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Abstract

Audio-Visual Semantic Segmentation (AVSS) has gained sig-
nificant attention in the multi-modal domain, aiming to seg-
ment video objects that produce specific sounds in the cor-
responding audio. Despite notable progress, existing meth-
ods still struggle to handle new classes not included in the
original training set. To this end, we introduce Few-Shot In-
cremental Learning (FSIL) to the AVSS task, which seeks
to seamlessly integrate new classes with limited incremental
samples while preserving the knowledge of old classes. Two
challenges arise in this new setting: (1) To reduce labeling
costs, old classes within the incremental samples are treated
as background, similar to silent objects. Training the model
directly with background annotations may worsen the loss of
distinctive knowledge about old classes, such as their outlines
and sounds. (2) Most existing models adopt early cross-modal
fusion with a single-tower design, incorporating more char-
acteristics into class representations, which impedes knowl-
edge transfer between classes based on similarity. To ad-
dress these issues, we propose a Few-shot Incremental learn-
ing framework via class-centric foregrouNd aggreGation and
dual-tower knowlEdge tRansfer (FINGER) for the AVSS
task, which comprises two targeted modules: (1) The class-
centric foreground aggregation gathers class-specific features
for each foreground class while disregarding background fea-
tures. The background class is excluded during training and
inferred from the foreground predictions. (2) The dual-tower
knowledge transfer postpones cross-modal fusion to sepa-
rately conduct knowledge transfer for each modality. Exten-
sive experiments validate the effectiveness of the FINGER
model, significantly surpassing state-of-the-art methods.

Introduction

Audio-Visual Semantic Segmentation (AVSS) is a challeng-
ing task that has garnered significant attention in the audio-
visual domain (Zhou et al. 2024). It aims to segment objects
from the given video that produce specific sounds in the cor-
responding audio. Most existing AVSS methods (Zhou et al.
2024; Li et al. 2023a; Liu et al. 2024a; Gao et al. 2024) frame
the segmentation task as pixel-level classification, where
each pixel is assigned to a specific foreground class or back-
ground. These methods, trained with fixed object classes,
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Figure 1: A toy example of training an audio-visual seman-
tic segmentation model specialized in musical instruments.
Initially, the model is trained on many-shot base samples
to learn the piano, cello, and guitar classes. In subsequent
sessions, the violin and drum classes are introduced to the
model through few-shot incremental samples. Since multi-
ple instruments often play together, the samples in each ses-
sion typically include non-target classes, which are labeled
as background in the ground truth.

exhibit strong performance on the predefined classes dur-
ing testing. Due to the significant manpower and time costs,
it is infeasible to initially label all possible sounding-body
classes in the world at the pixel level for training (Cermelli
et al. 2020, 2021). As user interests evolve, new classes need
to be constantly incorporated into the model. For instance,
as shown in Figure 1, we might begin by focusing on pop
music, where instruments like the piano, cello, and guitar
are prevalent. As trends shift toward classical music (with
the violin as key) or rock music (centered around drums),
the model must adapt to include these new classes. How-
ever, existing methods often experience a sharp performance
drop when directly applied to new classes, as they lack class-



specific knowledge. While intuitively, collecting annotated
samples from these new classes could enhance the perfor-
mance, the fast-paced evolution of trends makes it impracti-
cal to continually gather large-scale annotated datasets.

Imagine humans can quickly acquire new concepts with
just a few examples by retaining and transferring prior
knowledge. The stark contrast between human learning and
neural networks motivates our exploration of few-shot incre-
mental learning (FSIL) (Tao et al. 2020) in the AVSS task.
The goal is to develop an AVSS model that can seamlessly
accommodate new classes with minimal annotated samples
while maintaining the prediction ability for old classes.

In pursuit of the FSIL-AVSS objective, two challenges
emerge: (1) Foreground Modeling. The new classes intro-
duced for incremental learning may already exist in the orig-
inally collected samples and be considered as background.
This conflicts with the incremental samples and disrupts the
finetuning of the AVSS model on these new classes. More-
over, to reduce labeling costs, the old classes with extensive
labels in the base samples are directly treated as background
in the incremental samples, without pixel-level contour an-
notations. If we follow the current training strategies (Zhou
et al. 2024; Gao et al. 2024) and regard old classes in the in-
cremental samples as background (similar to silent objects),
the model risks forgetting important class-specific knowl-
edge, such as sounds and contours. This seriously defeats
the goal of incremental learning. (2) Knowledge Inheri-
tance. The model parameters encode the knowledge learned
from the base samples. Fixing these parameters hinders the
integration of new knowledge from incremental samples
while adjusting them threatens the retention of previously
acquired information. Therefore, determining how to config-
ure the model parameters to accommodate both old and new
knowledge is a critical concern. Furthermore, with only lim-
ited samples available for new classes, the knowledge con-
tained within these samples may be insufficient for the AVSS
model to fully harness their predictive capabilities. As a re-
sult, transferring cross-modal segmentation knowledge from
analogous modal information of old classes becomes essen-
tial. Existing methods typically adopt a single-tower struc-
ture (Zhou et al. 2024; Gao et al. 2024), where multi-modal
information is fused early. However, this early fusion can
obscure the similarities between uni-modal features across
classes. For example, while dogs and cats may share mor-
phological similarities, their vocalizations are entirely dif-
ferent. Prematurely merging audio and visual features be-
fore knowledge transfer may impede the mutual inspiration
between classes based on feature similarities, thereby im-
pairing the performance of incremental learning.

To tackle these issues, we introduce FINGER, a Few-shot
Incremental learning framework for AVSS, featuring class-
centric foregrouNd aggreGation and dual-tower knowlEdge
tRansfer. Specifically, there are two targeted designs: (1)
Class-centric Foreground Aggregation. During training,
we introduce a proxy kernel for each foreground class to
aggregate features based on their evaluated contributions
to class-specific representations. This feature-level inter-
class decoupling allows for exclusive training on each tar-
get class (labeled as foreground) through pixel-level bi-

8789

nary classification, while softly masking features associated
with non-target classes (labeled as background). In contrast
to previous feature-centric models (Zhou et al. 2024; Gao
et al. 2024) that perform multi-class classification (includ-
ing background) using a single feature, our class-centric
approach trains the model through binary classification on
each target class feature (excluding background), which en-
sures that the foreground modeling remains unaffected by
background annotations. During inference, pixels that do
not belong to any foreground class are classified as back-
ground. (2) Dual-tower Knowledge Transfer. In contrast
to the single-tower design of former methods (Zhou et al.
2024; Gao et al. 2024), we employ a dual-tower structure
to independently achieve class-proxy aggregation and cross-
class knowledge transfer for each modality, followed by a
later cross-modal fusion. Additionally, directly finetuning
the model on incremental samples may disrupt the knowl-
edge memorized in the model parameters. To solve this, we
freeze the parameters of the base model during incremental
learning and introduce a learnable proxy calibration mod-
ule, which undergoes episode training (Vinyals et al. 2016)
to learn how to transfer the knowledge of old classes to new
class representations.
Our contributions can be summarized as follows:

* To the best of our knowledge, we are the first to ex-
plore few-shot incremental learning in the audio-visual
semantic segmentation domain, proposing a model and a
benchmark to evaluate its performance.

* We introduce the proxy aggregation module and train
our model without the background class to eliminate the
background interference during incremental learning. In
addition, we involve a dual-tower design and proxy cali-
bration module for knowledge preservation and transfer.

» Extensive experiments demonstrate that our model con-
sistently outperforms state-of-the-art methods in both
standard and few-shot incremental benchmarks.

Related Works

Audio-Visual Semantic Segmentation (AVSS) (Zhou et al.
2024) aims to simultaneously generate pixel-level masks
for sound-producing objects and predict their classes, which
advances Audio-Visual Segmentation (AVS) (Mo and Tian
2023; Li et al. 2023a; Mao et al. 2023; Hao et al. 2024;
Wang et al. 2024; Liu et al. 2024b; Yang et al. 2024) from bi-
nary to multi-class classification at the pixel level. Different
from other visual grounding tasks (Fang et al. 2023, 2024b,a,
2025, 2024c¢; Ji et al. 2023c,b, 2024a, 2023a, 2024b; Xiu
et al. 2024; Li et al. 2022, 2023b), it is the first pixel-
level audio-visual understanding task, which is more chal-
lenging compared to instance-level audio-visual correspon-
dence (Arandjelovic and Zisserman 2017, 2018), segment-
level audio-visual event localization (Tian et al. 2018; Wu
etal. 2019) and audio-visual video parsing (Tian, Li, and Xu
2020; Wu and Yang 2021; Mo and Tian 2022), and patch-
level sound source localization (Chen et al. 2021; Mo and
Morgado 2022). Most existing AVSS methods rely on the
fusion of audio and visual features. For instance, AVSBench



(Zhou et al. 2022¢) employs a temporal pixel-wise audio-
visual interaction module to incorporate audio semantics as
guidance for the visual segmentation process. AVSegFormer
(Gao et al. 2024) introduces an audio-queried transformer
decoder to focus on mixed audio-visual features of interest.
Additionally, BAVS (Liu et al. 2024a) uses large foundation
models to enhance audio-visual segmentation.

Few-Shot Incremental Learning (FSIL) requires the abil-
ity to quickly learn new classes with only a few sam-
ples while not forgetting previously learned classes. Fea-
ture space-based methods (Akyiirek et al. 2022; Hersche
et al. 2022; Yang et al. 2023; Kim et al. 2023) design the
feature space to achieve more robust and efficient feature
representations. In particular, some methods (Zhou et al.
2022a; Song et al. 2023) generate synthetic classes and
corresponding samples to prospectively reserve embedding
space for future updates. Dynamic structure-based methods
(Tao et al. 2020; Zhang et al. 2021; Yang et al. 2022; Kang
et al. 2023) adjust model structures or inter-class relation-
ships as data streams continuously change, allowing for the
integration of new knowledge while retaining old knowl-
edge. Meta-learning-based methods (Zhou et al. 2022b; Chi
et al. 2022) train models by simulating a series of pseudo-
incremental scenarios, enabling adaptation to real incremen-
tal scenarios. Knowledge distillation-based methods (Cher-
aghian et al. 2021; Dong et al. 2021) optimize knowledge
distillation frameworks to address class imbalance and over-
fitting in few-shot scenarios, facilitating knowledge trans-
fer between sessions. However, most FSIL work focuses on
simple image recognition, with only a few studies (Cermelli
et al. 2021; Shi et al. 2022; Shan, Zhou, and Zhao 2023)
applying it to more complex image segmentation tasks.

Methodology
Overview

Task Definition. Given an audio A and a video V €
RT>3xHXW with T frames of resolution H x W, the goal
is to predict segmentation masks M € RT>*#*W where
each element My;; corresponds to the sound-producing class
of the pixel (¢, 7) at frame ¢. Pixels not associated with any
sound at that moment should be classified as background.

A few-shot incremental task consists of a base ses-
sion and m incremental sessions. The training and
test sets are denoted by {D{Q. Dl. --- D™ %} and
{DYy, DLy, -+, Dm}, respectively. Each Dg . and D
shares the same label space C* (target classes) and includes
samples containing C* but not restricting the presence of
other classes. In the training set, classes other than target
classes C* are labeled as the background, and in the test set,
they are marked as the ignored class.

While the base training set contains sufficient labeled
samples, the training set of each incremental session fol-
lows an |C?|-way K-shot format, with |C*®| classes per ses-
sion and K labeled samples per class. It is worth noting that
classes from different sessions do not overlap, and during
session s, the model has access only to D;,... The model in
session s is assessed using the test sets from the current and

. . 0 s
preceding sessions, denoted as Dy U - - - U Dg...
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Model Architecture. As illustrated in Figure 2, our model
embraces the class-centric dual-tower architecture. The au-
dio tower consists of an audio encoder, a proxy aggregation
module, and an additional proxy calibration module for in-
cremental sessions. The visual tower includes a visual en-
coder, a pixel decoder, hierarchical proxy aggregation mod-
ules, and extra calibration modules for incremental sessions.
Both towers receive class proxies as part of their inputs and
output to a proxy fusion module for subsequent processing.
Audio Encoder. Following previous works (Zhou et al.
2022c; Gao et al. 2024), we first resample the audio to 16
kHz mono and apply a short-time Fourier transform (STFT)
to obtain the mel spectrum, which is then fed into an audio
encoder to extract audio features. The audio preprocessing
and encoding yield F, € R7*P where D represents the
embedding dimension.

Visual Encoder. We employ a visual encoder to extract
multi-scale visual features, including 1/4, 1/8, 1/16, and
1/32 of the original size.

Pixel Decoder. Features extracted by the visual encoder at
scales of 1/8,1/16, and 1/32 are flattened and concatenated
before being fed into the pixel decoder. The output from the
pixel decoder is then split and reshaped back to the original
dimensions, yielding multi-scale output features, which can
be expressed as follows:

F,={F,,F.,F}}, (1)
where F € RT*P* 55 %5 and i € [1,2, 3]. Thereafter,
the features are processed through a Feature Pyramid Net-
work (FPN) (Lin et al. 2017). Specifically, the 1/8-scale fea-
tures are upsampled by a factor of 2 and then added to the
1/4-scale features from the visual encoder, resulting in the

H w
mask features F,,, € RT*XP*T X7

Class Proxy

Unlike existing methods (Zhou et al. 2022c; Gao et al. 2024)
that categorize the background class as a standard class, we
define the background class as the complement of the target
classes, thus more accurately reflecting its inherent nature.
Consequently, we exclusively assign class proxies, which
are randomly initialized, to the foreground classes. Formally,
at session s, the set of class proxies can be represented as:

P={plceC’U---UC*}. (2)

By constructing a one-vs-rest relationship for each class
proxy (i.e., determining whether a pixel belongs to a specific
class), we implicitly model the background class by consid-
ering the complement of all foreground classes.

Proxy Aggregation

For each foreground class, we leverage its proxy to inde-
pendently aggregate class-specific features from the audio
features F, and video features F,.

Proxy Feature Alignment. We first flatten the height and
width dimensions of the visual feature at each scale, and then
the flattened visual features and audio features are respec-
tively concatenated with the class proxies. Subsequently,
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Figure 2: (a) Overview. Our model employs a class-centric dual-tower architecture. Each foreground class is explicitly assigned
a cross-modal class proxy. In each modality tower, the proxy aggregation modules are employed to independently aggregate
class-specific audio or visual features. Then, cross-modal proxy fusion is conducted on a class-wise basis at a later stage. The
solid-lined components constitute our base model, while the dashed-lined ones are extensions for the few-shot incremental
sessions. (b) Module Details. The proxy aggregation module initially performs self-attention on the concatenated class proxies
and modality features to align them. Subsequently, it calculates the similarities between aligned class proxies and modality
features and uses these measures as weights to selectively assign features to the corresponding class proxies.

self-attention layers (Vaswani et al. 2017) are applied to
align audio and visual features with the class proxies:

Xo = [Fos P, X, = [F; PJ;
[Fa, Pa] = Softmax(X, W (X, WE) 1) X, WY,
[EL; PY] = Softmax (X Wt (XIwkh Ty x 1wyt
Coarse-to-Fine Aggregation. Since we have multi-scale vi-

sual features, we additionally pass the coarse class prox-

ies ]3'1)1 obtained from the first aggregation layer of the vi-
sual branch to the subsequent aggregation layers for interac-
tion with finer visual features. The coarse-to-fine aggrega-
tion process allows for the gradual refinement of the class
proxies, which can be written as:

X, =[F; P 2,3);

3

“

&)

[ PY] = Softmax(X: WoH(XIWE)T) XIWY i e [2,3].

(6)
In Equations (4) and (6), all of the matrices W2, Wf, wy
and Wi Wk Wvi (; € [1,2,3]) denote the learnable
weights of the linear projections for features and class prox-
ies of the audio and visual modalities. The notation [-; -] rep-
resents the concatenation operator, and Softmax denotes the
softmax operation along the last dimension.
Subsequently, we aggregate class-specific features from
the modality-specific class proxies and modality features ob-
tained from self-attention layers to update class proxies.
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Proxy-Feature Similarity. we first compute the similarity
between each class proxy and each corresponding modality
feature (only one feature for audio and h x w features for
each visual scale, where (h, w) denote the resolution of that
scale), resulting in an audio similarity map and visual simi-
larity maps. From the perspective of each feature, we apply
a softmax operation to compute the probability of each fea-
ture belonging to the classes. From the viewpoint of each
class proxy, to determine the contribution of each feature to
the output proxy representation of that class, we normalize
across all features. The similarity map can be calculated as:

S, = Softmax (P, W4 (E,Wk)T, —2),
Si = Normalize(Softmax (P! Wi (FiWk)T —2), 1),
(N
where Softmax(-,azis) and Normalize(-, azis) represent
the operations of applying softmax and normalization along
the specified dimension axis, respectively; i € [1,2,3],
W2, Wk as well as W% W' are another set of learnable
weights for the linear projections.
Feature-to-Proxy Assignment. We assign the audio and vi-
sual features, weighted by the audio similarity map S, and
visual similarity maps {S?}?_,, to update the class proxy
representations in a residual manner (He et al. 2016):

P, = Py + S, (E,W)W?,

I T (8)
Py = B} + Sy (B0,



where i € [1,2,3], W2, W2, W2 W2 denote the learn-
able weights of linear projections for features and outputs in
terms of audio and visual modalities.

Notably, our aggregation applies softmax over class prox-
ies and normalizes over modality features, in contrast to ap-
plying softmax over features in Attention (Vaswani et al.
2017). This distinction fosters a competitive dynamic among
proxies for feature assignment, which compels each proxy to
aggregate class-specific features and thus better aligns with
our class-centric design philosophy.

Proxy Calibration

The class proxies P in session s consist of two parts: base
class proxies P, = {p¢ | ¢ € C°} and novel class proxies
P, ={p°|ce C'U---UC*}. The former is learned from
abundant examples, while the latter is optimized with only
few shots. To overcome the overfitting issue of novel prox-
ies caused by data scarcity, we propose proxy calibration to
transfer knowledge from base class proxies, enhancing the
representation of novel class proxies based on the similar-
ities between novel classes and base classes. Specifically,
the proxy calibration module is implemented as the cross-
attention (Vaswani et al. 2017), where novel proxies serve
as query and base proxies act as key and value:

P,, = Softmax(P, W4(P,W") ") P,W". )
Here, W9, Wk W? represent learnable projection matrices
for the query, key, and value, respectively.

We position the proxy calibration module ahead of each
proxy aggregation module, such that the novel proxies fed
into the proxy aggregation module are already calibrated.
Considering the distinct class similarities across different
modalities, the calibration modules for each modality are
isolated. In contrast, since class similarities at varying lev-
els of granularity within the same modality are consistent,
each modality tower shares the same calibration module.

Proxy Fusion

Through proxy aggregation, we obtain audio-specific class
proxies P, and visual-specific class proxies P, P3.
Since audio-visual semantic segmentation requires identify-
ing sound-producing objects, it is crucial to align the fea-
tures of audio and visual modalities before mask decoding.

For class ¢, its corresponding audio proxy P and visual
proxy P are first processed through cross-attention, using
the audio proxy as the query and the visual proxy as the
key and value. The cross-attention produces an audio-visual
class proxy P, that is then element-wise multiplied with Py
to selectively amplify or suppress different visual channels
under the guidance of the audio proxy P, expressed as:

PS¢, = (PSWY)Softmax((PSWF) T PCW,, —2) ® PC.

(10)
Here, W, W{f, and W denote the learnable weights asso-
ciated with audio proxies and visual proxies.

The segmentation mask (prior to binarization) for class c,
denoted as M€, is generated by matrix multiplication of the
fused class proxy P, with the mask features F},,, followed
by a sigmoid operation, which can be formalized as:

M€ = Sigmoid(P;, Fin).

(11)
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Training

Pipeline. The training pipeline comprises three sequential
stages: the base training stage, the episode training stage,
and the incremental training stage. (1) The base training
stage uses abundant data from the base session to train the
base model, and the proxy calibration modules are not in-
corporated at this stage. (2) The episode training stage con-
structs pseudo-incremental scenarios to train the proxy cali-
bration module while freezing the base model. The pseudo-
code can be found in Algorithm 1. (3) The incremental train-
ing stage focuses solely on learning the novel class proxies
introduced in each incremental session from few shots, and
the rest of the extended model remains fixed.

Algorithm 1: Episode training of proxy calibration module
with pseudo-incremental scenarios. Let N denote the proxy
calibration modules of both the audio and visual towers.

Input: Base classes C?, base data D2, , base model M.
Output: Proxy calibration module N,
1: Randomly initialize N .
2: while not done do
Sample pseudo-incremental classes Z from CV.
Reset class proxies Pz corresponding to Z in M.
Sample support set Sz and query set Q7 from DC,, .
Optimize Pz with S7 and Equation (12).
Optimize N with Q7 and Equation (12).
Restore Pz to their original state in M.
end while

(98]

4
5
6:
7
8
9:

Loss Function. The loss function includes binary cross-
entropy loss and Dice loss (Milletari, Navab, and Ahmadi
2016) for the masks corresponding to target classes C* of
the current session s, formally defined as follows:

£(M7 Mqt) = [/bce(Ma Mqt) + A'C'dice(Z\4a Mqt)a

where M = {M° | ¢ € C*} and M, denotes the masks
of target classes output by the model and the Ground Truth,
A represents the weight of the Dice loss Lg;.. relative to
the BCE loss L. Since non-target classes are labeled as
background, we ignore those masks during training.

12)

Inference

During the inference phase of session s, we combine the
masks of all foreground classes to derive the final semantic
mask. Given that the predicted mask for each class repre-
sents the probability of each pixel belonging to that class,
the mask for the background class M can be computed as:

> Me0).

ceCOU---UC*

M° = max(1 — 13)

On the other hand, the mask can be interpreted as the
model’s confidence in assigning a pixel to a particular class.
In this context, the probabilities of different masks at the
same pixel position can be compared. Thus, the final seman-
tic mask M can be specified as:

M = argmax([M", M)). (14)



Experiments
Experimental Protocols

To evaluate the performance in the few-shot incremental
setting, we construct the FSIL-AVSS benchmark using the
AVSBench-Semantic dataset (Zhou et al. 2024), which con-
tains 70 foreground classes and a background class. Of
these, 50 are designated as base classes, while the remain-
ing 20 are novel classes. The protocol begins with training
on a large-scale dataset of base classes, followed by 4 few-
shot incremental sessions, each introducing 5 novel classes.

The training set for the base session consists of all videos
containing at least one sound-producing pixel from any base
class and the paired audio segments, with labels retained
only for the base classes and the rest set as background. Dur-
ing the incremental session, the support set comprises K-
shot audio-visual pairs, where each shot consists of a video
frame and the corresponding audio segment. To maintain se-
mantic uniqueness, different shots are taken from different
videos. Furthermore, each shot in the support set contains
only one novel class, ensuring that each class appears ex-
actly K times. Notably, each audio-visual pair in the training
set across all sessions may contain sound-producing pixels
from classes that will be learned in future sessions or have
already been learned in past sessions. However, these pixels
are labeled as background. We consider scenarios with 1 or
5 shots per class and average the results over multiple trials.

The evaluation set for each session incorporates all video
frames with at least one sound-producing pixel from any
previously learned class and the paired audio segments,
while pixels from classes not yet learned are excluded from
the metric calculation. Following the protocol of Cermelli
et al., we assess the performance using three metrics based
on the mean intersection-over-union (mloU): mIoU on base
classes (mloU-B), mloU on novel classes (mloU-N), and
their harmonic mean (mloU-H). We report the evaluation re-
sults after the final incremental session.

In addition, we conduct experiments with the original
AVSBench-Semantic dataset, treating it as a special case
within our framework. Specifically, we consider all classes
as the base classes and execute the base training stage. For
all experiments on the AVSBench-Semantic benchmark, we
strictly adhere to its initial setup and use mloU and F-score
as the evaluation metrics.

Implementation Details

We utilize the Pyramid Vision Transformer (PVT-v2) (Wang
et al. 2022), pretrained on ImageNet (Russakovsky et al.
2015), as the visual encoder, and the VGGish (Hershey et al.
2017), pretrained on AudioSet (Gemmeke et al. 2017), as the
audio encoder. The multi-scale deformable attention Trans-
former (Zhu et al. 2021) is employed as the pixel decoder.
All video frames are resized to 224 x 224 pixels, and the
audio signals are segmented into one-second clips. In the
proxy aggregation module, the number of self-attention lay-
ers is set at 3 for the audio tower and 5 for the visual tower,
respectively. We use the AdamW optimizer with a batch size
of 4, an initial learning rate of 2 x 10-5, and train for 30
epochs. The hyperparameter A in Equation (12) is set to 0.1.
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Method mloU F-score
3DC (Mahadevan et al. 2020) 17.3 21.6
AOT (Yang, Wei, and Yang 2021) 25.4 31.0
AVSBench (Zhou et al. 2024) 29.8 352
CATR (Li et al. 2023a) 32.8 38.5
BAVS (Liu et al. 2024a) 33.6 37.5
AVSegFormer (Gao et al. 2024) 36.7 42.0
Ours 47.1 54.2

Table 1: Comparison of several methods on the AVSBench-
Semantic dataset with mloU and F-score metrics.

Performance Comparison

We first conduct a comprehensive comparison between our
model and existing methods (Mahadevan et al. 2020; Yang,
Wei, and Yang 2021; Zhou et al. 2024; Li et al. 2023a; Liu
et al. 2024a; Gao et al. 2024) on the AVSBench-Semantic
benchmark. As shown in Table 1, our model substantially
outperforms other methods, surpassing the previous leader
by margins of 10.4 mloU and 12.2 F-score, respectively.
We continue our experiments on the proposed few-shot
incremental benchmark, comparing our model with the lead-
ing AVSegFormer, as well as its two adaptations implement-
ing MiB (Cermelli et al. 2020) and PIFS (Cermelli et al.
2021). As shown in Table 2, AVSegFormer faces challenges
with catastrophic forgetting and struggles to rapidly learn.
Although MiB and PIFS moderately improve their perfor-
mance, they are constrained by AVSegFormer and fail to ad-
dress the unique challenges of AVSS. In contrast, our model
significantly surpasses all baselines across all metrics.

Ablation Studies

Impact of Proxy Aggregation. To demonstrate the effec-
tiveness of our aggregation module, we conduct experiments
where it is replaced with a conventional Multihead Atten-
tion module (Vaswani et al. 2017). Specifically, the attention
module includes self-attention among class proxies, cross-
attention between class proxies and modality features, along
with two layers of feedforward MLP. As illustrated in Ta-
ble 3, models utilizing our aggregation module consistently
outperform those employing the Attention module.

Impact of Dual Tower. We compare the dual-tower and
single-tower architectures by adapting our model to a single-
tower variant. In this setup, we move the cross-modal fusion
module forward to fuse audio and visual features at each
scale, resulting in multi-scale audio-visual features which
are then fed into the visual tower, with the audio tower dis-
carded. As illustrated in Table 3, the dual-tower models con-
sistently surpass the single-tower models.

Impact of Proxy Calibration. To validate the indispens-
ability of the proxy calibration modules, we conduct experi-
ments by removing them in the 5-shot incremental scenario.
As shown in Table 4, the mIoU-N drops significantly in their
absence, primarily due to overfitting. Moreover, we omit the
episode training stage and allow the randomly initialized
proxy calibration modules to participate in training during
each incremental session, which yields worse results.
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Figure 3: Visualization of cases with multiple sound sources across our model and the previously leading model.

1-shot Incremental

5-shot Incremental

Method

mloU-B mloU-N mloU-H mloU-B mloU-N mloU-H
AVSegFormer (Gao et al. 2024) 10.4 0.1 0.2 5.0 3.8 4.3
AVSegFormer+MiB (Cermelli et al. 2020) 25.2 0.9 1.7 29.2 7.0 11.3
AVSegFormer+PIFS (Cermelli et al. 2021) 30.3 1.7 32 34.0 114 17.1
Ours 44.9 5.9 10.4 43.9 19.2 26.7

Table 2: Comparison of different methods across 1-shot and 5-shot incremental scenarios with three mloU metrics.

Model Architecture Module Function Standard >-shot Incremental
mloU F-score mloU-B mloU-N mloU-H
Single Tower Attention (Vaswani et al. 2017) 35.7 41.6 34.1 43 7.6
Dual Tower Attention (Vaswani et al. 2017) 37.0 42.8 34.7 10.9 16.6
Single Tower Proxy Aggregation 38.5 44.4 36.3 7.9 13.0
Dual Tower Proxy Aggregation 471 542 43.9 19.2 26.7

Table 3: Ablation studies of various model architectures and module functions across standard and 5-shot incremental scenarios.

Calibration Episode mloU-B mloU-N mloU-H
36.6 2.7 5.0
v 38.4 14.8 214
v v 43.9 19.2 26.7

Table 4: Ablation studies of the proxy calibration module in
the 5-shot incremental scenario.

Qualitative Analysis. In Figure 3, we visualize several
multi-source cases. In the left case, when one source domi-
nates, AVSegFormer misses the subordinate sources (frames
2 and 4), whereas ours remains unaffected and consistently
segments all sound producers. In the right case, AVSeg-
Former mistakenly recognizes a person as producing sound
(frames 1 and 2) and also misclassifies objects (frames 2 and
4), while ours maintains accurate identification throughout.
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Conclusion

In conclusion, the FINGER model represents a significant
advancement in the field of audio-visual semantic segmen-
tation (AVSS) through its pioneering class-centric and dual-
tower framework. It successfully tackles the intricate chal-
lenges of few-shot incremental learning in audio-visual se-
mantic segmentation (FSIL-AVSS), including foreground
modeling and knowledge inheritance. The class-centric fore-
ground aggregation design ensures that the background an-
notations do not interfere with foreground modeling, while
the dual-tower knowledge transfer mechanism enables ef-
fective cross-class knowledge transfer when learning from
limited incremental samples. Extensive experiments demon-
strate that FINGER outperforms state-of-the-art methods on
both the AVSS and FSIL-AVSS benchmarks, highlighting
its potential to drive future innovations in the field.
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