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Abstract

The proliferation of deep learning leads to
great success in various domains such as computer
vision, natural language processing, and even edge
computing. However, it often comes at the cost of
substantial computational power, memory usage,
and extensive data requirements, posing challenges
for edge computing with limited resources.  This
paper presents a novel, memory-efficient incremental
learning method optimized for edge computing.
By harnessing differentiable memory storage and
lifelong learning principles, the proposed method
facilitates efficient concurrent learning and storage
of knowledge, significantly reducing the need for
extensive retraining while preserving privacy and
enhancing space efficiency. Experimental results
on three benchmark datasets demonstrate that the
proposed method yields accuracy gains reaching up
to 7%p, approximately 47% improvement in space
efficiency and 36% improvement in time efficiency
against the SOTA methods. It surpasses conventional
methods in accuracy, space efficiency, and learning
time, making it a robust solution for continual learning
in resource-constrained environments.

Keywords: Edge Computing, Deep Learning,
Continual Learning, Differentiable Memory

1. Introduction

Recent advancements in deep learning have led
to significantly successful results across various
application domains. However, the success comes at the
cost of substantial computational power, memory usage,
and extensive data requirements during both training and
inference phases (Chen and Ran, 2019). A common
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approach to mitigate these challenges is the use of
cloud computing, which provides centralized resources
to manage heavy computational tasks. However, this
approach necessitates transferring data from sources
at the network edge (e.g., smartphones, Internet of
Things (IoT) devices (Z. Zhang et al., 2020), individual
cars, and wearable devices) to a centralized location,
raising concerns such as latency in data transmission and
potential privacy risks during the re-training of collected
data (Jeans, 2019; Satyanarayanan, 2017).

Edge computing addresses these issues by providing
a hierarchical architecture that scales efficiently with
client demands. By processing data closer to its source,
edge computing reduces latency and enhances privacy,
thereby mitigating the need for extensive data transfer to
centralized cloud servers (H. Li et al., 2018). However,
despite these benefits, edge computing faces challenges
in scalability and continual learning—-a form of lifelong
learning where models learn continuously from new
data over time—-due to the relatively small storage
capacity of edge servers compared to cloud solutions
(Wang et al., 2022). This limitation often necessitates
frequent model retraining to handle continuous data
streams, which can lead to issues such as catastrophic
forgetting, where the model loses previously acquired
knowledge, thus degrading its overall performance. As
illustrated in Figure 1, when an excessive number of
users converge on a relatively small number of edge
servers or as new data accumulates over time, there can
be significant time consumption due to retraining and
a shortage of capacity needed to process the excessive
data.

To overcome these challenges, this paper presents
a novel method optimized for edge computing
environments that combines differentiable memory
with principles of continual lifelong learning in
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Figure 1. Continuous increase in users and new data
leading to edge server model overload.

neural networks (NNs). The proposed method
converts incoming data into differentiable vector forms,
facilitating concurrent storage and learning, thereby
addressing both privacy concerns and the inefficiencies
associated with extensive retraining. By utilizing
a distributed data storage mechanism, this method
further enhances its applicability to edge environments,
providing a robust and efficient solution for handling
continuous learning needs.

The proposed method employs a memory-efficient,
differentiable learning framework designed to function
effectively within the constraints of edge computing.
The key components of the proposed method include:

* Differentiable Memory Storage: Incoming data is
transformed into differentiable vectors and stored
in a distributed manner across edge nodes. This
ensures that data can be easily accessed and
updated without the need for extensive retraining,
preserving previously learned information while
adapting to new data.

* Concurrent Learning and Storage: Leveraging the
differentiable nature of the stored data allows the
proposed method to perform learning and storage
simultaneously. This capability reduces overall
learning time and enhances the efficiency of the
learning process.

e Continual Lifelong Learning Paradigm: By
incorporating principles of continual lifelong
learning, the proposed method enables the model
to learn from new data continuously without
forgetting previously acquired knowledge. This
is achieved through regular updates to the
differentiable memory vectors, allowing the
model to dynamically adapt to new information.

¢ Privacy Preservation: The transformation of data
into differentiable vectors ensures that raw data
is not stored, enhancing privacy and security—-a

critical feature for sensitive data handled at the
edge.

This paper is organized as follows: Section 2
reviews the related work in edge computing and
continual lifelong learning in neural networks. Section
3 provides the theoretical foundations necessary for
the proposed method detailed in Section 4. Section
5 presents experimental results, demonstrating that
the proposed method outperforms the existing lifelong
learning techniques applicable to edge computing in
terms of accuracy, space efficiency, and learning and
inference time. Finally, Section 6 concludes the paper
with a discussion of the findings and future research
directions.

2. Related Works
2.1. Edge Computing

Traditional deep learning models struggle with
real-time analysis of time-series data from sources
like smart meters due to significant fluctuations in
data distribution (Yue et al.,, 2021). Continual
learning (De Lange and Tuytelaars, 2021) has
become vital for edge computing, addressing the
challenge of catastrophic forgetting, where models
lose previously acquired knowledge when learning new
tasks. Scheduled continual deep learning approaches on
edge-cloud systems have been proposed to manage and
improve learning performance by leveraging techniques
such as cosine similarity of electric load patterns to
optimize the learning process (Kim et al., 2022; Lee
et al., 2020). These methods intend to enhance the
adaptability and responsiveness of models to new data,
but they often rely on extensive data storage and
frequent retraining, which can be inefficient and pose
privacy risks (Chae et al., 2022).

Federated learning (FL) in mobile edge computing
(MEC) systems also incorporates CL to tackle the
issue of knowledge retention across distributed devices.
Cross-edge FL systems, in particular, face challenges
with forgetting past tasks due to varying scenarios
and tasks. Solutions like Cross-FCL use parameter
decomposition and cross-edge strategies to balance
memory and adaptation, allowing devices to retain
past knowledge while learning new tasks (Yang et al.,
2024). Resource-efficient methods divide models into
components for new knowledge adaptation and old
knowledge preservation, optimizing resource use and
mitigating catastrophic forgetting. = However, these
methods still often require significant data storage and
extensive retraining, impacting efficiency and posing
security risks (Z. Zhang et al., 2022).

Page 7269



2.2. Continual Learning

Continual learning, or lifelong learning, aims to
enable models to learn from a continuous stream of
data without forgetting previously acquired knowledge
(Moon and Cho, 2024). Numerous methods have
been proposed to address the challenge of catastrophic
forgetting in neural networks.  Learning without
Forgetting (LwF) preserves the responses of the
network for old tasks when learning new tasks using
knowledge distillation (Z. Li and Hoiem, 2017). Elastic
Weight Consolidation (EWC) adds a regularization term
to the loss function to penalize significant changes
to important weights, identified using the Fisher
Information Matrix (Kirkpatrick et al., 2017).

Incremental Classifier and Representation Learning
(iCaRL) combines representation learning with
classification, maintaining a memory of exemplars from
previous tasks and using a nearest-mean-of-exemplars
classifier (Rebuffi et al., 2017). Weight Alignment
(WA) aligns the weights of the neural network
to reduce interference and maintain performance
consistency across tasks (Zhao et al., 2020). Parameter
Superposition with Soft Masking (PASS) calculates
and stores prototypes representing data in memory
for future reuse (Zhu et al., 2021). Backward and
Forward Transfer (BEEF) integrates two modules
using two prototypes to achieve compatibility and
efficient knowledge transfer. Bias Correction (BiC)
addresses the imbalance between old and new classes
and the increasing number of visually similar classes
by proposing a bias correction-based continual learning
model (Wu et al., 2019).

3. Preliminaries
Continual learning (especially, class incremental

learning) is to learn from an evolving stream with
incoming new classes. Assume there is a sequence

of n training tasks, 71,75, ..., T, without overlapping
classes. Each task T; = {(z%,y})}}2, is the i-th

incremental step with n; training instances, where :17; €

RP is an instance of class y% € Y;, and the label spaces
of different tasks do not overlap, Y; N'Yy = 0 for
1 # i'. Data from T; is accessible only when training
task 7. The ultimate goal of CL is to continually build
a classification model for all classes. In other words,
the model should not only acquire the knowledge from
the current task 7; but also preserve the knowledge from
former tasks. After each task, the trained model is
evaluated over all seen classes, Y =Y, U...UY,,.

Typically, continual learning assumes Y; N Y; = ()

for i # 4/, meaning there are no overlapping classes
in different tasks. However, in the real world, it is
common to observe old classes emerging in new tasks.
When Y; N'Y, # (), the setting is referred to as
blurry class-incremental learning (Blurry CIL). This
enables the model to revisit former instances in later
stages, which simplifies the learning challenge. Hence,
this paper focuses on the typical CIL setting without
overlapping classes.

In the discussion that follows, we decompose the
CIL model into the embedding module and linear layers,
ie, f(z) = WTg¢(x), where ¢(-) : RP — R4,
and W € Rl The linear layer can be further
decomposed into a combination of classifiers: W =
[wi,wa, ..., wy;], where w, € R? and | - | denotes
the size of the set. The logits are then passed to the
Softmax activation for further optimization, where the
output probability on class k is denoted as:

_ exp(w[é(@)/7)
Sl exp (w] ¢(x)/7)

Sk(f () (D

where T is the temperature parameter.
4. Proposed Method

The model proposed in this paper is primarily
composed of a learning module and a memory module
(Memory M). The model F' is to predict the class label
Y from the input data and has a structure where the
encoder F'r and the classifier Fio are serially connected.
For the sake of clarity in subsequent explanations, we
will refer to them as encoder F'g, classifier F(», and
memory M.

4.1. Initialization

In its initial state, memory M is structured as a
K x M matrix, where K represents the user-defined
memory size and M denotes the dimension equivalent
to that of the features to be stored ((Q). All elements in
the memory matrix are initialized with random values
between 0 and 1, making it ready for training. For
the first task learning (77), the proposed method only
involves learning for E, M, and C. The encoder
receives input x and extracts query feature Q = F(x)
of size H x W x C, where H, W, C denote height,
width, and the number of channels, respectively. The
query feature () is input into the memory module.

4.2. Differentiable Memory

The query feature @) is converted into individual
queries {Q,}N_; of shape 1 x 1 x C, and N =
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Figure 2. Overview of the proposed method and memory read/write process.

H x W. For each @Q,,, we compute cosine similarities
with memory items my,...,m; and apply a softmax
function. Similarity between (),, and m; is as follows:

w®™ = sim(m; - Q,,) @
Xi-Y
sim(X;,Y) = +——r ®
oY) =[xV

Then, we calculate the weighted average memory items
using w(™);

K
Q=3 w""my. @)

i'=1

Equations (2) to (4) detail the derivation of a new Q by
leveraging the similarity between (), produced by the
encoder (Fg), and the memory. This process integrates
information from multiple memory indices to generate
a unified new representation. The extracted Q serves
as input to the classifier. The encoder and classifier are
trained jointly using the cross-entropy loss L for the
classification task.

Differentiable memory ensures stable updates
between memory items through cosine similarity-based
weighted averaging and normalization, while
maximizing the diversity and separability of memory
representations using contrastive learning-based loss
functions. This design enables continuous and gradual
evolution of the memory during the learning process,
effectively preserving previously learned information
when integrating new data. Consequently, the memory

is optimized in an end-to-end manner, enhancing the
model’s efficiency and learning stability.

After extracting Q, the memory update process
is performed to reflect the information of the current
task. For each memory item m,;, we identify all
queries for which m; is the most similar memory item,
and the index set of these queries is denoted as U®.
The similarity mentioned here is the same as w("?).
Subsequently, the cosine similarity between m; and z,
is computed, followed by the application of the softmax
function:

v = sim(m; - Q) (5)

To prevent the memory from changing too abruptly,
normalization is performed based on the maximum
value of the similarities within the set U":

U/(i,’ﬂ) _ /U(ivn)

(6)

max,, i v+

Normalization of v is essential for maintaining the
stability and gradual evolution of the memory. Without
normalization, the memory updates could be dominated
by a few high-similarity entries, leading to significant
and potentially disruptive changes in the memory items.
By normalizing v, we ensure that updates are distributed
more evenly and proportionately across all relevant
memory items. This implementation helps preserve
previously learned information while incorporating new
data, thus maintaining a balanced and stable memory
update process (Park et al., 2020).

Using the normalized v’, the memory is updated
by weighting z, with v' and adding it to the existing
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memory item m;:

mi = mi+ Y v P Qs %)
keU?

Through this process, the memory continuously
updates with new data, represented in a distributed
manner across the memory space. This distributed
representation has two main advantages: it optimizes
both privacy protection and spatial efficiency. The
Q@ extracted from Fg is an intermediate layer output,
making it difficult to reconstruct the original data.
Additionally, the distributed structure of w and v stores
data across multiple memory indices based on weights,
enhancing privacy. The memory read process, which
integrates multiple indices to create a complete Q.
allows similar data to share common information, thus
achieving spatial efficiency.

To achieve complete differentiability and automate
the memory input-output process, we define specific
input-output losses. The loss Ly, ensures ) becomes
closer to the most similar memory item, allowing
consistent mapping to the same memory items, thus
enabling smaller memory sizes. Conversely, Lyyie
increases the distance between different memory items,
promoting diverse memory storage. Each query Q,, is
made closer to the most similar memory item m,, and
farther from the second most similar memory item m,
using a contrastive learning-based loss, enriching the
representation (Bu and Cho, 2023).

N
Liead = Z HQn - mp||2 (8)
n=1
N
Lusie = »_[1@n = mpll2 = |@n = mygll2 + ] (9)
n=1

Equations (8) and (9) are the formulas for L,,,;;. and
L,.qq mentioned earlier. The total training loss for the
initial task is:

L= Lcls + )\(Lread + Lwrite) (10)

where A is a hyperparameter. The memory is trained in
an end-to-end manner.

4.3. Subsequent Learning

After completing the initial learning, maintaining
previous knowledge is crucial. The proposed memory
structure receives all information from the encoder’s @,
making it essential to enable continuous learning for the
encoder in sustainable edge computing environments.

To preserve the encoder’s prior knowledge, we
employ Orthogonal Weight Modification (OWM). This
technique updates the model in a direction orthogonal
to the gradient of the previous task, thus preventing the
loss of acquired knowledge and effectively mitigating
catastrophic forgetting.

Conventionally, for a fully connected (FC) layer, the
weight matrix W is updated using the gradient descent
algorithm. Learning the k-th task T}, leads to the update
Wi = Wi_1 — AAWPF where A is the learning
rate and AVV,;B P represents the gradient computed by
backpropagation (BP) during training on 7. According
to (B. Zhang et al., 2021), W,,_12;, — NAWBP #£
Wh_1xin. This deviation accumulates across multiple
layers, resulting in catastrophic forgetting of previous
tasks.

To address this problem, the OWM algorithm
constrains AW.B? to be orthogonal to the input of
previous tasks (B. Zhang et al., 2021). If VW,T_Hxi =
0, the output is preserved. Therefore, we compute
an orthogonal projector matrix P that projects VW
onto the orthogonal subspace of the input space. The
projector P can be efficiently calculated as follows:

P, =Py1 — (@ + T} Poo1Tg) ' Poo1 737 Pry
(11)
where k indexes the mini-batch, and x;, is the mean of
the k-th mini-batch’s inputs. Although this explanation
uses an FC layer, OWM can be applied to other
neural networks, such as convolutional neural networks
(CNN).

5. Experiments

The proposed method enables end-to-end learning
and can store multiple prototypes in a distributed
manner, allowing for more accurate retention of class
information. = We evaluate the effectiveness of the
proposed method in a CL setting in this section.

5.1. Experimental Setup

The datasets used in this paper include MNIST
(LeCun, 1998), permuted MNIST (P-MNIST)
(Goodfellow et al., 2013), and fashionMNIST
(F-MNIST) (Xiao et al., 2017) as shown in Figure
3. MNIST consists of handwritten digits from 0
to 9, P-MNIST is a variant with pixels shuffled
according to a consistent rule, and F-MNIST contains
10 fashion-related classes. Each dataset is divided into
10 classes with two consecutive classes forming one
task, resulting in 5 tasks for class-incremental learning.

The methods are evaluated with average accuracy,
calculated by averaging accuracies across all
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Figure 3. Examples of datasets: MNIST, permuted
MNIST, and Fashion-MNIST from top to bottom.

incremental steps. Eight baseline methods are
compared, including five replay-based methods (which
store raw data samples in memory; iCaRL, BiC, WA,
DER, BEEF), one semi-replay-based method (which
creates and stores class prototypes for regeneration;
PASS), and two regularization-based methods (which
adjust the learning gradient and loss without using
memory to prevent forgetting previous knowledge;
LwF, EWC). Unlike the alternative methods, the
proposed model stores encoded forms of the images
instead of the original images. All methods are
implemented using ResNet-20 (He et al., 2016), with
the encoder and decoder of the proposed method each
composed of 6 convolution layers. The memory size
is set to 100, and the image size after encoding is
7 x 7 with 32 dimensions. The proposed method uses
the AdamW optimizer with a learning rate of 0.001,
and the maximum epochs are set to 100 for all the
methods, with hyperparameters A = 0.01 for memory
learning and @ = 1 for OWM learning. We conduct
all experiments using the PyCIL environment based on
PyTorch, and the experiments are performed on a DGX
Station V100 with CUDA version 11.2.

5.2. Performance Evaluation

The experimental results are summarized in Table
1. Comparative methods employing memory (iCaRL,
BiC, WA, DER, and BEER) are tested with memory
sizes of 100, 300, and 500. Moreover, after learning
the final task, a comparative analysis of iCaRL, WA,
PASS, and the proposed model is conducted. The
proposed method outperforms both methods that do not
store original samples and those that do. It achieves
the best performance in all the experiments. Notably,
in F-MNIST, the proposed method shows significant
improvements of 4.09%p, 2.23%p, and 6.80%p for
memory sizes of 100, 300, and 500, respectively,
compared to the next best performance. %p denotes
“percentage points” (%p), which is a unit for the
difference between percentages.

Figure 4 compares the methods across three datasets
with a memory size of 500. The proposed method

consistently demonstrates superior performance across
all datasets. These results highlight its strong initial
learning capability and higher overall average accuracy,
with minimal performance degradation compared to
other methods. The robustness of the proposed method’s
distributed representation is evident, as it continuously
updates without losing information about previous
knowledge, even with fixed memory space. Unlike other
memory-based methods that may need to erase existing
knowledge based on importance, the proposed method
efficiently utilizes shared knowledge and automates
each memory space, preventing knowledge erosion and
ensuring superior performance.

5.3. Ablation Study

We perform an ablation study using the F-MNIST
dataset to examine the effects of three key components
related to memory in continual learning. The
experiments involve removing the memory read loss,
write loss, and normalization. The memory size for
these experiments is set to 500. Since removing OWM
would prevent the continual learning process from
functioning, it is not considered in this ablation study.
As illustrated in Table 2, normalization in the proposed
method results in an average performance improvement
of approximately 2%p. Notably, the L,,.;tc component
shows a greater impact on performance enhancement
compared to L,.qq. This is likely because L,,,;t. serves
some functions of L,.,q within the context of continual
learning.

5.4. Model Efficiency

The proposed method achieves the highest
performance across all datasets and memory sizes,
as shown in Table 3. To objectively demonstrate its
advantages, we compare the proposed method with the
second-best performing methods in terms of both space
efficiency (number of parameters) and training time.

Space Efficiency In terms of space efficiency,
WA is the second-best performing method, using
269,954 parameters compared to the proposed method’s
142,149 parameters. This represents a reduction of
approximately 47% in the number of parameters for the
proposed method. Despite this significant reduction in
memory usage, the proposed method outperforms WA
in terms of accuracy. For instance, for the MNIST
dataset with a memory size of 500, the proposed method
achieves an accuracy of 98.95%, compared to WA’s
98.11%. Similarly, for the Permuted MNIST dataset,
the proposed method achieves 97.92% accuracy at a
memory size of 500, compared to WA’s 92.25%.

Training Time In terms of training time, WA is
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Table 1. Average incremental accuracy on MNIST, Permuted MNIST, and Fashion-MNIST. K denotes the
memory size.

Method MNIST Permuted MNIST Fashion-MNIST
K=100 K=300 K=500 K=100 K=300 K=500 K=100 K=300 K =500
LwF 94.52 78.78 51.8
EWC 47.94 42.78 45.78
PASS 90.27 64.86 68.19
iCaRL 85.53 94.21 94.97 72.81 87.03 89.35 64.22 76.25 78.84
BiC 69.91 79.68 82.90 88.16 93.96 94.54 60.60 66.13 73.78
WA 95.07 97.49 98.11 87.92 88.76 92.25 67.27 78.85 80.66
DER 94.40 97.60 98.07 79.73 89.59 92.05 65.40 76.56 79.34
BEEF 85.83 94.01 95.17 88.30 93.55 95.17 68.04 7143 74.00
Ours 97.72 98.83 98.95 91.21 94.20 97.92 72.13 81.08 87.46
MNIST (K = 500) P-MNIST (K = 500) F-MNIST (K = 500)

100 100 —e—Lwk

90 90 90 ——EWC
9 80 _ 80 ——PASS
- 70 0 70 —e—iCaRL
= 60 - 60
g P 50 . 50 —e—BiC
&40 30 AN 40 WA

30 S - 30 DER

20 T 10 ’ 20 = o BEEF

0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 8Os
Task Task Task
Figure 4. Accuracy curves for three benchmark datasets.

Table 2. Ablation study of read and write losses
with normalization of the proposed method

Lread Lwrite Normalization Accuracy

v 80.25
84.33
86.21
85.55
86.51
87.46

< K
L <K
L

the shortest at 26 minutes, while the proposed method
takes 111 minutes. Although WA may outperform the
proposed method in situations where shorter training
times are required, it is essential to consider the
accuracy-time trade-off concerning the complexity of
the dataset. In this paper, WA achieves 98.11%
accuracy on MNIST and 80.66% on F-MNIST with
a memory size of 500. Given that F-MNIST is
generally considered more complex than MNIST, WA
shows a significant drop in performance. This drop in
performance may indicate that WA is less suitable for
more complex real-world applications than F-MNIST.

Table 3. Comparison of methods in terms of space
efficiency (number of parameters) and training time

(minutes).
Method Parameters Training Time (min)
LwF 269,954 53
EWC 269,954 37
PASS 272,034 212
iCaRL 269,954 66
BiC 269,962 243
WA 269,954 26
DER 1,350,575 136
BEEF 1,350,924 174
Proposed Method 142,149 111

From this perspective, the training time of the proposed
method is justified by its robustness in accuracy across
different data complexities. When considering both
accuracy and training time, the advantages of the
proposed method become more definite. Specifically,
on the P-MNIST dataset, the proposed method takes 111
minutes for training, while a similarly high-performing
method, BEEF, requires 174 minutes. This represents
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a reduction of approximately 36% in training time for
the proposed method compared to BEEF. Despite the
shorter training time, the proposed method achieves a
high accuracy of 97.92% on the P-MNIST dataset with
a memory size of 500, compared to BEEF’s 95.17%.

5.5. Discussion

Overall, the proposed method excels by maintaining
high accuracy with significantly fewer parameters and
a reasonable training time. This balance of high
performance, space efficiency, and training time makes
it particularly suitable for environments where both
memory and computational resources are limited. The
combination of these factors emphasizes the robustness
and practicality of the proposed method for continual
learning applications, demonstrating up to a 47%
reduction in memory usage and a 36% reduction in
training time compared to BEEF, while still achieving
superior accuracy. The proposed method is designed
to perform in a disjoint setup where there are no
overlapping classes between tasks, but it can also
operate effectively in a blurry setup where classes
overlap. The proposed method compares all incoming
data with the memory, followed by a read, update, and
the OWM learning process. Since it does not target
specific classes or use task numbers, it is expected to
achieve the same results even in scenarios where classes
overlap across tasks.

6. Concluding Remarks

In this paper, we have presented a memory-efficient
continual learning method designed for edge computing.
The proposed method effectively addresses the
challenges of limited computational resources and
memory constraints by harnessing differentiable
memory storage and lifelong learning principles.
Through extensive experiments on various benchmark
datasets, we have demonstrated that the proposed
method outperforms the state-of-the-art methods in
terms of accuracy, space efficiency, and learning time.
Although it takes longer to train compared to some
methods like WA, this is compensated by effectively
preventing performance degradation on complex
datasets and building a robust model. The superior
performance of the proposed method can be attributed
to its ability to maintain high accuracy with significantly
fewer parameters and reasonable training time. The
integration of Orthogonal Weight Modification ensures
the preservation of previously acquired knowledge,
mitigating catastrophic forgetting and enabling the
model to adapt dynamically to new data.

Future work will focus on further optimizing

the method for real-time applications in more
diverse and dynamic edge computing environments.
Additionally, exploring the integration of federated
learning techniques could enhance the scalability and
robustness of the proposed method, enabling it to handle
a wider range of tasks and datasets. In addition, we
are aware that, in edge computing scenarios, classes
often overlap between data streams. To demonstrate
the robustness of the proposed method under such
conditions, we plan to conduct additional experiments
and analyses in a blurry setup, where classes overlap, in
the future.
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