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Abstract
Class-Incremental Learning (CIL) aims to con-
tinuously learn new classes without forgetting
previously acquired knowledge. While recent
CIL advances have spurred significant interest
across various modalities, the audio-visual setting
remains underexplored. Furthermore, although
foundational multimodal models like SAM-Audio
encapsulate rich static priors, our empirical anal-
ysis reveals that these representations struggle in
incremental settings. This work bridges this gap
by integrating SAM-Audio’s audio-visual priors
into the CIL setting. Specifically, we leverage
its dense audio and visual representations and
employ a novel guided attention strategy where
the audio features contextually guide the visual
representations. To further mitigate catastrophic
forgetting, we introduce dual-level distillation ob-
jectives at both the feature and logit levels. Exten-
sive evaluations on audio-visual CIL benchmarks
demonstrate that our approach consistently out-
performs state-of-the-art methods.

1. Introduction
Class-Incremental Learning (CIL) aims to learn new classes
incrementally without forgetting the previously learned ones.
Prior works have leveraged different strategies including
knowledge distillation (Castro et al., 2018; Dhar et al., 2019;
Douillard et al., 2020), adapter-based (He et al., 2025; Wang
et al., 2025), data/memory-replay (Qi et al., 2025; Channap-
payya et al., 2023; Chen et al., 2023), etc. The CIL setting is
widely used across diverse practical applications, including
robotics (Yao et al., 2025), autonomous driving, and medi-
cal imaging (Yi et al., 2025), where learnable systems must
adapt to new objects or diseases without retraining from
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Figure 1. Overview of our proposed setting on the AVE dataset. (a)
We present the four approaches: i only visual modality; ii only
audio modality; iii both modalities fused naively (baseline); iv
our proposed approach with guided attention-based fusion. (b) The
superior performance of our method over individual modalities
and the baseline underscores the necessity of coupling multimodal
representations with guided attention for robust class-incremental
learning.

scratch. Despite significant advances, understanding class-
incremental learning in foundational multimodal learning
remains limited.

Foundational models (Radford et al., 2021; Achiam et al.,
2023; Abdin et al., 2024; Kirillov et al., 2023) are large-
scale models pre-trained on vast, diverse datasets to act
as a general-purpose base for various downstream applica-
tions. They have shown great advancements in low-level
vision tasks (Yadav et al., 2025b), virtual assistants (Ku-
mar et al., 2025), autonomous driving (Guan et al., 2024),
medical imaging (Azad et al., 2023), etc. Multimodal learn-
ing focuses on targeting two or more different modalities,
from language, vision, and audio, to interact and provide a
better understanding of the scene. Recent works in vision-
language continual models (Jha et al., 2024; Cao et al., 2024)
have focused on recognizing new classes while retaining
strong, pre-trained capabilities. Similarly, in audio-visual
modalities, some methods (Pian et al., 2023; 2024; Hong
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et al., 2025) target to fuse both audio and visual feature
representations to understand the scene in an incremental
setting. However, these representations are extracted from
separate encoders and require an additional strategy to align
them in a common space. To address that, we propose
leveraging SAM-Audio (Shi et al., 2025), a foundational
multimodal model that already has this innate ability due to
its pre-training.

To assess the robustness of SAM-Audio’s multimodal repre-
sentational space in the incremental setting, we conduct a
preliminary empirical analysis of its audio and visual fea-
tures. We compare four distinct configurations, as illustrated
in Fig. 1(a): i unimodal visual features; ii unimodal audio
features; iii a baseline utilizing naive audio-visual fusion;
iv our proposed guided attention-based fusion; The em-
pirical results in Fig. 1(b) reveal that relying on isolated
unimodal representations yields severe performance degra-
dation across successive incremental tasks. Crucially, the
naive fusion baseline fails to mitigate catastrophic forgetting,
resulting in suboptimal overall accuracy. These findings
demonstrate that simply leveraging individual modalities or
employing naive fusion strategies are insufficient for CIL.

To address these limitations, we introduce a guided strategy
designed to leverage SAM-Audio’s frozen representations
for CIL. While large multimodal foundation models en-
capsulate rich audio-visual priors, our approach effectively
leverages these static latent spaces to sequential learning
tasks. Specifically, we extract features from the frozen SAM-
Audio’s audio and visual encoders and process them through
a guided attention mechanism. In this module, audio repre-
sentations serve as a contextual signal to guide the visual
features toward precise target predictions. To further mit-
igate catastrophic forgetting, we employ strict knowledge
distillation objectives at both the feature and logit levels.
This ensures that the topology of previously learned multi-
modal alignments is preserved as new classes are introduced.
As shown in Fig. 1(b), our proposed approach consistently
outperforms the baselines across all incremental tasks. We
summarize our key contributions as follows: 1 We propose
a novel, efficient paradigm for adapting large-scale, pre-
trained audio-visual foundation models (specifically SAM-
Audio) to the challenging class-incremental learning setting,
bypassing the need for computationally expensive full fine-
tuning. 2 We introduce a specialized guided attention
mechanism that leverages dense audio representations as a
conditioning signal to dynamically adapt visual features for
sequential semantic prediction. 3 To explicitly mitigate
catastrophic forgetting, we formulate a robust distillation ob-
jective operating at both the feature and logit levels, ensuring
the preservation of previously learned classes as new classes
are introduced. 4 Extensive experiments demonstrate that
our proposed framework significantly outperforms existing
state-of-the-art methods across standard benchmarks.

2. Proposed Method
2.1. Overview

The objective is to leverage the dense representations of the
foundational multimodal model, SAM-Audio, and strate-
gically adapt to new, unknown classes in an incremental
setting while avoiding forgetting previously learned ones.
The incremental setting is structured as a sequence of tasks
t ∈ {0, 1, ..., T}. Each task t provides a distinct set of
classesCt. Following (Pian et al., 2023), the training dataset
for the task t includes D′

t = Dt∪Mt−1, where Dt includes
all the samples from current task while Mt−1 comprises
exemplar samples from the previous task. These exemplar
samples are randomly selected from all tasks up to t − 1.
Each sample consists of a video sample x and its corre-
sponding label y.

Our proposed approach is divided into three major compo-
nents: (a) Multimodal Feature Extractor, that extracts the
audio-visual features from multimodal encoder (Shi et al.,
2025); (b) Guided Attention Mechanism, that fuses the ex-
tracted audio and visual features using transformer-based
attention and provides sample-specific multimodal compos-
ite features; and (c) Classifier, that finally predicts the logits
from the multimodal features. The overview of our proposed
architecture is visualized in Fig. 2.

2.2. SAM-Audio as the Backbone

As mentioned before, the objective of our proposed ap-
proach is to leverage the learned representations of SAM-
Audio for the incremental setting. Hence, we use the SAM-
Audio as the backbone for both audio and visual modality.
The video encoder of the SAM-Audio is trained on over 100
million videos. We also leverage the SAM-Audio’s audio
encoder. The audio encoder is based on the DAC-like au-
toencoder structure with a Variational Autoencoder (VAE)
bottleneck layer. The audio is encoded into a sequence at
25 Hz. Similar to the video encoder, we keep the weight of
the pretrained audio encoder frozen as well.

Given an input video sample x, we extract the video
frames and audio signal (x = {xv, xa}) where, xv ∈
RTv×C×H×W and audio signal xa ∈ Rk. We use the visual
ψv and audio ψa encoder to generate the corresponding vi-
sual features fv ∈ RTv×d and audio features fa ∈ RTa×d

as: fv = ψv(xv); and fa = ψa(xa), respectively.

Here, Ta and Tv are the audio chunks and visual frames,
respectively. C, H , and W are the number of channels, the
height, and the width of each frame, respectively. d repre-
sents the hidden dimension. These extracted features are
passed through the transformer-based attention mechanism
to leverage the audio representation for video classification.
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Figure 2. [Left] The overall architecture. At current task t, audio (fa) and visual (fv) representations are derived from audio signal
(xa) and video frames (xv) using frozen audio (ψa) and visual (ψv) encoders, respectively of the SAM-Audio. These audio and frame
embeddings are fused by a guided attention mechanism. The final video representations (f ′

v) are passed through the classifier for precise
class prediction. The model is trained using Lce (for class prediction), Lfd (distillation at feature level), and Lkd (distillation at logits
level). [Right] The guided attention mechanism, comprising a combination of multi-headed cross attention and multi-headed self attention,
takes the audio representations and provides spatial and semantic guidance to the visual representation for precise class prediction.

2.3. Guided Attention Mechanism

The audio and visual embeddings from multimodal encoders
provide robust and aligned information about the corre-
sponding inputs. To effectively integrate these embeddings,
inspired by (Jeong et al., 2025), we leverage a guided atten-
tion mechanism. This transformer-based attention provides
effective guidance from audio, thus enhancing the visual
content. The guided attention, visualized in Fig. 2[Right],
consists of an attention block with a Multi-Head Attention
(MHA) and a Feed-Forward Network (FFN) to blend the
audio and frame representations. This is followed by Multi-
Head Self-Attention (MHSA) and a Feed-Forward Network
(FFN) for the representation refinement.

In particular, the attention block takes the audio fa and
frame fv representations as input and fuses them together
by MHA. This process is formulated as:

z = MHA(LN(fv),LN(fa)) + fv;

z = FFN1(LN(z)) + z
(1)

where LN denotes the layer normalization. The output
representation z is refined to enhance overall visual qual-
ity. Specifically, z is passed through the Multi-Head Self-
Attention (MHSA) module followed by another FFN to
produce the refined visual representation f ′v. The refining
process is formulated as:

z̃ = MHSA(LN(z)) + z;

f ′v = FFN2(LN(z̃)) + z̃
(2)

2.4. Objective Function

Our proposed strategy employs task-separated cross-
entropy Lce for the class-incremental learning, which also

prevents the prediction of old classes from being updated
by learning new classes. The loss is formulated as:

Lce =

Ct∑
i=1

yi log(ŷi) (3)

where ŷi, and yi denotes the predicted and ground-truth
labels respectively. Also, we use the feature distillation loss
Lfd between the attended visual features of the current and
the previous task (on the exemplar samples Mt−1) to teach
f ′v,t to mimic f ′v,t−1. It is formulated as:

Lfd = ||f ′v,t − f ′v,t−1||2 (4)

The last part of our final objective function is the task-wise
knowledge distillation Lkd, where we evaluate the Kullback-
Leibler (KL) divergence between the logits of classes in
the current (ŷCs

t ) and previous (ŷCs
t−1) tasks which helps

preserve past knowledge and prevent the learned knowledge
from being biased by other tasks.

Lkd =

t∑
s=1

KL(ŷCs
t ||ŷCs

t−1) (5)

To sum it up, our overall objective function is formulated
as: Ltot = Lce + Lfd + Lkd

3. Experiments
3.1. Experimental Details

Datasets: For fair comparison, following (Pian et al.,
2023), we evaluate our proposed approach on AVE-Class-
Incremental (AVE-CI) dataset which comprises 4K+ videos
covering 28 audio-visual event classes that are uniformly
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distributed into 4 incremental tasks, with 7 classes each; and
VGGSound100-Class-Incremental (VS100-CI) dataset with
100 classes and 60K samples that are distributed into 10
incremental tasks, with 10 classes in each.
Evaluation Metrics: We evaluate the performance of our
approach with Mean Accuracy:

MeanAcc =
1

T

T∑
t=1

at (6)

where at is the testing accuracy of all seen classes after
completing the training on the current task t.

We also evaluate the average forgetting to measure the extent
of catastrophic forgetting over previously learned tasks:

AvgForgetting =
1

T − 1

T∑
t=2

Ft

Ft =
1

t− 1

t−1∑
i=1

max
k∈{i,...,t−1}

(ak,i − at,i)

(7)

where ak,i is the testing accuracy of the i-th task after train-
ing on the k-th task.
Implementation Details: We leverage the foundational
SAM-Audio for the audio and visual encoder. We freeze the
pre-trained visual and audio encoders during training and
fine-tune the rest of the model (audio-guided attention and
the classifier). We use the SGD optimizer with a learning
rate of 5e-5 and a weight decay of 1e-4, and use Cosine
Annealing for the learning rate decay. For the AVE-CI and
VS100-CI datasets, we set the maximum number of training
epochs per incremental step to 200.
Table 1. Comparison of our proposed approach with current state-
of-the-art methods. Bold denotes the best results.

Methods AVE-CI VS100-CI

Mean Acc.↑ Avg. Forgetting↓ Mean Acc.↑ Avg. Forgetting↓
Fine-tuning 42.40 70.99 26.21 89.37
LwF (Li & Hoiem, 2018) 58.07 26.90 59.34 23.01
iCaRL-NME (Rebuffi et al., 2017) 56.15 11.71 56.19 12.80
iCaRL-FC (Rebuffi et al., 2017) 65.88 26.08 64.22 29.94
SS-IL (Ahn et al., 2021) 61.94 22.49 69.20 9.75
AFC-NME (Kang et al., 2022) 68.46 14.18 61.41 23.30
AFC-LSC (Kang et al., 2022) 65.21 28.11 57.76 29.64
AV-CIL (Pian et al., 2023) 74.04 7.63 72.80 5.49

Ours 88.72 2.14 79.64 0.34

3.2. Results and Analysis:

In this section, we compare our proposed approach for
audio-visual CIL with the current state of the art. The
results are illustrated in Table 1. From the table, we observe
that our proposed approach surpasses the previous works
by a significant margin. Particularly, on the AVE-CI
dataset, our approach consistently outperforms previous
state-of-the-art (Pian et al., 2023) in both mean test
accuracy and average forgetting. Similar performance gains
are observed on VS100-CI, highlighting the robustness of
our method across benchmarks.

3.3. Ablation Studies

Effectiveness of loss functions. In Table 2, we demonstrate
the effectiveness of our individual loss functions on the
AVE-CI dataset. We observe that removing both the feature
(Lfd) and knowledge distillation (Lkd) losses results in poor
test accuracy and further increases the risk of forgetting. To
identify the individual contribution of both distillation-based
losses, we remove Lfd and Lkd separately. We observe that
including only Lkd improves performance, and including
Lfd demonstrates negative forgetting, indicating that the
model does not actually forget prior knowledge. Hence,
both losses play an important role in enhancing overall
performance and mitigating catastrophic forgetting.

Table 2. Ablation study to an-
alyze the effectiveness of loss
components and guided atten-
tion. Bold denotes the best re-
sults.

Guided Lce Lkd Lfd Mean Avg.
Attention Acc.↑ Forgetting↓

✗ ✓ ✓ ✗ 21.45 12.58
✓ ✓ ✗ ✗ 87.26 4.30
✓ ✓ ✓ ✗ 87.34 2.29
✓ ✓ ✗ ✓ 87.79 -1.32

✓ ✓ ✓ ✓ 88.72 2.14

Table 3. Ablation study to an-
alyze the effectiveness of indi-
vidual modality on AVE dataset.
Bold denotes the best results.

Modality Mean Acc.↑ Avg. Forgetting↓
Audio Video

✓ ✗ 34.21 11.30
✗ ✓ 43.50 5.66

✓ ✓ 88.72 2.14

Effectiveness of individual modality. In Table 3, we per-
form another study to analyze the effectiveness of both
audio and visual modalities in the class-incremental set-
ting. We observe that using both modalities significantly
improves performance and reduces forgetting compared to
using either modality alone. Furthermore, we see some im-
provement when using only the visual modality over audio,
both in accuracy and in forgetting; however, the individual
modalities do not keep up with our approach. The per-step
test accuracy of individual audio and visual modality is also
visualized in Fig. 1(b). Additional analysis and ablation
studies are provided in the Appendix.

4. Conclusion
In this work, we explore the task of continual learning using
foundational multimodal models to effectively learn new
visual classes with audio guidance, without catastrophically
forgetting previously learned knowledge. To address the
proposed problem, we leverage the dense representations
of the foundational multimodal model, SAM-Audio. Fur-
thermore, we propose an audio-guided transformer-based
attention mechanism. Finally, we utilize knowledge distilla-
tion at the task and feature levels to retain prior knowledge.
Experiments on benchmark datasets show that our approach
outperforms the current state-of-the-art methods by a signif-
icant margin. Given the significant performance improve-
ment from SAM-Audio, we plan to generalize our proposed
approach to other foundational multimodal models as future
work.
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A. Related Works
Class-Incremental Learning. The task of Class-
Incremental Learning (CIL) targets to learn new classes
continuously while preserving knowledge of previously
learned classes (Jung et al., 2020; Hou et al., 2019; Kang
et al., 2022; Wang et al., 2022). Several strategies have
been adopted to overcome catastrophic forgetting and retain
previously learned knowledge. Parameter regularization-
based methods (Ahn et al., 2019; Benjamin et al., 2018;
Chaudhry et al., 2018a) aim to estimate the importance of
different parameters of the model and allocate them with
different weights to indicate their importance. Knowledge
distillation-based methods (Castro et al., 2018; Dhar et al.,
2019; Douillard et al., 2020) help the model preserve previ-
ously learned knowledge across incremental steps by mini-
mizing the Kullback-Leibler divergence between the output
probability distributions of the previous and current mod-
els. Exemplar/Memory Replay-based methods (Ahn et al.,
2021; Chaudhry et al., 2018b; 2019; Channappayya et al.,
2023; Chen et al., 2023) assume that a small size of mem-
ory is accessible to store examples from old tasks/classes.
Architecture-based methods (Golkar et al., 2019; Hung et al.,
2019; Li et al., 2019) hold incremental modules to increase
the capacity of the model to handle new tasks/classes.
Foundational Multimodal Learning. Multimodal foun-
dation models (Radford et al., 2021; Achiam et al., 2023;
Abdin et al., 2024) have demonstrated remarkable efficacy
across diverse applications—ranging from low-level vision
tasks (Yadav et al., 2025a; Zhang et al., 2024; Wu et al.,
2024) and image recognition (Zhang et al., 2025) to cross-
modal retrieval (Wang et al., 2024) and agent-based reason-
ing (Sun et al., 2025)—by aligning and binding different
modalities within a joint embedding space. Benefiting from
large-scale pretraining, these architectures excel at captur-
ing complex cross-modal semantic associations. A promi-
nent example is the Segment Anything Model for Audio
(SAM-Audio) (Shi et al., 2025), which leverages advanced
latent spaces to unify audio, visual, and textual modalities
for prompt-driven sound separation. However, while such
models exhibit strong generalization capabilities, they face
severe limitations in dynamic environments that necessi-
tate continual adaptation. Specifically, in the challenging
setting of CIL, these models remain highly susceptible to
catastrophic forgetting (shown in Fig 1). Our objective is
to harness the robust multimodal priors embedded in SAM-
Audio and adapt its architecture to enable scalable, resilient
class-incremental learning.

B. Additional Results and Analysis
In Fig. 3, we comparatively analyze the test accuracy of the
proposed approach with AV-CIL (Pian et al., 2023) on AVE-
CI and VS100-CI at individual incremental steps. From the

AVE-CI Dataset VS100-CI Dataset

Figure 3. Performance (test accuracy) comparison with AV-
CIL (Pian et al., 2023). [Left] Individual task performance for
AVE-CI dataset on 4 incremental tasks. [Right] Individual task
performance for VS100-CI dataset on 10 incremental tasks.

plots, we observe that our proposed approach consistently
outperforms AV-CIL across all the incremental tasks in both
benchmark datasets.

To further assess the robustness of our proposed approach,
we perform an additional experiment on different class-
incremental tasks. Following (Pian et al., 2023), we provide
a new task setting with 4 distinct classes in each task, mak-
ing a total of 7 tasks. This setting makes the problem more
challenging with more sequential steps. As observed in Ta-
ble 4, our proposed approach outperforms previous methods
by a significant margin. Crucially, we observe a small drop
in test accuracy compared to the traditional 4-step setting.
We find that this drop is mainly due to an increase in the
number of incremental steps.

C. Additional Ablation Studies
Importance of Guided Attention. While SAM-Audio
provides a strong foundational model with highly dense
representations, naively fusing its audio and visual modali-
ties fails to adapt effectively in a class-incremental scenario.
This simplistic fusion not only restricts overall accuracy
but also triggers severe catastrophic forgetting as new tasks
are introduced. The empirical vulnerability of naive fu-
sion is demonstrated in Table 2 [row 1], which highlights
a rapid deterioration of previously acquired concepts. To
circumvent this, we employ our proposed guided attention
alongside auxiliary feature-level distillation losses to pre-
serve and integrate knowledge. The inclusion of guided
attention significantly bolsters performance and stabilizes
the model against forgetting [row 5]. The corresponding
task-wise accuracy for this ablation is further visualized in
Fig. 1(b).
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Table 4. Comparison of our proposed approach with previous methods under different class-incremental settings on AVE-CI dataset. Bold
denotes the best test accuracy (higher is better).

Settings Fine-tuning LwF iCaRL-NME iCaRL-FC SS-IL AFC-NME AFC-LSC AV-CIL Ours
(Li & Hoiem, 2018) (Rebuffi et al., 2017) (Rebuffi et al., 2017) (Ahn et al., 2021) (Kang et al., 2022) (Kang et al., 2022) (Pian et al., 2023)

7 classes × 4 steps 42.40 58.07 56.15 65.88 61.94 68.46 65.21 74.04 88.72
4 classes × 7 steps 37.54 50.25 60.02 65.50 65.29 68.61 61.93 71.76 86.36
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