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Abstract

The goal of on-device continual learning is to enable models to adapt to streaming data
without forgetting previously acquired knowledge, even with limited computational
resources and memory constraints. Recent research has demonstrated that weighted
regularization-based methods are constrained by indirect knowledge preservation and
sensitive hyperparameter settings, and dynamic architecture methods are ill-suited for
on-device environments due to increased resource consumption as the structure scales.
In order to compensate for these limitations, replay-based continuous learning, which
maintains a compact structure and stable performance, is gaining attention. The limitations
of replay-based continuous learning are (1) the limited amount of historical training data
that can be stored due to limited memory capacity, and (2) the computational resources
of on-device systems are significantly lower than those of servers or cloud infrastructures.
Consequently, designing strategies that balance the preservation of past knowledge with
rapid and cost-effective updates of model parameters has become a critical consideration
in on-device continual learning. This paper presents an empirical survey of replay-based
continual learning studies, considering the nearest class mean classifier with replay-based
sparse weight updates as a representative method for validating the feasibility of diverse
edge devices. Our empirical comparison of standard benchmarks, including CIFAR-10,
CIFAR-100, and TinyImageNet, deployed on devices such as Jetson Nano and Raspberry Pi,
showed that the proposed representative method achieved reasonable accuracy under lim-
ited buffer sizes compared with existing replay-based techniques. A significant reduction
in training time and resource consumption was observed, thereby supporting the feasibility
of replay-based on-device continual learning in practice.

Keywords: continual learning; replay; sparse update; on-device; edge device

MSC: 68T05

1. Introduction

Continual learning (CL) refers to learning new information while retaining previously
acquired knowledge, which is a crucial feature for real-world applications where data
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evolve in dynamic environments [1]. A significant challenge in CL is catastrophic forgetting,
where newly learned information overwrites and erases previously learned knowledge [2].
Various methods have been developed to address this issue, with replay-based learning
emerging as a prominent approach [3,4]. In replay-based learning, past data are stored in a
buffer and revisited during training to preserve previous knowledge while learning new
information [5,6]. One of the widely used methods in this approach is iCaRL, which uses a
nearest class mean (NCM) classifier to store the mean feature vector for each class, thereby
preserving past knowledge [7]. By contrast, methods such as experience replay (ER) update
the model using a mix of current and buffered past data to mitigate forgetting [5]. Although
effective in tasks such as image classification, these methods face challenges in on-device
environments with limited memory and computing resources [8].

The primary goal of this work is to provide a brief literature survey on replay-based
CL, which is known as a feasible implementation strategy for realizing on-device CL in
resource-limited edge devices due to its simplicity and efficiency. One concern when CL
is planned to run on edge devices with on-device settings is that it can fail to execute
due to its hypersensitivity to hardware specifications. To circumvent this situation, the
suitability, empirical performance, and trade-offs among the resources of the algorithm
selection and parameter settings for implementing CL should be considered before imple-
mentation, which has not been reported. To this end, in addition to the literature survey, we
conduct empirical experiments based on well-known edge devices using a representative
CL implementation, and we then report the results to guide practitioners.

One of the main challenges in reducing retraining time is ensuring that the model can
recognize previously learned classes while integrating new ones [9]. This requires careful
model updating because simply overwriting older data may lead to catastrophic forgetting.
In addition, the prolonged retraining process delays system responsiveness and consumes
considerable resources, which is a critical concern in practice. For example, smartphones
have limited computational power, memory, and battery life, making it impractical to
continuously retrain complex models [10]. Therefore, an optimized approach is necessary
to minimize the time and resources required for model updates. CL addresses these
challenges by updating only the most relevant parts of the model, drastically reducing the
retraining time.

In resource-limited buffer environments, distinguishing transfer learning, meta-
learning, and CL is crucial. Transfer learning utilizes models pretrained on large datasets
and fine-tunes them on smaller, domain-specific datasets, proving advantageous in en-
vironments with limited labeled data [11]. Meta-learning, on the other hand, aims to
quickly adapt models to new tasks with minimal examples, making it suitable for scenarios
with limited buffer capacity and rapid task shifts [12]. However, neither transfer learning
nor meta-learning inherently address the sequential learning of multiple tasks without
forgetting, which is specifically targeted by CL [13]. Recent self-supervised methods, such
as CSRM-MIM, have demonstrated effectiveness by pretraining on unlabeled data, sig-
nificantly reducing the labeling burden [14]. Semi-supervised methods, like multi-modal
imitation learning for railway arc detection, effectively integrate limited labeled data with
abundant unlabeled data, demonstrating resource efficiency [15]. Additionally, physics-
informed neural networks, exemplified by surrogate modeling of pantograph—catenary
interactions, leverage domain-specific physical laws to enhance feature extraction with min-
imal data [16]. Nevertheless, weight regularization and dynamic architecture approaches
typically demand additional memory or computational overhead, rendering them less
suitable for resource-constrained edge devices [17]. Therefore, sparse weight updates are
critical in minimizing computation, memory consumption, and preserving accuracy by
selectively updating only essential parameters [18].



Mathematics 2025, 13, 2257

3 0f 30

Replay methods are particularly crucial in on-device environments owing to two main
constraints. First, the limited memory capacity severely restricts the amount of past train-
ing data that can be stored. In contrast to conventional computing environments, which
typically have abundant memory resources at their disposal, on-device scenarios frequently
function within a range of stringent constraints. This limitation renders the preservation
and maintenance of comprehensive historical data sets impracticable. To overcome these
constraints, efficient replay strategies have recently been developed that selectively store
and utilize only the most representative or informative past experiences. This approach
enables the preservation of knowledge while minimizing memory usage. Second, on-device
systems generally possess constrained computational capabilities. Edge devices and mobile
platforms are characterized by limitations in processing speed and computational resources
when compared to server-class systems. Consequently, these devices require a lightweight
and expeditious approach to adapt to learning environments. Replay-based approaches
have been demonstrated to address this need effectively. The model strategically reuses
some of the data stored in a buffer during training to facilitate the expeditious incorporation
of new information. The advantage of this approach is that adaptation is possible without
the necessity of relearning the entire data set or repeating complex computations. Conse-
quently, replay-based learning is particularly advantageous in real-time environments. This
approach facilitates timely and efficient learning, particularly in situations where rapid
adaptation and updating to new data is necessary.

Successful replay-based CL methods for on-device systems must carefully balance
these memory and computational constraints. Such methods should efficiently select and
manage replay buffers to retain essential knowledge from previously learned tasks while
simultaneously enabling rapid, computationally efficient learning of new information.
Developing replay methods optimized for these resource-constrained scenarios is necessary
to achieve effective, scalable, and practical CL solutions for devices. This study first
provides a survey of replay-based on-device CL. Based on our review, we propose that
NCM with replay-based sparse weight updates can be a practical method for implementing
CL on diverse edge devices. Next, by setting the proposed method as a representative,
we conducted empirical comparisons on standard benchmark datasets, such as CIFAR-
10, CIFAR-100, and TinyImageNet, deployed on edge devices, such as the Jetson Nano
and Raspberry Pi, to provide meaningful guidance to practitioners in this field. The
contributions of this study can be outlined as follows.

e We survey replay-based CL methods, focusing on memory usage, computational
efficiency, and classification performance in on-device environments.

e We propose an NCM with replay-based sparse weight updates as the representative
method for validating the feasibility of on-device CL in edge devices.

¢ We conduct experiments in real-time on-device environments, demonstrating the
advantages of the proposed method in terms of accuracy and efficiency under resource
constraints.

*  We analyze the performance of the NCM classifier with replay-based sparse weight up-
dates, highlighting key trade-offs between training time, inference time, and learning
accuracy in limited-resource scenarios.

2. Related Works

CL is essential in real-world applications because it enables models to adapt to new
information while retaining previously acquired knowledge. This capability is critical in
dynamic environments where data continuously evolves. Various approaches to CL have
been previously investigated, as shown in Table 1.
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Table 1. Summary of replay-based continual learning methods.

Buffer Feature
Method Year Remarks Management Update Refs.
CSRel 2025 Uses Redumble Loss (ReL? to §e1ect coreset samples by Greedy Not fixed [19]
measuring performance gain via loss difference between
holdout and current models.
CLeWI 2024 Applies w.elght 1pterpolat1on a'fter training on new tasks by Random Not fixed 120]
performing weight permutation to align activations and
uses linear interpolation to combine current and previous weights
SRP 2024 Uses a class-feature sketching to approximate feature distributions Greedy Not Fixed [21]

applying replay buffer projection to project examples into
lower-dimensional space
Implements a wake/sleep framework in online CL
SIESTA 2023 during the wake phase without replay or backpropagation updates, Greedy Fixed [22]
and offline memory consolidation occurs during the sleep phase
leveraging quantized latent replay for memory efficiency
Employs a bias adaptor that dynamically adapts the classifier

CBA 2023 during training by applying a nonlinear transformation Greedy Not fixed [23]
to capture distribution changes in the posterior probability,
using a lightweight MLP to fit posterior shifts across tasks,

while removing the CBA during inference
Separates model for each task, using an OOD Head for

ROW 2023 task identification and a WP Head for classification Random Not fixed (24]
to perform task detection and classification simultaneously
SCoMMER 2023 Implements sparse coding with acth}atlo.n ar}d ?emant}c d.ropout Greedy Not fixed [25]
to reduce task interference and maintain distinct activations,
while using a dual memory system with working memory
EPR 2023 Utilizes saliency maps to identify key input patches Greedy Not fixed [26]

during replay, applying zero-padding to align these patches with
their original dimensions, enhancing memory efficiency
Dual memory is configured to optimize short-term and
Chameleon 2023 long-term storage while incorporating user preferences through Greedy Fixed [27]
affinity and uncertainty sampling, combining knowledge
distillation with contrastive learning
Coreset selection with criteria based on the current data of Contrastive

GCR 2022 a candidate pool using a gradient approximation objective, Greedy Learning 28]
combined with DER and supervised contrastive learning
Cool. 2021 Combines a.symme.tric supervised contr.astive learninglwith Random Contras.‘.tive 3]
instance-wise relation transfer for learning representations, Learning
while calculating instance-wise relation drift
ER-ACE 2021 Avoids drastic representation changes by treating incoming and Random Backpropagation [9]
replay data asymmetrically learning with isolated exemplars
SCR 2021 Enhances NCM classifiers with contrastive learning using Prioritized Contragtive [4]
a memory buffer to replay past and current examples for training Learning
QLR 2021 Replay quantized activations of intermediate layers by Random Fixed [29]
compressing latent replay vectors down to 8 or 7 bits

DER/ 2020 Combines knowledge distillation by distilling knowledge from Random Krllox./vlec.ige [6]

DER++ the logits while also utilizing ground truth labels Distillation

Latent By storing activations of the intermediate layer, memory )
Replay 2020 usage is reduced, leading to compact representations, Random Backpropagation [8]

while backpropagation starting from intermediate layers
speeds up learning

ER 2019 Using tiny episodic memories, managing the buffer using R .

- - . . - andom Backpropagation [5]
reservoir sampling performs joint training with
both buffer and current data
Exstream 2019 Uses memory—efﬁcient t?uffers for streaming cl}lstering, which Partitioning Not fixed []
clusters incoming data points, stores representative examples, and based
dynamically updates memory with minimal storage
GSS 2019 Coreset selection based on calculated gradients to ensure Greedy Backpropagation [30]
representation of diverse past samples
MIR 2019 Coreset selecti_on for forming a buffer of exemplars likely to Greedy Backpropagation [31]
experience maximal interference, based on
virtual model update prediction

{CaRL 2017 Integrates the NCM classifier, a replay buffer that Prioritized Representation 7]

preserves raw data to retain past knowledge, and Learning
knowledge distillation for effective representation learning

Replay-based continual learning methods across diverse domains have been proposed
to address domain-specific challenges while preserving prior knowledge. In semantic seg-
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mentation, catastrophic forgetting resulting from class imbalance and background shift is
mitigated by generating replay samples using both GAN synthesis and web-crawled images
blended with new data, coupled with background inpainting to maintain segmentation
performance over multiple increments [32]. In image classification, inconsistencies arising
from heuristic buffer designs are alleviated through systematic guidelines on memory
size, sampling strategies, and data augmentation to maximize replay utility in limited-
buffer regimes [33]. In network intrusion detection, rare-class forgetting and computational
overhead are addressed by employing class-balanced buffer sampling alongside efficient
perturbation-based exemplar selection methods. In class-incremental learning with con-
strained memory, recency bias is reduced by generating boundary-adjacent adversarial
examples during replay. In online continual learning, shortcut learning is countered by
maintaining discriminative prototypes with adaptive feedback mechanisms [34-36]. These
cross-domain insights underscore the versatility of replay-based CL. Because edge devices
such as smartphones, IoT modules, and industrial sensors are now widely deployed in
real-world applications, and image classification comprises a large portion of those device,
optimizing exemplar buffering under resource constraints is critical. Therefore, our focus
remains on image classification, where exemplar buffering must balance representational
fidelity with on-device resource constraints.

Incremental classifier and representation learning, which integrates representation
learning with the NCM classifier, is recognized as a foundational development in replay-
based methods [7]. Clustering techniques have been employed in ER for streaming learning
to facilitate CL on streaming datasets [1]. The issue of recency bias has been addressed
in supervised contrastive replay through the implementation of self-supervised learn-
ing [4]. In contrastive CL, the challenge of preserving sufficient negative exemplars for
self-supervised learning is addressed by utilizing asymmetric supervised learning and
knowledge distillation, given the limited memory capacity of the buffer [3]. To retain past
knowledge, ER has been applied for joint training with historical data. This method has
been utilized effectively in deep reinforcement learning and image classification based on
the Softmax classifier [5,37]. Serving as an effective replay strategy in various CL studies,
ER has facilitated the development of models such as dark ER (DER), which incorporate
knowledge distillation [6]. Advanced models, including the cross-entropy-based alterna-
tive of ER, have emerged to mitigate the problem of data representation duplication in
continual streams by separating current data from buffer exemplars during training [9].

Research on the utilization of exemplars in the buffer for CL has been complemented by
various exemplar selection methods aimed at maximizing limited buffer capacity. The con-
straint optimization problem formulation of gradient episodic memory was redefined using
gradient-based sample selection as a challenge to diversify exemplars in the buffer [30,38].
In ER, random selection is the sole method employed for exemplar selection, indicating
significant potential for further development in this area. A method known as maximal
interfered retrieval was introduced to select exemplars that were least likely to interfere
during the training of a CL model [31]. To address the issue of limited on-device buffer
capacity, Lee et al. proposed carousel memory for exemplar selection aligned with a
memory-storage structure [39]. ER achieves considerable performance improvements, even
with random selection, compared with previous CL methods. These results demonstrate
that sophisticated methodologies for exemplar selection can enhance performance. Based
on this premise, gradient coreset-based replay buffer selection employs gradient matching
and adaptive sampling strategies [28]. To address the issue of selecting ambiguous or noisy
samples in previous bi-level coreset selection methods, coreset selection via reducible loss
reflects the performance for prioritizing exemplars that maximize future loss reducibility
through gradient coverage analysis and stability-aware greedy selection [19]. In real-world
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scenarios, continual streams often exhibit bias, rendering them inadequate for selecting
exemplars based solely on a singular criterion, which can lead to poor representative-
ness. To address this issue, a three-criterion-based exemplar selection method has been
explored [40]. In addition, research has been conducted on exemplar selection in online CL
to better reflect realistic environments. In online CL, random selection methods, such as
reservoir sampling, are vulnerable to imbalanced data, while methodologies, such as GSS,
incur high computational costs [41].

Research has been conducted to design two data criteria from an information-theoretic
perspective: surprise (capturing new information) and learnability (capturing information
that induces interference). A Bayesian model was applied to exemplar selection to calculate
these criteria [42]. Recent advancements in CL have involved various methods. In class-
incremental learning, learnability was introduced by integrating out-of-distribution (OOD)
detection into the framework. This led to the development of replay-OOD-WP for class-
incremental learning, which utilizes two separate heads for tasks and OOD detection [24].
Non-overlapping sparse codes have been applied to manage the interference between tasks,
and a dropout mechanism has been employed to accelerate learning, as observed in sparse
coding in a dual-memory system [25]. Buffer size limitations in replay-based methods have
been mitigated using saliency maps to select past experiences, leading to the introduction
of experience packing for replay [26]. To effectively preserve data distribution during
replay, class feature sketching has been used to project examples onto a lower-dimensional
space [21].

As previously mentioned, various approaches have been developed for CL in real-
world applications [42]. Many CL methods require simplifying assumptions to be applica-
ble in real-world scenarios. To address this issue, greedy sampler and dumb learner was
proposed, which resolves the problem by utilizing a train-from-scratch approach [43]. The
performance degradation of CL agents owing to the imbalance between past knowledge
and the current continual stream has also been highlighted. To mitigate this imbalance,
learning a unified classifier incrementally via rebalancing was introduced by employing
cosine normalization, less-forget constraints, and interclass separation [44]. Incremental
learning with a dual-memory methodology utilizes the statistical information within the
buffer to address the imbalance among exemplars [45]. Furthermore, partitioning reservoir
sampling has been proposed to maintain balanced knowledge between the head and tail
in multilabel classification scenarios, particularly in the presence of long-tailed distribu-
tions [46]. Meta-ER, which is based on meta-learning, has been suggested to consider not
only the interference caused by the current continual stream on past knowledge, but also
the transfer effects of past knowledge on the current stream [47]. In addition, research
has been conducted on meta-consolidation for CL, which integrates meta-learning into
both data and weight spaces [48]. Finally, based on the observation that humans engage
in CL through the hippocampus and neocortex, functioning as fast and slow learning sys-
tems, respectively, DualNet was developed by combining supervised and self-supervised
learning [49,50].

In addition to the basic replay-based approach, replay-based regularization meth-
ods have received significant attention. A particularly challenging issue is large-scale CL
with imbalanced data, which introduces a recency bias. This problem has been addressed
through bias correction [51]. Uncertainty-based methods have been developed to miti-
gate the significant memory costs associated with replay-based approaches by selecting
important parameters [52]. In addition, it has been suggested that storing task-conditioned
model parameters is easier than the conventional practice of saving data input-output pairs.
To support this claim, hnet was introduced [53], which learns the parameters of a meta-
model to generate models tailored for specific tasks. Although replay-based approaches
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utilizing ER are predominant, it has been shown that their performance is significantly
lower than simply learning all data once. To address this issue, hindsight was proposed to
anchor past knowledge and alleviate catastrophic forgetting by employing anchors that
represent classes through bi-level optimization [54,55]. To address the low performance
of regularization-based approaches and the data privacy issues of replay-based methods,
gradient projection memory was researched [56], which separately stores gradients for
past classes in fully connected and convolutional layers. Unlike previous methodologies,
most regularization-based approaches have relied solely on past outputs, gradients, and
individual weights. A new method has been proposed to regulate simpler and more ef-
ficient network internal embeddings [57]. Recent studies have also focused on semantic
segmentation using regularization-based approaches. A significant issue arises when the
performance drops dramatically if past classes are insufficiently learned. However, this
problem has not been adequately addressed in semantic segmentation. Research has shown
that distribution shifts occur in background classes, leading to the development of methods
incorporating background modeling to prevent such shifts [58]. Furthermore, PLOP was
proposed to preserve spatial relationships between long and short ranges at the feature
level [59]. To address the bias introduced by time-varying training settings, the continual
bias adaptor was introduced to enhance the classifier and stabilize the consolidation of
previously learned tasks [23]. Meanwhile, to balance stability and plasticity, weight consoli-
dation was applied, leading to the development of weight interpolation (CLeWI) [20]. To
improve buffer utility, recent work selects examples based on reducible loss estimating each
sample’s actual contribution to model performance [19]. This enhances replay diversity
by applying sketch-based sampling followed by low-dimensional projection to efficiently
preserve feature relationships [21].

In the on-device domain, various replay-based approaches have been explored to
address the issue of catastrophic forgetting. Traditionally, raw data are stored to preserve
past knowledge. However, in on-device environments, where the computational cost and
memory capacity are limited, the performance of these conventional replay-based methods
is constrained. To mitigate these limitations, an approach known as latent replay was
proposed [8]. In this method, intermediate-layer activations are stored instead of raw data,
effectively reducing memory usage and enhancing computational efficiency. Latent replay
enables online, serverless on-device operation, but the approach faces challenges related to
high computational costs. Building on this approach, a method tailored for smartphones
was developed to maintain efficiency and sustainability amid data distribution shifts [10].
To further address these issues, research was conducted on applying quantization to ac-
tivations stored by latent replay [29]. This approach aims to reduce the computational
overhead, making the method more efficient for on-device applications. In addition, studies
have leveraged the hierarchical storage structure of devices, composed of both memory and
storage, to optimize knowledge retention [27]. In these methods, data stored in memory
is used to preserve past knowledge, while entire classes of knowledge are maintained
in storage. Furthermore, online profiling techniques have been employed to analyze the
trade-offs between accuracy and energy consumption. This analysis has facilitated the
development of optimal memory-storage management strategies [60]. The consideration of
wake/sleep frameworks based on quantified latent regeneration is recommended for sce-
narios where distribution assumptions are not applicable [22]. These methodologies have
made significant progress in this area and are contributing to the continued development
of more efficient and effective on-device systems. As the number of devices being deployed
in environments with limited resources increases, the ability to perform efficiently and
effectively on-device, without reliance on external servers, becomes essential.
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While NCM reduces memory usage using class mean vectors, its simplicity limits
classification accuracy. This can be complemented by the sparse weight update method that
selectively updates only necessary weights to improve learning efficiency and minimize
unnecessary updates, thus optimizing the use of computational resources. This method
simultaneously considers current and buffered past data, allowing the model to retain
prior knowledge while effectively learning new information. In this study, we propose an
NCM with the replay-based sparse update method as the representative method for our
empirical experiments.

3. Proposed Representative Method

In this section, we provide the rationale behind the proposed representative method
regarding on-device CL. Figure 1 illustrates the overview of the proposed CL framework,
where each component for devising the proposed method will be explained subsequently.
The overall training loop of our proposed method is outlined in Algorithm 1.

Algorithm 1 Overall continual learning procedure

Require: Incoming data stream D, replay buffer Myemory, model parameters 6, current
weights w, learning rate #, threshold s, scaling factors «, B, regularization coefficient vy
for each task t do

for input x, label y in Dt do
Vi « aL((géy);G)

oL (Mmemary}e)
VLMmemory — 00

W [w| + &l VL + BV LMyeor, |
M, « 1 ifw 2'1—5
0 otherwise
Liotat = Lt + 7 E(x 2)~ Myemory [l fo(x) — z|I3]
00— /i MG : vGLI,‘otal
end for
Mmemory — UpdateBuffer(Mmemwy, Dt)

for each class c in D; do
F(x) < Backbone(x)
me <— U%T ExEDc P(x)
end for
end for

3.1. Motivation for Proposed Method

On-device introduces additional challenges compared with those considered in tra-
ditional scenarios, especially in environments with limited resources. One of the most
critical issues is catastrophic forgetting, in which the model forgets previously learned
knowledge as it learns new information [54]. To address this issue, several methods have
been proposed, with replay-based approaches demonstrating superior performance. These
approaches mitigate forgetting by storing a portion of past data in a buffer and leveraging
it during the learning process on new data streams. Prominent methods in this category
include iCaRL and ER [5,7], while iCaRL utilizes stored data with an NCM classifier and
applies a distillation loss to retain knowledge of previous classes while learning new classes,
ER focuses on preserving the past knowledge of a fully connected layer with a Softmax
classifier, thereby distinguishing their distinct approaches in managing stored data and
past knowledge. These distinct approaches have led to further studies building on each
method. For example, the NCM classifier of iCaRL was combined with contrastive learning
to address complex tasks beyond image classification [1,4]. On the other hand, ER has been
enhanced with knowledge distillation to better retain past knowledge, as it does not rely on
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stored exemplars for direct inference [6]. To prevent overfitting to the replay buffer in ER,
methods have been proposed to train exemplars and current data streams separately [9].

Input Data ResNet-18
_____________________________________ -
” Class 1 S\ 7 Block A Block B (XX Block E \‘
— —\1 | H
iz : .
(=) 5 rrenl meenl
WE : : I »
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I - ! ! © [ Z[] 2]] 2 wllwf[w]]w] | 1 Extraction 2 z
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Figure 1. Overview of the proposed CL framework using an NCM Classifier integrated with ResNet-
18 for feature extraction. The model includes a replay buffer and a weight sparse update method,
enhancing efficiency and adaptability across tasks in on-device environments.

For on-device to succeed, it must overcome several constraints imposed by the limited
on-device environment. One major challenge is the limited memory capacity, which restricts
the amount of past data that can be stored to preserve knowledge. Thus, the model must
efficiently utilize a small amount of available data to retain past knowledge while learning
from new data. Furthermore, the learning process must be highly efficient because of
the limited computing power of on-device systems. Additionally, real-time constraints
necessitate low-latency learning processes to ensure timely updates. To address these
challenges, methodologies that can preserve knowledge with minimal data and enable
rapid learning from new information are required.

In on-device environments, where computational efficiency and memory limitations
are critical, the NCM classifier offers an effective approach to CL by aggregating each class
into a mean vector, which eliminates the need for forward and backward propagation
calculations in fully connected layers in the end while maintaining accurate classification
performance. In scenarios where new classes are introduced sequentially, the NCM classifier
is advantageous because it enables the model to adapt to these changes while maintaining
performance across all previously encountered classes.

3.2. NCM Classifier with Class Mean Vectors

The NCM classifier distinguishes between classes by continuously updating class
mean vectors as new classes are introduced. Specifically, for each class ¢, the class mean
vector m; is computed as the average of the feature vectors F(x) corresponding to the input
data x € X;, where X; is the set of training data for class . The function F(x) represents
the output feature map of the backbone neural network for the input data x, which is a
latent representation extracted from layers prior to the classifier. The class mean vector m;
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is defined as the centroid of these feature vectors and is updated incrementally as new data
for class t are introduced. The updated class mean vector m; is updated as

my = —— Z F(x)/ (1)
t xeX;

where N; represents the number of samples belonging to class ¢, ensuring that the number
of examples normalizes the class mean vector. The class mean vector m; allows the model
to represent the entire class with a single vector, which can be stored compactly and used
for classification.

The NCM classifier assigns a sample to the class with the mean vector m; that is closest
to the sample feature vector F(x) based on the Euclidean distance. This straightforward yet
effective distance-based method ensures that each new sample is compared against stored
class representations. The classifier calculates the Euclidean distance between the feature
vector F(x) of the input sample and the mean vector of each class m;, selecting the class
with the smallest distance as the predicted label. This can be written as

§ = argmin][F(x) — m]| @

where ||-|| denotes the Euclidean norm that computes the distance between two vectors. By
selecting the class t that minimizes the distance between the feature vector of the sample
and the class mean vector, the NCM classifier assigns the sample to a class.

3.3. Efficient Adaptation via Sparse Weight Update

The NCM classifier can be used in on-device environments with limited computational
and memory resources, but its simplistic internal process results in relatively low classi-
fication accuracy. However, when combined with an appropriate model-update method,
the NCM classifier can be effective. To address this challenge, we propose a synergistic
weight-update method for the NCM classifier used in CL. This method selectively updates
model parameters based on their importance to both the current dataset D; and memory
buffer Myemory, which stores a subset of previously learned data. This method reduces the
computational overhead while improving classification accuracy by prioritizing important
weights and minimizing unnecessary updates.

Our method incorporates information from the current dataset and memory buffer
to ensure that the model adapts efficiently to new tasks while retaining knowledge from
previously encountered data. The new weight values w’ for a given weight w are computed
by considering both the gradients of the loss function for the current task, L(Dy; 6) and the
gradient of the loss function for the memory buffer, L(Mmemory ;0). The weight update is

defined as
aL Mmemary/ 9)

= |w| +a

‘BL(Dt, ‘ / o

ﬁ ‘
where « and §§ are scaling factors that control the relative importance of the current dataset

and memory buffer in determining the weight updates. The term ‘ w ‘ represents the

absolute value of the gradient of the loss function for the current task with respect to the
weight w, while ’W’ represents the gradient of the loss for the memory buffer.
This equation ensures that weights important for current and previous tasks are preserved,
thereby reducing the risk of catastrophic forgetting.

To optimize this weight-update process, we apply a binary mask My to update only
the most relevant weights selectively. The mask is generated based on the updated weight
values w’, with weights that fall below a predefined threshold 1 — s being masked and
excluded from further updates. By incorporating this masking mechanism, the model can

focus on the most important parameters while minimizing unnecessary updates, leading to
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more efficient learning and reduced computational overhead. This method enhances the
ability of the model to retain knowledge from previous tasks. The binary mask is defined as

0 ifw <1-—
My = if w S 4
1 otherwise

The regularization term is introduced into the loss function to maintain consistent
performance across both new and previously learned tasks. It ensures that the model does
not forget previously acquired knowledge while learning new tasks by minimizing the
difference between the logits of the memory buffer z and the current task fy(X;). This
encourages the model to retain prior knowledge while adapting to new information. This
regularization term is defined as

Lt + ’)/E(Xtrz)NMmemary |:||Z - fQ(Xt) ||§j| ’ (5)

where 7 is a hyperparameter that controls the strength of the regularization term. By
minimizing the Euclidean distance between the logits of the memory buffer and the current
task, the model can smoothly integrate new knowledge without forgetting previous infor-
mation. This strategy, combined with effective weight updates and the NCM classification
process, ensures that the model is well-suited for on-device environments where resource
constraints and task variability are important factors. Figure 2 illustrates the weight sparse
update process based on the updated replay buffer, focusing on how the information is
delivered among modules.

Weight Sparse & Replay Buffer Update
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r====-1 Memory M -1 @ Newly Activated neuron
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1 ro---- HE H A BT TN VBS regularized weights
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Figure 2. Illustration of weight sparse update based on the updated replay buffer.

4. Experimental Results

In this section, we describe the datasets and edge devices, including the desktop,
used to demonstrate the performance gap with edge devices directly and to validate the
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feasibility of on-device CL based on the proposed method. We present some interesting
points and remarks based on the series of empirical results.

4.1. Experimental Settings

We utilized the following three widely recognized image benchmark datasets: CIFAR-
10, CIFAR-100, and TinyImageNet. Table 2 summarizes the core statistics for these datasets,
including the number of classes, total number of images, and image resolution. The CIFAR-
10 dataset consists of 60,000 32 x 32 color images categorized into ten classes. CIFAR-
100 extends the class count to 100, each containing 600 images of the same resolution.
TinyImageNet further increases the complexity to 200 classes, with 500 training images and
50 validation images per class at a resolution 64 x 64.

Table 2. The standard characteristics and statistics of employed datasets.

Dataset Image Size  # Classes  # Dataset  #Train  #Test #Task # Classes per Task
CIFAR-10 32x32x3 10 60,000 50,000 10,000 5 2
CIFAR-100 32x32x3 100 60,000 50,000 10,000 10 10

TinyImageNet 3 x 64 x 64 200 110,000 100,000 10,000 10 20

During training, we employed incremental learning scenarios in which new classes
were introduced sequentially. Each model was provided with data from a subset of classes
at a time, and the replay methods recalled stored examples alongside new data to mitigate
catastrophic forgetting. Our proposed method used the same incremental approach, lever-
aging the NCM classifier and sparse weight updates to optimize performance. We varied
buffer sizes to examine the influence of memory limitations on performance. The methods
considered—ER and DER—are widely used in this domain. To ensure a fair comparison,
the same buffer size configurations and hyperparameters were applied to each method.
All models were trained using the standard split for each dataset, with 80% of the images
randomly selected for training, and the remaining 20% used for testing. Each experiment
was repeated multiple times to obtain average performance values and standard deviations.
The results include final classification accuracies and resource usage metrics (training and
inference times) for all the tested methods on each hardware platform.

We designed our experiments to replicate realistic deployment conditions on edge
devices, where both computational power and memory capacity are highly constrained. For
this purpose, we considered various hardware platforms, including Desktop, Jetson Nano,
Odroid, and Raspberry Pi to evaluate the feasibility of on-device under different resource
constraints. Table 3 lists the specifications of the four devices. A Rockchip RK3568B2
quad-core Cortex-A55 processor powers the ODROID-M1 clocked at 2.0 GHz, coupled
with 8 GB of LPDDR4 RAM. The NVIDIA Jetson Nano 4GB Developer Kit integrates a
quad-core ARM Cortex-A57 CPU at 1.42 GHz, a 128-core Maxwell GPU, and 4 GB of 64-bit
LPDDR4 memory with a bandwidth of 25.6 GB/s. The Raspberry Pi 5 is equipped with
a Broadcom BCM2712 quad-core Cortex-A76 processor running at 2.4 GHz, an 800 MHz
VideoCore VII GPU. The desktop PC was configured with an Intel Core i9-10900X CPU
operating at 3.70 GHz, 32 GB of RAM, and dual NVIDIA GeForce RTX 3090 Ti GPUs. These
devices were selected to evaluate the feasibility and performance of on-device CL across a
spectrum of computational capabilities and resource constraints.
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Table 3. Hardware specifications of experimental platforms.

Device

CPU GPU Memory

Odroid Rockchip RK3568B2 Quad-core Cortex-A55 @ 2.0 GHz Mali-G52 MP2 @ 650 MHz 8 GB LPDDR4

Jetson Nano

Quad-core ARM Cortex-A57 @ 1.43 GHz 128-core NVIDIA Maxwell 4 GB LPDDR4

Raspberry Pi  Broadcom BCM2712 Quad-core Cortex-A76 @ 2.4 GHz VideoCore VII @ 800 MHz 4 GB LPDDR4X

Desktop

Intel Core i9-10900X CPU @ 3.70 GHz NVIDIA GeForce RTX 3090 Ti 32 GB DDR4

4.2. Comparison Results

Table 4 summarizes the average accuracy, training time, and inference time at a fixed
buffer size of 300 across all datasets and hardware platforms. Detailed breakdowns for the
other buffer sizes (100, 200, 300, 400, and 500) are provided in Tables A2-A13.

Tables A2—-A13 show the performance of ER and DER with the sparse weight update
on four different devices—Desktop, Odroid, Jetson Nano, and Raspberry Pi—and three
datasets—CIFAR-10, CIFAR-100, and TinylmageNet. In each table, the columns show
the replay method, sparse ratio, accuracy, training, and inference time according to the
buffer size.

Tables A2—-A5 show the comparison results on the CIFAR-10 dataset. As shown in
Table A2, when the sparse ratio was 0% and the buffer size was 500, the training and
inference times for ER were 147.42 s and 6.39 ms, respectively. By contrast, as shown in
Table A5, the training and inference times were 364.76 s and 11.58 ms, respectively, which
are more than double. As seen in Table A2, the accuracy when the buffer size was 400 and
the sparse ratio was 50% for ER was 35.00%, which is lower than the accuracy when the
sparse ratio was 25%, at 35.80%. These results suggest that sparse ratio and accuracy are
not necessarily inversely related and that the optimal sparse ratio may vary depending
on the characteristics of the data and backbone model. In the DER experiments listed in
Table A3, with a sparse ratio of 90% and buffer size of 500, the training and inference
times were 150.46 s and 3.85 ms, respectively, which is less than half of that without the
sparse weight update. In addition, as the buffer size increased, the training time, inference
time, and accuracy also increased because more data are stored in the buffer and many
parameters are updated as the data are utilized for training, which naturally increases
the number of parameters utilized for inference. The experimental results show that DER
was approximately 7-9% less accurate than ER and took 1.4-1.5 times longer to train
and infer. As shown in Table A4, for a buffer size of 500 and sparse ratio of 0%, ER and
DER had accuracies of 35.61% and 28.41%, respectively, a difference of approximately
7.2%. Under the same conditions, the training times for ER and DER were 294.97 s and
408.64 s, respectively, with DER taking 1.4 times longer. The results of the CIFAR-100 and
TinyImageNet experiments indicate that the fewer classes that need to be trained, the less
efficient DER becomes. There were also cases in which sparse ratios of 50% or 90% were
less accurate than those of 25% or 75%.

Figure 3 shows the classification accuracy on CIFAR-10 for the ER and DER methods
across different buffer sizes, comparing 0% and 90% sparse weight updates averaged across
four hardware platforms including Desktop, Odroid, Jetson Nano, and Raspberry Pi. With
no sparsity, ER accuracy rises from 32.1% to 35.6% as buffer size increases from 100 to 500.
Similarly, DER accuracy increases from 23.8% to 28.4% over the same range.
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Table 4. Summary of experimental results across datasets and hardware platforms.
. (o Average Accuracy (%) Training Time (Seconds) Inference Time (Milliseconds)
Dataset  Model  Sparse Ratio (%) Desktop Odroi%l Jetson RaspPi Desktop Odroidg Jetson RaspPi Desktop Odroid Jetson RaspPi

0 3416+0.89 34.07+053 3390+0.62 3359+0.79 143.60+235 220.56 £ 542 27741 +4.56 345.14 £ 9.45 6.25 +0.09 8.20 + 0.32 9.46 + 0.11 11.33 £ 0.04

25 3393+059 3392+0.71 3390+1.06 34.15+0.45 94.59 + 0.60 140.76 + 3.76 191.74 + 3.86 24144 £2.11 4.26 + 0.06 5.52 +0.05 6.29 +0.19 7.58 +0.07

ER 50 3415+0.77 3427+094 3462+025 34.62+049 84.83 £ 0.67 128.32 +1.49 164.69 + 0.71 206.37 + 5.85 3.73 +0.08 4.80+0.12 5.62 + 0.05 6.57 +0.18

75 35.06 £ 0.22 3496 +0.74 34.83+0.27 34.66 +0.72 75.03 £ 0.90 110.29 + 1.67 150.79 + 4.04 182.72 + 4.75 3.29 +0.04 4.30 + 0.08 4.82 +0.07 5.37 +0.14

90 34.36 + 0.81 3432+0.63 3444+0.68 34.40+0.59 63.02 £ 0.94 96.14 £ 1.15 129.04 + 2.47 160.24 + 1.83 2.74 £ 0.00 3.68 £ 0.07 4.29 £0.11 4.35 £ 0.07
0 2619+0.02 2629+072 2650+1.06 2630+1.15 266.88+3.16 32337 +£5.74  399.86 +9.45  407.72 +13.66 6.59 = 0.23 8.66 = 0.08 10.52+0.09  12.50 +0.32

25 2548 +£026  2511+0.99 2545+0.66 25.69+0.66 183.76+1.32 217.43 +3.68 27412 +3.64 269.91 + 4.94 444 +0.07 5.79 £0.11 6.50 + 0.15 8.27 +0.23

DER 50 2654 +027 2688+054 2620+0.12 2650+040 16127 +2.39 192.83 +1.94 243.95 + 0.94 236.41 + 4.42 3.88 +0.09 5.25+0.05 6.06 = 0.15 6.93 +0.11

75 2618 +0.44 25994022 2668+0.15 2686+024 14097 +222 167.29 +2.74  212.40 + 3.89 211.02 = 0.48 3.39 +0.11 4.40+0.11 522 +0.07 5.85+0.08

90 28.40£0.66 27.98+0.35 28.36+0.13 28.53+0.28 124.401.16 145.80 £ 4.29 187.15 + 6.23 181.15 £ 6.08 2.68 £ 0.06 3.56 £ 0.12 4.39 £ 0.07 4.68 £ 0.05

S 0 2659 +£0.02  2669+075 2690+1.03 2670+1.06 269.88 +3.21 326.37 £5.46  402.86+9.90  410.72 +13.42 9.59 +0.23 11.66 +0.08  13.52+0.09  15.50 +0.35
o 25 2588 +024 2551+1.06 2585+0.62 2609+0.60 186.76+1.32 22043 £3.53  277.12+4.00 27291 +5.37 744 +£0.07 8.79 £ 0.10 9.50 + 0.14 11.27 £ 0.22
< Co2L 50 28.80+£0.65 2838+0.34 28.76+0.13 28.93+0.30 164.27+223 195.83 +1.75  246.95 +0.99 239.41 +4.23 6.88 + 0.09 8.25 +0.05 9.06 = 0.16 9.93 +0.12
= 75 2658 £+ 045 2639+021 27.08+0.16 2726+025 143.97+2.09 170.29 +2.63 21540 + 3.74 214.02 + 0.49 6.39 +0.10 740+ 0.11 8.22 +0.07 8.85 + 0.09
v 90 2694 +029 2728+053 2660+012 2690+0.38 127.40 +1.26 148.80 + 3.90 190.15 + 6.16 184.15 + 5.74 5.68 £ 0.06 6.56 + 0.11 7.39 £ 0.06 7.68 + 0.05
0 2679 +0.02 2689+074 2710+096 2690+1.04 271.88+3.40 32837 £5.60  404.86+8.68 412.72+1398 11.59+021 13.66+0.07 1552+0.09 17.50+0.34

25 26.08+0.25 2571 +1.08 26.05+0.61 2629+0.62 188.76+1.19 22243 +3.92 279.12 £ 3.71 27491 +5.12 9.44 £ 0.07 10.79+0.10 11.50+0.14 13.27+0.21
CBA 50 2714+029 2748+057 2680+0.12 27.10+0. 44 166.27 +2.20 197.83 +1.93  248.95 +1.02 241.41 + 4.58 8.88 + 0.09 10.25+0.05 11.06 +0.14 11.93+0.12

75 29.00 £0.62 28.58 £0.38 28.96+0.13 29.13 £0.2 145.97 £ 2.17 17229 £2.74 21740 +3.67  216.02 + 0.46 8.39 +0.10 9.40 +0.10 10.22 +0.07  10.85+0.08

90 2678 £0.43  2659+023 2728+0.15 27.46=+0. 24 129.40 + 1.13 150.80 £ 3.95 192.15 + 6.29 186.15 + 5.91 7.68 + 0.06 8.56 + 0.12 9.39 £ 0.08 9.68 £ 0.05

0 2649 +£0.02 2659+0.69 2680+1.11 26.60+1. 10 256.88 +3.27 31337 +6.13  389.86 £ 851  397.72 +14.53 3.41+024 1.34 £ 0.09 0.52 +0.10 2.50 +0.33

25 2578 +024 2541+091 2575+0.68 25.99+0.7 173.76 + 1.26 207.43 + 3.83 264.12 + 3.88 259.91 + 4.51 5.56 +0.07 4.21 +0.10 3.50 +0.14 1.73+0.24

SIESTA 50 28.70 £ 0.61 28.28+0.34 28.66+0.14 28.83+0. 27 151.27 £ 2.30 182.83 +2.07  233.95 +1.00 226.41 + 4.58 6.12 + 0.09 4.75+0.05 394 +0.14 3.07 +0.11

75 2648 040 2629+020 2698+0.16 27.16+0.2 130.97 + 2.13 157.29 + 2.85 202.40 + 3.55 201.02 + 0.48 6.61 +0.10 5.60 +0.11 4.78 +0.07 4.15+0.08

90 2684 +025 27.18+0.57 2650+0.11 26.80+0. 41 114.40 £ 1.27 135.80 £ 4.39 177.15 + 6.56 171.15 £ 6.62 7.32 £ 0.06 6.44 £ 0.12 5.61 + 0.07 5.32 £ 0.05

0 11.11+0.11  11.05+0.05 10.99+0.25 11.29+049 21218+3.27  310.04 +7.39 415.86 +5.43 52248 +8.12 8.77 + 0.08 1140 +0.05 13.30+0.38  16.01 +0.20

25 1091+0.28 11.06 +0.17 10.74+0.20 10.95+0.28 136.59 +5.56 204.44 £556 27130 +6.21 345.11 + 6.02 6.07 = 0.08 7.85 +0.01 8.97 +0.13 11.03 £ 0.24

ER 50 11.39 + 0. 09 1110+ 0.19 11.18+0.26 1096+ 0.10 126.14 +2.17 188.36 +2.64  252.08 +5.49 306.42 + 6.70 520+0.10 6.84 + 0.02 7.75+0.18 9.49 £ 0.16

75 11.37 £ 0.1 11.09 +£0.05 11.08 +0.17 11.12+0.07 113.18 +1.80 167.47 +2.28 219.73 + 3.96 280.12 + 5.94 4.53 +0.08 5.76 + 0.06 6.76 + 0.16 7.72+0.14

90 11.15+ 0. 22 11.29£0.25 10.73+0.39 11.03 +0.12 98.26 + 1.32 146.09 £ 0.90 198.31 + 3.04 244.00 £ 0.99 3.60 £ 0.08 4.80 £0.18 5.30 £ 0.10 6.64 £ 0.21

0 11.44 +0.11 11.31+0.03 11.39+0.14 1141+0.17 281.76+7.80 41343 +10.62 560.42 +7.66 692.27 + 6.08 8.99 +0.11 1148 +0.24 1330+0.10 16.13+0.25

25 11.29 + 0. 27 11.13+0.17  11.34+0.04 11.31+021 187.61+556 281.38+10.59 368.16+4.76 465.32 +15.01 6.01 +0.16 8.07 +0.26 8.83 +0.25 10.77 £ 0.17

DER 50 11.46 + 0.2 1150 £ 0.20 1146 +0.17 11.24+030 169.31+212  256.67 +10.88 33240+ 7.17  414.51 +13.94 5.16 + 0.06 6.61 +0.09 7.67 +0.09 9.14 + 0.08

75 11.39 + 0. 01 11.68 +0.29 11.57+0.25 11.59+0.24 150.87 +2.81 231.50 + 0.41 301.56 + 6.27  377.12 +4.36 435+0.14 5.56 + 0.03 6.34 + 0.07 7.60 + 0.09

90 11.85+0.28 11.73+0.39 11.52+0.14 11.83+0.20 130.33 +1.59 198.37 £ 2.87 265.34 + 4.25 334.42 £ 6.34 3.53 £ 0.02 4.36 £ 0.10 5.23 + 0.07 6.29 £ 0.11

8 0 11.84+0.11  11.71+£0.03 11.79+0.13 11.81+0.19 284.76+7.67 41643 +11.55 563.42+7.11 695.27 + 6.39 11.99+£0.11 1448 +0.22 1630+0.10 19.13+0.26
D 25 1225+£0.29 1213+042 11.92+0.13 1223+022 190.61+5.16 28438 +11.27 371.16+4.77 468.32+16.07 9.01 +0.17 11.07+£0.26  11.83+0.25 13.77+0.17
% Co2L 50 11.86 + 0.20 1190 + 020 11.86+0.17 11.64+029 17231 +2.03 259.67 +9.85 33540 +7.52  417.51 +13.93 8.16 + 0.06 9.61 +0.10 10.67 £0.10  12.14 + 0.09
=) 75 11.79+0.01  12.08+0.29 11.97+0.25 11.99+0.24 153.87 +3.00 23450 £ 0.37  304.56 + 6.04 380.12 + 4.10 7.35+0.13 8.56 + 0.03 9.34 +0.08 10.60 + 0.09
] 90 11.69 + 0.28 1153 +0.18 11.74+0.04 11.71+0.19 133.33 +£1.59 201.37 + 2.64 268.34 + 4.57 337.42 £ 6.07 6.53 = 0.02 7.36 £ 0.11 8.23 £ 0.08 9.29 £ 0.11
0 1204+ 010 1191+0.03 11.99+0.13 12.01+0.16 286.76 +8.10 41843 +11.59 56542 +7.78 697.27 + 6.37 13.99+£0.12 1648+0.25 1830+0.10 21.13+0.24

25 12.45+0.27 1233+£038 1212+0.13 12.43+0.20 192.61 +557 286.38 +1048 373.16 £5.10 470.32+1454 11.01+0.16 13.07+0.27 13.83+0.26 15.77 +0.16

CBA 50 1206 +0.21  1210+0.19 12.06+0.18 11.84+0.31 17431 =x1. 96 261.67 +11.85 337.40+6.67 419.51 +14.23 10.16+0.06 11.61+0.08 12.67+0.09 14.14 +0.08

75 11.99 + 0.01 1228 +£0.29 12.17+0.25 12.19+0.23  155.87 +2.7. 236.50 + 0.39 306.56 + 6.08 382.12 £ 4.74 9.35+0.15 10.56 £ 0.03  11.34+0.08  12.60 + 0.09

90 11.89 + 0.26 11.73+0.15 11.94+0.04 1191+0.19 13533+1. 63 203.37 £ 2.63 270.34 £ 4.38 339.42 + 6.42 8.53 £ 0.02 9.36 £ 0.10 10.23 £0.06  11.29 £0.10

0 11.74+ 011 11.61+£0.03 11.69+0.13 11.71+0.16 271.76 £+8.57 40343 +9.63  550.42 +8.11 682.27 + 6.05 1.01 £0.12 1.48 +0.23 3.30+0.10 6.13 + 0.24

25 1215£0.26  12.03+0.40 11.82+0.13 1213+£0.19 177.61 £5.32 27138 +9.93  358.16 +4.37  455.32 +15.89 3.99 +0.17 1.93 £0.26 1.17 £0.23 0.77 £ 0.17

SIESTA 50 11.76 £+ 021  11.80+0.20 11.76 £0.18 11.54+0.27 15931 +£2.02 246.67 +11.47 32240+7.19 40451 +1456  4.84+0.05 3.39 +0.09 2.33 +0.09 0.86 + 0.08

75 11.69 + 0.01 1198 +0.27 11.87+0.27 11.89+0.26 140.87 £2.92 221.50 + 0.42 291.56 + 6.37 367.12 +4.53 5.65+0.15 4.44 +0.03 3.66 + 0.06 2.40 +0.09

90 11.59+0.27 1143+0.18 11.64+0.04 11.61+0.20 120.33 +1.51 188.37 £ 2.79 255.34 £+ 4.31 324.42 £ 6.78 6.47 +0.02 5.64 £ 0.10 4.77 £ 0.07 3.71+0.11
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Table 4. Cont.
(o Average Accuracy (%) Training Time (Seconds) Inference Time (Milliseconds)
Dataset  Model  Sparse Ratio (%) Desktop Odroid Jetson RaspPi Desktop Odroid Jetson RaspPi Desktop Odroid Jetson RaspPi
0 6.92+0.08 6.89+0.08 691+012 6.94+0.08 36858 +1.92 560.85 + 4.75 734.58 + 8.68 920.00 +25.85  12.63+0.16 16.01 057 1843 +049 2345+0.55
25 649012 641+0.08 644+0.09 6.44+0.06 247.77 + 6.69 360.69 + 7.37 490.32 + 9.67 603.97 + 13.01 8.31+0.17 10.46 +0.18 1240 +0.29 16.09 = 0.21
ER 50 6.93+012 6.89+010 6.93+0.05 693+0.06 212.01=+1.89 31821 +5.36  427.68 +15.29 539.62 + 8.98 6.93 +0.20 9.12+020  1056+0.25 13.79 +0.45
75 6.79+0.03 681+030 689+0.06 6.82+003 18548 +541 278.35+7.84 364.66 + 2.60 451.95 +1.20 5.94 + 0.06 7.89 +0.14 8.87 +0.01 11.32 +0.22
90 6.75+0.08 6.66+0.07 673+0.08 6.67+0.16 153.87 + 2.00 229.73 + 5.52 308.68 + 6.37 383.67 £ 5.69 4.74 + 0.04 6.12 + 0.02 7.10 £ 0.17 9.08 + 0.25
0 713+0.08 716+0.16 7.30+0.01 7.07+012 49020+10.30 734.73+22.86  956.09+3.85  1256.71+26.78 14.00+0.17 17.96+0.29 21.14+057 2525048
25 648+0.05 639+012 644+014 634+0.03 329.63+4.67 475.95 +7.02 628.77 +1.08 796.89 + 13.51 9.13+0.16  12.08+036 1519+0.09 18.83+0.30
DER 50 714+0.08 7.03+005 6.99+008 7.03+006 28490=x+1.63  42341x1797 578.76 +251 714.64 +19.62 7.54 +0.16 957 +0.17 1241+0.17 14.94+0.39
75 707£011 7.02£027 697+016 7.04+012 24787328  37059+6.77  489.26+18.68 620211210 6362010 8212030 1043015 1279 +0.20
90 702+005 713+011 712+0.18 7.31%0.07 21629+4.89  32242+557  42891+535  53512£566  523+0.07 689004  8.64+0.08 10.15% 0.07
2 0 753+0.08 756+0.15 7.70+0.01 747+012 493.20+10.16 737.73 +24.31 959.09 + 3.95 1259.71 £2479 17.00+0.16 2096+0.27 24.14+057 28.25+0.51
g 25 6.88+0.05 679+011 6.84+013 6.74+0.03  332.63+4.75 478.95 + 6.70 631.77 + 1.09 799.89 +14.70  12.13+0.17 15.08+0.39 18.19+0.09 21.83+0.30
< Co2L 50 7.54+0.08 743+0.05 739+007 743+006 28790+175  426.41+17.14  581.76 +2.36 717.64 +19.58 1054 +0.17 1257+0.16 1541+0.16 17.94+043
E 75 747011 742+028 737+0.17 744+011  250.87 +3.51 37359 +6.79 49226 +20.54  623.21 +12.59 9.36+0.09 1121+031 1343+0.16 1579 +0.19
é‘ 90 742+005 753+012 752+0.17 7.71+0.07 219.29 +5.17 325.42 + 6.01 431.91 £ 5.88 538.12 + 5.14 8.23 +0.08 9.89 + 0.04 11.64 + 0.08  13.15 + 0.07
& 0 773+0.07 7.76£015 7.90+0.01 7.67+0.13 495.20 + 9.36 739.73 £ 23.27 961.09 + 4.04 1261.71 £26.85 19.00+0.17 2296+0.29 26.14+055 30.25+0.50
25 7.08+0.05 6.99=+0.11 7.04+013 6.94+0.03 334.63 + 4.25 480.95 + 6.37 633.77 £ 1.18 801.89 + 14.31 1413+ 018 17.08+0.37 20.19+0.09 23.83 +0.27
CBA 50 7.74+0.08 763005 759+0.07 7.63+0.06 289.90 + 1.47 428.41 +18.50 583.76 £2.32 719.64 + 18.99 1254 £0.17 1457 +0.16 1741 +0.18 1994 + 042
75 767+011 7.62+025 757+0.16 7.64+011  252.87+3.01 37559 +6.98 49426 +18.30  625.21 +11.21 1136 +0.09 1321+032 1543+0.14 17.79+0.19
90 7.62+0.05 7.73+0.11 7.72+018  7.91+0.06 221.29 +4.41 327.42 + 5.77 433.91 £ 5.69 540.12 + 5.94 10.23 £ 0.07 11.89+0.04 13.64 £0.08 15.15+ 0.07
0 743008 746017 7.60+0.01 737+012 48020+11.08 724.73+20.84 946.09=+3.74  1246.71+2497  4.00+0.16 796027 11.14+0.56 1525+049
25 6.78+0.05 6.69+011 6.74+015 6.64+0.03 319.63+491 465.95 +7.39 618.77 +1.17 786.89 + 13.24 0.87 +0.15 2.08 +0.34 5.19 = 0.09 8.83 £0.29
SIESTA 50 744+008 733+0.05 729+0.08 733+006 27490+1.63 413411765  568.76 +2.38 704.64 + 18.07 2.46 +0.17 0.43 +0.18 2.41+017 494 + 042
75 737010 732+029 727+015 7.34+0.12 237.87 £3.06 360.59 £7.15 479.26 £ 17.29 610.21 + 11.88 3.64 +0.10 1.79 £ 0.33 0.43 +0.16 279 £0.21
90 732+0.05 7.43+0.11 742+020 7.61+0.07 206.29 + 5.17 312.42 + 5.06 418.91 £ 5.51 525.12 + 5.28 4.77 £ 0.07 3.11 £ 0.04 1.36 + 0.07 0.15 £ 0.07
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CIFAR-10: ER/DER (0% vs 90%)
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Figure 3. Classification accuracy (%) on the CIFAR-10 dataset comparing ER and DER at sparse-

weight update ratios of 0 % and 90 % across replay buffer sizes (100-500), evaluated on Desktop,
Odroid, Jetson Nano, and Raspberry Pi.

Applying 90% sparsity yields different effects for each method. ER maintains strong
performance with accuracy increasing from 32.5% to 36.0% across the buffer size range,
demonstrating robust scalability even with sparse updates. In contrast, DER with 90%
sparsity shows a different pattern, starting at 24.2% and peaking at 28.3% at buffer size 300,
but then declining to 27.9% at buffer size 500. Notably, sparse updates narrow the accuracy
gap between DER and ER at moderate buffer sizes, particularly around buffer size 300
where the gap reduces from 8.3% dense to 6.0% sparse. However, at larger buffer sizes, the
benefit diminishes. These results demonstrate that ER remains the stronger strategy across
all configurations, while sparse weight updates can partially mitigate the DER performance
disadvantage primarily at moderate buffer capacities.

Figure 4 shows the classification accuracy on CIFAR-10 for ER and DER across sparse
weight update ratios from 0% to 90% at a fixed replay buffer size of 300 on the same four
hardware platforms. ER demonstrates remarkable stability under sparsity, with accuracy
climbing from 34.1% at zero sparsity to a peak of 34.8% at 75% sparsity, then falling slightly
to 34.4% at 90% sparsity. This indicates that high sparsity does not impair ER performance
and may even provide marginal benefits.

DER shows more varied behavior across sparsity levels. Accuracy dips to 25.6% at
25% sparsity, recovers to 26.8% at 50% sparsity, falls to 26.6% at 75% sparsity, and peaks at
28.4% at 90% sparsity. Importantly, the accuracy gap between ER and DER narrows from
approximately 8.3 percentage points at zero sparsity to roughly 6.0 percentage points at
high sparsity levels.

These findings reveal two key insights. First, ER maintains consistent performance
regardless of sparsity level, making it suitable for memory-constrained scenarios without ac-
curacy degradation. Second, DER benefits from high sparsity levels at 90%, suggesting that
sparse weight updates can serve as a regularization mechanism that partially compensates
for the inherent limitations of DER. The narrowing of the performance gap at high sparsity
levels indicates that sparse updates offer a practical approach to reduce the performance
disparity between these continual learning strategies across diverse hardware platforms.
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Figure 4. Classification accuracy (%) on the CIFAR-10 dataset for ER and DER with a fixed replay
buffer size of 300, across sparse-weight update ratios from 0% to 90%, evaluated on four hardware
platforms: Desktop, Odroid, Jetson Nano, and Raspberry Pi.

The corresponding results for the CIFAR-100 and TinyImageNet datasets are presented
in Appendix Figures A1-A4.

The CIFAR-100 experimental results in Tables A6-A9 show that DER and ER had
similar or, in some cases, slightly higher accuracy, but DER took approximately 1.3 times
longer to train. As listed in Table A7, when the buffer size was 500 and the sparse ratio
was 0%, the training times for ER and DER were 319.41 s and 424.11 s, respectively, which
is approximately 1.3 times longer for DER. This difference is attributed to the added
knowledge distillation process in DER. The experimental results show limited performance
improvement.

The TinyImageNet experimental results in Tables A10-A13 show that DER was
marginally more accurate than ER. As shown in Table A10, when the buffer size was
500 and sparse ratio was 0%, ER and DER had an accuracy of 8.00% and 8.44%, respectively.
As shown in Table A12, ER with sparse 0% and buffer sizes of 100 and 200 had an accuracy
of 5.12%, and 6.24%, respectively, an increase of 1.12%; increasing the buffer size from
200 to 300 had an increase of 0.67%. This is because of the large number of classes in the
TinyImageNet dataset, which causes some classes to fail to be saved when the buffer size
is 100. The probability of class retention increased significantly when the buffer size was
200. Comparing the experimental results in Table A13 with the CIFAR-10 and CIFAR-100
results in Tables A5 and A9, the performance improvement was larger when the buffer size
increased from 100 to 200 than when it increased from 100 to 300, 400, and 500.

In summary, the experimental results from Tables A2-A13 indicate that the learning
and inference times increased progressively as the constraints became more severe in
the following order: Desktop, Odroid, Jetson Nano, and Raspberry Pi. When the sparse
weight update was applied, the training and inference times decreased by up to two
times, while the accuracy remained the same or increased slightly. Therefore, algorithm
selection and hyperparameter tuning considering device resource constraints are essential
for the effective implementation of CL on edge devices. In contrast to ER techniques,
which merely store input data, DER preserves how prior knowledge was represented
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by storing model outputs from previous time points together. This approach offers the
benefit of maintaining consistency in the representation space and preserving historical
training data. Achieving stable performance with a small replay buffer, DER strikes a
balance between memory efficiency and learning stability, which is advantageous in edge
device environments. However, it necessitates a greater computational demand than ER,
which can pose challenges if the supplementary resources exceed the capacity limits of the
edge device. Consequently, when computational resources and memory are not severely
constrained, DER is regarded as a more suitable approach for CL to ensure consistent
performance in edge device environments. In particular, on Raspberry Pi, the trend of
increased training and inference time and decreased accuracy was noticeable. On datasets
with a small number of classes, such as CIFAR-10, DER was found to be less accurate and
required longer training times than ER. However, on datasets with many classes, such as
CIFAR-100 or TinyImageNet, DER tended to achieve a higher or similar accuracy to that
of ER, albeit at the expense of increased training time. These results demonstrate that it is
essential to consider the number and complexity of classes in the dataset, as well as the
resource constraints of edge devices, when selecting an appropriate algorithm. A strategy
that balances training efficiency and accuracy by adjusting the sparse ratio and buffer
size appropriately is required, particularly when dealing with datasets containing a large
number of classes. Thus, it is essential to ensure a sufficiently large buffer size to utilize a
variety of data for training, where the appropriate buffer size can be guessed based on our
empirical experiments.

5. Discussion

In this section, we analyze the limitations of the proposed NCM-based continual learn-
ing approach and identify scenarios where performance degradation may occur. We discuss
scalability challenges, hardware dependency issues, and sensitivity to hyperparameter
configurations observed in our empirical studies.

Our NCM-based approach faces inherent scalability limitations when dealing with
large-scale datasets containing hundreds or thousands of classes, as the storage require-
ment for class mean vectors grows linearly with the number of classes [4,7]. Additionally,
the distance-based classification becomes computationally expensive as the number of
stored prototypes increases, contradicting on-device efficiency goals. The proposed method
may also underperform in rapidly changing environments where data distributions shift
frequently, as our fixed buffer size and static sparse ratio configuration may not adapt ade-
quately to dynamic conditions. Our experimental results demonstrate significant sensitivity
to buffer size configuration, particularly evident in TinyImageNet. The 2-3x performance
degradation [61] from desktop to Raspberry Pi indicates a heavy hardware dependency,
potentially limiting deployment flexibility across diverse edge computing scenarios.

The proposed method may struggle in several of the following specific scenarios: (1)
fine-grained classification tasks [62] where subtle inter-class differences require sophis-
ticated feature representations that simple class means cannot capture; (2) imbalanced
continual learning scenarios where minority classes may be inadequately represented
in the limited replay buffer; and (3) real-time critical applications requiring immediate
model updates, where computational overhead of sparse weight calculation may intro-
duce unacceptable latency, particularly on resource-constrained devices where training
times exceeded 300 s for larger buffer sizes. These limitations highlight the need for adap-
tive approaches that can dynamically adjust to varying computational constraints and
data characteristics while maintaining the efficiency benefits demonstrated in our edge
device experiments.
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6. Conclusions

On-device CL has garnered increasing interest in both practical applications and
academic research. Although replay-based methods have been widely used to mitigate
catastrophic forgetting, relatively few approaches can operate efficiently under the com-
putational and memory constraints of edge devices. We conducted a comparative review
of existing replay-based techniques to establish a reference point for future on-device
CL solutions.

In this study, we proposed an NCM with the replay-based sparse weight update as
the representative method for empirical validation. Then we investigated the feasibility of
a replay-based CL tailored for on-device environments. Experimental results on diverse on-
device environments indicate that the proposed method offers a favorable trade-off between
classification accuracy and computational efficiency. Although the method demonstrates
improvements over representative replay-based baselines under strict resource constraints,
the observed accuracy gains are relatively modest, and the scope of baseline coverage is
limited. Moreover, our experiments demonstrated robust performance on edge devices
such as the Jetson Nano and Raspberry Pi, confirming the feasibility of our approach
under realistic deployment conditions. These findings lay a promising foundation for the
development of scalable, resource-efficient CL models capable of adapting to evolving data
distributions in real-world on-device scenarios.

Building upon these results, future work should explore hybrid approaches that
combine our replay-based sparse updates with regularization methods, such as Elastic
Weight Consolidation (EWC) or PackNet [63], to provide complementary benefits for
explicit knowledge preservation and implicit parameter protection while maintaining
computational efficiency. The framework shows promise for extension beyond image
classification to domains including natural language processing [64], audio processing,
and federated continual learning scenarios, where multiple edge devices collaborate to
learn [65]. These research directions address the identified limitations while leveraging the
demonstrated advantages of efficient on-device continual learning.
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Appendix A. Detailed Experimental Results

We provide detailed implementation settings to ensure reproducibility and fairness of

our experiments.

Optimizer: Stochastic Gradient Descent (SGD) with momentum 0.9 and weight decay
5x107%

Initial learning rate: 0.1, with cosine-annealing scheduler down to 1 x 10~* over the
total number of epochs.

Batch size: 128 samples.

Number of epochs: 200 for CIFAR-10/100 and TinylmageNet, 100 for smaller
datasets.

Learning-rate warmup: Linear warmup over the first 10 epochs.

Buffer sizes: Fixed at 100, 200, 300, 400, or 500 samples.

Sparse update ratios: 0%, 25%, 50%, 75%, 90%.

Continual Weight Importance (CWI):

—  Computed for each weight w as follows:

oL(Dy; 0) dL(M;0)
ow ‘+ﬁ‘ ow

CWI(w) = |w| —|—zx‘

- L(D;0): task-specific loss with logits masked for current task only.

- L(M;0): loss computed over the rehearsal buffer M.

—  Hyperparameters: « = 0.8, § =0.2.

Data split & CL setup:

- Class-incremental protocol with 10 sequential tasks.

- Within each task, data are split 80% for training and 20% for validation.

- Replay sampling is performed by uniform random sampling from the buffer.

Reproducibility:

-  Experiments on all devices (PC, Jetson Nano, and Raspberry Pi) use identical
seeds, data splits, and sampling protocols.

- Checkpoints and buffer states are saved every 10 epochs.
—  Final evaluation is based on the best validation accuracy observed.

Table Al. Continual learning protocols for each dataset.

Dataset Total Classes #Tasks Classes per Task Samples per Class  Train/Val
CIFAR-10 10 10 1 5000 80%/20%
CIFAR-100 100 10 10 500 80%/20%
TinyImageNet 200 10 20 500 80%/20%

For each dataset as follows:

CIFAR-10: Ten tasks, each introducing one novel class sequentially (e.g., Task 1:
{airplane}, Task 2: {automobile}, ...).

CIFAR-100: Ten tasks, each containing 10 fine-grained classes (labels grouped in
order).

TinyImageNet: Ten tasks, each with 20 classes randomly shuffled once at the start
(seed = 42).

In this appendix, we present the full ER and DER results for replay buffer sizes 100,

200, 300, 400, and 500. Tables A2—-A13 list the detailed data, and Figures A1-A4 show the
corresponding visualizations.



Mathematics 2025, 13, 2257 21 of 30
Table A2. Comparison results of on the CIFAR-10 dataset in the Desktop environment.
Accuracy (Buffer Size) Training Time (s) Inference Time (ms)
Model ~ Sparse 109 300 300 400 500 100 200 300 400 500 100 200 300 400 500
0 3342 3387 3416 3472 3501 133.12 139.24 143.60 14589 156.34 5.12 5.94 6.25 6.78 6.95
25 33.10 3380 3393 3429 3528 80.53 86.47 94.59 106.12  110.02  2.85 3.77 4.26 4.96 521
ER 50 3298 3321 3415 3528 3543 70.24 81.95 84.83 92.04 102.67  2.79 2.94 3.73 521 5.58
75 3456 3412 3506 3537 3582 6254 73.84 75.03 80.18 83.55 1.55 213 3.29 3.87 5.01
90 33.04 3447 3436 3553 3554 50.84 57.12 63.02 63.15 73.05 1.02 1.26 2.74 3.58 4.62
0 2489 2539 2619 2679 2734 251.88 259.88 266.88 274.88 283.88  5.09 5.79 6.59 7.49 8.19
25 24.08 2478 2548 26.03 2673 16626 17456 183.76 191.06 201.96 3.24 3.74 4.44 5.29 6.19
DER 50 2534 2604 2654 2724 2774 14647 153.67 161.27 168.07 176,57  2.58 3.28 3.88 4.63 5.43
75 25.08 2578 26.18 2698 2748 12747 13447 14097 147.07 15577  1.99 2.69 3.39 4.09 4.84
90 27.05 2755 2840 29.05 2950 10840 115.60 124.40 133.40 142.40 1.08 1.78 2.68 3.63 4.28
0 2529 2579 2659 27.19 2774 25488 262.88 269.88 277.88 286.88  8.09 8.79 9.59 1049 11.19
25 2448 2518 2588 2643 2713 169.26 177.56 186.76 194.06 20496  6.24 6.74 7.44 8.29 9.19
Co2L 50 27.60 2830 2880 2950 30.00 112.60 119.80 127.40 13420 14270  5.58 6.28 6.88 7.63 8.43
75 2548 2618 2658 2738 27.88 13047 137.47 14397 150.07 158.77  4.99 5.69 6.39 7.09 7.84
90 25,59  26.09 2694 2759 28.04 14827 15547 164.27 17327 182.27 4.08 4.78 5.68 6.63 7.28
0 2549 2599 2679 2739 2794 256.88 264.88 271.88 279.88 288.88 10.09 10.79 1159 1249 13.19
25 2468 2538 2608 2663 2733 17126 179.56 188.76 196.06 20696  8.24 8.74 9.44 1029 11.19
CBA 50 2594 2664 27.14 2784 2834 15147 158.67 166.27 173.07 18157  7.58 8.28 8.88 9.63 10.43
75 2790 28,60 29.00 29.80 3030 113.90 120.90 12740 133,50 14220 6.9 7.69 8.39 9.09 9.84
90 2543 2593 2678 2743 2788 11340 120.60 12940 13840 14740  6.08 6.78 7.68 8.63 9.28
0 2519 2569 2649 27.09 27.64 241.88 249.88 256.88 264.88 273.88 1.91 2.61 3.41 431 5.01
25 2438 25.08 2578 2633 27.03 156.26 164.56 173.76 181.06 19196  4.36 4.86 5.56 6.41 7.31
SIESTA 50 2750 2820 2870 2940 2990  99.60 106.80 11440 12120 12970 4.82 5.52 6.12 6.87 7.67
75 2538 26.08 2648 2728 27.78 11747 12447 13097 137.07 145.77 5.21 591 6.61 7.31 8.06
90 2549 2599 2684 2749 2794 13527 14247 151.27 160.27  169.27 5.72 6.42 7.32 8.27 8.92
Table A3. Comparison results on the CIFAR-10 dataset in the Odroid environment.
Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
Model ~ Sparse 109 390 300 400 500 100 200 300 400 500 100 200 300 400 500
0 33.00 3390 3407 3450 3520 20556 212.00 220.56 230.00 239.00 7.20 7.70 8.20 8.80 9.60
25 33.00 3350 3392 3450 3520 130.76 13576 140.76  150.00  160.00 4.50 5.00 5.52 6.00 6.50
ER 50 3290 33,60 3427 3500 3550 11032 12032 12832 140.00 150.00 3.80 4.30 4.80 5.50 6.00
75 3396 3446 3496 3546 36.20 95.29 102.29 11029  120.00  130.00 3.30 3.80 4.30 5.00 5.50
90 33.00 33.80 3432 3480 3580 80.14 88.14 96.14  110.00 120.00  2.68 3.18 3.68 4.68 5.68
0 25.00 2590 2629 2780 2850 30037 31237 32337 350.00 370.00 7.00 7.80 8.66 9.50 10.50
25 23.60 2450 2511 2650 27.00 20043 21043 21743  230.00 240.00 4.00 4.90 5.79 6.50 7.00
DER 50 2550 2620 2688 2830 2920 175.83 185.83 19283 215.00 225.00 4.00 4.60 525 6.00 6.80
75 2450 2540 2599 2750 2820 15029 157.29 167.29  180.00  190.00 3.00 3.80 4.40 5.00 5.80
90 2650 2750 2798 2890 2950 12580 13580 145.80 160.00  170.00 2.00 3.00 3.56 4.50 5.00
0 25.00 26.00 26.69 28.00 29.00 30537 31537 32637 345.00 365.00 10.00 11.00 11.66 13.00 14.00
25 24,00 25.00 2551 2650 2750 20043 21043 22043 240.00 260.00 7.50 8.20 8.79 9.50 10.00
Co2L 50 27.00 28.00 2838 29.80 3050 180.83 190.83 195.83 210.00 220.00 7.00 8.00 8.25 9.00 10.00
75 25.00 2600 2639 2750 28.00 15529 16529 17029 185.00  195.00 6.00 7.00 7.40 8.00 9.00
90 2580 2680 2728 2880 2970 130.80 140.80 148.80 160.00 175.00  5.00 6.00 6.56 8.00 9.00
0 2550 2650 26.89 28.00 29.00 31037 32037 32837 350.00 370.00 12.00 13.00 13.66 15.00 16.00
25 2400 2500 2571 2650 2750 20043 21043 22243 240.00 260.00 9.00 10.00 10.79  12.00  13.00
CBA 50 26.00 27.00 2748 2850 2950 180.83 190.83 197.83 210.00  230.00 9.00 10.00 1025 12.00  13.00
75 27.00 28.00 2858 2950 30.50 15529 16529 17229 185.00  205.00 8.00 9.00 9.40 11.00  12.00
90 25.00 26.00 2659 2750 28.00 130.80 140.80 150.80 170.00  190.00 7.00 8.00 8.56 10.00  11.00
0 25.00 26.00 2659 2750 28.00 29337 30337 31337 343.00 363.00 0.00 0.80 1.34 2.60 3.40
25 2390 2490 2541 2690 2750 18743 19743 20743 237.00 257.00 3.00 3.70 421 5.50 6.00
SIESTA 50 2680 2750 2828 2950 30.00 162.83 172.83 182.83 212.00 232.00 3.00 4.00 4.75 6.00 6.50
75 25.00 2550 2629 2700 2750 13729 14729 15729 187.00  207.00 4.00 5.00 5.60 7.00 7.50
90 2580 26.60 2718 2880 2940 11580 12580 135.80 155.00 175.00  5.00 6.00 6.44 8.00 8.50
Table A4. Comparison results of on the CIFAR-10 dataset in the Jetson Nano environment.
o Accuracy (%) Training Time (s) Inference Time (ms)
Model  Sparse (%) 199 200" 300 400 500 100 200 300 400 500 100 200 300 400 500
0 3280 3320 3390 3420 3450 290.00 285.00 27741 265.00 260.00 11.00  10.00 9.46 8.00 7.50
25 3250 33.00 3390 3450 3500 205.00 200.00 191.74 180.00  175.00 7.50 6.50 6.29 500 4.50
ER 50 3350 34.00 3462 3500 3520 170.00 168.00 164.69 155.00  150.00 7.00 6.00 5.62 4.00 3.80
75 3340 34.00 3483 3550 36.00 160.00 155.00 150.79  140.00  135.00 6.00 5.00 4.82 4.00 3.00
90 33.00 3350 3444 3500 3550 140.00 135.00 129.04 120.00 115.00 6.00 5.00 4.29 4.00 3.00
0 2500 2550 2650 2750 28.00 410.00 405.00 266.88 385.00 380.00 12.00 11.00 10.52 9.00  8.60
25 24.00 2450 2545 2600 2650 285.00 280.00 183.76  260.00  255.00 8.00 7.00 6.50 500 4.50
DER 50 2500 2550 2620 27.00 2750 255.00 250.00 161.27  230.00  225.00 7.00 6.50 6.06 500 4.10
75 2550 2600 26.68 27.00 2750 225.00 220.00 140.97 200.00  195.00 6.00 5.50 522 450  4.00
90 27.00 2750 2836 29.00 2950 200.00 195.00 12440 169.00 165.00 6.00 5.00 4.39 3.00 250
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Table A4. Cont.

o Accuracy (%) Training Time (s) Inference Time (ms)

Model ~ Sparse (%) 199 290" 300 400 500 100 200 300 400 500 100 200 300 400 500
0 2550 2600 2690 2750 2800 41500 41000 269.88 38500 38200 1500 1400 1166 1200 1150

25 2450 2500 2585 2650 2700 29000 28500 18676 260.00 25800 11.00 10.00 879 800  7.50

Co2L 50 2750 2800 2876 2900 2950 260.00 25500 127.40 23000 22700 11.00 1000 9.06 800  7.50
75 2570 2650 27.08 2750 2800 23000 22500 14397 20000 19500 950 850 740 700 650

90 2520 2580 2660 2700 2720 20500 20000 14880 180.00 17500 9.00 800 656 600 550
0 2560 2600 2710 2800 2850 41800 41000 271.88 38500 38600 1700 1600 1366 1400 1350

25 2470 2520 2605 2680 2700 290.00 28500 18876 260.00 26500 13.00 12.00 1079 1000  9.50

CBA 50 2550 2600 2680 2700 2750 26000 25500 16627 23000 23500 1250 1150 1025 950  9.10
75 2750 2800 28196 2950 3000 230.00 22500 127.40 20000 19800 1200 1100 1022 900 850

90 2580 2600 2728 2800 2850 20500 20000 150.80 17500 17800 11.00 1000 939 800  7.50

0 2550 2600 2680 2720 2750 40000 39500 31337 37000 37500 200 100 134 010  0.00

25 2450 2500 2575 2600 2650 27500 27000 207.43 25000 24500 500 400 421 200 150

SIESTA 50 2750 2800 28166 29.00 2950 24500 24000 182.83 22500 22000 500 450 475 300  2.00
75 2550 2650 2698 2750 2800 21500 21000 15729 190.00 18500 600 500 560 300 278

90 2520 2580 2650 27.00 2750 19000 18500 13580 160.00 16200 700 600 644 400  3.61

Table A5. Comparison results of on the CIFAR-10 dataset in the Raspberry Pi environment.

o Accuracy (%) Training Time (s) Inference Time (ms)

Model  Sparse (%) 4, 200 300y 400 500 100 200 3g00 400 500 100 200 300 400 500
0 3239 3279 3359 3449 3499 32714 33514 34514 35714 36314 983 1033 11.33 1253 13.13

25 3315 33.65 3415 3485 3545 22644 23344 24144 25144 25944 628 688 758 848 928

ER 50 3322 3372 3462 3562 3602 18837 19637 20637 21837 22437 517 577 657 757 837
75 3346 3396 3466 3576 3616 16572 17372 18272 19372 20072 387 457 537 657 717

90 3340 33.80 3440 3570 3590 14224 15024 16024 17024 17824 305 365 435 535 615

0 2510 2560 2630 2720 2770 389.72 397.72 407.72 41972 42572 11.00 1170 1250 1350  14.30
25 2429 2479 2569 2689 2719 25191 25991 26991 28191 28791 677 747 827 927  10.07

DER 50 2540 2590 2650 2750 27.90 21841 22641 23641 24841 25441 563 613 693 793 873
75 2546 2616 2686 27.86 2826 193.02 201.02 211.02 223.02 229.02 445 505 585 685  7.65

90 27.03 2773 2853 2973 30.03 163.15 171.15 181.15 193.15 19915 338 388 468 568 648

0 2540 2590 2670 2770 2820 39272 400.72 41072 42272 42872 1400 1470 1550 1650  17.30
25 2469 2539 2609 2719 2759 25491 26291 27291 28491 29091 977 1047 1127 1227 13.07

Co2L 50 2773 2833 2893 30.03 3043 22141 22941 23941 25141 25741 863 913 993 1093 11.73
75 25.86 2656 2726 2826 2876 196.02 20402 21402 22602 23202 735 805 885 985  10.65

90 2560 2610 2690 28.00 2840 166.15 17415 18415 196.15 20215 638  6.88 768 868 948

0 2570 2630 2690 2810 2830 39472 40272 41272 42472 43072 1600 1670 1750 1850  19.30
25 2489 2559 2629 2729 2779 25691 26491 27491 28691 29291 1197 1247 1327 1427 15.07

CBA 50 2590 2650 2710 2830 2850 22341 23141 24141 25341 25941 1063 11.13 1193 1293 13.73
75 27.73 2843 2913 3013 30.63 198.02 206.02 21602 228.02 23402 955 1005 1085 11.85 12.65

90 2626 2686 2746 2866 2886 16815 17615 18615 19815 20415 838 888 968 1068 11.48

0 2520 2590 2660 27.60 2810 379.72 38772 397.72 40972 41572 120 170 250 350 430

25 2459 2529 2599 2699 2749 24191 24991 25991 27191 27791 043 103 173 273 353

SIESTA 50 27.63 2823 2883 30.03 30.33 20841 21641 22641 23841 24441 177 227 307 407 487
75 2576 2646 2716 2816 2866 183.02 191.02 201.02 213.02 21902 285 335 415 515 595

90 2560 2620 2680 2800 2830 153.15 161.15 171.15 183.15 189.15 402 452 532 632 712

Table A6. Comparison results of on the CIFAR-100 dataset in the Desktop environment.

Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)

Model ~ Sparse 4, 200 300 400 500 100 200 300 400 500 100 200 300 400 500
0 975 10.81 11.11 1042 1154 20677 206.18 21218 22628 21086 865 801 877 776 1035

25 1024 1022 1091 10.08 12.06 149.83 12122 13659 12629 13828 799 687 607 455  6.66

ER 50 1236 1071 11.39 1071 1190 13895 14027 126.14 13857 12567 605 487 520 670  4.61

75 11.76 1079 1137 10.62 10.42 115.65 94.82 113.18 101.72  112.89 2.68 2.65 453 5.79 2.67
90 1092 1162 11.15 10.85 11.51 10095 104.13 98.26 95.99 81.98 227 1.90 3.60 3.53 3.66

0 10.44 11.81 1144 1047 1061 28124 29524 281.76 27842 28297  9.40 8.11 8.99 9.64 9.37
25 11.54 9.96 11.29 1075 1046 19777 19415 187.61 168.97 192.75 4.39 4.07 6.01 5.79 7.55
DER 50 1193 1039 1146 1076 1237 17029 165.79 169.31 173.87 177.42 712 5.44 5.16 3.75 6.94

75 1261 1203 11.39 11.18 11.81 13828 16532 150.87 148.83  143.41 6.26 4.58 435 3.83 4.45
90 1291 1155 11.85 1042 1223 13518 11535 130.33 130.76  120.68  3.26 2.53 3.53 4.70 2.96

0 1248 1251 11.84 1062 1248 276,55 293.06 28476 269.75 30146 10.77 10.69 1199 12.07 11.00
25 1204 1250 1225 1205 1234 178.01 19841 190.61 20222 18791 937 1035 9.01 990  10.40
Co2L 50 1056 1036 11.86 10.68 1040 189.79 183.60 17231 17652 156.84  8.89 6.88 8.16 7.22 7.29

75 11.82 1047 11.79 12.06 1210 166.82 162.00 153.87 154.02 143.11 8.71 5.71 7.35 6.58 6.25
90 12.05 12.08 11.69 1295 1294 136.80 14126 133.33 13027 127.99 6.03 5.11 6.53 7.21 6.67

0 1330 1140 12.04 1213 1331 26730 292.66 286.76  269.74 29896 1226 1475 1399 15.01 13.36
25 13.79 1297 1245 11.02 11.21 20254 20232 19261 17649 19617 11.34 9.14 11.01  11.26 1246
CBA 50 11.37 1165 1206 1213 1215 18228 175.01 17431 18537 171.06 11.33 11.10 10.16 9.17 8.42

75 10.65 1157 1199 1249 12.01 17527 16136 15587 138.28 145.68  8.28 8.84 9.35 8.59 9.43
90 13.11 1172 11.89 11.88 1246 14289 149.09 13533 117.02 14837 717 1036  8.53 7.93 9.55

0 1267 1064 1174 1067 1290 291.68 28142 27176 28253 27467 275 2.45 1.01 1.56 1.25
25 11.70 1243 1215 11.08 13.02 18942 18055 177.61 168.46 190.70  3.44 3.75 3.99 2.23 2.63
SIESTA 50 10.85 12.09 1176 1268 11.74 14049 151.65 159.31 14390 150.77  4.36 5.69 4.84 4.46 4.23
75 12.09 11.84 11.69 1052 10.61 127.60 14093 140.87 156.74 146.30 6.08 6.63 5.65 6.71 5.35
90 1032 1214 1159 1177 1237 121.06 140.13 12033 125.84 117.40 8.41 8.02 6.47 527 7.48
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Table A7. Comparison results of on the CIFAR-100 dataset in the Odroid environment.
Model  Sparse Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
P 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
0 9.73 1021  11.05 12.02 1258 29214 302.83 310.04 322.17 329.65 1038 11.04 1140 1218 13.12
25 9.61 10.18 11.06 12.08 12,51 18847 198.12 20444 22357 221.89 6.52 6.98 7.85 8.47 9.48
ER 50 9.58 1029 11.10 1200 1256 17279 17956 188.36  199.31  204.88 5.44 5.99 6.84 7.53 8.49
75 10.02 1042 11.09 12.01 1257 15482 159.14 16747 179.88 184.77 4.27 4.98 5.76 6.51 7.52
90 10.03 10.89 11.29 12.00 12.63 13324 139.18 146.09 15434 164.11 3.15 3.97 4.80 5.82 6.68
0 10.02 1049 1131 12.07 1282 39476 404.19 41343 42830 431.57 10.12 10.62 1148 12.09 12.78
25 10.05 1038 11.13 1193 1241 263.19 269.85 281.38 29748  294.82 6.14 7.11 8.07 8.49 8.99
DER 50 10.08 10.60 11.50 1221 12.89 239.30 24745 256.67 268.12  274.51 5.02 5.60 6.61 7.25 7.88
75 10.01 10.80 11.68 12.19 12.83 21295 224.11 23150 243.17 249.24 4.12 4.55 5.56 6.02 7.02
90 1023 1078 11.73 1221 1292 17948 189.47 19837 209.88 217.14 2.37 3.38 4.36 5.03 6.18
0 1030 1091 11.79 1248 1321 39852 409.13 41643 427.69 43481 1233 1357 1448 1499 16.29
25 10.61 11.29 1213 1281 13.39 26844 27452 28438 298.77  302.66 9.14 10.12  11.07 1194 1273
Co2L 50 10.37  11.04 1186 1243 1337 318.65 329.88 33540 34721 353.92 8.44 9.70 10.67 1132 11.99
75 10.58 1128 12.08 1253 1333 288.18 29436 30456 31849  323.28 6.47 7.54 8.56 8.97 9.38
90 10.04 1058 11.53 12.04 1278 25247 259.68 268.34 280.12 285.17 5.26 6.24 7.36 7.89 8.81
0 10.48 1092 1199 1268 1339 54719 55438 56542 578.03 58425 1618 1732 1830 1895 19.53
25 10.62 1118 1212 1287 1357 35872 364.81 373.16 384.47 389.63 11.26 1237 13.07 1391 14.95
CBA 50 1056 10.89 12.06 12.74 1337 318.05 329.23 33740 351.14 354.05 1048 1153 12.67 1298 14.02
75 1077 11.22 1228 1253 13.78 288.86 29447 306.56 31823  323.35 9.13 1033 1056 11.18  12.19
90 1042 1059 11.73 12.68 1341 25437 259.81 270.34 28328  289.67 8.11 9.24 9.36 10.04 11.07
0 1019 1091 11.69 1251 13.15 53124 540.15 55042 564.71 567.88 1.42 2.31 3.30 420 522
25 1029 11.02 11.82 1237 13.32 34319 349.83 358.16 37048 37491 0.28 0.56 1.17 1.98 3.02
SIESTA 50 1024 1088 11.76 1225 1289 309.68 31452 32240 339.12  341.37 0.33 1.31 2.33 3.02 4.05
75 1049 10.82 1198 1247 1347 27345 27932 29156 304.87 309.22 1.58 2.63 3.66 4.62 5.56
90 10.21 10.84 11.64 1220 13.10 24359 249.16 255.34 264.88 274.02 2.79 3.77 477 5.38 6.69
Table A8. Comparison results of on the CIFAR-100 dataset in the Jetson Nano environment.
Model  Sparse Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
p 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
0 9.34 9.94 1099 11.79 1239  400.07 40541 41586 424.09 43331 11.83 12.07 1330 1442 15.12
25 8.69 9.49 10.74 1198 1275 25296  258.83 271.30 280.41  285.88 6.97 7.82 8.97 10.53 9.79
ER 50 9.70 1035 11.18 11.85 1240 23331 243.74 252.08 263.65 267.77 6.07 6.70 7.75 8.84 8.33
75 9.60 10.13  11.08 1228 13.00 202.38 20891 219.73  235.02  239.03 5.36 5.61 6.76 7.88 8.43
90 9.28 9.89 10.73 1151 12,66 180.32 186.26 198.31 205.11  215.55 3.35 4.15 5.30 6.18 7.03
0 1016 1074 11.39 1261 1223 54056 54590 56042 574.09 57854 11.33 11.58 13.30 14.81 1397
25 9.54 1037 11.34 1273 1226 353.15 357.82 368.16 387.05 373.18 6.97 7.64 8.83 9.78 10.44
DER 50 1011 1098 1146 1244 12.83 31451 32655 33240 35190 342.65 5.74 6.60 7.67 9.32 8.95
75 9.54 10.83 11.57 13.05 1259 28294 29414 30156 317.76  307.54 4.61 5.05 6.34 7.86 7.07
90 10.07 1056 11.52 1239 12.88 24571 250.15 265.34 27837 274.44 3.41 411 523 6.57 6.12
0 1041 1123 1179 1312 1414 545.60 554.15 56342 582.02 569.65 14.65 15.06 1630 1748 16.94
25 1012 11.19 1192 1333 12.65 35493 359.81 371.16 388.79 373,55 1046 10.78 11.83 13.66 1235
Co2L 50 10.74 1119 1186 13.14 1271 317.39 325.16 33540 351.63  340.22 8.68 9.32 10.67 1191  11.32
75 10.69 1141 1197 13.04 1298 288.14 29593 30456 32192  309.60 7.61 8.25 9.34 10.46  10.15
90 9.27 1051 11.74 13.02 12.68 248.61 249.74 26834 284.84 272.32 6.33 7.06 8.23 9.35 8.89
0 1075 11.07 1199 1339 1225 54552 547.62 565.42 58220 570.08 16.82 17.02 1830 19.85 19.06
25 1078 11.08 1212 1340 13.33 354.08 360.53 373.16 38584 381.26 12.04 1274 13.83 1528 14.50
CBA 50 10.64 1084 12.06 1296 1427 320.12 327.19 33740 350.07 34551 1136 1141 12,67 1392 13.64
75 1071  11.38 1217 13.62 1346 289.21 295.61 306.56 320.66  309.62 9.45 1031 11.34 1256 1221
90 10.51 1065 11.94 1323 1288 251.17 25759 27034 286.86 273.30 8.31 8.44 1023 1141 10.85
0 8.49 9.79 11.69 13.13 1419 53226 533.40 55042 568.76 556.44  1.18 1.88 3.30 4.89 5.04
25 10.54 1111  11.82 12.81 1224 33849 34269 358.16 369.43 375.28 0.60 0.80 1.17 223 271
SIESTA 50 1030 1055 11.76 1294 12.64 304.13 31358 32240 34224 329.61 0.59 1.03 2.33 3.22 3.68
75 1045 11.09 11.87 13.04 1262 27195 281.02 29156 304.03 297.40 1.99 2.61 3.66 4.63 5.04
90 1028 1052 11.64 12.89 1259 237.15 239.68 25534 267.83 263.99 3.07 3.32 477 5.79 5.71
Table A9. Comparison results of on the CIFAR-100 dataset in the Raspberry Pi environment.
Model  Sparse Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
p 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
0 9.92 10.48 11.05 11.75 1240 50450 512.30 52248 537.12 540.23 1450 1521 16.01 17.00 17.90
25 9.76 1041 11.06 1216 1251  330.11 337.11 34511 357.11 363.11 9.53 1023  11.03 1253  12.93
ER 50 9.90 1040 1110 12.30 1255 29442 30042 30642 316.42 323.42 8.09 8.59 9.49 1049 11.29
75 9.99 1059 11.09 1199 1239 270.12 275.12 280.12 288.12  295.12 6.52 6.92 7.72 9.22 9.62
90 9.99 10,69 11.29 1239 1279 229.00 237.00 24400 254.00 262.00 5.14 5.84 6.64 8.14 8.54
0 1011 1071  11.31 1231 1271 67427 68327 69227 70427 71127 1463 1533 1613 17.33 18.03
25 10.03  10.63 11.13 1223 1258 44732 45832 46532 47732  484.32 9.37 9.87 10.77 1207 1257
DER 50 1030 10.80 11.50 1270 1295 396.51 40551 41451 426.51 433.51 8.14 8.64 9.14 10.14  11.04
75 10.58 1118 11.68 1248 13.08 359.12 368.12 377.12 397.12  407.12 6.10 7.10 7.60 8.60 9.40
90 1043 1113 11.73 1313 1323 31642 32442 33442 34642 35242 4.99 5.69 6.29 7.49 8.09
0 1051  11.01 11.71 1281 13.16 39843 40743 41643 42843 43543 1763 1833 19.13 20.13 21.03
25 1093 11.63 1223 1343 13.68 450.32 459.32 46832 48832 49532 1227 13.07 13.77 1477 1557
Co2L 50 1050 11.20 1190 1270 1340 397.51 407.51 41751 42951 43551 10.64 1144 1214 1314 1414
75 1058 11.38 12.08 13.08 1358 362.12 372.12 380.12 392.12  398.12 9.10 10.10 10.60 1210  12.60
90 10.03 10.83 11.53 12.73 13.03 31942 32742 33742 34942 35442 7.79 8.79 9.29 1149 11.79
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Table A9. Cont.
Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
Model  Sparse 150 390 " “300 400 500 100 200 300 400 500 100 200 300 400 500
0 10.41 11.21 11.91 12.71 13.41 67727 68727 69727 709.27 71527 19.63 2053 21.13 2213 23.03
25 1093 11.73 1233 13,53 13.88 45032 460.32 470.32 48232 48832 1427 1507 1577 1727 1757
CBA 50 10.60 11.40 1210 1330 13.60 39951 409.51 41951 43151 437.51 12.64 13.64 1414 1564 16.14
75 10.78 11.78 12.28 13.48 13.78 364.12 374.12 382.12 394.12 400.12 11.10 12.10 12.60 14.10 14.60
90 10.23 11.03 11.73 13.03 13.23 319.42 329.42 339.42 351.42 357.42 9.79 10.49 11.29 12.69 13.09
0 10.21 11.21 11.71 12.51 13.01 662.27  672.27 682.27 694.27 700.27 4.63 5.63 6.13 7.53 7.93
25 10.53 11.53 12.03 13.03 13.53 435.32 445.32 455.32 467.32 473.32 0.27 0.57 0.77 1.77 2.57
SIESTA 50 10.30  11.00 11.80 1230 1295 384.51 394.51 40451 41651 42251 0.10 0.40 0.86 1.86 2.56
75 1048 11.18 1198 13.18 1348 347.12 35712 367.12 379.12  385.12 0.90 1.90 2.40 3.40 4.40
20 1043 11.03 1143 1293 1323 30442 31442 32442 33642 34242 2.21 2.71 3.71 4.71 5.71
Table A10. Comparison results of on the TinylmageNet dataset in the Desktop environment.
Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
Model  Sparse 150 “"500" " 300 400 500 100 200 300 400 500 100 200 300 400 500
0 575 610 692 772 840 35680 36650 36858 378.10 38620 11.20 12.00 12.63 1344 14.30
25 510 580 649 730 795 23050 24210 247.77 25650 262.10 6.65 7.65 8.31 9.07 9.86
ER 50 570 6.05 693 760 803 19840 205.60 212.01 219.80 223.40 5.92 6.02 6.93 7.78 8.66
75 550 6.056 6.79 725 795 174.00 17690 18548 19430 201.00 4.83 5.42 5.94 6.76 7.25
20 560 610 6.75 739 7.83 142.00 14440 153.87 161.60 171.90 2.90 3.80 4.74 5.24 6.25
0 590 630 713 798 830 465.00 475.00 49020 49820 50520 1250 13.00 14.00 14.60 15.60
25 520 570 648 730 790 31940 32200 329.63 335.80 346.00 7.80 8.60 9.10 10.10 11.00
DER 50 6.00 650 714 8.00 8.60 266.00 276.00 28490 293.10 295.70 5.90 7.00 7.50 8.10 9.10
75 590 620 707 789 850 23540 238.00 247.87 25480 266.80 5.10 5.50 6.36 7.00 7.40
920 580 650 7.02 798 820 197.80 209.70 216.29 22220 231.90 3.20 4.60 5.20 6.00 7.10
0 610 650 753 846 9.00 475.00 484.00 493.20 499.80 507.00 15.70 1620 17.00 1750 18.20
25 580 620 688 750 790 31750 326.00 332,60 341.60 34530 1040 1140 12.10 1270 13.30
Co2L 50 6.00 640 754 832 885 276.00 283.00 28790 293.10 306.50 9.30 9.80 1050 11.20 12.10
75 6.05 6.65 747 820 850 237.00 243.00 25090 25820 266.30 8.30 8.80 9.30 9.90 10.45
920 6.00 650 742 798 880 20750 21250 21930 22830 239.20 6.40 7.50 8.20 9.10 9.90
0 630 7.00 773 820 9.10 479.00 488.00 49520 501.70 508,50 1750 1850 19.00 19.80 20.40
25 580 650 7.08 7.60 840 315.00 327.80 334.60 34150 352.80 1230 1330 1410 14.80 16.00
CBA 50 670 710 774 850 9.10 277.00 280.00 289.90 295.00 309.60 1090 11.60 1250 13.30 14.20
75 670 7.00 7.67 860 910 23930 245.00 25290 258.30 272.60 9.70 10.80 1140 1230 13.20
90 610 710 7.62 810 880 201.60 212.00 221.30 230.50 235.90 8.20 9.20 1020 11.00 12.00
0 595 6.60 743 804 880 46250 47250 480.20 489.40 495.70 2.20 3.20 4.00 4.80 5.20
25 560 590 6.78 745 8.00 30820 310.00 319.60 327.10 332.20 0.20 0.50 1.20 1.90 3.00
SIESTA 50 6.00 6.60 744 827 850 264.00 269.00 27490 28220 286.90 0.80 1.90 2.40 3.00 4.00
75 625 6.70 737 811 870 220.70 228.40 23790 24540 253.20 2.30 3.10 3.60 4.30 4.85
90 590 650 732 786 860 19260 198.10 206.30 214.10 219.80 3.50 4.20 4.80 5.40 6.00
Table A11. Comparison results of on the TinylmageNet dataset in the Odroid environment.
Model  Sparse Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
p 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
0 549 614 689 774 819 542,65 54855 560.85 57235 57885 1426 1491 16.01 1696 17.61
25 531 591 641 706 771 34549 35219 360.69 372.69 378.69 8.66 9.46 1046 11.26 12.06
ER 50 544 6.04 689 784 814 30041 312.81 31821 325.01 332.51 7.52 8.22 9.12 9.92 11.02
75 561 621 681 756 826 26035 26835 27835 29335 298.35 5.99 6.89 7.89 8.59 9.19
920 536 620 6.66 741 7.81 21423 22473 229.73 239.73 247.73 4.22 5.12 6.12 6.72 7.62
0 576 626 716 796 8.61 71473 719.73 73473 74473 75473 16.06 16.76 1796 18.76 19.56
25 509 579 639 709 779 45795 46595 47595 48795 49395 10.18 10.98 12.08 12.88 13.48
DER 50 573 613 703 763 848 40541 41841 42341 43541 44141 7.67 8.57 9.57 10.27  11.17
75 572 632 702 762 832 35059 360.59 37059 380.59 388.59 6.31 7.21 8.21 8.91 9.81
920 573 633 713 7.83 853 30242 31242 32242 33242 340.42 5.09 5.89 6.89 7.59 8.19
0 6.16 6.76 756 826 891 717.73 72273 73773 74773 757.73 19.06 19.76 2096 21.76 22.56
25 549 619 6.79 749 819 45895 46695 47895 49095 49695 13.18 1398 15.08 15.88 16.68
Co2L 50 6.03 6.63 743 813 8.78 40641 41641 42641 43641 44441 10.77 1157 1257 1337 13.97
75 6.02 6.62 742 817 872 353.59 363.59 373.59 383.59 391.59 9.31 10.21 1121 12.01 1261
90 623 673 753 828 893 30542 31542 32542 33542 343.42 8.09 8.89 9.89 10.69 11.49
0 636 696 776 846 921 719.73 72473 739.73 749.73 759.73 21.06 21.76 2296 2376 24.56
25 569 629 699 7.69 839 46095 46895 48095 49295 49895 15.18 16.08 17.08 17.88 18.68
CBA 50 623 683 7.63 833 9.08 40841 41841 42841 438.41 44641 12.67 1357 1457 1537 16.17
75 632 682 7.62 832 9.07 35559 365.59 37559 38559 39359 1141 1221 1321 14.01 14.81
90 643 693 773 843 918 30742 31742 32742 33742 345.42 9.99 10.89 11.89 12.69 13.49
0 616 6.66 746 816 891 70473 709.73 72473 73473 744.73 6.16 6.96 7.96 8.76 9.46
25 539 6.09 6.69 739 8.09 44595 45395 46595 47795 483.95 0.28 1.18 2.08 2.88 3.58
SIESTA 50 6.03 643 733 8.03 873 39341 40341 41341 42341 43141 0.03 0.23 0.43 1.13 1.93
75 6.02 652 732 8.02 872 340.59 34559 360.59 370.59 378.59 0.09 1.09 1.79 2.49 3.29
90 6.13 6.63 743 813 8.83 29242 30242 31242 32242 33042 1.21 2.21 3.11 3.91 4.61
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Table A12. Comparison results of on the TinyImageNet dataset in the Jetson Nano environment.

o Accuracy (Buffer Size) Training Time (s) Inference Time (ms)
Model  Sparse (%) 100 500 300 400 500 100 200 00 400 500 100 200 300 400 500
0 521 5.68 691 8.01 8.76 722.21 729.09 73458 75211 730.74 1947 17.65 1843 20.32 16.98
25 469 534 644 742 8.64 48248 50553 490.32 480.20 49542 11.18 1438 1240 10.84 13.35
ER 50 542 659 693 775 9.15 439.83 423.81 427.68 447.67 41246 11.89 9.95 10.56 11.43 9.81
75 518 644 689 7.18 8.30 345.11 369.38 364.66 35359  378.54 7.75 9.85 8.87 8.42 10.61
90 458 530 673 774 8.29 314.83  290.69 308.68 311.03 301.22 6.15 8.97 7.10 5.87 8.61
0 5.49 6.77 7.30 8.27 9.63 951.07 958.75 956.09 940.21 973.19 21.79 19.42 21.14 22.23 20.17
25 472 6.17 6.44 7.73 8.35 648.14 612.23 628.77 635.83 616.68 14.37 16.40 15.19 13.65 16.18
DER 50 514 624 699 752 8.66 57490 597.60 578.76 566.04 58893 12.70 11.37 1241 13.03 11.39
75 555 6.66 697 7.86 9.09 503.44 482.67 489.26 502.15 470.15 11.14 8.77 1043  11.99 9.59
920 553 647 712 819 9.59 412.81 44891 42891 44724 419.33 9.88 6.87 8.64 9.19 7.25
0 527 672 770 894 9.82 946.45 96221  959.09 95420 978.65 2591 2330 2414 25.07 23.00
25 442 556 6.84 731 8.65 64094 612.66 631.77 649.79 618.13 1922 1700 18.19 19.08 16.74
Co2L 50 536 634 739 888 9.60 580.26  599.21 581.76 57340 59298 1469 1690 1541 14.88 17.16
75 523 657 737 849 9.82 509.61 488.85 49226 498.18 475,68 14.62 1288 1343 1524 12.05
90 5.30 6.32 7.52 8.56 9.59 412.27 443.70 431.91 430.48 442 .46 11.02 12.58 11.64 9.84 12.82
0 522 642 790 895 9.94 97546  953.80 961.09 94454 969.82 2797 2512 2614 26.61 2496
25 499 639 7.04 832 8.89 615.67 647.66 633.77 62425 63891 18.63 2090 20.19 19.74 21.85
CBA 50 534 6.67 759 9.04 10.15 59091 567.04 583.76 588.64 572.68 17.57 1596 17.41 18.60  16.59
75 524 645 757 9.05 9.94 513.37 48557 49426 50649 47578 1449 17.11 1543 1432 1694
20 573 716 772 9.08 1020 41432 436.77 43391 420.79 44536 15.08 1243 13.64 1446 11.74
0 579 6.81 7.60 8.11 9.37 959.33 92859  946.09 951.22 927.08 12.07 9.68 11.14 12,68 10.25
25 457 590 6.74 816 8.70 608.45 62496 618.77 605.89 634.98 6.64 3.87 5.19 6.27 4.23
SIESTA 50 507 6.06 729 842 9.17 554.54 57090 568.76 563.68 577.57 293 1.40 241 3.59 0.66
75 4.65 5.80 7.27 8.55 9.22 466.10  497.09 479.26 472.77  489.84 141 1.61 0.43 2.15 1.77
90 570 6.81 742  8.88 9.90 405.92  424.65 41891 414.66 436.73 2.81 0.49 1.36 2.48 0.72
Table A13. Comparison results of on the TinyImageNet dataset in the Raspberry Pi environment.
M Accuracy (Buffer Size) Training Time (Seconds) Inference Time (ms)
odel  Sparse 150 “"500" " 300 400 500 100 200 300 400 500 100 200 300 400 500
0 577 632 694 751 828 90523 915.67 920.00 935.12 94438 1150 1278 13.79 15.00 16.12
25 540 592 644 7.00 7.76 580.10 59045 603.97 62030 625.11 9.11 10.23 1056 11.80 12.79
ER 50 590 650 693 745 826 520.12 52837 539.62 555.21 560.34 8.60 9.35 10.56  12.00 12.76
75 580 640 689 756 828 46035 470.88 480.35 49535 504.12 7.12 8.01 8.87 10.05 10.82
90 574 613 673 7.64 815 42223 43245 44273 45823 467.81 5.22 6.12 6.64 7.80 8.60
0 6.00 685 730 820 875 940.23 950.00 956.09 975.10 980.45 1850 19.75 21.14 2250 23.25
25 550 625 644 720 795 46047 475.00 47595 49525 500.13 13.10 14.05 1519 16.08 16.90
DER 50 575 610 699 776 849 69532 70841 71464 73210 73855 11.50 1228 1494 1590 16.72
75 562 632 702 778 852 59021 60532 62021 63521 640.99 9.29 10.11 1279 13,58 14.40
90 583 6.69 731 806 880 510.12 52523 535.12 55223 558.34 7.15 7.90 10.15 1095 11.76
0 616 676 756 826 891 717.73 72273 73773 74773 757.73 19.06 19.76 2096 21.76 22.56
25 549 619 684 749 819 45895 46695 47895 49095 49695 13.18 1398 15.08 15.88 16.68
Co2L 50 6.03 6.63 743 813 8.78 40641 41641 42641 43641 44441 1077 1157 1257 1337 1397
75 6.02 6.62 742 817 872 35359 363.59 37359 38359 391.59 9.31 1021  11.21  12.01 1261
90 623 6.73 753 828 893 30542 31542 32542 33542 34342 8.09 8.89 9.89 10.69 1149
0 636 696 776 846 921 719.73 72473 739.73 749.73 759.73 21.06 21.76 2296 23.76 24.56
25 569 629 694 769 839 46095 46895 48095 49295 49895 15.18 16.08 17.08 17.88 18.68
CBA 50 623 683 7.63 833 9.08 40841 41841 42841 43841 44641 12.67 1357 1457 1537 16.17
75 632 682 7.62 832 9.07 35559 36559 37559 385.59 393,59 1141 1221 13.21 14.01 14.81
90 643 693 773 843 918 30742 31742 32742 33742 345.42 9.99 10.89 11.89 12.69 13.49
0 6.16 6.66 746 816 891 704.73 709.73 72473 73473 744.73 6.16 6.96 7.96 8.76 9.46
25 539 6.09 6.69 739 8.09 44595 45395 46595 47795 483.95 0.28 1.18 2.08 2.88 3.58
SIESTA 50 6.03 643 733 8.03 873 39341 40341 41341 42341 43141 0.03 0.23 0.43 1.13 1.93
75 6.02 652 732 8.02 872 34059 34559 360.59 370.59 378.59 0.09 1.09 1.79 2.49 3.29
90 6.13 6.63 743 813 883 29242 30242 31242 32242 330.42 1.21 2.21 3.11 3.91 4.61
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CIFAR-100: ER/DER (0% vs 90%)
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Figure A1l. Classification accuracy (%) on the CIFAR-100 dataset comparing ER and DER at sparse-
weight update ratios of 0 % and 90 % across replay buffer sizes (100-500), evaluated on Desktop,
Odroid, Jetson Nano, and Raspberry Pi.

TinyImageNet: ER/DER (0% vs 90%)
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Figure A2. Classification accuracy (%) on the TinylmageNet dataset comparing ER and DER at
sparse-weight update ratios of 0 % and 90 % across replay buffer sizes (100-500), evaluated on
Desktop, Odroid, Jetson Nano, and Raspberry Pi.
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Figure A3. Classification accuracy (%) on the CIFAR-100 dataset for ER and DER with a fixed replay
buffer size of 300, across sparse-weight update ratios from 0% to 90%, evaluated on four hardware
platforms: Desktop, Odroid, Jetson Nano, and Raspberry Pi.

TinyImageNet
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Figure A4. Classification accuracy (%) on the TinyImageNet dataset for ER and DER with a fixed
replay buffer size of 300, across sparse-weight update ratios from 0% to 90%, evaluated on four
hardware platforms: Desktop, Odroid, Jetson Nano, and Raspberry Pi.
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