly added to the image features during the forward pass
of the image encoder. In Ref-AVS [15], we further employ
cross-attention to fuse the adapter outputs with encoded tex-
tual features, facilitating cross-modal fusion between the
audio-language modalities.

1.6. Pseudo-Code of AuralFuser

We present the pseudocode of our proposed AuralFuser in
Algorithm 1, where the input consists of video frames and
spectrograms. After extracting features from both modali-
ties using fixed backbones, feature-level prompts are gen-
erated at each stage through cross-modal fusion (as shown
in Supp. Section 1.3), leveraging the pyramid of visual fea-
tures. These prompts are divided into sparse prompts, pri-
marily derived from audio and capturing the global context
of the current frame, and dense prompts, mainly derived
from visual features and encoding fine-grained pixel-level
details. Both sets of prompts are then fed into the decoder.

2. Prompting Engineering

We provide additional details on prompt engineering based
on the Hiera_base+ backbone in AVSBench (VIm)[16], as
shown in Tab.1. In the first four rows, we report the visual
prompt results for SAM2, including four uniformly gener-
ated points and boxes derived from the ground truth mask.
Since pixel-level labeled masks are challenging to obtain in
practice, we use only points and boxes in this experiment.
The following three green rows present the promptable
segmentation results of SAM-based AVS methods [5, 14]
using point and box visual prompts. We observe a de-
cline in segmentation performance for the adapter-based
methods, with GAVS [14] showing a 3.3% drop in M s
and SAMA-AVS [5] experiencing a 1.79% decrease. This
decline occurs because the injected adapters modify im-
age features, reducing SAM?2’s original generalisation ca-
pability. Next, we compare AVS results in the blue rows ,
where our method achieves the best performance and ef-
ficiency. For instance, compared to GAVS [14], our ap-
proach improves M s results by 3.31% while also achiev-
ing an 1.6 FPS increase. This improvement is due to the
fact that the numerous adapters within the image encoder
can slow down inference speed. Finally, in the last three
yellow rows , our method successfully enhances SAM2’s
promptable segmentation performance, achieving a Jaccard
score of 1.62 with an efficiency cost of 3.5 FPS. This re-
mains significantly faster than GAVS [14] at 8.7 FPS and
SAMA-AVS [5] at 9.9 FPS.

3. Experiments (additional)

3.1. Applying AuralFuser to Task-specific Models

In Tab. 2, we evaluate our method using a task-specific
backbone (Swin-B) on the AVSBench dataset [17]. We con-
struct the multimodal pyramid by extracting feature embed-
dings from Stages 1, 2, and 3 of Swin-B after each patch-
merging layer and fuse these with audio embeddings to sup-
port cross-modal learning. All other training settings, such
as learning rate and batch size, mirror those in the main pa-
per. Given the smaller model scale, we retrained the full
architecture end-to-end, similar to prior task-specific meth-
ods. The results demonstrate improvements of +1.7% and
+1.4% in mean Jaccard and F-score on AVSBench (V1s),
as well as +1.4% and +1.4% on AVSBench (V1m), respec-
tively. These gains are directly attributable to our Aural-
Fuser design: leveraging a multi-scale feature pyramid en-
sures early-stage fine-grained detail and later-stage contex-
tual information are both audio-enhanced. Additionally, our
AudioCon alignment encourages visual embeddings to ad-
here closely to audio prototypes across these scales, rein-
forcing audio’s guiding role throughout the model hierar-
chy.



Table 2. Ablation studies with task-specific model (Swin-b) on
AVSBench datasets. The best results are in red.

AVSBench (V1s)  AVSBench (V1m)

My Mz M Mgz

Step.Stone | VGG Swin-b | 83.2 91.3 67.3 77.6
Ours VGG Swin-b | 84.9 92.0 68.7 79.0

Method Backbone

Table 3. Ablation studies that applied our contrastive learning

on the CAVP [1] method with the results reported based on their

official Github. The best results are in red.

AVSBench (V1s) | AVSBench (V1m)

My Mz | My Mr
CAVP Resnet50 | 78.8 88.9 55.8 67.1

CAVP (w/AudioCon) | Resnet50 | 79.6 89.3 57.3 68.2

Method Backbone

Table 4. Statistical results of our method using the Hiera_base+

backbone on the AVSBench (V1m) [16] dataset. Red values in-

dicate those reported in the main paper. The last two columns

present the mean (1) and stand deviation (o) to assess the robust-

ness and reproducibility of our method.

Seed (#) | 555 666 T 888 999 m o
Mg 7194 | 72.04 | 72.13 | 71.88 | 71.92 | 71.98 | 0.09
Mgr 81.39 | 81.46 | 81.52 | 81.32 | 81.36 | 81.41 | 0.07

3.2. Applying AudioCon to Task-specific Models

In Table 3, we apply AudioCon to the CAVP method
(with a ResNet-50 backbone) on AVSBench. Following our
main implementation, AudioCon enforces positive align-
ment exclusively between visual embeddings and their cor-
responding audio prototypes, significantly reducing pixel-
level visual-visual reinforcement that leads to modality
dominance. As a result, we observe consistent gains across
both AVSBench variants: a Jaccard improvement of +0.8%
and F-score improvement of 0.4% on AVSBench (Vl1s),
and +1.5% and +1.1%, respectively, on AVSBench (V1m).
These improvements demonstrate AudioCon’s effective-
ness in amplifying audio influence within contrastive learn-
ing: by promoting audio-guided alignment, AudioCon en-
sures auditory signals contribute meaningfully to segmenta-
tion performance, thus mitigating the limitations of purely
visual supervision.

3.3. Statistical tests for AVSBench (V1m)

We evaluate the robustness of our method on the AVS-
Bench (VIm)[16] subset by running five independent im-
plementations using the Hiera_b+ backbone, as reported in
Tab.4. All runs are executed on 4x3090 GPUs with iden-
tical software environments (e.g., CUDA and cuDNN ver-
sions), while varying only the random seed (listed in the first
row). Across these five runs, our method achieves a mean
of 71.98+0.09 for M 7 and 81.41 + 0.07 for Mz, demon-
strating the stability and reproducibility of our final results.

o~ 56.16

/ 61.19
I 52.95
Lo 58.46
& o] Ref-AVS (Seen)
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Figure 1. Ablation Studies on missing modalities in Ref-AVS
(Seen subset) [15] using Hiera_l backbone, evaluating the impor-
tance of audio @), language and visual -@- modalities.
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Flgure 2. T-SNE result on the AVSBench (Vlm) dataset of our
method on Hiera L (refer to Tab.5, main paper). The first row
shows results from AudioCon, while the second row corresponds
to SupCon. Each column represents a frame from the same video
sequence. The red star denotes the projected audio embedding,
while the blue and black circles represent the projected foreground
and background pixel-level visual features.

86.5

Figure 3. Top: GT overlay. Bottdm: Hiera,lrresults with IoU (red).
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Table 5. Ablation of Image Resolution in AVSBench-V1m [16].

Method 1024x1024 512x512 224x224
M] Mz MJ Mz Mj Mz
Ours (Hiera L) | 75.58 84.12 | 74.04 83.79 | 71.49 80.58

3.4. Ablation Studies on Missing Modalities

In Fig. 1, we conduct ablation studies on the Ref-AVS (Seen
subset) [15] to assess the contribution of audio, text, and
visual modalities. Using only audio-visual modalities, our
method achieves 47.24% in Jaccard and 55.73% in F-score.
Incorporating language-visual modalities improves perfor-
mance by 5.71% in Jaccard. When all three modalities are
combined, the results further increase by 3.21% and 2.34%
in Jaccard and F-score, respectively.

3.5. Failure Cases Analysis

Failure cases mainly occur in scenes with sounding objects
in similar appearances (Fig.3). This is because VGGish col-
lapses stereo audio into mono log-mel features and does not
preserve spatial localisation cues, making such cases hard
to disambiguate.



Table 6. Real human-in-the-loop evaluation. We report mean
Jaccard over 30 video clips with 3 users from AVSBench-V1m.

Prompt Resp. R1 R2 R3 R@M 7 >0.9
SAM2 69.90 £336 88.53 +1.80 92.23 +125 2.67 0.8
AuralSAM2 7523 £196  90.47 +o63 93.37 o072 2.00 +0.05
Conflict Handling Conflict Prompt@R1 Recovery Prompt@R2
SAM2 6.33 +251 69.34 +287
AuralSAM?2 52.96 + 1.36 73.96 +2.13

Table 7. Results on LU-AVS. m_tloU and m_tF assess temporal
overlap accuracy, while m_vIoU and m_vF evaluate joint temporal
and pixel-level segmentation performance.

Method m_tloU 1 m_tF T m_vloU 1 m_vF 1
ST-AG [cvPR24] 18.76 17.33 17.32 16.25
Ours [Hicra 1] | 42.63+2387 43.94:2061 41.09+2377  42.17+259

Table 8. Budget Analysis on AVSBench-V1m via 4090 GPU.
Training Cost GAVS b+1  SAMA-AVS b+]  Ours p+]  Ours 1]
Peak Memory (GB) 19.14 20.09 18.94 20.61
Training Time (h) 29 32 2.6 3.7

3.6. Ablation Study on Input Resolution

All SAM/SAM2-based AVS methods included in our com-
parison operate at a resolution of 1024 x 1024. To ensure a
fair comparison, we follow the same setting in our main ex-
periments. In addition, we evaluate our method under lower
input resolutions, as reported in Tab. 5. The results show
that our approach maintains strong performance even when
the resolution is reduced, demonstrating its robustness to
input scaling.

3.7. Promptable Capability

We evaluate the promptable capability of our method under
both standard prompting settings and human-in-the-loop in-
teraction. Specifically, Tab. 6 (main paper) and Supp. Sec. 2
report results on audio-guided segmentation combined with
point and box prompts, measuring both task performance
(accuracy) and interaction latency (FPS). To further assess
practical prompt responsiveness, we conduct real human-in-
the-loop experiments, as summarized in Tab. 6. We measure
performance across multiple interaction rounds (R1-R3), as
well as the ability to handle incorrect prompts followed by
corrective inputs. Three independent participants evaluate
the same set of 10 video clips. Following the SAM2 pro-
tocol, prompts are provided only on the first frame of the
sounding object. The results demonstrate that our method
preserves the promptable capability of SAM?2 while incor-
porating audio guidance, maintaining both effective interac-
tion and stable performance under iterative user inputs.

3.8. Computational Cost and Scalability

We report peak memory usage and training time under iden-
tical settings with SAM2 in Tab. 8. When scaling to Hiera_l,
the additional computational cost mainly arises from the
larger backbone forward pass, while the AuralFuser mod-
ule remains unchanged and introduces negligible overhead.

3.9. Long Video Scalability.

We further evaluate our method on the LU-AVS [4] bench-
mark without any architectural modification. As shown in
Tab. 7, our method achieves more than 2x improvement
across all metrics, demonstrating strong scalability to long
video scenarios.

4. Visualisations
4.1. T-SNE Visualisation

The previous methods, such as SupCon [3] used in
CAVP [1] often causes the model to overfit to dominant vi-
sual features due to their much larger quantity, leading to
false detections of visually frequent but silent objects. This
issue is evident in Fig. 2 (second row), where pixels of the
sounding object (blue circles) are mixed with background
pixels (black), and the corresponding audio embedding is
not clearly clustered. In contrast, AudioCon forms positive
pairs solely between visual and audio features, without con-
straints from other visual features, and applies this across all
levels of hierarchical prompts. This encourages better mod-
eling of the projected audio-visual feature distribution, as
shown in Fig. 2 (first row).

4.2. Qualitative Visualisation

We present qualitative visualisation results comparing our
method with other adapter-based approaches, GAVS [14]
and SAMA-AVS [5]. Specifically, Figures 4 and 5 illustrate
the outputs in multimodal scenarios involving audio, lan-
guage, and visual modalities within the Ref-AVS (seen)[15]
subset, while Figures 6 and 7 show results for its unseen
subset. In the AVSBench[16, 17] dataset, which incorpo-
rates audio-visual modalities, we visualize results for V1s
(single-sounding source data) in Figures 8 and 9, VIim
(multiple-sounding sources) in Figures 10 and 11, and V2
(more complex scenarios) in Figures 12 and 13. Overall,
with the same Hiera_base+ backbone, our method achieves
superior visualizations, with further improvements when
adopting the Hiera_large backbone.



Frame

Label
GAVS
SAMA
Ours (b+)
. o . " . l"

Figure 4. ‘The object making a sound by being played by the woman.” from Ref-AVS (seen) [15]

Ours (b+)

Figure 5. ‘The object producing sound under the manipulation of the individual on the left.” from Ref-AVS (seen) [15]




Frame

Label

GAVS

SAMA

Ours (b+)

Ours (1)

Figure 7. ‘The object that keeps making sound at all times.” (from Ref-AVS (unseen) [15])
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Figure 8. case (a) from AVSBench (V1s) [16]
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Figure 9. case (b) from AVSBench (V1s) [16]
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Figure 10. case (a) from AVSBench (V1m) [16]
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Figure 11. case (b) from AVSBench (V1m) [16]
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Figure 13. case (b) from AVSBench (V2) [17]
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