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Abstract

Audio analysis is used in many real-world applications, but most methods assume a fixed data distribution. In practice,
data can shift over time due to changes in distribution or the appearance of new classes, reducing model perfor-
mance. Traditional deep learning models fail to adapt, making continual learning (CL) crucial. While some studies
explore CL for audio, they mainly focus on a class-incremental scenario and largely ignore a domain-incremental
scenario. In applications such as anomaly detection and monitoring, domain incremental scenarios are prevalent. To
the best of our knowledge, no existing comprehensive benchmark for audio data supports both domain-incremental
and class-incremental learning scenarios. To bridge this gap, we have curated a benchmark using the DCASE data-
set (2020-2023) that properly considers both scenarios. Previous works have primarily explored anomaly detection
approaches where new classes are treated as anomalies. Our work complements these approaches by examining
anomaly detection within established classes, which is crucial for audio applications involving rare or unexpected
sounds within known classes. We use the proposed dataset to compare regularization-based (EWC, LwF, and SI)

and rehearsal-based (GEM, A-GEM, GDumb, Replay, DER++, and Co?l) CL approaches, as well as non-CL approaches
(Naive, Cumulative, and Joint training). We evaluate multiple metrics such as accuracy, forward transfer, and backward
transfer using two popular backbones: ResNet50 and ViT. The key findings show that Replay outperforms other CL
methods, achieving up to 76.53% (domain) and 99.51% (class) accuracy with ViT, and 70.12% (domain) and 96.98%
(class) accuracy with ResNet50. The study is very beneficial for researchers and practitioners working in the area

of audio analysis for developing adaptive models.

Keywords Machine monitoring, Audio data, Data shift, Continual learning

1 Introduction

Audio plays an important role in machine learning and
deep learning applications, contributing to various tasks
such as event detection [1], speech recognition [2], audio
surveillance [3], sound classification [4], audio signal pro-
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cessing [5], music generation, and environmental sound
analysis. Audio-based monitoring offers distinct advan-
tages such as low-cost deployment, non-invasiveness,
remote operation, and the ability to capture rich con-
textual information [6-8]. With advancements in sen-
sor technologies and the widespread availability of audio
data, audio-based monitoring has become increasingly
prevalent across various domains, including public sur-
veillance, environmental sound monitoring, wildlife
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conservation, and healthcare. Traditional audio analysis
models follow one-time training with all available data
and employ the trained model for all future inferences.
The assumption of prior availability of all the data to
train a deep model is not practical. Data usually comes
over time in real-world environments, and the model
needs to be updated with the new batch of data [9-11].
However, as deep learning models learn new concepts
from newly available data, they tend to forget past learn-
ing and therefore perform poorly on past data, leading
to a phenomenon known as catastrophic forgetting [12,
13]. To mitigate the effect of catastrophic forgetting, a
human-like lifelong learning paradigm, popularly termed
as Continual Learning (CL), is gaining major attention
recently. CL offers to acquire new skills and accumulate
knowledge over time, minimizing the risk of forgetting
previously learned experiences. Consequently, several CL
strategies have been proposed in various research fields,
including object detection [14], medical image analysis
[15-18], robotics [19], audio analysis [20-31], etc.

Particularly, in the audio domain, CL becomes per-
tinent due to the streaming and dynamically evolving
nature of sound environments. By continuously updating
the deployed model with new audio samples, a CL strat-
egy can be leveraged to recognize and classify new audio
events, adapt to new acoustic conditions, and generalize
across different audio contexts. CL has been exploited in
audio applications including audio analysis/classification
[20-24], sound event detection [25, 26], audio captioning
[27], audio-visual learning [28, 29], fake audio detection
[30], speech recognition [31], etc.

However, efforts to adopt CL strategies in audio moni-
toring applications, such as anomaly detection, are still
less explored. As shown in Table 2, most existing works
focus on audio classification, whereas relatively few
address anomaly detection. Even in the case of Zhou et al.
[32], who use the anomaly dataset from the DCASE2020
task-2 challenge, drift is modeled as a change of machine
type, an assumption that does not reflect the gradual and
realistic distribution shifts observed in practice. This gap
motivates our work.

In this paper, we characterize CL techniques for audio
analysis with a case study of audio-based monitoring.
For this application, we curated a sequential dataset in
“domain-shift” as well as “new-class” situations with
different CL scenarios using data from DCASE chal-
lenges', where we considered naturally occurring drifts
such as weather conditions, machine load over time, etc.
To the best of our knowledge, this is the first curated
audio dataset that enables systematic evaluation of both
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domain-incremental and class-incremental scenarios for
audio anomaly detection within a unified framework.
Further, we identify and benchmark popular CL strate-
gies for audio-based monitoring application including
EWC [33], SI [34], LwF [35], GEM [36], A-GEM [37],
GDumb [38], Replay [39], DER++ [40], and Co?L [41].
We also studied the non-CL strategies, such as Naive,
Cumulative, and Joint training. We conduct a thorough
analysis of the performance and examine how well cata-
strophic forgetting is controlled by these CL strategies
in different dynamically changing audio environment
settings.
The major contributions of this paper are as follows:

+ We have given a systematic evaluation framework
comparing two widely used CL strategies, regulariza-
tion-based and rehearsal-based, namely, EWC, LwF,
SI, GEM, A-GEM, GDumb, Replay, DER++, and
Co?L using multiple metrics such as average accu-
racy, backward transfer, and forward transfer across
two CL scenarios with two backbones: ResNet50 and
ViT.

+ We propose comprehensive CL datasets for both
domain-incremental and class-incremental scenarios
using publicly available DCASE challenge data from
2020 to 2023 for audio-based monitoring tasks.

The rest of the paper is structured as follows. Section 2
gives an overview of CL, including popular scenarios,
techniques, and related literature in audio analysis. Sec-
tion 3 presents the frequently benchmarked CL and non-
CL baselines. Section 4 includes a detailed description of
the curated CL datasets. Section 5 outlines the experi-
mental setup and results. Section 6 includes the discus-
sion, limitations, and future directions, followed by a
conclusion in Sect. 7.

2 Continual learning

CL is a rapidly emerging research direction to miti-
gate catastrophic forgetting and mimic the human way
of learning in deep neural networks [42]. It refers to
the learning strategy in which a machine continuously
accumulates knowledge from the incoming data. Unlike
traditional deep learning, where the complete data is
accessible for training at the start, in CL, the data comes
sequentially, in discrete stages, commonly referred to as
“episodes”. CL allows the acquisition of new knowledge
while retaining the existing knowledge. However, there
is a tradeoff between how well a model can retain past
knowledge and learn new things. It is called the stability-
plasticity dilemma [43]. The plasticity shows the ability of
the model to learn new episodes, and the stability refers
to maintaining the performance of previously learned
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episodes upon learning new concepts [44]. Efforts to
increase either of them hinder the other, and vice versa
[45]. The preference for either plasticity or stability also
depends on the targeted application.

Various CL strategies have been formulated in the lit-
erature to mitigate forgetting and facilitate knowledge
accumulation. Figure 1 gives an overview of broader
modules of the CL pipeline, including CL scenario, CL
data stream, CL strategy, evaluation scheme, and finally,
comparable methods. Depending upon what kind of
change is expected in data, i.e., new class, new instances,
shifted distribution, entirely new episode, etc., there can
be various settings, also known as CL scenarios. Once the
possible change in data is identified for the application,
a dataset stream containing multiple episodes, each hav-
ing a train and test split, is prepared. Then, a suitable CL
strategy from various categories is employed in the deep
model to prevent a drop in performance on past episodes
upon learning new episodes. Lastly, the effectiveness of a
particular CL strategy is analyzed against other CL and
non-CL strategies with the help of specifically designed

Data Incremental | | Domain Incremental

Class Incremental Task Incremental
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metrics to measure forgetting and knowledge transfer.
The subsequent sections discuss the major CL scenarios,
strategies, and relevant literature for audio analysis.

2.1 Continual learning scenarios
In CL literature, a “scenario” refers to the specific man-
ner in which new episodes are presented to the model
over time. It defines the learning conditions, simulat-
ing real-world settings where new information arrives
sequentially. In audio-based monitoring, particularly for
anomaly detection, two situations are most common: (i)
new samples from existing classes, potentially with distri-
bution shifts, and (ii) entirely new intruder/event classes.
While CL research has proposed several distinct scenar-
ios across different applications [11], we briefly review
them in general; however, as the audio literature has pre-
dominantly explored only the two scenarios mentioned
above, our dataset design and experiments focus primar-
ily on these. The two major CL scenarios are summarized
in Table 1.
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Fig. 1 Overview of a continual learning pipeline. This figure shows the available broader types of CL scenarios, the data preparation for a given
CL scenario in subsets called episodes, broad categories of CL strategies based on literature, the well-known metrics used to evaluate
the performances in a CL setting, and different aspects of comparative analysis

Table 1 Description of major continual learning scenarios in audio applications

Summary

Scenario Abbreviation
Domain-incremental DI
Class-incremental cl

Each episode contains new data distribution with the same classes per epi-
sode, episode ID is not provided

Each episode contains a new set of classes per episode, episode ID is inferred
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2.1.1 Domain-incremental scenario

Domain-incremental (DI) scenario deals with situa-
tions where the application remains the same, but the
context or the information presented changes over time
due to the non-stationary environment. Here, the data
distribution changes, but the classes remain the same
for all subsequent episodes. The DI scenario [46] allows
us to continuously update the model with new streams
of data from shifted distributions. Examples of various
shift sources in monitoring include variations due to
weather, seasons, geo-location, surrounding noise levels
across the day, etc.

2.1.2 Class-incremental scenario

The class-incremental (CI) scenario [47] involves a sin-
gle, continuously evolving application across subse-
quent episodes. In this setting, the model is progressively
extended to recognize previously unseen classes as new
data streams become available. Typically, the classes in
different episodes are disjoint, meaning the knowledge to
be acquired is non-overlapping. This lack of shared infor-
mation makes the CI scenario one of the most challeng-
ing among other CL scenarios [40]. An example of the CI
scenario in real-world monitoring is to identify cats and
dogs in one episode, followed by cows and horses in the
next episode [48].

There are other CL scenarios available in the literature,
like Instance-incremental (II) (also known as data-incre-
mental), Task-incremental (TI), and Hybrid scenarios.
The II scenario allows us to continuously learn from new
streams of data from an identical underlying distribution
during sequential model training. It does not consider
new classes or considerable shifts of data distribution and
thus can also be considered as a DI scenario where the
data distribution remains unchanged. The TI scenario
refers to learning different kinds of tasks over subse-
quent episodes. The tasks may also be highly uncorre-
lated. Each task is observed as an episode, and it usually
has a disjoint label space. The TI scenario can be consid-
ered the CI scenario, where the subsequent episodes are
observed as dissimilar tasks, and classes associated with
the episodes are disjoint. It can also be considered the
DI scenario where the subsequent episodes are observed
as similar tasks, and classes associated with them are
unchanged. A real-world example of TI learning is the
sequential learning of different sports or musical instru-
ments over time. In the real world, it is highly unrealistic
that the model will always encounter one type of incre-
mental scenario. It is quite possible that the model can
observe new classes as well as domain shifts. The model
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developed for handling CI situations might underper-
form for DI situations. Thus, there are attempts in the
literature to evaluate the same model on a mix of incre-
mental scenarios called hybrid scenarios [49].

2.2 Continual learning techniques

Existing CL techniques to handle catastrophic forgetting
can be broadly classified into three categories [50, 51],
viz., rehearsal [36, 37, 39, 52], regularization [33-35, 51],
and architectural [53, 54]. In rehearsal-based techniques,
a small memory is used to store a few data points from
the previous episodes and then replayed along with cur-
rent data to overcome forgetting. The previous data can
be stored and replayed in various forms, including raw
samples, deep feature descriptors, and generative models
to generate samples or features. In contrast, regulariza-
tion-based techniques avoid storing past samples and add
a regularization term in the loss function or regularize
the learning rate to control drastic deviations in learned
weights to minimize forgetting. Further, data-focused
and prior-focused regularization have been explored.
Data-focused approaches use knowledge distillation to
transfer past learning to the current model, whereas the
prior-focused methods define the importance of the net-
work’s parameters, which is then used to penalize larger
deviation in important parameters [33]. Architectural
techniques mainly aim to keep some network param-
eters reserved for each episode. Two design choices are
explored in this category: fixed network capacity and
dynamic network capacity. Lastly, hybrid approaches, i.e.,
a combination of two or more of the above categories, are
also popularly explored in various applications [49].

2.3 Continual learning for audio analysis

Table 2 summarizes various studies that apply CL to
audio applications and utilize CL strategies, scenarios,
and datasets. For audio scene classification, most works
have adopted the CI scenario to handle the dynamic
nature of audio data [4, 26, 55-58], using datasets such
as ESC10, ESC50, UrbanSound8K, VGGSound, and
DCASE TAU19. Only Karam et al. [21] explored the TI
scenario for this application. In multi-label audio classi-
fication, CI scenarios have been applied to datasets like
AudioSet, ESC50, and FSD-MIX-CLIPS [20, 24, 59].
Similarly, multimodal audio-video classification studies
[28, 29] have adopted the CI setting with datasets such
as VGGSound, AVE-CI, and VS100-CI, while Kim et al.
[60] used TI scenarios on AudioSet, VGGSound, MACS,
FSD50K, and ClothoV2 datasets. Beyond classification,
Berg et al. [27] applied the DI scenario for automated
audio captioning using Clotho and AudioCaps. In audio
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Table 2 Summary of state-of-the-art continual learning literature for various audio applications

Work CL strategy CL scenario Dataset Anomaly  Application (shift detail if any)

detection?

Wang et al. [4] Rehearsal Cl ESC10 No

Koh et al. [26] Architectural cl DCASE16, US-SED No

Kwon et al. [55] Rehearsal Cl EmotionSense, UrbanSound8K No

Wang et al. [56] Regularization @ UrbanSound8K, VGGSound, DCASE  No

TAU19
Karam et al. [21] Rehearsal T ESC50, UrbanSound8K No Audio scene classification
Mulimani et al. [57] Regularization cl DCASE TUT acoustic scenes 2017,  No

TUT 2016/2017

Sun et al. [58] Rehearsal cl ESC10, ESC50, UrbanSound8K No

Wang et al. [20] Architectural cl AudioSet, ESC50 No

Wang et al. [59] Architectural Cl FSD-MIX-CLIPS (1s), FSD-MIX-SED No ) ) ) .

(10s) Multi-label audio classification

Mulimani et al. [24]  Regularization Cl AudioSet No

Mo et al. [28] Regularization & Rehearsal  Cl VGGSound-Instruments, VGG- No Multi-modal classification

Sound-100, VGG-Sound Sources (audio,video)

Pian et al. [29] Rehearsal Cl AVE-CI, K-S-Cl, VS100-Cl No Multi-modal classification
(audio,video)

Kim et al. [60] Regularization Tl AudioSet, VGGSound, MACS, No Multi-modal classification

FSD50K, ClothoV2, AudioCaps (audio,video, text)

Berg et al. [27] Regularization DI Clotho, AudioCaps No Automated audio captioning
(Audio clips are annotated with 5
captions to each 10-30 sec each
of both datasets)

Ma et al. [30] Regularization DI ASVSpoof2019 No Fake audio detection (Considered
2 subsets of the dataset & selected
4 spoofing attacks with big differ-
ences, from each subset separately)

Zhou et al. [32] Regularization DI DCASE 2020 challenge Task-2 Yes Anomaly sound detection (Con-

sidered subsequent machine type
as drift)

deepfake detection, Ma et al. [30] modeled DI scenarios
in ASVSpoof2019 by treating different spoofing attack
types as distribution shifts. For anomalous sound detec-
tion, Zhou et al. [32] used a DI setting with the DCASE
2020 Task-2 dataset, addressing machine-type drift for
robust monitoring.

From Table 2, it is evident that audio scene classifica-
tion has been the dominant focus of CL research in the
audio domain, whereas anomaly detection, particularly in
machine monitoring contexts, has received minimal atten-
tion. To date, only Zhou et al. [32] have applied CL to anom-
aly detection, but their notion of drift was limited to changes
in machine type. In contrast, many real-world monitoring
scenarios involve more subtle and naturally occurring drifts,
such as variations in weather or machine operational con-
ditions over time. Across existing works, CI scenarios that
involve new class occurrences are far more common than

DI scenarios modeling such distribution shifts, despite the
latter being crucial for robust real-world performance. This
imbalance is partly due to the lack of suitable public data-
sets enabling systematic CI and DI evaluation for anomaly
detection. To address this gap, we curate the DCASE dataset
for each CI and DI scenario, incorporating naturally occur-
ring drifts. This enables systematic evaluation of popular CL
methods in both scenarios. Unlike prior studies that focus
on either CI or DI, or scene classification, our work evalu-
ates both DI and CI in the context of anomaly detection,
providing new insights into continual learning performance
under realistic, naturally drifting conditions.

3 Baselines

The CL research community has contributed various CL
techniques in the categories mentioned in Sect. 2.2. Their
effectiveness is also evaluated against non-CL approaches
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that try to mitigate forgetting using retraining or exploit-
ing all the datasets together. However, these approaches
do not fit with human-like learning but may perform well
at the cost of large storage and computation facilities. For
the audio monitoring applications, we have evaluated the
following CL and non-CL baselines.

3.1 Continual learning baselines

This paper targets a few major and frequently used CL
baselines to conduct a comparative study on the dataset.
These baselines are briefly discussed below.

+ Elastic Weight Consolidation: Elastic Weight Con-
solidation (EWC) serves as a regularization tech-
nique designed to mitigate the issue of forgetting in
neural networks. It achieves this by selectively con-
straining, or partially freezing, the model weights
associated with essential components for previ-
ously learned episodes. By prioritizing the preser-
vation of crucial knowledge, EWC helps maintain
performance on earlier episodes while accommo-
dating the learning of new ones. This method pro-
vides a balance, preventing excessive interference
with existing knowledge when adapting to novel
information [33, 51].

+ Learning without Forgetting: Learning without
Forgetting (LwF) is a regularization method aimed
at addressing the challenge of forgetting in neural
networks by enforcing stability in the output or pre-
dictions. Notably, LwF prioritizes training efficiency,
demonstrating faster results compared to the joint
training approach. This is a CL approach specifically
designed to utilize only new data, assuming the una-
vailability of past data used for initial network pre-
training. This sets LwF apart from other CL methods,
which typically focus on leveraging prior knowledge
to facilitate the learning of new episodes [35, 51].

+ Synaptic Intelligence: Synaptic Intelligence (SI) is
treated as a variant of EWC. In contrast to EWC,
which estimates parameter importance through a diag-
onal approximation of the Fisher information, SI takes
an online approach, dynamically estimating parameter
importance based on the ongoing training trajectory.
While EWC relies on a fixed approximation, SI adapts
continuously during the learning process, providing a
more flexible assessment of parameter significance.
This distinction underscores the difference in how
these methods evaluate and prioritize the importance
of parameters in neural network training [34, 51].

+ Gradient Episodic Memory: Gradient Episodic
Memory (GEM) aims to mitigate catastrophic for-
getting by utilizing an episodic memory to retain
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a portion of the current data samples. By adjusting
the gradient of each current episode, GEM endeav-
ors to minimize negative backward transfer, thereby
preventing the loss of information from previously
learned episodes. This approach ensures that the
knowledge gained from past episodes positively
influences the learning of subsequent episodes, con-
tributing to a more effective and stable learning pro-
cess [36].

Averaged Gradient Episodic Memory: Averaged
Gradient Episodic Memory (A-GEM) tries to allevi-
ate the computational cost caused by GEM. A-GEM
can be defined as the more efficient version of GEM.
Unlike GEM, which minimizes the loss of each pre-
vious episode at each training step by adjusting the
gradient of each current episode, A-GEM minimizes
the average episodic memory loss over the previous
episodes at each training step [37].

Greedy sampler and Dumb learner: in Greedy
sampler and Dumb learner (GDumb), the sampler
greedily stores part of the data samples as they are
encountered while ensuring a balanced represen-
tation of classes, and the learner, which is a neural
network, trains it dumbly using all the samples avail-
able in the memory. Therefore, it is called GDumb.
Although GDumb is not meant to handle the CL sce-
narios, it gives convincing results in comparison to
the advanced CL strategies [38].

Replay: the replay strategy can use different types
of replay, like, experience replay [39] where the old
stored samples from the memory are used for train-
ing with the new samples, generative replay [61]
where the old data is generated using some genera-
tive models and trained with the new encountered
data samples, etc.

Dark Experience Replay++: Dark Experience
Replay (DER) preserves past knowledge by stor-
ing a small replay memory of examples and their
logits, ensuring prediction consistency. However,
it struggles with distribution shifts as stored log-
its may become biased. Unlike DER, Dark Experi-
ence Replay++ (DER++) [40] improves this by also
replaying ground-truth labels, enhancing stability
and adaptability of the CL model.

Contrastive Continual Learning: Contrastive Con-
tinual Learning (Co’L) [41] combines contrastive
learning and knowledge distillation. The asymmetric
contrastive loss helps learn representations, while
self-supervised distillation ensures past knowledge is
preserved. By decoupling representation and classi-
fier learning, Co®L. maintains stability across episodes
while minimizing catastrophic forgetting.
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3.2 Non-continual learning baselines

The effectiveness of CL methods is compared against
some non-CL approaches that try to mitigate forget-
ting and achieve high performance using retraining or
exploiting all the episode datasets. These approaches do
not fit with human brain learning but may perform well
at the cost of large amounts of space and computational
facilities. These non-CL baselines are discussed below.

+ Joint: this is a popular approach in the non-CL cat-
egory, where all the training episodes are jointly
trained once and mostly achieve the highest average
performance and hence also regarded as an upper
bound. However, this method assumes the availabil-
ity of all the episodes simultaneously, which is a bot-
tleneck.

+  Cumulative: this non-CL training strategy is another
widely adopted approach offering upper-bound per-
formance. Here, the training process is started from
scratch each time a new episode is available. It con-
siders the current and all the previous episodes
together for retraining. However, previously learned
knowledge is wasted due to retraining from scratch
each time a new episode is encountered, leading to
high computation and storage requirements.

+ Naive: this non-CL strategy achieves lower-bound per-
formance. Here, a traditional transfer learning mecha-
nism is followed. Whenever a new episode is available,
the model adapts itself to this new data without follow-
ing any mechanism to control forgetting past data.

4 Datasets

To evaluate CL techniques for audio-based monitoring,
it is essential to have sequential datasets that capture
real-world variability. As shown in Table 2, no suitable
dataset exists for the DI scenario, except for the dataset
considered by Zhou et al. [32]. However, their study is
limited to a small subset (DCASE 2020 Challenge Task
2) of the broader DCASE repository. Moreover, the data-
set used contains audio samples from a single domain,
and the authors treat different machine types as domain
shifts. In contrast, our focus is on real-world causes of
distributional shifts in machine audio, such as changes
in operational conditions (e.g., operating speed, viscos-
ity, heating temperature, varying load, signal-to-noise
ratio, and environmental noise), which naturally intro-
duce domain variability. To the best of our knowledge,
no benchmark datasets currently exist for audio moni-
toring that explicitly capture such naturally occurring
domain shifts. Nevertheless, the DCASE repository pro-
vides a large and well-curated collection of datasets for
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abnormality detection in machine sounds, which closely
aligns with audio-based monitoring applications. This
makes DCASE a promising resource for evaluating CL
techniques in this domain. The datasets include diverse
machine sounds under normal and abnormal conditions,
with distribution shifts arising from varying machine
loads and environmental factors. Building on this, we
curate benchmark datasets for CL that represent differ-
ent learning scenarios, leveraging publicly available audio
datasets from the DCASE community.

DCASE challenge offers datasets for various audio anal-
ysis-related applications every year. Among various tasks,
the task-2 of DCASE is for audio anomaly detection and
has been held continuously since the year 2020. We have
utilized data from the following DCASE challenge tasks
from years 2020 to 2023: (a) DCASE2020 task-2: “Unsu-
pervised Detection of Anomalous Sounds for Machine
Condition Monitoring’, (b) DCASE2021 task-2: “Unsu-
pervised Anomalous Sound Detection for Machine Con-
dition Monitoring under Domain Shifted Conditions’, (c)
DCASE2022 task-2: “Unsupervised Anomalous Sound
Detection for Machine Condition Monitoring Applying
Domain Generalization Techniques’, and (d) DCASE2023
task-2: “First-Shot Unsupervised Anomalous Sound
Detection for Machine Condition Monitoring” Each of
the tasks offers audio clips from 6 to 7 distinct machine
types in normal and abnormal classes. The dataset in
these challenges is given in three segments: development,
evaluation, and additional training. Since the evalua-
tion segment does not include labels and the additional
training set contains only normal samples, we rely exclu-
sively on the development segment. Within this seg-
ment, DCASE further provides ‘training data’ and ‘test
data’ For our study, we use only the ‘test data’ portion, as
it contains a balanced number of normal and abnormal
samples. This subset is split in a 70:30 ratio for curating
training and testing episodes. Each audio clip is 10-s long,
from which spectrogram representations are computed.
Below, we describe how these datasets are harnessed to
construct episode sequences for various CL experiments.
Specifically, we focus on CI and DI scenarios, as they rep-
resent the most common forms of evolving data and are
frequently explored in the literature (Table 2).

4.1 Dataset for DI scenario

Here, we consider development datasets provided for
task 2 of the DCASE2021, DCASE2022, and DCASE2023
challenges, as they have the same machine type but have
domain shift conditions due to weather and variable
machine load. The development dataset has a source
domain and a target domain with a shifted data distribu-
tion, which would serve as the DI condition for our case.
Further, the test part of the development segment only
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offers balanced normal and abnormal classes, and hence,
we consider only the test part, not the training part of the
development segment. These datasets have normal and
abnormal audio clips for each of the seven machine types,
including Fan, Gearbox, Pump, Slider, ToyCar, ToyTrain,
and Valve. The end goal here is abnormal sound detec-
tion in a sequence of data that may contain a distribution
shift over time. We curate 6 episodes by utilizing source
and target domain data from DCASE2021, DCASE2022,
and DCASE2023. The first and second episodes repre-
sent the source and the target domains of DCASE2021,
having 4306 (2153 normal and 2153 abnormal) and 4218
(2109 normal and 2109 abnormal) samples, respectively.
Then, the third and fourth episodes are curated from the
source and target domains of DCASE2022, offering 2100
(1050 normal and 1050 abnormal) and 2100 (1050 nor-
mal and 1050 abnormal) samples, respectively. Lastly, the
fifth and sixth episodes are curated from the source and
target domains of the DCASE2023 challenge, which have
700 (350 normal and 350 abnormal) and 700 (350 normal
and 350 abnormal) samples, respectively. A pictorial rep-
resentation is provided in Fig. 2 for better visualization of
the sequence of episodes under the DI scenario.

4.2 Dataset for Cl scenario

Contrary to the DI scenario datasets discussed in the ear-
lier section, here, the end goal is machine-type classifica-
tion. In the CI scenario, there needs to be the inclusion

Episode-1 Episode-2 Episode-3

DCASE2021-Task2
Development-test,
Target domain

DCASE2022-Task?2
Development-test,
Source domain

DCASE2021-Task2
Development-test,
Source domain

() Anomaly sound
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of novel classification classes over time. Hence, we opt
to classify machine types as the DCASE datasets offer
a large number of machine types, which can then be
sequentially learned by the CL model. To focus only on
machine-type classification, either normal or abnormal
data should be considered. Since the normal class data is
available in large amounts, we consider the normal class
samples of different machine sounds here. Specifically,
we curate six episodes by utilizing the training part (it has
only normal samples) of the development segment in the
task-2 of DCASE2020 and the source domain of the addi-
tional training segment in the task-2 of DCASE2023 chal-
lenges. The choice of these datasets is such that they have
disjoint machine classes. Specifically, we consider Toy-
Car and ToyConveyor machine types from DCASE2020
in the first episode, Valve and Fan machine types in the
second episode, and then Pump and Slider machine types
in the third episode. Then, from the DCASE2023, two
machine types, viz., Vacuum and ToyTank, are consid-
ered in the fourth episode, ToyNscale and ToyDrone are
considered in the fifth episode, and finally, the last epi-
sode has the remaining classes from DCASE2023, includ-
ing Bandsaw, Grinder, and Shaker. Inside an episode, the
number of samples for each machine type is considered
in a balanced amount, i.e., the machine types have 3000,
2804, 990, 990, and 990 samples in the first, third, fourth,
fifth, and sixth episodes, respectively. Except for the sec-
ond episode, in which the two machine types, namely
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DCASE2023-Task2
Development-test,
Target domain

DCASE2022-Task2
Development-test,
Target domain

DCASE2023-Task?2
Development-test,
Source domain

(] Normal sound

Fig. 2 Benchmarking dataset for DI scenario. Here, the CL model aims to distinguish between normal and abnormal machine sounds in domain

shift conditions
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Episode-6
Bandsaw
Episode-4 Episode-5
ToyNscale

ToyDrone

DCASE2020-Task2 DCASE2020-Task2 DCASE2020-Task2 DCASE2023-Task2 DCASE2023-Task2 DCASE2023-Task2

Developement-
training

Developement-
training

Developement-
training

Additional-training,

Additional-training,
Source domain

Additional-training,

Source domain Source domain

(] Normal sound

Fig. 3 Benchmarking dataset for Cl scenario. Here, the classification model aims to distinguish among machine types in a class incremental fashion.
Here, only the normal machine sounds of machine types are considered due to their larger availability

Table 3 Details of curated continual learning datasets for domain and class incremental scenarios. Here, T1,T2,...T6 denote the six

episodes
Scenario Application Episodes # train clips # test clips
Domain-incremental  Anomalous sound detection  T1 (DCASE2021 source), 3098, 3036, 1512, 1512, 504, 862, 844,420,420, 140, 140
T2 (DCASE2021 target), 504
T3 (DCASE2022 source),

T4 (DCASE2022 target), T5
(DCASE2023 source), T6

(DCASE2023 target)

Class-incremental Machine sound identification

T1 (ToyCar, ToyConveyor),
T2 (Valve, Fan), T3 (Pump,

4320,4178,4037,1425, 1425,
2138

1200, 2361, 3483, 3879, 4275,
4869

slider), T4 (Vacuum, ToyTank),
T5 (ToyNscale, ToyDrone), T6
(Bandsaw, Grinder, Shaker)

Valve and Fan, have 3000 and 2804 samples, respec-
tively. A visual representation of the CI scenario dataset
is depicted in Fig. 3. For both the DI and CI scenarios,
Table 3 summarizes the target applications, episode-wise
data, and the number of training and testing clips per
episode.

5 Experiments

This section outlines the experimental setup, evalua-
tion of baseline CL models, and optimal hyperparam-
eter selection. It defines the evaluation metrics used to
assess performance and presents a detailed compari-
son of results, highlighting the effectiveness of different
approaches.

5.1 Experimental setup
In all approaches, we use a pre-trained ResNet50 [62]
and a vision transformer (ViT) [63] as base models,

both initialized with ImageNet weights. We use Adam
as an optimizer. In order to select the best hyperparam-
eters for the classification model, multiple experiments
are performed with the cumulative approach, as it gives
the upper bound. Specifically, we search best values for
epochs in {10, 15,... 50}, batch sizes in {4, 8,... 32}, and
learning rates in {le — 04,... 1e — 05}. Best performance
is achieved with a batch size of 8, a learning rate of
le — 04, and epochs of 30 for the CI scenario. For the DI
scenario, the best performance is achieved with a batch
size of 8, a learning rate of le — 03, and epochs of 30.
To facilitate a common evaluation scheme, the selected
hyperparameters are used in all the approaches. Fur-
ther, the hyperparameter values for each CL strategy,
e.g., the regularization factor (1), memory size (B), etc.,
are selected from a range of values. The values reported
below correspond to the best-performing settings iden-
tified through this search. For the DI experiment, we
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Table 4 Summary of hyperparameter search spaces in continual learning methods

Hyperparameter Method Search space  Selection criterion and sources

A EWC, S {05,1,2,3} Best trade-off between stability and adaptability; higher Z improves stability but may reduce
plasticity [33, 34, 64]

o LwF {1,2,3} Balance knowledge retention and adaptation; higher « increases stability but can hinder
adaptation [35, 64]

T LwF {1,2,3} Smooth soft targets for better transfer; moderate T found most effective in experiments [35, 64]

set L.=2in EWC, {&¢ =1, T = 1} in LwF, and A = 0.5 in
SI. In case of the CI experiment, 4 = 2 is set in EWC,
{o =2, T =2} kept for LwF, and A = 2 for SI. Further,
for both DI and CI, the memory sizes (53) are kept as
2000 samples for the GDumb and Replay approaches.
Also, the patterns per episode are kept as 200 sam-
ples for the GEM and A-GEM approaches. In case of
DER++, we kept {& = 0.5, 8 = 0.5} for both the scenar-
ios, while for Co2L we kept T = 0.5. A detailed discus-
sion of experimental results across the hyperparameter
ranges is provided in Sect. 6, while Sect. 5.3 reports the
results obtained with the best-performing configura-
tion for each CL method. The range of hyperparameter
is summarized in Table 4.

5.2 Evaluation metrics

Here, we describe the evaluation procedure and met-
rics in CL with given T episodes. Each of the training
sessions is a classification problem; therefore, we com-
pute accuracy on the testing data of each episode. After
completing the training session of t? episode using
training data T7;, we compute accuracy values on test-
ing datasets {Tej, Tey, ... Ter} yielding T accuracy val-
ues. Thus, after completing all the training sessions on
a stream of T episodes, we get a train-test matrix RTXT,
where R;; represents accuracy on the j™ episode after
completing the training on the ¢ episode. An example
of a train-test matrix with 5 episodes is shown in Fig. 4.
The train-test matrix evaluates stability and plasticity
in CL, where rows represent training stages, and col-
umns indicate testing phases. Plasticity is reflected in
high accuracy on newly trained episodes (R;;), while
stability is assessed by retaining performances of previ-
ous episodes (R;; for j < t). Red regions indicate test-
ing on untrained (unseen) episodes, blue regions show
retained knowledge, and yellow regions highlight the
capability to learn new data. This matrix helps assess
how well a model adapts to new episodes while preserv-
ing past knowledge.

Apart from average accuracy across episodes, other
important evaluation measures in CL include back-
ward and forward transfer, which can be computed
from this R matrix. Below, we describe metrics for for-
ward transfer, backward transfer, and average model
performance.

Backward transfer (BWT): BWT is a forgetting meas-
ure that quantifies the amount of influence of the current
episode on the previously learned episodes [36]. It meas-
ures the improvement in the performance of an episode
after learning new episodes. Thus, a positive value of BWT
signifies that learning the current episode ¢ has caused
improvement in the performance of an old episode k < t.
On the other hand, a negative value of BWT indicates that
learning the current episode ¢ has caused degradation in
the performance of an old episode. Thus, a CL strategy
with greater BWT values is superior to one with a smaller
BWT. Blue and yellow cell values in Fig. 4 are utilized to
compute BWT using the equation [65] below.

T -1

BWT = T(T2_ y ; ;(Ri,j —R;)) 1)
Tey | Tes | Tes | Tey | Tes

Trq R1,1 R1,2 R1,3 R1,4 R1,5

Try | Ryy  Rzp Ra3 Ryy Ragp

Trs | Rs1  Rs2 Rs3 Rss Rsp

Try | Ryy  Ryp Ry3 Rss Ry

Trs | Rsy  Rsp Rss Rsa  Rsp

Fig. 4 A representation of the train-test matrix achieved
by sequentially training with 5 episodes
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Forward transfer (FWT): FWT signifies the amount
of positive influence of learning an episode on future epi-
sodes. It also shows the zero-shot learning capabilities of
the CL model. The higher the value of FWT, the better
the generalization capability of the model. Red cell values
in Fig. 4 are utilized to compute the FWT [65] measure
with the following equation.

T

2
TT -1 D Ry 2)

t<j

FWT =

Accuracy: given the train-test matrix R7 *T, we com-
pute average accuracy, ACC [36] across episodes after
completing the final episode T as below:

T
1
ACC = — jleRT,; 3)

Diaz-Rodriguez et al. [65] define a more rigorous meas-
ure of average accuracy by computing ACC after com-
pleting each episode, termed as A. It considers model
performances at every training session ¢ and thus better
represents the dynamic aspects of CL.

T

2
A= Taen 2N @

i>j

5.3 Results

This section presents the performance evaluation results for
DI and CI scenarios, comparing different approaches based
on key metrics. It includes the performance of CL strategies
using the best-performing hyperparameter selections.

5.3.1 Performance analysis in domain-incremental scenario
For the DI scenario, we compute average accuracy over
all episodes after completing a training session and
report the results via Fig. 5. We can see that the joint
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training approach gives the upper bound of performance.
CL approaches perform similarly. Further, the DER++
strategy and Co’L strategy give the lowest performance
compared to others.

A detailed comparison of the best performance
achieved by various approaches is provided in Table 5.
Specifically, for each approach, we report forgetting
measures by BWT, forward transfer by FWT, incremen-
tal learning capabilities by A, and final average accuracy
by ACC. Here, we can also see that joint and cumulative
approaches in the non-CL category tend to outperform in
all performance metrics as compared to CL approaches.
However, the assumption of the availability of all the epi-
sodes together and retraining from scratch whenever a
new episode arrives limits their applicability in real life.
While comparing the CL approaches, we can see that
LwF better handles forgetting, achieving the best BWT
of —1.23, unlike EWC and SI. However, other metrics (A
and ACC) are lower compared to those achieved by EWC
and SI. Unlike [66], EWC shows better A (67.67) as com-
pared to LwF (68.87), but usually LwF performs better.
This shows that the CL strategy depends on the data and
task, so our results complement earlier DI studies rather
than contradict them. Remarkably, replay outperforms
other CL approaches, including LwF, by achieving (FWT,
A, and ACC) as {68.98,70.12,71.48}. Further, we can see
that GDumb, with the same memory size as Replay, per-
forms poorly. GEM and A-GEM approaches are highly
compute-intensive compared to Replay and achieve
lower performance than Replay. For the two newer meth-
ods, DER++ and Co’L, performance in this DI setting
is notably weaker. DER++ attains an ACC of only 50.02
and FWT of 49.66, indicating limited ability to transfer
knowledge between domains. This is likely because it
relies heavily on distillation and auxiliary loss functions
without storing many past examples, which makes it
less effective in preserving fine-grained domain-specific
features. Co’L performs somewhat better than DER++

Table 5 Performance comparison for DI scenario. First/second best performance in CL categories indicated in red/hrown, respectively.
Bold: Upper bound [36, 65]
Method Parameters BWT [65] | FWT [65] | A[65] | ACC [36]
EWC A=2 -5.22 65.09 67.67 71.93
LwF a=1,T=1 -1.23 65.85 66.87 68.34
SI A=0.5 -9.44 63.92 67.31 69.18
A GDumb B=2000 -2.25 61.55 61.60 61.42
O Replay B=2000 -2.22 68.98 70.12 71.48
GEM B=200*6 -7.40 64.03 66.70 68.43
A-GEM B=200*6 -6.83 64.91 67.28 67.32
DER++ a=0.58=05 -2.35 49.66 50.00 50.02
Co?L T=0.5 -3.91 56.29 57.32 56.92
8 Naive - -9.44 63.91 67.31 69.18
& | Cumulative - -0.17 71.23 72.15 75.40
> Joint - - - - 76.81
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Fig. 5 Comparison of different approaches in terms of average accuracy over all episodes after each training session in DI scenario [36, 65]

(ACC = 56.92, FWT = 56.29) due to its use of contras-
tive learning, but still falls well short of Replay. Without
sufficient exemplar replay, it loses important details over
multiple domain shifts, even though its representation
learning helps to some extent.

Overall, these observations suggest that CL approaches
may be picked based on application requirements. For
example, a system demanding a solution with low mem-
ory will favor memory-free approaches such as EWC,
LwE, or SI. Otherwise, Replay remains the most reliable
choice in DI audio anomaly detection, offering the best
overall balance of knowledge retention and adaptability.

5.3.2 Performance analysis in class-incremental scenario
Figure 6 shows the performance of the different
approaches in terms of average accuracy on only seen
classes after learning each episode in the CI scenario. It is
expected that over the session, performance would drop
as more and more classes are added, making learning dif-
ficult. However, Replay can maintain the performance at
a steady level over the training session. We can see that
it outperforms all other CL approaches, even surpassing
non-CL strategies that are supposed to give an upper-
bound performance, such as cumulative and joint.

We report a detailed comparison of all approaches in
terms of BWT, FWT, A, and ACC in Table 6. We can
observe that regularization-based approaches (EWC,
LwF, SI) perform similarly to the naive approach, showing

limited ability to retain knowledge when new classes are
introduced. We observe LwF, EWC, and SI show A as
20.28, 10.79, and 10.13, respectively, which is similar to
[28]. While comparing newer methods, DER++ performs
slightly better than regularization-based approaches but
fails to match the performance of other rehearsal-based
strategies. It achieves an ACC of only 8.33 and FWT of
13.34, indicating severe forgetting and limited capabil-
ity to transfer knowledge between tasks. This is likely
because DER++ relies mainly on distillation and auxil-
iary loss functions without storing enough past examples,
which is inadequate for large class shifts. Co®L also per-
forms poorly in this CI scenario, with ACC dropping to
2.42 despite achieving a slightly higher FWT (15.98) than
DER++. Its contrastive learning framework improves
representation learning to some extent, but cannot pre-
serve past class knowledge without substantial replay.
In contrast, Replay achieves the best overall results with
(BWT, FWT, A, ACC) of {—1.04,96.97,96.98, 95.74}, sig-
nificantly outperforming other rehearsal-based methods
such as GDumb (77.18%), GEM (42.19%), and A-GEM
(64.82%) in average accuracy. GDumb, although simpler
and less carefully designed, still ranks second among CL
methods, surpassing more complex approaches like GEM
and A-GEM.

From Tables 5 and 6, we conclude that the rehearsal-
based strategies perform well in both DI and CI sce-
narios, while regularization approaches show inadequate
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Table 6 Performance Comparison for Cl scenario. First/second best performance in CL categories indicated in red/brown, respectively.

Bold: Upper bound

Method Parameters BWT [65] | FWT [65] | A[65] | ACC [36]
EWC A=2 -54.60 0.61 10.79 2.07
LwF a=2T=2 -45.72 12.35 20.28 2.96
ST A=2 -54.77 0 10.13 2.03
A GDumb B=2000 -17.58 73.39 77.18 53.15
O Replay B=2000 -1.04 96.97 96.98 95.74
GEM B=200*6 -39.87 34.34 42.19 33.01
A-GEM B=200*6 -22.61 62.11 64.82 50.93
DER++ a=0.5,8=05 -35.24 13.34 20.50 8.33
Co?L T=0.5 -37.61 15.98 21.26 2.42
5 Naive - -54.96 0.55 10.81 2.03
L | Cumulative - -4.93 86.18 85.92 88.22
> Joint - - - - 90.04
—-@- EWC -@— GDumb ©O- A-GEM O- DER++ —@-— Naive
120 O- LwF -@- Replay =@~ Joint Training  =@- Co2L ©- Cumulative
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Fig. 6 Comparison of different approaches in terms of average accuracy after each training session in the Cl scenario

performance in the case of CI scenarios. This is attributed
to the fact that the CI scenario is the most challenging
scenario [40] as the new episode consists of novel classes.
Hence, it is very challenging to learn new episodes along
with remembering the past just with the regularization
step in the loss function. Some samples from past classes
are important to rejuvenate the information from past
classes in the current model. Further, we observe that
Tables 5 and 6 show negative BWT in all approaches, indi-
cating that none of the approaches can completely mitigate
forgetting and suffer from stability issues. However, the
considerable FWT highlights better forward transfer or
plasticity.

4 5 6

5.4 Older vs. newer continual learning strategy
The results in Tables 5 and 6 show clear differences between
older and newer CL methods. Among the older methods,
Replay gives the best balance between remembering past
knowledge and learning new data in both DI and CI sce-
narios. This is because it stores and reuses actual examples
from previous tasks, which helps the model adapt with-
out forgetting too much. GEM and A-GEM, although also
using stored samples, require more computation and show
lower performance, possibly because their gradient projec-
tion step limits their flexibility in learning new patterns.

For the newer methods, DER++ and Co’L do not
perform well in our setting. In the DI scenario, DER++
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reaches an ACC of only 50.02, while Co’L achieves 56.92,
both much lower than Replay. This is likely because
DER++ depends heavily on distillation and extra loss
terms but stores very few past examples, and Co’L relies
on contrastive learning without strong replay, which
makes it harder to preserve fine details from past tasks.
The difference becomes even larger in the CI scenario,
where new classes are introduced. Here, DER++ records
an ACC of only 8.33 and Co’L drops to 2.42, while Replay
achieves 95.74. These results suggest that, although distil-
lation and contrastive learning can improve feature rep-
resentation, they are not enough to prevent forgetting in
audio tasks without enough stored examples.

Overall, Replay-based methods remain the most effec-
tive for audio anomaly detection when the data changes
over time. However, in cases where memory is very lim-
ited, simpler regularization-based methods like EWC
or LwF may be used, though they will perform worse in
more challenging CI scenarios.

6 Discussion

This section contains a detailed discussion of the perfor-
mance of different approaches in DI and CI scenarios.
Different approaches are evaluated with varying ranges
of hyperparameters to analyze their effectiveness in miti-
gating catastrophic forgetting and facilitating knowledge
transfer, shown in Table 4.

6.1 Analysis on domain-incremental scenario

From Table 7, we observe that different CL strate-
gies perform equally well in the DI scenario for both
ResNet50 and ViT. For ResNet50, among the regulariza-
tion approaches (EWC, LwF, and SI), EWC benefits from
increasing the regularization factor A, improving BWT
from —7.85 to —5.22 and ACC from 66.99 to 71.93, but
it still struggles compared to memory-based methods.
SI, which works similarly to EWC, does not show much
improvement with higher 4. On higher 4, forgetting
decreases (stability increases) in EWC and SI, while for-
ward transfer (plasticity) increases in EWC but decreases
slightly in SI. This difference comes from how the two
methods work internally. EWC uses the Fisher Informa-
tion Matrix (FIM) to find which parameters are most
important for past tasks [33]. It then applies stronger
constraints to these important parameters, while allow-
ing other weights to change more freely. Increasing 1
makes these constraints stronger, which reduces forget-
ting (better BWT) but still allows some learning of new
tasks, leading to the moderate increase in FWT and A.
SI, on the other hand, calculates parameter importance
by tracking their changes during training using an online
path integral [34]. However, it applies the constraints
more evenly across all weight parameters compared to
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EWC. With a higher 4, this uniform restriction can make
it harder to adapt to new tasks, which explains the drop
in FWT and A even though forgetting is reduced. Simi-
lar stability—plasticity trade-offs have been noted in other
CL reviews [67]. LWF shows that increasing temperature
(T) improves performance, with ACC rising from 68.34
to 71.02 when T increases from 1 to 2 for « = 1. How-
ever, when the weighting factor « is set to higher values,
such as o = 3, performance drops significantly, with ACC
reaching only 58.72 at T=1. This suggests that placing
too much emphasis on old episodes (higher «) can hinder
adaptation to new episodes. Memory-based approaches
outperform regularization methods by directly storing
past knowledge. GDumb performs poorly, showing that
naive storage is insufficient. Replay achieves strong per-
formance, with ACC rising from 68.00 to 71.48 as mem-
ory increases from 50 to 2000, highlighting the benefit
of larger buffers. Moreover, Replay executes faster than
GEM and A-GEM, even if the memory increases. In addi-
tion, GEM and A-GEM achieve strong results. A-GEM,
particularly with larger memory sizes (400%*6), achieves
the highest ACC of 70.96. At the same time, GEM at
(400*6) reaches 69.96, showing that gradient-based mem-
ory can be nearly as effective as storing full samples while
reducing memory overhead. However, GEM takes much
longer to execute than A-GEM, even when using the
same memory, making A-GEM a more efficient choice
in terms of both performance and execution time. We
observe that the performance increases with the increase
in memory size [37]. Overall, memory-based methods
outperform regularization-based ones, highlighting the
importance of explicit knowledge retention in mitigating
forgetting.

From Table 7, we also observe that when using Vision
Transformer (ViT) as the base model for the DI sce-
nario, CL approaches show some improvements over
their performance with ResNet50. EWC benefits from
higher values of 4, with its best performance reach-
ing an ACC of 73.26, which is better than its ResNet50
counterpart. Similarly, LwF achieves better results
with moderate values of @ and 7, with its highest ACC
improving to 74.44. However, SI continues to strug-
gle with forgetting, with only minor gains compared
to ResNet50. Further, Replay achieves the highest ACC
of 77.82 with a memory size of 2000, showing a clear
improvement over its ResNet50 performance. GEM
and A-GEM also deliver strong results, with A-GEM
reaching 74.25 at 300*6 memory, benefiting from bet-
ter gradient alignment. Although GDumb sees slight
improvements, its naive memory usage remains a limi-
tation. Overall, ViT enhances learning stability across
all approaches, but memory-based approaches con-
tinue to be the most effective in reducing forgetting.
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Table 7 Performance comparison of different approaches with different hyperparameters with ResNet50 and ViT backbones in DI

scenario. B refers to memory size.’Cum! corresponds to the cumulative learning method.'NA'indicates the experiments we were

unable to run due to inapplicability (e.g., Joint) or intractable training time (e.g., GEM on memory size of 300 and 400)

ResNet50 ViT
Method Parameters BWT FWT A ACC BWT FWT A ACC
EWC A=05 —7.85 64.51 67.03 66.99 —7.01 69.83 72.29 73.26
A=1 —6.65 63.86 66.79 68.46 -7.32 69.10 7151 7298
A=2 —-5.22 65.09 67.67 71.93 —4.80 70.23 71.96 7147
LwF a=1T=1 -1.23 65.85 66.87 68.34 —-1.22 71.60 7248 73.67
a=1T=2 2.50 65.82 66.65 71.02 -513 7142 7322 74.03
a=1T=3 —0.68 65.13 66.74 70.77 -6.06 69.80 72.20 73.87
a=2T=1 -1.59 62.65 62.65 63.10 1.38 71.51 71.69 74.44
a=2T=2 2.92 63.76 64.26 68.23 -2.18 72.09 73.33 74.36
a=2T=3 0.73 65.03 66.02 69.81 —541 71.05 73.03 74.01
a=3T=1 —2.87 60.03 60.97 58.72 0.80 68.76 69.01 71.60
a=3T=2 226 6148 62.01 65.65 -0.50 72.11 72.89 74.16
a=3T=3 1.14 63.52 64.62 68.85 -1.02 7173 7283 7442
S| A=05 -944 63.92 67.31 69.18 -6.32 69.49 7157 71.99
A=1 —7.86 6344 66.50 68.20 —5.60 69.30 71.69 72.70
A=2 —7.86 63.44 66.50 68.20 -6.33 70.00 72.33 72.92
GDumb B=2000 —-225 61.55 61.60 61.42 -1.84 63.90 65.55 66.38
B=1500 —0.64 60.21 60.14 58.69 -1.11 63.35 63.94 64.49
B=1000 —-2.36 5744 57.82 56.62 —0.61 5942 59.81 63.37
Replay B=2000 —2.22 68.98 70.12 71.48 0.03 75.88 76.53 77.82
B=1500 —240 68.71 69.74 70.80 0.15 7491 7513 76.27
B=1000 —3.65 67.69 69.36 7031 0.14 74.94 7546 7744
B=500 —3.88 66.69 6849 70.61 -1.67 72.82 73.64 7491
B=100 —-7.17 64.37 67.02 68.61 —4.06 7142 7299 74.14
B=50 —6.67 64.06 66.77 68.00 —4.38 70.90 72.55 73.81
GEM B=10*6 —-6.79 63.97 66.68 68.46 —4.55 7132 73.06 7335
B=50%6 -5.12 63.93 66.25 69.88 -1.50 7149 72.58 74.82
B=200%6 —740 64.03 66.70 6843 —2.36 72.00 72.96 74.21
B=300*6 -1.06 63.80 6541 69.63 NA NA NA NA
B=400*6 -1.78 63.71 65.46 69.96 NA NA NA NA
A-GEM B=10*6 -3.72 64.68 66.70 68.99 -595 68.82 7093 7115
B=50%6 —2.66 65.13 67.07 69.12 —525 70.54 7249 74.04
B=200*6 -6.83 64.91 67.28 67.32 —6.31 70.39 7264 73.04
B=300%6 —-0.15 65.50 66.81 7047 —-5.20 70.74 72.79 74.25
B=400*6 —1.44 64.91 66.76 70.96 -5.56 71.24 73.20 7318
Naive - —-944 63.91 67.31 69.18 -6.61 69.91 72.21 72.65
Cum. - -0.17 71.23 7215 7540 2.96 7777 77.88 81.01
Joint - - - - 76.81 - - - 81.50

6.2 Analysis on class-incremental scenario
In the CI scenario, as shown in Table 8 for ResNet50,
we observe that EWC, evaluated with different 1 values,

shows high forgetting (BWT —54.74 to — 54.60) and mini-
mal forward transfer (FWT near zero). Similarly, SI strug-
gles with retention, exhibiting BWT between —54.96 and
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Table 8 Performance Comparison of different approaches with different hyperparameters with ResNet50 and ViT backbones in Cl

scenario. B refers to memory size.’Cum! corresponds to the cumulative learning method.'NA'indicates the experiments we were

unable to run due to inapplicability (e.g., Joint) or intractable training time (e.g., GEM on memory size of 300 and 400)

ResNet50 ViT
Method Parameters BWT FWT A ACC BWT FWT A ACC
EWC A=1 —54.74 027 1044 2.03 —55.75 141 12.00 2.03
A=2 —54.60 0.61 10.79 2.07 —55.03 137 11.77 2.03
A= —5461 0.06 10.17 203 —55.29 1.42 11.89 203
LwF a=1T=1 —48.68 13.62 21.91 14.31 -53.99 6.67 17.26 245
a=1T=2 —30.69 22.20 26.73 28.29 —52.15 10.27 20.85 2.71
a=1T=3 —40.85 13.12 20.38 22.80 -53.75 5.63 16.34 6.38
a=2T=1 -1899 36.75 37.75 36.99 —55.33 333 13.96 2.31
a=2T=2 —45.72 12.35 20.28 2.96 —55.28 3.36 14.11 2.04
a=2T=3 —37.07 16.52 2279 2835 —5407 529 16.64 341
a=3T=1 —13.96 40.17 39.93 3746 —-55.37 2.76 1345 297
a=3T=2 —27.60 2746 30.96 38.34 -55.13 361 14.33 217
a=3T=3 —5042 9.63 18.39 11.39 —54.95 4.27 15.08 2.77
S| A=1 —54.96 0.55 10.81 203 —53.23 12.19 22.99 203
A= —54.77 0 10.13 2.03 —54.65 9.30 20.30 225
A —54.96 0.55 10.81 203 —53.07 8.17 19.01 3.66
GDumb B=2000 —17.58 73.39 77.18 53.15 -0.76 97.82 97.77 96.91
B=1500 —-18.06 71.08 7292 5235 —-058 98.36 98.31 97.39
B=1000 —12.95 73.59 74.14 52.13 —0.43 98.80 98.76 97.91
Replay B=2000 —1.04 96.97 96.98 95.74 —-0.13 99.52 99.51 99.39
B=1500 -1.92 94.75 94.86 93.58 -036 99.19 99.20 98.88
B=1000 —1.88 94.50 94.58 93.53 —-0.53 98.90 98.93 9847
B=500 —287 94.01 94.30 9211 -044 98.74 98.76 98.41
B=100 -1.08 86.66 85.66 82.99 -3.87 93.00 93.59 91.72
B=50 —-524 78.95 7877 75.79 -19.89 7294 76.02 52.13
GEM B=10%*6 —791 63.74 6343 61.69 -922 83.83 85.63 82.94
B=50*6 —5.47 66.76 65.97 64.69 —1.49 95.27 95.41 95.61
B=200%6 —39.87 34.34 42.19 33.01 —0.54 97.93 97.96 98.20
B=300*6 —44.82 33.28 41.87 39.00 NA NA NA NA
B=400*6 —5392 21.39 3176 11.75 NA NA NA NA
A-GEM B=10*6 —2850 27.90 33.08 45.59 —48.94 34.29 43.02 21.94
B=50*6 —26.20 31.70 3649 50.31 —32.85 54.30 60.38 57.82
B=200*6 —22.61 62.11 64.82 50.93 —39.60 46.89 53.92 44.51
B=300%6 —26.50 59.73 63.34 39.73 -31.29 55.07 60.93 74.80
B=400%6 -23.30 60.43 63.29 54.45 —32.25 54.86 60.67 56.58
Naive - —54.96 0.55 10.81 2.03 —5481 1.13 11.51 2.03
Cum. - -4.93 86.18 8592 88.22 038 96.69 96.71 99.63
Joint - - - - 90.04 - - - 100

—54.77, highlighting its limitations in mitigating forget-
ting. In contrast, LwF shows significantly better BWT
and FWT values across various hyperparameter settings.

With higher T, BWT deteriorates, while FWT fluctuates
rather than consistently improving. However, a higher
a generally enhances performance. Particularly, LwF
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(¢ = 3,T = 1) achieves the best results with a BWT of
—13.96 and FWT of 40.17, indicating a forward knowl-
edge transfer. Among rehearsal-based approaches,
Replay (B=2000) achieves the best results with mini-
mal forgetting (BWT —1.04) and high forward transfer
(FWT: 96.97). Even with less memory, Replay B=1000)
maintains high performance (BWT —1.88, FWT 94.50).
While GEM B=50%6) balances forgetting and trans-
fer (BWT —5.47, FWT 66.76), increasing memory does
not always improve performance, as seen with GEM
B=400%*6), which suffers a significant drop in FWT.
A-GEM follows a similar trend, with A-GEM B=200%6)
performing best (BWT —22.61, FWT: 62.11), though it
still experiences notable forgetting compared to Replay.
Additionally, in terms of execution time, Replay takes
much less time to execute as compared to GEM/A-GEM
as the computation of the gradient is eliminated. Also, as
compared to A-GEM, GEM takes more time as it needs
to solve a complex optimization step every time the
model updates, which takes a lot of extra time. A-GEM
makes this process much simpler by using only one pro-
jection with random memory samples, so it runs much
faster. This means that even with the same memory size,
A-GEM is more efficient than GEM in both speed and
performance. GDumb (B=1000) performs better than
regularization-based methods, achieving BWT —12.95
and FWT: 73.59.

Also, from Table 8, we observe that ViT generally
improves performance across various methods as Com-
pared to ResNet50 similar to DI. EWC and SI still suf-
fer from significant forgetting, with BWT values around
—55, making them less effective for CI scenarios. This is
so because each episode introduces entirely new classes
that require high flexibility to learn. However, both EWC
and SI impose strong constraints on parameter updates
to protect old knowledge, which limits the model’s
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adaptability. As a result, while forgetting is reduced, the
model struggles to acquire the new classes effectively,
leading to poor overall performance in a CI scenario.
LwF performs slightly better than EWC and SI, especially
with higher « values, improving forward transfer while
still experiencing some forgetting. Among the rehearsal-
based approaches, GEM and A-GEM show moderate
performance. GEM B=200%6) achieves a low BWT of
—0.54 and a high FWT of 97.93, but increasing mem-
ory beyond this does not consistently improve results.
A-GEM, on the other hand, struggles with high forget-
ting, with A-GEM B=10*6) showing a BWT of —48.94,
indicating severe forgetting. However, A-GEM B =300%6)
performs best among its variants, with a BWT of —31.29
and FWT of 55.07, still lagging behind Replay. Replay
consistently outperforms all others, achieving retention
and forward knowledge transfer. Even with lower mem-
ory, it maintains strong performance. Replay 5=1000
vs. B=2000 shows only a slight drop in BWT (—0.53 vs.
— 0.13), FWT (98.90 vs. 99.52), A (98.93 vs. 99.51), and
ACC (98.47 vs. 99.39). Even at B=100, it still performs
well (BWT = —3.87, FWT = 93.00, A = 93.59, ACC =
91.72). This shows that Replay remains effective even
with reduced memory, with performance not dropping
drastically as memory size decreases.

6.3 Effect of memory size on performance

As established from Sects. 6.1 and 6.2, Replay emerges as
the most effective CL technique among all other explored
CL techniques, demonstrating consistent performance
and efficiency across different memory sizes. So, here we
only focus on the Replay approach to study the effect of
memory size on performance metrics. Figures 7 and 8
show {BWT, FWT, A, and ACC} by ResNet50 and ViT
backbones for different memory sizes in DI and CI sce-
narios, respectively. We can observe that it yields larger
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Fig. 7 Memory size (B) vs. performance (A) with ResNet50 and ViT backbones in DI scenario
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Fig. 8 Memory size (B) vs. performance (A) with ResNet50 and ViT backbon

performance gains across all four metrics as memory size
increases, with the most notable improvements occur-
ring when the memory grows from very small sizes (e.g.,
50-100 samples) to moderate sizes (500—1000 samples).
Beyond this point, performance saturates, indicating that
relatively moderate memory sizes are sufficient to achieve
strong results without requiring excessively large mem-
ory. Figures 7 and 8 show that increasing memory size
improves performance (A) for both ResNet50 and ViT,
but the increase slows as memory grows. For ResNet50
in the DI scenario, A increases by less than 1% from 50
to 100 (66.77 to 67.02), about 1% from 500 to 1000 (68.49
to 69.36), and around 1% again from 1000 to 2000 (69.36
to 70.41), though memory usage becomes very high. In
the CI scenario, A improves by about 7% from 50 to 100
(78.77 to 85.66), less than 1% from 500 to 1000 (94.30 to
94.58), and about 1% from 1000 to 2000 (94.58 to 95.48).
Similarly, for ViT in the DI scenario, accuracy increases
by about 2% from 50 to 100 (72.41 to 74.32), less than 1%
from 500 to 1000 (75.44 to 75.89), and about 1% from
1000 to 2000 (75.89 to 76.53). In the CI scenario, accu-
racy rises by about 6% from 50 to 100 (93.63 to 99.51),
but further increase is very small, with less than 1%
improvement from 500 to 1000 (99.38 to 99.51) and
no meaningful change beyond 1000. This highlights a
clear trade-off in performance vs. storage requirements:
while larger buffers can yield slightly higher accuracy,
they also require greater storage capacity. In real-world
audio monitoring, where memory resources may be con-
strained, such as edge devices, moderately sized buffers
often provide the best balance between efficiency and
performance. Furthermore, we observe that Replay with
a stronger backbone, such as ViT, outperforms ResNet50,
suggesting that the use of more powerful architectures
can further amplify the benefits of the Replay technique
in CL.

mmm Replay (B=1000, ResNet50)
mmm Replay (B=1500, ResNet50)
mmm Replay (B=2000, ResNet50)

Replay (B=50, ViT)
Replay (5=100, ViT)
Replay (B=500, ViT)

es in Cl scenario

mmm Replay (B=1000, ViT)
mmm Replay (B=1500, ViT)
mmm Replay (B=2000, ViT)

6.4 Results on different orderings of episodes

Based on the performance of the Replay strategy, we
studied it further on different training strategies on DL
We are mainly trying to study the replay strategy further
by changing the original dataset episode sequence to
study the impact of the variation of a dataset on perfor-
mance. The dataset is arranged in two different sequences
to examine the impact of episode order on learning. The
first sequence S1 (1, 2, 5, 6, 3, 4) corresponds to episodes
from different years (2021, 2023, and 2022), analyz-
ing how skipping between years affects learning reten-
tion and adaptation. The second sequence, S2 (1, 3, 5, 2,
4, 6), structures episodes such that data from the source
domain is presented first, followed by corresponding
target-domain data within each year. From Table 9, we
observe that S2 results in better FWT and A for both
architectures (ResNet50 and ViT), suggesting improved
knowledge transfer across episodes. ViT achieves higher
ACC and FWT compared to ResNet50, making it more
effective in absolute performance. However, ResNet50
demonstrates more stable BWT, indicating less forget-
ting of previous episodes. These findings emphasize that
while ViT excels in accuracy, ResNet50 may be a more
stable choice for handling sequential learning, as it has
stable BWT. This further supports the practical relevance
of Replay in real-world applications, ensuring that audio

Table 9 Performance comparison of the Replay strategy with
different backbones and sequences in DI scenario

Sequence Backbone BWTI[65] FWT[65] A[65] ACCI[36]

S1 ViT 433 7527 74.18 77.29
ResNet50 3.77 67.12 66.77 7216

S2 ViT 1.58 76.99 7685  77.71
ResNet50 1.20 70.02 70.20 71.30
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monitoring systems can continuously adapt to new sound
environments while maintaining past knowledge.

6.5 Limitation and future directions

CL in audio-based applications such as machine monitor-
ing or farm surveillance faces several unexplored real-world
challenges. These challenges include domain shifts caused
by weather, seasonal changes, and dynamic background
environments, which are not explored in this work. In this
study, we focus on DI and CI scenarios, as these are the
most studied (as discussed in Sect. 2.1.2) and do not cap-
ture multimodal scenarios (e.g., audio-video, audio-text),
hybrid continual learning scenarios that combine new class
and domain-shift challenges, or more complex conditions
such as blurred domain boundaries where transitions occur
gradually. In this work, we have curated the DCASE chal-
lenge dataset, which provided the DI and CI settings for
the evaluations, given its well-structured normal/abnormal
sound samples, annotations, consistent recording condi-
tions, and natural domain variety, unlike other datasets like
UrbanSound8K or ESC-50, which have only class variabil-
ity and therefore can be used for only the CI scenario.

In future work, we can explore practical aspects such as
robustness to background noise, handling noisy or imbal-
anced data, concept drift, hardware variability, and cross-
domain transferability, which are crucial for real-world
deployment. Extending evaluations to additional datasets
for different scenarios would also enhance generalizabil-
ity. For this, useful dataset criteria include: (i) coverage of
both normal and abnormal sounds, enabling the construc-
tion of realistic DI and CI scenarios, (ii) offers consistent
annotation and controlled recording conditions across
multiple domains, and (iii) its domain structure aligns
with our research goal of studying continual learning
under gradual, naturally occurring drifts, and (iv) suffi-
cient size for sequential task construction, which are sup-
ported by the DCASE dataset. One of the possible ways
to simulate a hybrid scenario is to interleave the episodes
from DI and CI scenarios created in Figs. 2 and 3. Thus,
a sequence of 12 episodes with alternating domains and
new class situations will serve as a hybrid scenario. Our
goal is to extend this framework to multimodal datasets,
hybrid continual learning settings, and the outlined prac-
tical challenges, thereby improving both robustness and
generalizability for real-world monitoring applications.

7 Conclusion

We investigate CL approaches on DI and CI scenarios
with 6 sequential episodes curated from a large range of
DCASE datasets for machine sound monitoring. With the
extensive comparative analysis performed, we observe that
the performance of rehearsal-based strategies outperforms
regularization-based CL approaches in the CI scenario,
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whereas both categories of approaches perform seem-
ingly well in the DI scenario. We achieve overall accuracy
(A) for the Replay approach as 76.53% (DI) and 99.51%
(CI) with ViT and 70.12% (DI) and 96.98% (CI) accuracy
with ResNet50. The results also indicate that performance
generally decreases with smaller memory sizes, yet several
strategies, particularly Replay, maintain competitive accu-
racy even with significantly reduced memory. This dem-
onstrates that effective continual learning is achievable
without large storage requirements, making these meth-
ods suitable for resource-constrained scenarios such as
edge-device deployment. Overall, our analysis highlights
the importance of selecting appropriate continual learning
strategies suited to the needs and challenges of audio data,
balancing accuracy with memory usage to ensure robust
and practical performance in real-world applications.
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