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Abstract

Audio-Visual Learning (AVL) aims at the audio-visual per-
ception with both audio and vision modalities. AVL also suf-
fers from data insufficiency in many applications as with
other unimodal tasks. Concurrently, AVL often needs to con-
tinuously learn over time rather than all knowledge simulta-
neously. Considering the above two perspectives, our work
mainly focuses on benchmarking the unexplored Few-Shot
Audio-Visual Class-Incremental Learning (FS-AVCIL), i.e.,
continually perceiving novel categories described by a limited
number of labeled examples with audio and visual modalities.
Firstly, we provide the detailed task configuration together
with a thorough analysis of the challenges in FS-AVCIL:
(1) how to efficiently learn and fuse multimodal informa-
tion with limited labeled examples; and (2) how to allevi-
ate catastrophic forgetting cross-modal semantic correlations
with limited data. Then, we propose an efficient framework
based on Vision Transformer to solve FS-AVCIL, contain-
ing two parts: temporal-residual prompting for audio-visual
synergy adapter and temporal prompt regularization. Specif-
ically, temporal-residual prompting is incorporated into the
audio-visual adapter to efficiently finetune the pre-trained
foundation model with limited data and capture audio-visual
correlation by learning temporal-relevant prompts. Besides,
we regularize temporal-relevant prompts to memorize previ-
ous knowledge by fully using the temporal knowledge from
various perspectives. This framework is validated in audio-
visual classification tasks under the FS-AVCIL scenario, and
extensive experiments demonstrate its superior performance.

Introduction
Data in visual tasks is of multi-modal characteristics, which
inspires researchers to apply another one or two modalities
(e.g., audio and text) to compensate for information deficien-
cies and biases of the visual modality (Huang et al. 2021;
Chen et al. 2020; Zhu et al. 2021). In this paper, we fo-
cus on audio-visual learning (AVL), which aims at audio-
visual perception with both audio and vision modalities. The
target of AVL is modeling audio-visual modalities jointly
to capture cross-modal semantic correlations effectively. To
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Figure 1: The configuration of FS-AVCIL. In the first ses-
sion, a substantial dataset is presented. In subsequent ses-
sions, the continual learning system is faced with a few-shot
audio-visual learning challenge. Here we employ a 2-way
2-shot scenario as an of the N-way K-shot few-shot audio-
visual learning problem.

achieve this, the main challenge is how to fully take advan-
tage of multimodal information to acquire these correlations.

Due to the modality discrepancy, learning-based AVL
methods, aggregating multimodal information to obtain the
semantic correlations generally requires encoding features
from different modalities into a common latent space and
then mapping the latent representations into the task space,
which consists of complicated architectures. These fusion
architectures usually contain numerous parameters trained
on a large amount of accurately labeled data.

However, collecting a large number of samples is prohib-
ited due to privacy (e.g., medical images.) or even impossi-
ble due to the rarity (e.g., rare species like pandas.). More-
over, annotating examples requires expert knowledge, and it
is always costly. Few-Shot Learning (FSL) (Li, Wang, and
Hu 2021; Finn, Abbeel, and Levine 2017; Snell, Swersky,
and Zemel 2017; Zhang et al. 2024) is proposed to tackle
this problem in which annotated samples are limited. As
with unimodal vision tasks, AVL also suffers from data in-
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sufficiency in many applications, (e.g., abnormal behavior
detection in hospitals.). This data issue may be more fre-
quent since collecting and annotating two types of data (i.e.,
audio and video) nearly doubles the cost.

Humans can continuously obtain new knowledge without
forgetting the old ones. Akin to human cognition, AVL sys-
tems also need to continuously perceive new concepts in real
applications. For example, the abnormal behavior detection
system should update continually to recognize novel behav-
iors. This capability is Class-Incremental Learning (CIL),
which is one increment of continual learning (Gao et al.
2023; Ge et al. 2023; De Lange et al. 2021), and one of the
well-known issues in CIL is catastrophic forgetting.

This paper conducts the pioneering research by consider-
ing these two capabilities (i.e., FSL and CIL.) in AVL tasks
simultaneously, which constitutes Few-Shot Audio-Visual
Class-Incremental Learning (FS-AVCIL), i.e., continually
perceiving novel categories described by a limited number
of labeled examples composing audio and video modali-
ties, which is challenging and practical. This configuration
simulates the neurological adaptive mechanisms of humans,
which is illustrated in Fig 1.

As a task concluding multiple capabilities, the challenges
of FS-AVCIL are two-fold: (1) how to efficiently learn and
fuse multimodal information with limited labeled examples
to capture cross-modal semantic correlations ? Learning
with limited data faces the overfitting issue, and model-
ing the distribution of classes in the feature space is al-
ways difficult. For data with audio and video modalities,
it is essential to alleviate the modality variance and effi-
ciently obtain the audio-visual semantic correlation. (2) How
to alleviate catastrophic forgetting of cross-modal seman-
tic semantic correlations in few-shot multimodal scenarios?
As incremental steps develop, the model tends to forget
audio-visual correlations of previous tasks, resulting in per-
formance degradation. Compared with unimodal continual
learning, mitigating the forgetting issue is executed in a cor-
related perspective.

Current frameworks of audio-visual continual learning or
few-shot audio-visual learning can only tackle one of these
challenges. In this paper, we explore whether the audio-
visual semantic correlations can benefit few-shot learning
and continual learning simultaneously. First, by simply fine-
tuning the model on new classes, the advantage of joint
audio-visual modeling is obvious, and it achieves superior
performance to that of the single audio or visual modality in
a few-shot class-incremental paradigm. Inspired by the find-
ings and to better model the audio-visual correlation under
the limited data and continual learning regime, an efficient
framework based on Vision Transformer (ViT) (Dosovitskiy
et al. 2020) with two novel modules is proposed to solve the
challenges of FS-AVCIL.

The framework is built with adapters (Houlsby et al. 2019;
Jie and Deng 2022) which is one of efficient finetuning
methods for large models. To make full use of limited multi-
modal data with potential knowledge, we propose an audio-
visual synergy adapter with temporal-residual prompting.
Specifically, in each adapter, audio features and video fea-
tures are interactive for mitigating the modality variance

and mapping to a shared space to better model the corre-
lation. Then, inspired by the recent success of prompt learn-
ing in language models, temporal-residual prompting is as-
sembled into each adapter to learn the temporal-relevant
prompts from the two modalities, which is summed to a
few random initialized tokens. Since the audio-visual cor-
relation can benefit continual learning (Pian et al. 2023) and
temporal information is beneficial for audio-visual percep-
tion (Huang et al. 2018), temporal prompt regularization is
employed to memorize previous cross-modal semantic cor-
relations by fully using the temporal knowledge from differ-
ent perspectives.

We validate the effectiveness of our framework in audio-
visual classification tasks and construct novel protocols with
two benchmark datasets for FS-AVCIL. Our contributions
are three-fold:

• To explore the efficacy of audio-visual correlation in
the alleviation of forgetting and overfitting problems in
few-shot class-incremental learning, we conduct the first
work on few-shot audio-visual class-incremental learn-
ing, i.e., perceiving audio and video modalities continu-
ally under the scenario of limited data regime.

• We propose an efficient learning framework for FS-
AVCIL with temporal-residual prompting and audio-
visual synergy adapters, which efficiently fine-tunes with
limited data and learns temporal-relevant prompts.

• We leverage the temporal prompt regularization to force
models to preserve previously learned audio-visual tem-
poral correlations.

• We validate the efficacy of our framework on two audio-
visual benchmark datasets with novel protocols.

Related Works
Few-Shot Learning Few-shot learning (FSL) is to iden-
tify new classes using only a limited number of support sam-
ples. Current FSL methods can be divided into three cat-
egories. (1) Data augmentation-based methods aim to ex-
pand the restricted labeled dataset by applying data aug-
mentation (Li, Wang, and Hu 2021). (2) Optimization-based
methods (Ravi and Larochelle 2016; Baik et al. 2021; Finn,
Abbeel, and Levine 2017; Nichol, Achiam, and Schulman
2018) concentrate on creating a robust initialization or op-
timization strategy, enabling the model to quickly adapt to
new tasks. (3) Metric-based methods (Snell, Swersky, and
Zemel 2017; Sung et al. 2018; Afrasiyabi et al. 2022) learn a
suitable distance function and make predictions based on the
similarity between support and query samples. Audio-visual
learning aims to perceive both visual and audio modali-
ties. Most FSL algorithms focus solely on unimodal learn-
ing problems, and some of these studies conduct works on
few-shot unimodal (video or audio) classification tasks (Cao
et al. 2020; Yu et al. 2023; Wang and Anderson 2022; Liu,
Zhang, and Pirsiavash 2023).

Continual Learning Recently, three main types of contin-
ual learning algorithms have emerged. (1) Regularization-
based methods (Kirkpatrick et al. 2017; Aljundi et al. 2018;
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Figure 2: Overview of the framework. There are two kinds of audio-visual synergy adapters: (i) audio adapter, which in-
corporates visual features into the audio representation; and (ii) visual adapter, which injects audio features into the visual
representation. The temporal-residual prompting for the audio-visual adapter is parallel with the MLP layers and MHSA layers.
We combine the temporal prompt regularization loss into the final loss function for the memorizing purpose. Besides, the MLP
head is expanded to adjust to the increase of novel classes. ‘MHSA’ and ‘MLP’ are short for the multi-head self-attention and
multi-layer perceptron.

Li and Hoiem 2017; Yang et al. 2023) aim to prevent catas-
trophic forgetting by restricting the learning rate on param-
eters that are crucial for previous tasks. (2) Rehearsal-based
methods (Rebuffi et al. 2017; Riemer et al. 2018; Hu et al.
2019) maintain a data buffer to store samples from older
tasks, which are then used for training with data from the
current task. (3) Distillation-based methods (Hou et al. 2019;
Wu et al. 2019; Tao et al. 2020a; Guo et al. 2023) apply the
technique of knowledge distillation to mitigate catastrophic
forgetting. Continual learning under few-shot learning sce-
narios (Tao et al. 2020b; Dong et al. 2021) is also a popular
topic in recent years.

Methodology
Problem Setup Firstly, a sequence of tasks, T =
{t1, t2, ..., tn}, is usually provided, and the dataset sequence
is D = {D1,D2, ...,Dn}. Here D1 is the large-scale base
dataset used in the first base session and the following
datasets are all novel few-shot datasets, formulating as N -
way-K-shot classification tasks, i.e., each task includes N
classes with K samples for each class. Ci represents the cat-
egory set of session i. For i ̸= i′, there is no overlap be-
tween the categories and samples of different sessions, i.e.,
Ci ∩ Ci′ = ∅ and Di ∩ Di′ = ∅, where i ̸= i′. We denote
each audio-visual sample as X = {F , A, y}. For the video
modality F , given a video clip of length t seconds, a tem-
poral sequence of RGB frames F = {V1,V2, ...,VF } is
uniformly sampled, where F is the temporal length. For the
j-th frame in F , Vj ∈ RH×W×3 with spatial dimensions
H ×W . For audio modality A, audio is transformed into a
spectrogram A ∈ RM×C .

Overview of the Framework As illustrated in Fig 2, the
tasks are executed by order in the sequence to mimic the
process of novel tasks continually encountered. Our efficient

learning framework for FS-AVCIL is a dual-stream struc-
ture built on ViT (Dosovitskiy et al. 2020). First, the audio
frames and the video spectrogram are inputted into corre-
sponding linear projections, which are then followed by L
transformer blocks. As illustrated in Fig. 2, the audio-visual
adapter is assembled into each transformer block as a par-
allel module of Multi-Layer Perception (MLP) and Multi-
Head Self-Attention (MHSA). In each adapter, the temporal-
residual prompting is incorporated before down-sampling to
encode temporal information. Besides, temporal prompt reg-
ularization is conducted to memorize previous knowledge.

Temporal-Residual Prompting for Audio-Visual
Synergy Adapter
Our efficient learning framework takes advantage of
adapters, which is one of the efficient finetuning methods
for large models. This structure enables the framework to
adapt with limited labeled annotated data since fewer pa-
rameters are required to be fine-tuned to extend the recogni-
tion capability of novel categories. LAVISH (Lin et al. 2023)
is the first work on efficient audio-visual learning based
on adapters and proposes audio-visual adapters. Our audio-
visual efficient learner is implemented based on LAVISH.

For video-based or audio-based missions, the temporal
information can contribute to a better classifier (Wu et al.
2015; Cao et al. 2020). LAVISH executes with inputs of
the single frame and the corresponding audio slice. It in-
troduces randomly initialized latent tokens to compress and
fuse audio and visual tokens, which do not consider tem-
poral information during the multi-modal token compres-
sion and fusion. In this way, LAVISH is not suitable for
audio-visual classification tasks since the video and the cor-
responding video are processed as a whole, i.e., all frames
extracted from the videos and the audio spectrogram are
processed together. In order to efficiently integrate multi-
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modal tokens and capture temporal audio-visual features for
making full use of the multi-modal information, Temporal-
Residual Prompting for the Audio-Visual synergy Adapter
(TRP-AVA), placed in parallel with MHSA and MLP mod-
ules which are shown in Fig. 2, is proposed to capture the
temporal information. In TRP-AVA, the audio-visual adapter
is trainable to aggregate visual and audio tokens efficiently,
while freezing all the pre-trained parameters of the trans-
former blocks.
Transformer Blocks assembled Audio-Visual synergy
Adapter with Temporal-Residual Prompting. Our frame-
work consists of two types of adapters: (i) audio adapter,
which incorporates visual features into the audio representa-
tion; and (ii) visual adapter, which injects audio features into
visual representation. The operation of TRP-AVA in trans-
former block l is denoted as Fl(T

A
l ,T

B
l ). Here we use TA

l

to represent tokens of the main modality and TB
l to repre-

sent tokens of the incorporated modality. Then, the MHA
operation in layer l can be written as:

Tl = TA
l + MHA(TA

l ) + Fl(T
A
l , T

B
l ). (1)

The MLP operation in layer l can be written as:

TA
l = Tl + MLP(Tl) + Fl(Tl, T̂l), (2)

where T̂l is the parallel result of another type of adapter
obtained by regarding TB

l as the main modality.
Temporal-Residual Prompting. The inputs of each audio-
visual synergy adapter are audio tokens and visual tokens,
and here temporal-residual prompting illustrated in Fig. 2
(Right) can be regarded as the preliminary operation in each
adapter to learn temporal-relevant prompts for the following
cross-modal attention.

In TRP-AVA, TA
l and TB

l all go through the downsam-
pling layer first. We denote the tokens after downsampling
in a certain transformer layer as T = {TA

l , T
B

l } with T
A

l

and T
B

l as tokens of dominate modality and incorporated
modality, respectively. After alignment and reshaping, the
audio and visual tokens are concatenated first. Then, the 1D
convolution operation with temporal kernel size k is applied
to aggregate the local temporal information. We denote the
obtained tokens as

TA,B
l = Conv1d(Concat(T

A
l , T

B
l )). (3)

After the 1D convolution, TA,B
l goes through the upsam-

pling layer and GELU, and we obtain T̂A,B
l .

Besides, a small set of randomly initialized latent tokens
Ll is also introduced into the prompting, which is used to
control the influence of temporal information on the model’s
final decision. Here we use cross-modal attention opera-
tion (Lin et al. 2023) defined as:

CMA(Q, K, V) = Q + g · Softmax(QKT)V, (4)

where g represents the learnable scalar parameter that reg-
ulates the transfer of information between different modal-
ities, while Q, K, and V correspond to the query, key, and
value tokens, respectively.

The key step of temporal-residual prompting is to add the
tokens T̂A,B

l to latent tokens: L̂l = Ll + T̂A,B
l . Then, the

first cross-modal attention is executed to compress the to-
kens of incorporated modality: T̃B

l = CMA(L̂l, T
B
l , T

B
l ).

In the end, another cross-modal attention is to aggregate the
compressed tokens of the incorporated modality and the to-
kens of the main modality:

T̃A,B
l = CMA(TA

l , T̃
B
l , T̃

B
l ), (5)

where T̃A,B
l is a newly computed representation of the main

modality by aggregating the cues of another modality.

Temporal Prompt Regularization
Another issue in audio-visual class-incremental learn-
ing (Pian et al. 2023) is the catastrophic forgetting of pre-
vious semantic correlations between audio and visual fea-
tures as incremental step grows. In the limited annotated data
regime, this issue is more severe since capturing the audio-
visual correlation of novel classes always requires a large
learning rate to update the parameters of aggregation mod-
ules, which is not beneficial for preserving previous knowl-
edge. To alleviate the forgetting issue and with temporal-
residual prompting, this paper proposes an exemplar-free
module named Temporal Prompt Regularization (TPR). The
exemplar-free manner does not require storing previous
data, which can protect data privacy.

As temporal information is important in video under-
standing tasks (Huang et al. 2018), with the samples of
the current session, TPR restricts the changes of temporal
prompts obtained by the models in two neighboring ses-
sions. As shown in Fig. 2, in terms of computation effi-
ciency, TPR uses the temporal prompts before the linear up
operation in each TRP-AVA. For the transformer block l,
here we denote the temporal prompts obtained with the ref-
erence model Fi−1 of session i − 1 and the obtained tem-
poral prompts of the current model Fi in session i as Tt

i−1,l

and Tt
i,l, respectively. Assuming that there are M temporal

prompts in the transformer block l, the regularization loss is
implemented with the cosine similarity loss, and computed
along the prompt dimension and by averaging over the num-
ber of prompts. In session i, the regularization loss of the
transformer block l is computed as

Lr
i,l =

M∑
m=1

1 −
Tt

i−1,l,m ·Tt
i,l,m∥∥∥Tt

i−1,l,m

∥∥∥∥∥∥Tt
i,l,m

∥∥∥
 , (6)

where Tt
i,l,m and Tt

i−1,l,m represent the mth token obtained
in Tt

i,l and Tt
i−1,l, respectively.

In session i, the total training loss is defined as

Li = Lce
i + λ

L∑
l=1

Lr
i,l, (7)

where Lce
i is the cross-entropy loss and λ is the weight

for the regularization loss. With the total training loss, the
tasks are executed by session, and the multi-modal learning
framework updates as novel tasks arrive.
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Method Session ID PD↓ Average
Acc.1 2

Ft-ViT 69.29 18.12 51.17 43.71

Multimodal
Learning

G-Blend 84.07 48.38 35.69 66.23
MBT 82.73 45.60 37.13 64.17

LAVISH 86.15 52.73 33.42 69.44

Continual
Learning

LWF 69.29 22.41 46.88 45.85
EWC 69.29 19.53 49.76 44.41
iCaRL 69.29 31.12 38.07 38.17
DER 69.10 23.91 45.19 46.51
L2P 72.86 32.61 40.25 52.74

AV Continual
Learning

AV-CIL 90.37 55.69 34.68 73.03
CIGN 88.93 53.21 35.72 71.07

FS-AVCIL Ours 90.71 66.81 23.90 78.76

Table 1: Results of protocol-1 on AVE dataset. The three val-
ues marked in blue correspond to three evaluation metrics.

Method Session ID PD↓ Average
Acc.1 2 3

Ft-ViT 69.29 17.05 15.15 54.14 33.83

Multimodal
Learning

G-Blend 84.07 50.23 34.83 49.24 56.38
MBT 82.73 48.07 31.94 50.79 54.25

LAVISH 86.15 54.11 40.30 45.85 60.19

Continual
Learning

LWF 69.29 20.07 17.44 51.85 35.60
EWC 69.29 18.42 16.25 53.04 34.79
iCaRL 69.29 33.08 28.88 40.41 43.75
DER 69.10 25.54 17.22 51.88 37.29
L2P 72.86 37.88 27.89 44.97 46.21

AV Continual
Learning

AV-CIL 90.37 58.46 50.23 40.14 66.35
CIGN 88.93 55.96 48.27 40.66 64.39

FS-AVCIL Ours 90.71 66.79 52.75 37.96 70.08

Table 2: Comparative study of protocol-2 on AVE dataset.

Experiments
Protocols and Experimental Setup
AVE (Tian et al. 2018) dataset consists of events captured in
10-second video clips that feature both visual and auditory
elements. It encompasses a total of 28 different event cate-
gories, with a collection of 4,143 videos. In our FS-AVCL
setting, we sample 8 categories as base classes perceived in
the first session, and the remaining 20 classes are encoun-
tered in the following incremental learning sessions. We use
all the training samples of the 8 classes in the first session
and the tasks of the incremental sessions are all under the
few-shot learning scenario, i.e., each novel class only con-
tains limited annotated samples. We adopt comprehensive
configurations of the incremental sessions: (1) 20-way 5-
shot, (2) 10-way 5-shot, (3) 5-way 5-shot, and (3) 2-way
5-shot. The detailed protocol can be found in the Supple-
mentary Materials. For the accumulative evaluation process,
we use the original testing dataset.
Kinetics-Sounds is derived from the larger Kinetics-400
dataset (Kay et al. 2017). It consists of around 24,000 video
clips, each with a duration of 10 seconds, and these clips are

Method Session ID PD↓ Average
Acc.1 2 3 4 5

Ft-ViT 69.29 30.26 13.58 8.04 7.96 61.33 25.83
G-Blend 84.07 63.26 44.37 34.05 33.57 50.5 51.86

MBT 82.73 61.31 40.25 30.98 30.07 52.66 49.07
LAVISH 86.15 65.89 47.95 37.57 36.57 49.58 54.83

LWF 69.29 31.17 16.30 15.95 12.40 57.29 29.02
EWC 69.29 29.38 15.90 15.03 11.98 57.31 28.32
iCaRL 69.29 44.72 33.08 27.19 26.14 43.15 40.08
DER 69.10 38.25 25.14 16.56 16.14 52.96 33.04
L2P 72.86 50.79 37.88 28.96 22.66 50.20 42.63

AV-CIL 90.37 69.90 58.76 51.25 48.63 41.74 63.78
CIGN 88.93 67.17 56.93 49.32 45.89 43.04 61.65
Ours 90.71 73.87 65.07 54.44 50.51 40.20 66.92

Table 3: Results of protocol-3 with AVE dataset.

categorized into 32 classes of human actions. The dataset is
divided into three parts: 20,000 videos for training, 2,000 for
validation, and another 2,000 designated for testing. We ini-
tially selected 12 categories as the base classes for the first
learning session. The subsequent incremental learning ses-
sions then introduce the remaining 20 classes. We use all
training samples from the 12 base classes during the first
session. We implement a variety of configurations for the
incremental learning sessions to thoroughly evaluate our ap-
proach. These configurations include: (1) 20-way 5-shot, (2)
10-way 5-shot, (3) 5-way 5-shot, and (3) 2-way 5-shot. The
detailed protocol can be found in the Supplementary Mate-
rials. We employ the original testing set from the dataset for
the cumulative performance evaluation.

Evaluation Metrics. Our evaluation is based on three eval-
uation metrics: (1) the final overall accuracy (%) obtained
in the last session; (2) the Performance Dropping (PD) rate
(%), which quantifies the absolute decline in accuracy in the
last session compared to the first session; (3) the average ac-
curacy (%) across all sessions.

Implementation Details. The framework was implemented
with ViT (Dosovitskiy et al. 2020) as the backbone, and we
loaded ViT-Base model pretrained on ImageNet-21K (Deng
et al. 2009). For each video, we sampled 8 frames and these
frames were introduced to the visual branch. During train-
ing, we froze all the parameters of 12 transformer blocks ex-
cept for the Linear Projection of the audio branch and MLP
head. The dimension of tokens is 768, and the number of
latent tokens is 2. The proposed TRP-AVA is parallel with
the MLP layer and MHSA in each transformer block. Be-
sides, the downsampling dimension in TRP-AVA is 8, and
the temporal kernel size k in 1D convolution operation is 5.
For TPR, we use the temporal prompts of last 6 transformer
blocks and the regulization loss weight λ is 0.3. Besides,
we used Adam optimizer, and the model was trained for 30
epochs with a batch size of 2 (i.e., 2 videos and 8 frames
each.) and a learning rate of 0.0003. Our framework was
implemented using Pytorch, and all experiments were con-
ducted on NVIDIA A100 GPU.
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Method Session ID PD↓ Average
Acc.1 2 3 4 5 6 7 8 9 10 11

Ft-ViT 69.29 40.69 22.06 13.00 10.47 13.36 8.06 7.83 5.52 6.72 6.72 50.77 18.52

Multimodal
Learning

G-Blend 84.07 70.30 59.98 53.06 49.35 44.28 39.37 33.07 30.79 28.90 24.31 59.76 47.04
MBT 82.73 68.51 56.73 50.49 45.21 40.72 36.58 29.50 24.16 23.02 20.15 63.58 43.44

LAVISH 90.71 73.99 63.73 57.85 54.65 49.32 44.19 40.36 39.83 37.10 34.58 56.13 53.30

Continual
Learning

LWF 69.29 41.62 25.21 23.14 15.76 16.24 14.93 11.63 11.52 12.72 12.97 56.32 23.18
EWC 69.29 38.25 22.18 21.33 13.26 12.24 11.53 9.28 10.37 10.58 11.74 57.55 20.91
iCaRL 69.29 50.29 40.69 37.67 29.84 27.74 22.90 22.29 20.35 21.24 19.65 49.64 32.90
DER 69.10 28.53 18.93 16.53 12.90 12.84 11.16 10.92 10.91 10.18 11.21 57.89 19.38
L2P 72.86 48.27 42.51 39.01 32.95 26.03 24.84 20.54 18.43 15.11 16.72 56.14 32.48

AV Continual
Learning

AV-CIL 90.37 70.18 64.27 58.92 54.70 53.17 51.13 47.92 46.92 47.21 45.52 44.85 57.30
CIGN 88.75 67.28 61.39 56.21 54.82 50.19 49.27 47.60 44.45 44.28 43.87 44.88 55.28

FS-AVCIL Ours 90.71 75.28 68.35 66.70 63.53 60.62 55.48 49.10 48.02 49.40 48.77 41.94 61.45

Table 4: Results of protocol-4 on AVE dataset.

(a) Protocol-1 (b) Protocol-2 (c) Protocol-3 (d) Protocol-4

Figure 3: Comparative studies on four protocols with Kinetics-Sounds dataset.

Comparative Studies
We first provide baselines and comprehensive comparative
studies from three perspectives. (1) Finetuning ViT (Ft-ViT).
It means simply fine-tuning ViT with a few training samples
of new classes, which is the lower bound of continual learn-
ing performance. (2) Multimodal learning methods (Wang,
Tran, and Feiszli 2020; Nagrani et al. 2021; Lin et al. 2023).
We incorporate these multimodal learning methods to fuse
the information in a dual-stream of ViT-based framework.
(3) Continual learning methods (Li and Hoiem 2017; Kirk-
patrick et al. 2017; Rebuffi et al. 2017; Buzzega et al. 2020;
Wang et al. 2022). With the dual-stream of ViT-based frame-
work, we use a simple fusion by averaging outputs of two
streams and apply these comparative methods for memo-
rizing old knowledge. (4) Audio-visual continual learning
methods (Pian et al. 2023; Mo, Pian, and Tian 2023). These
methods also perform general class-incremental learning
tasks, concluding the fusion and memorizing modules. We
use these methods to execute the FS-AVCIL task.
Results on AVE dataset. The comparative study results are
illustrated in Tab. 1, Tab. 2, Tab. 3, and Tab. 4, respectively.
We analyze the results from the following three perspec-
tives. (1) Compared with other multimodal learning meth-
ods, our method achieves remarkable performance in the fi-

nal overall classification accuracy and the average accuracy
and suffers from a lower performance dropping rate. This
achievement demonstrates that TRP incorporating the tem-
poral information of video can assist in effectively fusing
the multi-modality by utilizing important information, thus
capturing the audio-visual semantic correlation. This audio-
visual semantic correlation can promote the final classifi-
cation performance. (2) We compare our method with the
other five continual learning methods. Our method achieves
the surpassing performance toward three evaluation metrics.
This phenomenon verifies that our TPR can make full use of
the temporal representations of different blocks to alleviate
the forgetting issue. Moreover, it also reflects that our pro-
posed method is suitable for multi-modal modeling. (3) Our
method is compared with two audio-visual continual learn-
ing methods proposed for general continual learning scenar-
ios without considering the overfitting issue encountered in
FSL. We can conclude that temporal-residual prompting for
audio-visual learning is an efficient module for ViT that can
adapt to new tasks with limited annotated data.

Results of Kinetics-Sound. The comparative study results
are presented in Fig. 3. The curve obtained by our methods
lies above all other curves, demonstrating that our method
exceeds other comparative approaches. Compared with fine-
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Modality Session ID PD↓ Average
Acc.1 2 3 4 5

Video 80.00 59.53 45.55 38.91 33.45 46.55 51.49
Audio 77.86 56.92 41.01 36.95 31.71 46.15 48.89

Video & Audio 90.71 73.87 65.07 54.44 50.51 40.20 66.92

Table 5: Unimodal learning with protocol-3 on AVE dataset.

tuning ViT, our method outperforms it by a large mar-
gin, illustrating the efficacy of our method in tackling the
FS-AVCIL task. Furthermore, it is worth noting that the
curve representing our method experiences a gentle down-
trend, which represents that our method can better alleviate
the overfitting issue resulting in less performance dropping.
When the task sequence becomes longer (e.g., protocol-3
and protocol-4), the performance suffers from fluctuation,
not only the downtrend. This may result from the modality
bias that is often encountered in multimodal learning. When
the modality bias occurs, the dominant modality affects the
learning status of another modality, thus leading to hard con-
vergence and bad performance.

Further Discussions on the Uni-Modal Learning
We implemented few-shot unimodal class-incremental
learning (i.e., audio classification and video classification.)
with the vanilla adapter-assembled ViT framework and
temporal prompt regularization. As shown in Tab. 5, our
framework for FS-AVCIL outperforms the vanilla adapter-
assembled ViT framework of unimodal learning towards
three evaluation indicators. This phenomenon demonstrates:
(1) the proposed TRP-AVA assembled into each vision trans-
former block can achieve effective fusion and capture the
audio-visual semantic correlation with limited annotated
data efficiently; (2) The proposed TPR can better memorize
this semantic correlation and it can better alleviate the for-
getting of previous knowledge than unimodal learning.

Ablation Studies
Efficacy of TRP-AVA. We present comparative results with
the configuration of removing TRP-AVA in each transformer
block in Tab. 6. There is a huge performance gap between
the results obtained with the framework with TRP-AVA and
without TRP-AVA. This phenomenon results from the ef-
ficient fine-tuning strategy of TRP-AVA. With the audio-
visual adapter assembled in ViT, We first transfer the knowl-
edge of pretrained ViT to our audio-visual classification
task, while leaving the parameters of TRP-AVA trainable to
capture the specific knowledge of our task. In TRP-AVA, the
temporal-residual prompting encodes temporal information
to assist the aggregation process for obtaining multi-modal
semantic correlations for specific classes.
Efficacy of TPR. The ablation results in Tab. 6 show that
the model suffers from a severe performance drop due to
the lack of a strategy for alleviating catastrophic forget-
ting. Compared with other methods of continual learning,
TPR first proposes to regulate the obtained shared temporal
prompt of audio and video and the regularization loss can

(a) (b)

Figure 4: Ablation on (a) the number of tokens and (b) the
residual operation in TRP-AVA. TP means only temporal to-
kens are used.

TRP-AVATPR Session ID PD↓ Average
Acc.1 2 3 4 5

% % 69.2930.2613.58 8.04 7.96 61.33 25.83
% ! 69.2940.2134.7526.2822.6046.69 38.63
! % 90.7165.8947.9537.5736.5754.14 55.74
! ! 90.7173.8765.0754.4450.5140.20 66.92

Table 6: Ablation on modules with protocol-3 of AVE.

better maintain this temporal information, which is signifi-
cant for audio-visual perception.
Impacts of the number of latent tokens. Two latent tokens
with a small number of trainable parameters are adopted as
the default setting due to the parameter-efficient purpose. We
present the results with 4 and 6 tokens in Fig. 4 (a). With 2
tokens, the performance of FS-AVCIL tasks can take more
advantage of our framework. This is because of the learning
setting with limited labeled data. Overfitting, as one of the
longstanding and widely-acknowledged issues that occurred
in few-shot learning, would become severe when there are
more trainable parameters in frameworks. Hence, 2 latent
tokens with a few extra trainable parameters are suitable for
our FS-AVCIL configuration.
Impacts of the residual operation in TRP-AVA. There is
the residual operation on latent tokens by adding the tokens
obtained by temporal-residual prompting, contributing to the
best performance shown in Fig. 4 (b). In temporal-residual
prompting, we capture the temporal information with audio
and video tokens, and latent tokens are introduced to balance
the contribution of temporal information and spatial infor-
mation to final multi-modal decisions.

Conclusion
This paper conducts Few-Shot Audio-Visual Class-
Incremental Learning (FS-AVCIL) for audio-visual
classification tasks, which involves continuously recogniz-
ing new categories using a small set of labeled examples.
We innovatively introduce two key components: TRP-AVA
and TPR. Extensive experiments on novel benchmarks
confirm its effectiveness.The former one enables adapters
to fine-tune effectively with limited data while capturing
temporal dynamics, and the latter one preserves previously
learned information.
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