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Abstract
Audio classification tasks typically assume a fixed number of
classes, which is often unrealistic in real-world applications
where the target class vocabulary is dynamic or unknown in ad-
vance. A significant challenge arises when models must adapt
to new classes incrementally, as this process is prone to catas-
trophic forgetting—a sharp decline in performance on previ-
ously learned classes, especially in data-scarce scenarios. While
dynamic network-based methods and prototype refinement-
based methods have been proposed to address these challenges,
they overlook two critical issues: (1) inadequate representation
of raw audio samples, which limits generalization, and (2) the
risk of overfitting, which limits adaptivity. In this paper, we pro-
pose Multi-View Fusion and Parameter Perturbation (MVF2P),
a novel framework that leverages the complementary learning
system to enhance generalizability and adaptivity within a uni-
fied incremental learning framework. MVF2P addresses the
limitations of existing methods by integrating multi-view learn-
ing to enrich feature representation and a parameter perturbation
mechanism to reduce overfitting. Extensive evaluations on two
widely-used audio datasets, NS-100 and LS-100, demonstrate
that MVF2P outperforms state-of-the-art methods in terms of
average accuracy and performance drop rate. Notably, MVF2P
not only mitigates catastrophic forgetting more effectively but
also enhances the model’s adaptability to new classes, making
it a robust solution for dynamic audio classification tasks.
Index Terms: incremental learning, few-shot learning, audio
classification, multi-view learning, parameter perturbation

1. Introduction
Audio classification aims to recognize distinct audio signals by
identifying their key patterns, serving as a fundamental com-
ponent of many audio-based tasks, such as audio scene clas-
sification [1], audio analysis [2], and video understanding [3].
Thanks to the powerful automatic feature extraction capabilities
of deep neural networks, data-driven audio classification meth-
ods have become the mainstream approach. Despite their suc-
cess, these methods face two significant limitations: (1) Depen-
dence on labeled data: Deep learning models require substan-
tial labeled data to effectively learn the key patterns in audio
signals. However, annotating audio data is expensive, making
it challenging to obtain sufficient labeled samples. (2) Fixed
vocabulary assumption: Existing methods typically assume a
fixed set of audio classes, conflicting with real-world scenarios
where new classes frequently emerge.

To reduce reliance on labeled data, few-shot learning [4]
has emerged as a promising paradigm in audio classification,
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enabling models to recognize new classes with only a small
number of labeled samples. Pons et al. [5] systematically eval-
uated mainstream few-shot learning methods, including naive
regularization, prototypical networks, transfer learning, and
their combinations, to enhance the use of limited training data.
Their results showed that metric-based prototypical networks
delivered the most promising performance. However, few-shot
learning methods have a critical limitation: they focus exclu-
sively on new classes during deployment and fail to retain
knowledge of the original training classes. This makes them
unsuitable for systems requiring consistent performance across
both old and new classes.

Incremental learning is a paradigm designed to enables sys-
tems to classify new classes while retaining knowledge of old
ones, addressing catastrophic forgetting [6]. This paradigm
aligns with the dynamic nature of real-world audio classifica-
tion, where new classes frequently emerge. Wang et al. [7]
introduced a generative replay strategy to synthesize training
data for old classes, mitigating catastrophic forgetting. Simi-
larly, Mulimani et al. [8] proposed a class-incremental frame-
work for multi-label audio classification, enabling learning of
new classes without forgetting old ones. However, these meth-
ods face two key challenges: (1) they require large amounts of
labeled data for new classes, and (2) they often need retraining
when new classes are introduced. These limitations make them
impractical for resource-constrained environments or domains
with scarce labeled data.

As an alternative, Few-Shot Class-Incremental Audio Clas-
sification (FCAC) [9] has been proposed to address these lim-
itations. FCAC combines the strengths of few-shot and in-
cremental learning, enabling models to recognize new classes
with limited audio samples. Wang et al. [10] pioneered dy-
namic network-based FCAC for audio classification, progres-
sively expanding a base classifier to incorporate novel classes.
Recent studies [11, 12, 13, 14] have further refined classifier
prototypes and enhanced their distinctiveness. However, these
methods overlook two critical issues: (1) inadequate represen-
tation of raw audio samples, which limits generalization, and
(2) potential overfitting. Specifically, they rely on log-mel spec-
trograms, which compress high-frequency information and lose
discriminative details. Additionally, feature extractors trained
on large base class datasets risk overfitting to base classes, hin-
dering adaptation to new classes.

In this paper, we propose Multi-View Fusion and
Parameter Perturbation (MVF2P), a novel framework that
leverages the complementary learning system (CLS) to en-
hance generalizability and adaptivity within a unified incremen-
tal learning framework. Specifically, we use multi-view learn-
ing to aggregate multiple hand-crafted features, enabling richer
representations of raw audio samples and mitigating the limi-
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Figure 1: The MVF2P framework comprises two key components: (A) Generalizability through Multi-View Learning and (B) Adaptivity
via Parameter Perturbation. First, a multi-view spectrogram fusion module aggregates log-mel and gammatone spectrograms to create
a richer representation of raw audio, enhancing model generalizability. Second, a parameter perturbation mechanism follows a
Gaussian probability density function and reduces overfitting by performing k times forward passes with perturbations, generating a
k ×B ×N0 matrix (where B is batch size and N0 is base session classes). Using the nuclear norm, uncertainty values are computed
to weight training losses for new samples, enabling targeted learning and improving adaptability.

tations of single-view approaches. Additionally, we introduce
a parameter-perturbation mechanism for the feature extractor,
which applies controlled perturbations during training to pre-
vent overfitting to base classes and ensure robust performance
on unseen data.

2. Method
2.1. Preliminary

FCAC represents a significant challenge in audio classification,
requiring models to learn incrementally from a stream of lim-
ited audio samples while balancing the retention of old knowl-
edge and the acquisition of new information. We assume T
training tasks (referred to as sessions), including one base ses-
sion (session 0) and T − 1 incremental sessions (sessions 1
to T − 1). Mathematically, the training data for each session
is denoted as D0,D1, . . . ,DT−1, where Di ∩ Dj = ∅ for
i ̸= j. For the i-th session’s training data Di, we represent it as
(Xi, Yi) = (xj , yj)

Ni
j=1, where xj ∈ RD is a training sample

belonging to class yj ∈ Yi, and Yi is the label space for session
i. During session i, only Di is used for training, and the trained
model is evaluated on all prior sessions, Yi = Y1∪Y2∪. . .∪Yi.
The base session dataset D0 is large-scale, with sufficient sam-
ples per classes for training. In contrast, dataset D1 to DT−1 are
small-scale and follow an N -way K-shot setup: each incremen-
tal session contains N classes, with only K samples per class.

This setup underscores the core challenge of FCAC: learning
effectively from extremely limited data while avoiding catas-
trophic forgetting of previously learned classes.

2.2. Generalizability through multi-view learning

Typically, FCAC methods rely on the log-mel spectrogram as
the sole input for model training. However, the log-mel spec-
trogram is generated using Mel-scale-based bandpass filters,
which are highly sensitive to low-frequency information but
compress high-frequency information. This inherent limitation
hinders performance in audio classification scenarios involving
high-frequency signals, such as instrumental sounds.

To address this, we propose a multi-view spectrogram fu-
sion module. While log-mel spectrograms excel at discriminat-
ing low-frequency information, we introduce gammatone spec-
trograms as a complementary view to capture high-frequency
details. Derived from a gammatone filter bank that mimics the
human cochlea’s frequency response, gammatone spectrograms
use frequency-selective filters to represent audio signal across
different bands, capturing fine-grained temporal and spectral in-
formation and mitigating high-frequency compression. Mathe-
matically, the fusion module is defined as:

Specf = α× log-mel + (1− α)× gammatone, (1)

where Specf donates the fused spectrogram, α is a learnable
parameter optimized during training.
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Table 1: Comparison Results from Various Methods on LS-100 Dataset.

Methods Venue Accuracy in various sessions(%) AA PD
Session 0(0-59) 1(60-64) 2(65-69) 3(70-74) 4(75-79) 5(80-84) 6(85-89) 7(90-94) 8(95-99) (%) (%)

Finetune
Base 92.02 72.90 37.03 28.12 20.75 14.45 5.70 3.23 0.27 30.50 91.75
Novel - 86.60 31.50 28.87 25.45 24.24 18.17 13.46 11.80 30.01 74.80
Both 92.02 73.95 36.24 28.27 21.93 17.33 9.86 7.00 4.88 32.39 87.14

iCaRL
CVPR
2017

Base 92.02 80.80 73.18 58.45 26.95 16.93 32.58 29.53 26.38 48.54 65.64
Novel - 58.00 67.10 57.40 20.05 16.48 30.33 26.83 28.95 38.14 29.05
Both 92.02 79.05 72.31 58.24 25.23 16.80 31.83 28.54 27.41 47.94 64.61

DFSL
ICASSP

2021

Base 91.93 91.93 91.88 91.85 91.83 91.86 91.85 91.85 91.84 91.87 0.09
Novel - 53.60 61.90 50.67 48.90 51.56 47.97 44.11 45.38 50.51 8.22
Both 91.93 88.97 87.60 83.61 81.11 80.01 77.22 74.26 73.25 81.99 18.68

CEC
CVPR
2023

Base 91.72 91.67 91.25 91.14 91.10 91.07 90.97 90.66 90.72 91.14 1.00
Novel - 86.30 82.76 69.67 68.25 67.06 66.03 60.35 60.05 70.06 26.25
Both 91.72 91.25 90.04 86.84 85.38 84.01 82.65 79.49 78.45 85.54 13.27

ARP
INTERSPEECH

2023

Base 92.35 92.22 91.85 91.66 91.60 91.56 91.47 91.43 91.31 91.72 1.04
Novel - 42.92 44.99 41.00 38.09 37.75 35.57 32.91 31.89 38.14 11.03
Both 92.35 88.43 85.16 81.53 78.22 75.73 72.84 69.87 67.54 79.07 24.81

META-SC
INTERSPEECH

2023

Base 92.75 92.73 92.28 92.29 92.28 92.29 92.25 90.54 90.54 91.99 2.21
Novel - 91.93 83.54 77.73 73.97 74.21 73.68 71.52 71.75 77.29 20.18
Both 92.75 92.67 91.03 89.37 87.70 86.97 86.06 83.53 83.02 88.12 9.73

PAN
TMM
2023

Base 91.83 91.47 91.38 91.27 91.21 91.20 90.92 90.50 90.12 91.10 1.71
Novel - 89.14 86.63 78.55 72.07 70.41 68.39 64.27 62.93 74.05 26.21
Both 91.83 91.29 90.70 88.73 86.42 85.09 83.41 80.84 79.24 86.39 12.59

Ours
Base 92.48 92.35 92.32 91.93 92.15 92.06 92.05 90.25 90.38 91.78 2.10
Novel – 95.60 88.90 80.33 80.60 81.88 78.73 77.20 77.20 82.56 18.40
Both 92.48 92.60 91.83 89.61 89.26 89.07 87.61 85.44 85.11 89.22 7.37

2.3. Adaptivity via parameter perturbation

In few-shot scenarios, base classes typically have abundant
training samples, while new classes introduced during the incre-
mental phase often have limited samples. This imbalance risks
overfitting: the model may over-learn base classes during the
base training phase, memorizing their features and losing adapt-
ability to new classes. Conversely, the scarcity of new class
samples may cause overfitting during the incremental phase,
leading to poor generalization on unseen test samples.

To address this, we design a loss adjustment mechanism
based on parameter perturbation. During training, we intro-
duce k perturbations to the model’s parameters, generating a
k×B×N0matrix, where B is the batch size and N0 is the num-
ber of base classes. Using the nuclear norm, we compute uncer-
tainty values from this matrix, reflecting the model’s prediction
confidence. These values assign importance weights to samples,
adjusting their contribution to the training loss. By prioritizing
high-uncertainty samples, the mechanism reduces overfitting to
base classes and enhances adaptability to new classes, ensuring
robust performance in dynamic environments.

3. Experiments
3.1. Datasets description

To evaluate the effectiveness of our proposed method, MVF2P,
we conduct experiments on two publicly available datasets:
Nsynth [15] and librispeech [16]. Nsynth is a large-scale, high-
quality dataset containing 305,979 monophonic music clips
from 1,006 instruments. Librispeech is a comprehensive En-
glish speech corpus with approximately 1,000 hours of labeled
audiobook recordings, widely used for speech processing tasks.
For our experiments, we use subsets from these datasets, labeled
NS-100 (from Nsynth) and LS-100 (from Librispeech).

3.2. Implementation details

Our implementation is divided into two phases: base session
and incremental session. The backbone of our method is a
ResNet18 network adapted as a feature extractor, combined
with a linear classifier. In base session, we train model for 200
epochs on a large-scale dataset D′. We extract and fuse log-mel
and the gammatone spectrogram from the raw audio samples
as described in Section 2.2, and encode the fused spectrogram
using the feature extractor to obtain a general feature represen-
tation. To enhance adaptivity, we set the parameter perturbation
count to 5. During incremental sessions, we refine the linear
classifier by mixing samples from new classes with prototypes
from old classes. Each session introduces N = 5 new classes,
with K = 5 samples per class. Both phases are optimized using
Stochastic Gradient Descent with a learning rate of 0.1. Finally,
model performance is evaluated using three metrics: Accuracy,
Average Accuracy (AA), and Performance Drop (PD).

3.3. Experimental results

In this part, we evaluated our approach MVF2P by comparing
it against seven competitive baseline methods: Finetune [17],
iCaRL [18], DFSL [10], CEC [19], FACT [20], CLOM [21],
DSN [22], LDC [23], ARP [12], META-SC [9], PAN [13]. To
ensure a fair and comprehensive comparison, we use a combi-
nation of results from reproduced open-source implementations
and metrics reported in the original papers as our baseline.

As presented in Table 1, MVF2P achieves the highest AA
scores on the LS-100 dataset, reaching 82.56% for novel classes
and 89.22% for both novel and base classes. These results rep-
resent significant improvements of 5.27% and 1.10%, respec-
tively, over the state-of-the-art method META-SC. Furthermore,
MVF2P demonstrates the lowest PD score of 7.37% for both
novel and base classes on the LS-100, outperforming all base-
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Table 2: Comparison Results from Various Methods on Nsynth-100 Dataset.

Methods Venue Accuracy in various session(%) AA PD
Session 0 1 2 3 4 5 6 7 8 9 (%) (%)

Finetune
Base 99.96 88.91 85.41 80.36 72.51 45.24 59.31 48.53 50.68 53.28 68.42 46.68
Novel - 38.75 30.25 36.96 37.54 28.95 27.24 22.30 20.58 19.00 29.06 19.75
Both 99.96 84.73 76.92 71.06 63.18 40.15 47.99 38.33 38.01 37.86 59.82 62.10

iCaRL
CVPR
2017

Base 99.98 98.42 99.25 98.40 94.56 82.36 85.09 80.59 75.78 74.53 88.90 25.45
Novel - 36.94 31.88 35.03 38.33 35.27 30.76 26.75 25.52 22.27 31.42 14.67
Both 99.98 93.30 88.88 84.82 79.57 67.65 65.92 59.65 54.62 51.01 74.54 48.97

DFSL
ICASSP

2021

Base 99.93 99.11 98.83 95.83 94.84 94.81 94.39 93.76 92.06 91.61 95.52 8.32
Novel - 57.01 55.57 59.89 59.35 56.46 52.29 50.94 52.57 52.49 55.17 4.52
Both 99.93 96.00 92.95 89.26 86.47 83.66 80.28 77.68 76.12 75.01 85.74 24.92

CEC
CVPR
2023

Base 99.96 99.87 99.90 99.29 99.24 99.30 99.26 99.24 99.20 99.23 99.45 0.73
Novel - 71.06 71.61 72.37 69.17 69.20 66.92 64.80 65.28 63.59 68.22 7.47
Both 99.96 97.47 95.56 93.52 91.22 89.90 87.85 85.84 84.92 83.19 90.94 16.77

ARP
INTERSPEECH

2023

Base 99.96 99.85 99.72 99.10 98.58 98.56 98.50 98.37 98.23 98.15 98.90 1.81
Novel - 52.99 59.92 66.25 67.62 68.41 63.54 60.05 60.35 57.12 61.81 -4.13
Both 99.96 95.95 93.60 92.06 90.32 89.14 86.16 83.47 82.28 79.69 89.26 20.27

META-SC
INTERSPEECH

2023

Base 99.98 98.05 98.01 95.08 93.44 94.09 92.98 92.79 91.75 91.60 94.78 8.38
Novel - 84.63 82.37 83.01 84.42 78.68 75.43 72.65 72.81 70.46 78.27 14.18
Both 99.98 96.93 95.60 92.50 91.03 89.27 86.78 84.96 83.77 82.09 90.29 17.89

PAN
TMM
2023

Base 99.95 98.11 97.85 95.10 94.39 94.63 94.06 93.99 93.06 92.76 95.39 7.19
Novel - 83.77 79.59 82.86 83.26 77.64 74.25 71.06 71.15 68.85 76.94 14.92
Both 99.95 96.92 95.04 92.48 91.42 89.32 87.07 85.07 83.83 82.00 90.31 17.95

Ours
Base 99.98 97.51 97.15 95.75 94.22 94.51 93.66 94.27 92.64 92.13 95.18 7.85
Novel - 90.80 80.30 82.73 85.30 78.68 79.87 76.43 76.08 72.82 80.33 17.98
Both 99.98 96.95 94.55 92.96 91.84 89.56 88.79 87.33 85.66 83.44 91.11 16.54

Table 3: Ablation Study of different components in MVF2P

No. Component AA PD
Multi-view Learning Parameter Perturbation Novel (%) Both (%) Novel (%) Both (%)

① 77.41 88.39 14.20 9.28
② 80.52 88.80 16.52 8.39
③ 82.56 89.22 18.40 7.37

line methods. Additionally, MVF2P consistently achieves su-
perior or comparable results across all training sessions, includ-
ing base classes, novel classes, and their combination. These
results highlight our method’s strong capability to balance gen-
eralizability and adaptivity.

To further validate the effectiveness of our method, we con-
ducted experiments on NS-100, with results presented in Ta-
ble 2. Our approach consistently exhibits superior performance
for novel classes and both novel and base classes across almost
all training sessions, aligning with the trends observed on LS-
100. Notably, while CEC achieves the highest accuracy for base
classes, it exhibits limited adaptability to novel classes. In con-
trast, our method not only ranks among the top three for base
classes but also achieves significant improvements for novel
classes and their combination with base classes.

3.4. Ablation study

To evaluate the effectiveness of MVF2P’s key components, we
conducted an ablation study on LS-100. As detailed in Sec-
tion 2, our approach includes two core components: Generaliz-
ability through multi-view learning and Adaptivity via parame-
ter perturbation. The results of incrementally adding these com-
ponents, shown in Table 3, demonstrate that each contributes
to improved AA and reduced PD. The multi-view learning en-
riches feature representation by combining log-mel and gam-
matone spectrograms, while the parameter perturbation reduces
overfitting by introducing controlled noise during training. To-
gether, these components enable the model to better balance re-
taining old knowledge and acquiring new information, resulting
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Figure 2: Confusion matrix of the last incremental session ob-
tained by Finetune, META-SC, and Ours method on the LS-100.

in robust performance in incremental learning scenarios.

3.5. Further analysis

To further evaluate the performance of our method across dif-
ferent classes, we conducted an error rate analysis. Specifically,
after completing training for final incremental session on LS-
100, we used the trained model to classify all audio classes and
calculated the accuracy for each class. We compared our ap-
proach with Finetune and the state-of-the-art baseline META-
SC. As illustrated in Figure 2, our method not only achieved the
highest overall performance but also consistently outperformed
the existing baselines across every individual class.

4. Conclusion
In this paper, we propose Multi-View Fusion and Parameter
Perturbation (MVF2P), a novel framework that leverages the
complementary learning system to enhance generalizability
and adaptivity within a unified incremental learning frame-
work. MVF2P integrates two core components: Generalizabil-
ity through multi-view learning and Adaptivity via parameter
perturbation. Experimental results demonstrate the effective-
ness of our method in balancing generalizability and adaptivity,
achieving robust performance in incremental learning scenarios.
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