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Abstract—Traditional federated learning (FL) architectures
face challenges in handling heterogeneous data and dynamic
tasks, often resulting in catastrophic forgetting when new training
tasks are continuously introduced. Federated continual learning
(FCL) integrates the privacy-preserving capabilities of FL with
the knowledge retention and incremental update mechanisms of
continual learning, effectively mitigating catastrophic forgetting
and protecting user privacy. However, existing FCL solutions
largely overlook the unique requirements of Internet of Vehi-
cles (IoV) scenarios, such as data heterogeneity and dynamic
task management. To address these challenges, we propose a
novel framework, hierarchical federated continual learning (Hier-
FCL), which incorporates local continual learning via optimized
experience replay and meta-knowledge distillation, along with dy-
namic client clustering to tackle data heterogeneity. Additionally,
a hierarchical aggregation mechanism is employed to enhance
scalability and adaptability in diverse IoV scenarios. Experiments
conducted in mixed-task environments using multiple datasets
demonstrate that Hier-FCL outperforms baseline algorithms
in terms of retained accuracy and backward transfer impact,
validating its effectiveness in mitigating catastrophic forgetting
and managing heterogeneous client data.
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1. INTRODUCTION

S an important technical support for modern travel, the

Internet of Vehicles (IoV) has greatly improved the travel
experience through real-time navigation, personalized services,
and autonomous driving. These are driven by the massive data
generated by vehicle sensors, personal devices, and transporta-
tion infrastructure. However, these data often contain sensitive
and private information, making privacy protection and security
critical concerns. To address these concerns, federated learning
(FL) offers a distributed learning paradigm where models are
trained locally on devices, requiring only the exchange of model
parameters rather than raw data. This approach facilitates mul-
tiparty data sharing while safeguarding privacy. Additionally,
recent advancements in networking architectures [1], [2] have
improved communication efficiency and security performance,
making FL a compelling choice for oV applications. Despite
these advantages, IoV environments are characterized by task
dynamics and data heterogeneity, which exacerbate issues such
as catastrophic forgetting. Traditional FL. methods struggle to
meet these demands, necessitating a solution that can con-
tinuously acquire new knowledge while preserving previously
learned knowledge.

Continual learning (CL) presents a viable solution, inspired
by the way humans learn incrementally. CL enables devices to
update models using new data without storing or retraining on
all historical data, thereby reducing storage and computation
requirements. Integrating CL into FL frameworks can effec-
tively address challenges arising from task dynamics and data
heterogeneity in IoV scenarios.

Several federated continual learning (FCL) approaches have
been proposed to solve practical problems. Li et al. [3] pro-
posed an FCL framework called cTD-aMAML to solve the
problem of electroencephalogram-based biometrics. Usman-
ova et al. [4] proposed a distillation-based FCL framework
to solve human activity recognition classification. Although
these methods effectively tackle generalization and catastrophic
forgetting in their respective fields, they fall short in highly
dynamic environments such as IoV. Traditional FL architectures
cannot adequately accommodate IoV, which includes sensors,
vehicles, base stations, and cloud servers, and even involves
cross-organizational systems. Hierarchical federated learning
(HFL) [5] can achieve model aggregation and updating between
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different layers, improving the flexibility and scalability of the
system. It offers a more suitable alternative by enabling model
aggregation and updates across layers. By utilizing flexible edge
servers to manage and aggregate regional models, HFL reduces
reliance on cloud servers and enhances cross-organizational
collaboration.

To address the challenges of privacy protection, data het-
erogeneity, and dynamic task management in IoV, we propose
a hierarchical federated continual learning (Hier-FCL) frame-
work. Designed for complex IoV environments, this framework
is tailored to handle highly dynamic and heterogeneous data.
The main contributions of this article are as follows.

1) We propose a Hier-FCL framework consisting of a
three-layer architecture of cloud server, edge servers,
and clients, aiming to apply FCL to complex IoV
environments.

2) To manage dynamic changes in client tasks, we pro-
pose a client grouping strategy based on dynamic cluster-
ing and enhance model performance through hierarchical
aggregation.

3) To address task heterogeneity in IoV scenarios, we use
improved experience replay and meta-knowledge distil-
lation, optimizing local continual learning for heteroge-
neous data.

4) We extend the traditional single dataset task division
approach by designing a heterogeneous task division
method based on multiple datasets, enabling more realis-
tic and representative evaluations.

5) Experimental results show that Hier-FCL significantly
outperforms the baseline algorithm in terms of retained
accuracy and backward transfer impact, and exhibits sig-
nificant robustness and performance advantages when
dealing with multitask heterogeneous scenarios, provid-
ing strong support for solving similar problems.

The remainder of this article is organized as follows. Sec-
tion II reviews related work on HFL, CL, and FCL. Section 111
introduces the proposed Hier-FCL framework, detailing its ar-
chitecture, key components, and mechanisms. Section IV first
describes the experimental setup, including datasets, task con-
figurations, and evaluation metrics. Then, we present the ex-
perimental results and provide a comprehensive analysis of the
framework’s performance compared with baseline algorithms.
Finally, Section V concludes the article and discusses potential
future research directions.

II. RELATED WORK
A. HFL

FL is a distributed learning paradigm that protects data pri-
vacy by aggregating local model updates instead of raw data.
Classic strategies such as FedAvg [6] use weighted averaging
of local updates. Numerous studies aim to improve FL by
addressing client selection [7], [8], communication security [9],
and personalization [10].

However, traditional FL architectures struggle in dynamic,
multilayer settings such as IoV, which involve hierarchical and
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heterogeneous data sources. To address this, Liu et al. [5] pro-
posed HierFAVG by introducing edge servers between clients
and the cloud. Building on this concept, researchers have pro-
posed enhancements to HFL. For example, Zhou et al. [11]
used Gaussian mixture models for user grouping in medical IoT.
Wu et al. [12] designed an asynchronous HFL framework, and
De Rango et al. [13] proposed HED-FL with adaptive learning
rounds to reduce communication cost.

Despite advancements in privacy protection and communi-
cation optimization, these FL. methods remain insufficient for
highly dynamic IoV scenarios with strong data heterogeneity.
Enhancing adaptability and model performance in such envi-
ronments remains an open challenge.

B. Continual Learning

Continual learning enables models to adapt to new tasks
while preserving knowledge from previous tasks. The primary
challenge in CL is mitigating catastrophic forgetting and reduc-
ing negative transfer between tasks. At present, CL methods can
be mainly divided into five categories [14]: 1) regularization; 2)
parameter isolation; 3) experience replay; 4) knowledge distil-
lation; and 5) meta-learning. Regularization [15] generally adds
additional regularization terms to the loss function to limit the
change of model parameters, which is suitable for retaining old
knowledge under stable data distribution; Parameter isolation
[16] sets a dedicated parameter interval to isolate the parameters
of different tasks, which is mainly suitable for scenarios with
large task differences; Experience replay [17] saves old task
samples and repeats training while training new tasks. This can
effectively deal with dynamic data distribution and scenarios
with large data distribution; knowledge distillation methods
[18] regard the old task model as the teacher model and the new
task model as the student model. By guiding students through
teachers, they retain experience while learning new knowledge;
Meta-learning-based methods [19] are a new CL scheme that
has emerged in recent years. It can quickly adapt to new tasks
through small samples or a small number of training steps,
and achieve gradient alignment between multiple tasks [19] to
reduce interference between tasks. Among these, experience
replay and meta-learning are particularly effective in dynamic
and heterogeneous scenarios, making them suitable for IoV
environments.

C. FCL

FCL combines the advantages of FL. and CL, aiming to pro-
tect data privacy while maintaining compatibility with both new
and old tasks. In FCL, clients manage local task sequences and
perform continual learning locally before sharing their models
for federated aggregation.

Several FCL frameworks have been proposed to tackle spe-
cific challenges. Inspired by MER [19], Li et al. [3] proposed a
personalized FCL framework called cTD-aMAML to achieve
adaptive learning of the model through meta-learning and
knowledge distillation. To reduce the communication cost of
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Fig. 1. Hier-FCL framework.

model transmission, FedWelT [20] decomposed model param-
eters into global shared parameters and sparse task-specific pa-
rameters, reducing the interference of irrelevant tasks. For asyn-
chronous FL scenarios, Fed-Cprompt [21] used asynchronous
prompt learning and contrastive loss to improve knowledge
transfer efficiency without replay. To meet the needs of replay-
free learning, Zhang et al. [22] proposed a sample-free distil-
lation method based on knowledge distillation and global dis-
tribution data generation to retain old task knowledge without
relying on sample storage.

While FCL has demonstrated effectiveness in multitask envi-
ronments, existing methods face challenges such as simplistic
task generation, balancing knowledge retention with new learn-
ing, and adapting to multilayer architectures. These limitations
highlight the need for an HFL framework that integrates con-
tinual learning to address the unique demands of IoV scenarios.

III. PROPOSED HIER-FCL ARCHITECTURE

This section provides an in-depth analysis of how to perform
FCL in a multilayer IoV environment. First, we introduce the
framework of Hier-FCL, followed by a comprehensive expla-
nation of its technical components and implementation details.

A. Overall Framework

To achieve efficient cooperative training and effectively re-
duce the interference and catastrophic forgetting problems be-
tween tasks while protecting the privacy of customer data, we
propose a Hier-FCL based on improved experience replay and
meta-knowledge distillation.

As illustrated in Fig. 1, the framework consists of three
layers: 1) a cloud server; 2) multiple edge servers; and 3) a large
number of clients.

1) Client Layer: This layer comprises various IoT devices
such as vehicles, traffic lights, and smartphones, which act as
clients. Continual learning at the client layer is realized through
a combination of experience replay and meta-knowledge dis-
tillation strategies, as shown on the right side of Fig. 1. Key
samples from previous tasks are stored in the data reservoir
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and replayed to reduce catastrophic forgetting. Mini batches,
derived from the data reservoir, are used in meta-learning to
facilitate the rapid adaptation and generalization of new tasks.
The teacher model, which is the model trained on previous
tasks, is employed in the process of meta-knowledge distillation
to integrate old knowledge with new learning and compute the
total loss.

2) Edge Server Layer: Edge servers, such as base stations,
dynamically cluster clients with similar data distributions for
localized training, improving model aggregation quality. To
preserve client-specific knowledge, the model is partitioned
into two components: 1) Private Layer: Trained exclusively on
clients and edge servers, retaining personalized knowledge; and
2) Global Shared Layer: Aggregated across all clients and edge
servers to create a universal representation. Only the shared
layer participates in global aggregation, ensuring data privacy
and model personalization.

3) Cloud Server Layer: At the cloud layer, global aggrega-
tion is performed across all edge servers, leveraging their ag-
gregated models. This hierarchical architecture achieves effec-
tive knowledge sharing and collaborative training, minimizes
catastrophic forgetting from task dynamics, and ensures robust
privacy protection.

Through this HFL architecture, we can not only achieve
effective knowledge sharing and collaborative training, but
also minimize the catastrophic forgetting problem caused by
dynamic changes in tasks. Moreover, by limiting frequent
global communication and aggregating updates at the edge
layer, the architecture helps reduce communication overhead
in bandwidth-constrained IoV environments [5], [12]. In the
following sections, we detail the problem formulation, opti-
mization objectives, and technical methodologies underlying
Hier-FCL.

B. Problem Definition

In the context of continual learning, the goal is to train a
model on a sequential stream of tasks {7, 7>, ..., T, }, where
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each task is represented by a dataset D; = {X;,Y;}, repre-
senting the input data X; and corresponding labels Y;. At any
given time step, the model is exposed to a single task 7}, and
access to data from previous tasks 7., is typically restricted.
Consequently, the challenge lies in retaining the knowledge
acquired from earlier tasks while effectively learning new tasks,
without relying on storing all past task data. The optimization
goals of continual learning can be formulated as follows:

rréin/.:(ﬁt;@l;t—l’Dt) &y

where 6, is the model parameter of the current task, 6. is
the model parameter of all previous tasks, and D, is the current
task data. When the model trains the current task 7}, it must
minimize the loss of the current task while taking into account
the model parameters of all previous tasks.

When applied to an HFL framework, continual learning must
account for the multilayered structure consisting of clients, edge
servers, and a cloud server [5]. Each layer operates as follows.

1) Client Layer: Each client k processes its local task se-
quence {T,i , T,f, . ,T,z"} and trains a local continual learning
model 6. The client’s training focuses on adapting to new
tasks while retaining knowledge from earlier ones, subject to
the constraints of limited data and computational resources.

2) Edge Server Layer: Edge servers aggregate the models
from clients with similar data distributions, generating a region-
specific intermediate model. These intermediate models bal-
ance local personalization with broader generalization, and are
subsequently forwarded to the cloud server.

3) Cloud Server Layer: The cloud server aggregates the
intermediate models received from edge servers to construct a
global model 6. This hierarchical aggregation process allows
for scalable and efficient training across multiple layers.

The global optimization objective for HFL can be expressed
as

E K N
min SN Wkﬂk(e) 2)

e=1 k=1

where E is the number of edge servers, K is the number of
clients, NV is the total global data volume, N}, is the data volume
of the kth client, 6 is the model parameter, and Ly, (9) is the local
loss function on the kth client.

C. Continual Learning Based on Experience Replay and
Meta-Knowledge Distillation

According to the definition of continual learning, the data of
the local client is not obtained all at once, but is continuously
obtained in the form of a task stream. Therefore, traditional
training methods often result in catastrophic forgetting, where
parameters of new tasks overwrite those of prior tasks, leading
to degraded performance on earlier tasks. The objective of con-
tinual learning is to balance the acquisition of new knowledge
with the retention of old knowledge. This article employs two
core strategies to achieve this: 1) experience replay; and 2)
meta-knowledge distillation.

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

1) Experience Replay Strategy: As mentioned earlier, com-
mon continual learning methods include regularization, param-
eter isolation, experience replay, knowledge distillation, and
meta-learning [14]. Experience replay allows the model to re-
learn old knowledge later by retaining old samples, which is
more applicable when the task heterogeneity is significant. In
addition, it can be combined with other methods, such as meta-
knowledge distillation mentioned later, to further improve the
performance of continual learning.

In this article, we use improved reservoir sampling to im-
plement experience replay. The core idea of reservoir sampling
is to manage a storage pool M with a maximum capacity of
M4, for experience replay. This pool stores samples observed
in the past and replaces them appropriately when new samples
are observed to ensure that both new and old samples can
be trained. In traditional reservoir sampling, the probability of
each sample being selected is equal. However, simple random
sampling cannot fully utilize the key information in the data,
especially when the sample quality varies greatly. Therefore,
we modify the replacement rules for new and old samples and
introduce sample quality and category diversity as important
considerations.

Specifically, we calculate a comprehensive score for each
sample, which combines two key dimensions: 1) sample qual-
ity; and 2) category representativeness. Sample quality reflects
the importance of the sample in the model. For an image clas-
sification problem, we can use a convolutional neural network
to extract the feature vector of the image, and then calculate the
cosine similarity between the sample and the average feature of
its category, that is, the class center, and use the similarity as
the sample quality score Scoreg. Category representativeness
is used to ensure that samples of different categories are retained
evenly, and can be calculated by the inverse of the number
of samples of this category in the pool, that is, Scorec =
1/remaining samples. Therefore, the replacement score calcu-
lation formula of new and old samples is as follows:

Scoregg = wy - Scoreq g + wy - Scorec_oiq 3)

Scorepew = w3 - Scoreq new + Wy - Scorec pew  (4)

where Scoreq o1q and Scoreq neq, are the quality scores of the
old and new samples, respectively. Scorec o1q and Scorec pew
are the category scores of the old and new samples, respectively.
Based on the replacement scores of the new and old samples
mentioned above, through a probability function such as the
sigmoid function, we dynamically decide whether to replace
the old samples in the pool.

The specific process of improving reservoir sampling is
shown in Algorithm 1. When the reservoir is not full, the
new sample is added directly. When the reservoir is full, the
algorithm first checks whether the number of samples in the
same category of the new sample is lower than the minimum
threshold. In such a case, the old samples of the category with
more samples are replaced first. Otherwise, we calculate the
quality scores of the new and old samples. Then, based on
the difference in their scores, the replacement probability is
calculated by the sigmoid function to decide whether to replace.
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Algorithm 1: Improved Reservoir Sampling.

Require: Old reservoir memory array M ‘™!, maximum reser-
voir size M4z, Current reservoir memory size Spy, new
sample data z, new sample label y, minimum number of
samples in a label C)y,;,.

Ensure: New reservoir memory M®.

1. if Sy < My, then

2 M '[Sm] - (z,y)

3: else

4:  if the number of new sample label is less than minimum
number then

5: Randomly select a 7 whose number of samples in this

label is greater than C,;,-

6 Mjl« (z,y)

7:  else

8: Randomly select j from (0, Say).

9: Calculate the old sample score Scoreyq=
wy - Scoreq _oig + w2 - Scorec_o1q

10: Calculate the new sample score Scorene, =w; -
Scoreq new + Wa - Scorec pew

11: Calculate replace probability

12: = 1
P = [ —(Scorencw—Scoregiq)

13: if random() < p then

14: M)« (z,y)

15: end if

16:  end if

17: end if

This method calculates the replacement probability based on
the difference in the scores of the new and old samples, making
the replacement decision more flexible. The computational cost
of scoring is O(M,,.d) per update, where d is the feature
dimension, and it operates entirely on local data.

2) Meta-Knowledge Distillation: In continual learning, ex-
perience replay strategies have been able to effectively preserve
old knowledge. However, due to limited storage space, the total
number of stored samples remains small, even if they are of high
quality and diversity. Therefore, to quickly adapt and learn on
limited samples, we introduced a meta-learning method when
performing continual learning on the client. The core idea of
meta-learning is learning how to learn, that is, by training the
model on small sample data, it can quickly adapt and update
when facing new tasks. Model-agnostic meta-learning algo-
rithm (MAML) [23] is a classic meta-learning method, espe-
cially suitable for small sample scenarios and environments that
quickly adapt to task changes. In this article, we use FOMAML
[23], a first-order variant of MAML. Compared with MAML,
FOMAML ignores the calculation of second-order derivatives,
which greatly improves the computational efficiency, and can
still achieve the same accuracy as MAML on many tasks. The
training process of FOMAML is divided into two stages: 1)
inner training; and 2) outer training.

a) Inner training: The goal of the inner training stage is
to perform fast training on the meta-task, allowing the model
to learn features of the current meta-task. We randomly sample

a mini-batch of data D} = {X} Y}'} from the current client’s
reservoir memory M, ,2 which serves as a meta-task T]i. Then,
based on the current model 6, we compute the inner loss
Einner(Di;Gk) on the meta-task. Next, we use one step of
gradient descent to update the model parameters

g = 9}6 — Ongﬁinner(D;c; ek) ®)

where « is the learning rate for inner training. ¢}, represents the
model parameters of client k on the current meta-task 7;. After
Npetq gradient updates epochs, the inner training stage ends.

b) Outer training: The outer training is trained between
meta-tasks, with the goal of enabling the model to quickly adapt
to new tasks. Therefore, we first sample multiple meta-tasks for
inner training, then compute the outer loss Loyter (01; Dy ) based
on the loss values of all meta-tasks. Using this loss, the client’s
model parameters are updated with the final gradient to obtain
the new model parameters

05, = 0. — BV o Louter (Dr; Or)
1 X .
=0 = 55 ;‘ Vo Linner (D; 0x) (6)

where [3 is the learning rate for outer training. NV, is the number
of all meta-tasks. At this point, a complete client-side meta-
update has been performed. After several meta-updates, clients
can upload model for the next round of aggregation.

To further reduce the loss of knowledge from old tasks dur-
ing meta-updates, we introduce an attention-based knowledge
distillation method. Knowledge distillation is an algorithm that
transfers knowledge using a “teacher—student model” struc-
ture. Specifically, we treat the model of the old tasks as the
teacher model, and the model of the new tasks as the stu-
dent model. Teacher model computes the teacher logit outputs
yi~' = f(Xy;0.7") for each sample based on the current meta-
task data {D},D},...,D;"}. Similarly, the student model
computes the student logit outputs y! = f(X};6%) for each
sample. After temperature scaling, the predicted outputs of the
teacher model and student model are as follows:

t—1 eWii)/ar

i = (7)

Zgj:l e(yz;l)/oﬁ"

" e(yltc,i)/aT

Yk, = ®)

Z-C ek j)/ar

where C' is the number of sample categories, and «ap is the
temperature parameter. yz_ll and yiz are the logit outputs of
the teacher model and the student model for the ith class of the
tth task on the kth client. The distillation loss for each sample
is expressed as

Q

Lo (Dy; 01,07 ) == > ok log g ;- )
i=1

During the distillation process, to emphasize important
knowledge from previous tasks while learning new ones, we
introduce an attention-based weighting mechanism. Each sam-
ple in the reservoir is assigned an attention weight to reweight
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its contribution to the distillation loss. These attention weights
are not learned parameters, but are statically derived from the
sample quality scores Scoreg computed during the reservoir
sampling process. Specifically, for each sample m in the local
reservoir, the attention weight w,,, is computed by linear nor-
malizing Scoreg across the reservoir

ScoreQ m

Z‘ ScoreQ m

where |Dy| denotes the number of samples in the reservoir.
As new samples are added or replaced over time, the attention
weights are updated accordingly across meta-tasks, reflecting
the evolving quality of the stored data. The final distillation loss
is then calculated as the weighted average of per-sample teacher
losses using these attention weights

(10)

Wm =

|Dk| C
Z Zwm Gk 1og -
m=1 i1=1

It should be noted that, unlike traditional distillation FL, the
distillation loss is added during the outer training update, not
the inner training. This is because we prefer to ensure a macro
balance between new and old knowledge, rather than focusing
too much on the current task in each small batch. This method
can achieve overall coordination between new and old tasks and
retain global knowledge. Therefore, the total loss consists of the
outer loss of the student model and the distillation loss. The total
outer loss function is

L Or; D) =

Lip(Dy; 0.0, =— (11)

YL p(Dy; 04, 057")
+ (1 - 7)£outer(9k§ Dk)

where « is the distillation loss weight. Algorithm 2 shows the
specific process of a meta-knowledge distillation update. Con-
currently, a complete meta-update is also a local update on the
client. By combining meta-training with knowledge distillation
based on the attention mechanism, the model can not only
quickly adapt to small sample data when training new tasks,
but also effectively retain the core knowledge of old tasks. This
allows Hier-FCL to significantly mitigate catastrophic forget-
ting while efficiently learning new tasks. Since the attention
weights are derived from static quality scores and applied only
in a forward pass, the additional complexity is O(M,,q4..) per
update and does not require gradient computation, making it
computationally lightweight.

outer(

12)

D. Dynamic Clustering Based on Data Similarity

In dynamic and heterogeneous IoV environments, vehicles
and devices continuously move and collect diverse data. As a
result, the similarity among clients changes over time, making
static clustering ineffective. To ensure that clients with similar
data distributions collaborate efficiently during each training
round, we design a dynamic clustering mechanism that pe-
riodically reorganizes client groups according to current data
characteristics.

Before performing dynamic clustering, it is necessary to
calculate the data similarity between each client. Assume that
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Algorithm 2: Meta-Knowledge Distillation.

Require: Reservoir memory M, number of meta tasks N, in-
ner update epoch Nyera, inner learning rate «, outer learning
rate 3, distillation loss weight -, current model 9,‘; and old
model 0%

Ensure: New model ), after a meta update on client k.

I: Divide M} into N, mini batches {D}, D3,..., Dy},
2: // Outer training

3: for each Dj in {D},D},..., D"} do _

4. Divide Dj into asupportset D} ¢ andaquery set D;, .

5. // Inner training

6. forn=1,2,..., Nyew do

7: for each {X} ¢, V) g} in Dj, ¢ do
8 ]ZC/ = 02; - aveﬁinner(D;gﬁs; ek)
o: end for

10:  end for

11:  Calculate batch loss £}

outer

12:  Calculate batch distillation loss Lk
the query set.

13: end for

(0% Dj, o) on the query set.
D(D}C,Q; zk’etk_l) on

14: Accumulate outer loss: Louter(01; D) =
Zz 1 outer 6k7 )
15: Accumulate d1st111ation loss: L’KD(Dk;H,i,GZ_') =
N, ; rot—
il %(D(DIZ,Q; ;c’eltc 1)
16: Calculate total loss Ll er (05 D) =

’YLKD(Dk;H]tcvot_l) (1 - )Eouter(ek;Dk)
17: Update model parameters 0), = 60, — SV o L. 1or(Ok; Di)

the data features of client k& can be represented as the feature
vector G, We use cosine similarity as the similarity measure,
and the data similarity between client & and client &’ can be
expressed as

- Gr - G

S lGHIGK
where G}, - G represents the dot product of the two feature
vectors, and ||Gy|| and |G} || are the magnitudes of the two
vectors, respectively.

After obtaining the client similarity matrix, we can then
dynamically cluster the clients based on the similarity matrix.
We use the K-means [24] clustering algorithm to group clients
based on the similarity of the data. The goal of K-means clus-
tering is to minimize the distance within the group

Q
miny Y (G — pgl

q=1G;eCy

13)

(14)

where @) represents the number of clusters, which is also the
number of edge servers. C; denotes the qth cluster. p, is
the center of the gth cluster, which can be obtained by av-
eraging the feature vectors of the client data. By minimizing
the intracluster distance, clients are assigned to different edge
servers.

As client data distributions may shift significantly with the
arrival of new tasks, it is essential to trigger reclustering at ap-
propriate times to ensure effective model aggregation. Because
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data variation in IoV may occur in different forms and time
scales, we design three adaptive trigger strategies to flexibly
respond to both abrupt task transitions and gradual distribution
drifts in continual learning.

1) Task Switching Control: Recluster when a new task ar-
rives. This strategy suits scenarios with clearly defined
task boundaries and allows recalculating client similarity
only when necessary, reducing redundant computations
while maintaining stability.

2) Data Distribution Drift Detection: Trigger reclustering
when a significant shift in data distribution is detected.
For instance, if the distance between the new task’s fea-
ture vector and the current cluster center exceeds a thresh-
old, clustering is updated. This approach is useful in set-
tings with implicit task transitions or high heterogeneity.

3) Data Volume Threshold Control: Perform reclustering
once the volume of newly acquired data surpasses a pre-
defined threshold. This is suitable for incremental learn-
ing scenarios where data arrives continuously.

In summary, in Hier-FCL, dynamic clustering based on data
similarity helps address client heterogeneity and enhances the
accuracy and stability of model aggregation. By appropriately
selecting clustering trigger conditions, the system can adapt
client grouping in response to data shifts or task transitions,
maintaining a balance between old and new knowledge. While
cosine similarity is used in our current image-based experi-
ments, the similarity metric is modular and can be replaced with
alternatives (e.g., Euclidean distance or dynamic time warping)
depending on the data modality and feature representation,
ensuring broad applicability across diverse IoV scenarios. The
similarity matrix construction involves O (K ?2d) complexity per
clustering event, but re-clustering is performed only at task
transitions and can be efficiently parallelized.

E. Hierarchical Aggregation and Loading of Models

To enhance model quality while preserving personalized
knowledge, the model is divided into global shared layer and
local private layer. The global shared layer, designed to extract
common features, participates in global aggregation to facilitate
knowledge sharing while retaining client-specific information.
Conversely, the local private layer, trained exclusively on client
and edge server data, prevents interference with unique client
characteristics. Notably, the local private layer is deployed on
the edge server rather than directly on the client, effectively
mitigating overfitting issues associated with limited and noisy
client data. By managing models from dynamically clustered
clients, edge servers achieve a balance between personalization
and generalization within the local environment. Therefore, the
model aggregation and loading process of different layers in
Hier-FCL are as follows.

Client Layer: Each client first loads the complete model
from the edge server as the initial model for the next training.
After training on its local data, the global shared layer and
local private layer parameters are updated at the same time and
uploaded to the edge server.

Edge Server Layer: The edge server locally aggregates the
overall model uploaded by the client. After aggregation, only
the global shared layer parameters are uploaded to the cloud
server, and the local private layer does not participate in the
global aggregation. Simultaneously, when loading the cloud
server global model, only the global shared layer parameters
are loaded.

Cloud Server Layer: The cloud server aggregates the models
uploaded by the edge server into a global model. Then, the
aggregated global shared layer parameters are distributed to the
edge servers one by one for the next round of local training.

It is worth noting that although Hier-FCL differs from con-
ventional FL in training and aggregation strategies, the trans-
mission of model parameters and intermediate representations
during communication may still pose potential privacy risks,
similar to traditional FL settings. While the main focus of this
work is on mitigating catastrophic forgetting and improving
learning efficiency, the framework, such as traditional FL, can
be easily combined with privacy-preserving methods [25] to
further protect user data during communication.

E. Workflow of Hier-FCL

The workflow of the Hier-FCL framework is illustrated in
Algorithm 3. It follows a bottom-up training process among
three layers. Each layer updates its parameters according to its
role and contributes to global optimization.

Each client begins by retaining representative and category-
diverse samples using an improved reservoir sampling algo-
rithm. These samples are then used alongside meta-knowledge
distillation to perform local continual learning. This combi-
nation helps balance the retention of old knowledge and the
adaptation to new tasks. At the edge server layer, clients are
clustered dynamically based on the similarity of their data, with
the clustering structure updated in real time to accommodate
shifts in data distribution.

The hierarchical aggregation mechanism operates between
the edge servers and the cloud server. Edge servers first aggre-
gate the models of clients within their respective clusters and
then forward these aggregated models to the cloud server. The
cloud server then aggregates shared parameters from all edge
servers to update the global model and redistributes it for the
next training round.

Through this iterative hierarchical process, Hier-FCL
achieves efficient knowledge sharing while maintaining
personalization in dynamic IoV environments.

IV. EXPERIMENTS AND EVALUATIONS

To verify the effectiveness of the Hier-FCL framework, we
conduct experiments simulating dynamic IoV task environ-
ments. These experiments analyze Hier-FCL’s performance un-
der heterogeneous data distribution and dynamic task changes,
including comparisons with classic federated and continual
learning methods, as well as ablation and parameter sensitivity
analyses to evaluate each module’s contribution.
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Algorithm 3: Hier-FCL.
Require: Global epoch E,;, Edge aggregation epoch F, Local
train epoch E., Edge server set S., Client set S..
Ensure: Trained model 6.
1: Initialize global model 6,
2: for each k in {S.} do
3:  Initialize local task sequence {T},T7, ..
4: end for
5: for round =1,2,...,E, do
6:  if re-clustering is needed then
7 Execute k-means to cluster the clients and obtain the
client set S| of the edge server.
8:  end if
9:  for each edge server [ in {S.} do
10: ¢; < EDGEUPDATE(0,, E., S,,)
11 Upload 6] to the cloud server.
12.  end for
13:  Aggregate  global  shared
9;] = H;T” Ziljf” eg,shared
14: end for

LT

layer  parameters:

15: Function EDGEUPDATE(¢,, E., S,,)

16: Load 6, global shared parameters to edge model 0;.
17: for j=1,2,..., E. do

18:  for each client & in {S., } do

19: 0}, + CLIENTUPDATE(0,, E,)

20: Upload ;. to the edge server

21:  end for s

22:  Aggregate parameters: ¢ = HSclﬂ ZLCI'C’ ! 0,
23: end for -

24: Return 6,

25: Function CLIENTUPDATE(0,, E..)

26: if get new task 7} then

27:  M' + Algorithm 1: Improved Reservoir Sampling
28: end if

29: Load 6, to client model 6,

30: fori=1,2,...,FE.do

31 6 < Algorithm 2: Meta-knowledge Distillation

32: end for

33: Return 6},

A. Experiment Setup

1) Dataset and Task Generation: We refer to the task
division scheme of most existing works [3], [17], [22], that
is, generating the task sequence of clients by class increment.
This method can effectively simulate the process of the client
receiving different tasks in continual learning.

However, we further consider that although the task division
of a single dataset can verify the continual learning ability of
the model, it may not fully reflect the diversity and dynamics
of tasks in IoV scenarios. Therefore, we extend the traditional
task generation method from a single dataset division to a
division across multiple datasets to be closer to the multitask
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learning needs in IoV scenarios. Specifically, our dataset uses
five datasets: 1) MNIST [26]; 2) FASHIONMNIST [27]; 3)
CIFAR10 [28]; 4) CIFAR100 [28]; and 5) Tiny-ImageNet [29].
Each client contains a task sequence consisting of five tasks, and
each task selects samples from different datasets. Concurrently,
the data distribution still adopts the Non-iid method. Specifi-
cally, each task contains two categories, and 100 samples are
randomly sampled from each category.

2) Experiment Parameters: The experimental system is set
up with one cloud server, five edge servers, and 20 clients. The
local training epoch E,. for clients is set to 4, and the edge
aggregation epoch I, is set to 6. Each client contains a task
sequence of five tasks, with 1800 epochs of training for each
task. The maximum capacity of the reservoir M, is set equal
to the data size of a single task, which is 200. In the sample
replacement formula of the reservoir, w is set to 0.5, w, to 0.5,
ws to 0.8, and wy to 0.8. The experiment uses a ResNet [30] en-
coder pre-trained on local data to extract feature representations
for each sample. These features are then used to compute cosine
similarity with class centers and client-side clustering. During
meta-learning, the batch size of meta-tasks is 16, the inner
training learning rate av is 0.0001, and the outer training learning
rate 5 is 0.0001. For knowledge distillation, the temperature
ar is set to 2.0, and the distillation loss weight ~ is set to 0.5.
When clustering each client, task switching control strategy is
adopted to recalculate the data similarity between clients and
perform dynamic clustering when switching tasks. The model
used for training consists of two parts: 1) global shared layer;
and 2) local private layer. The global shared layer includes a
three-layer convolutional network, which is mainly responsi-
ble for extracting common features and shared by all clients;
the local private layer consists of a two-layer fully connected
network, which is responsible for classifying specific task
features.

3) Baseline: To verify the effectiveness of our proposed
method, we selected several representative continual learning
schemes as baselines. All baseline methods were implemented
within the same hierarchical architecture (client-edge—cloud)
as our proposed framework to ensure structural consistency and
fair comparison. The following is a detailed description of these
baselines.

1) FedAvg [6]: One of the most commonly used FL
methods, which achieves global model aggregation by
weighted averaging client models. In the experiment, Fe-
dAvg learns each task on the client sequentially.

2) FedEWC [15]: EWC is a classic regularization-based
continual learning method that introduces regularization
terms in the loss function to limit the changes in key pa-
rameters and retain the knowledge of old tasks. FedEWC
is its FL version.

3) FedWelT [20]: A classic FCL method that achieves se-
lective knowledge transfer by decomposing model pa-
rameters into global shared parameters and sparse task
adaptive parameters.

4) FedLwF [4]: An algorithm that combines FL and knowl-
edge distillation. It guides new task learning through old
task models to achieve positive knowledge transfer.
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TABLE I
PERFORMANCE COMPARISON ACROSS ALGORITHMS

Algorithm RA LA BTI
Task1 Task2 Task3 Task4 Task5/Final

Hier-FCL 60.45%  45.82%  38.08%  48.12% 59.72% 65.45% —8.41%
FedAvg 58.95% 38.62% 29.43% 32.46% 28.57% 77.61% —61.30%
FedEWC 60.60% 41.15% 30.46% 34.41% 31.14% 76.22% —56.35%
FedWelT 61.55% 39.75% 27.66% 31.23% 29.20% 78.61% —61.76%
FedLwF 61.15% 40.90% 29.93% 34.80% 27.44% 69.82% —52.98%
FedMER 50.00% 32.97% 25.95% 35.57% 36.84% 51.38% —18.18%

Note: Bold entries indicate the best performance among all compared methods for the corresponding

metrics.

5) FedMER [19]: MER is a continual learning method that
combines meta-learning and experience replay. It opti-
mizes the inner loop on small batches and updates the
outer loop on the global experience pool, maximizing
the transfer between tasks by using gradient alignment.
FedMER is the FL version of MER.

4) Evaluation Metrics: To objectively and comprehensively
evaluate the performance of the proposed algorithm, we adopted
widely recognized evaluation metrics commonly used in con-
tinual learning studies [3], [4], [19], [22].

a) Retained accuracy (RA): RA is used to measure the
model’s ability to retain knowledge of old tasks while learning
new tasks. It calculates the average accuracy of the model on
all previous tasks to reflect the knowledge retention effect.
A higher RA value indicates less knowledge forgetting when
tasks change dynamically and better retention performance. The
formula is

1<
RA=- ; Acey g (15)
where ¢ represents the current task, and Acc, ; indicates the
model’s accuracy on the old task 7 while training on task .

b) Learning accuracy (LA): LA measures the model’s
adaptability to the current new task. It is defined as the model’s
accuracy Acct_,t on the current task t.

¢) Backward transfer impact (BTI): BTl is used to quan-
tify the degree of influence of the model on old tasks when
learning new tasks. It is an important measure of catastrophic
forgetting or positive transfer. If BT > 0, the model’s perfor-
mance on old tasks improves after learning the new task, indi-
cating positive transfer. Conversely, a BTI < 0 indicates that
the performance on the old task becomes worse after learning
the new task, which is negative interference. The formula is

t—1

! (Accy; — Acci ;)

BT = ——

— (16)

i=1
where Acc, ; represents the model’s accuracy on the ith task af-

ter completing task ¢, and Acc; ; indicates the model’s accuracy
on the ith task after completing the ith task.

B. Performance Analysis

1) Performance Comparison With Baselines: We conduct
comparative experiments under the task division setting based

on multiple datasets. As shown in Table I, the experimental
results of Hier-FCL and the five baseline methods demonstrate
that Hier-FCL consistently achieves superior performance. To
more comprehensively analyze the dynamic changes of knowl-
edge retention in the task sequence, in addition to the final
RA, LA, and BTI, we also provide the RA after each task
learning. As can be seen from the table, our proposed algorithm
is far superior to other algorithms in RA and BTI, and RA has
always maintained an advantage over other algorithms since
the second task. This indicates that Hier-FCL has the ability to
continuously retain knowledge in the process of learning task
sequences and can effectively remember the learned tasks.

In addition, we notice that FedMER, which also relies on
meta-learning and experience replay, has a higher RA than
other baseline methods. This demonstrates that when it comes
to task division of multiple datasets, the data heterogeneity
between tasks is greater, and the continual learning method
using meta-learning plus experience replay may be more suit-
able than the method based on regularization or knowledge
distillation. Because when the heterogeneity between tasks is
large, the parameters of the regularization method may conflict
between different tasks and are difficult to unify. The method
of knowledge distillation alone relies on the transfer of old
knowledge, and also faces the problem that the old knowledge
is not suitable for new tasks and the distillation effect is poor.
Experience replay can explicitly strengthen the knowledge of
old tasks while learning new tasks by replaying samples of old
tasks. This direct memory mechanism is particularly important
when there is large heterogeneity between tasks, because the
data features of old tasks are difficult to retain indirectly in new
tasks through parameters or distillation. Finally, we observe
that Hier-FCL shows lower performance in the LA indicator,
indicating that the learning of new tasks is somewhat interfered
with by old tasks. However, this aligns with our expectations,
as achieving both high retained accuracy for old tasks and high
accuracy for new tasks is challenging, especially between tasks
with large heterogeneity. Hier-FCL pays more attention to the
knowledge retention of historical tasks, and may compromise
the adaptability to current tasks.

Therefore, we examine whether Hier-FCL can maintain a
balance between new and old tasks during the learning process.
Fig. 2 shows the RA curves of all tasks during the training
of different algorithms. As can be seen from the figure, Hier-
FCL has a significant advantage in the retained accuracy of all
tasks, that is, Hier-FCL can better maintain a balance between

Authorized licensed use limited to: Auckland University of Technology. Downloaded on January 22,2026 at 02:21:44 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

Hier-FCL
FedAvg

FedEWC
FedwelT
FedLwF
FedMER

60

50

40

Accuracy(%)

30 A

20 A

T T T T T r
0 50 100 150 200 250 300 350
Round

Fig. 2. Comparison of RA across different algorithms.

TABLE 1T
PERFORMANCE OF DIFFERENT ALGORITHMS
UNDER DIFFERENT TASK ORDERS

Algorithm | RA LA BTI

Hier-FCL 5548%  61.43% —8.69%
FedAvg 24.67%  77.02%  —65.29%
FedEWC 16.00%  59.47%  —54.33%
FedWelT 28.14%  76.37%  —60.25%
FedLwF 26.40%  72.88%  —58.10%
FedMER 34.88% 46.59% —14.65%

Note: Bold entries indicate the best performance
among all compared methods for the corresponding
metrics.

new and old tasks, so that the model has good performance
in both new and old tasks. Simultaneously, the results reveal
that, except for Hier-FCL and FedMER, other methods exhibit a
downward trend in performance on the last task. This is because
the data of the last task is quite different from the previous
tasks, which leads to obvious negative transfer in the process
of learning new tasks. This further demonstrates that continual
learning methods based on experience replay offer significant
advantages over regularization and knowledge distillation ap-
proaches in scenarios with high task heterogeneity.

2) Impact of Task Order: It is worth noting that changes in
the temporal order of tasks on the client can have a significant
impact on the results. Certain task orders can introduce higher
interference between tasks, leading to differences in knowledge
retention [31]. Table II shows the average results of ten ex-
periments with different random task sequences. Concurrently,
Fig. 3 shows the comparison of RA, LA, and BTI. The results
indicate that Hier-FCL is better than other baseline algorithms
in terms of RA and BTI, with RA reaching 55.48% and BTI
only —8.69%, indicating that it has better knowledge retention
ability when facing different task sequences, not limited to spe-
cific task sequences. FedMER performs relatively well in RA
and BTI, with RA of 34.88% and BTI of —14.65%, indicating
that the combination of meta-learning and experience replay
exhibits robustness in dealing with changes in task order. In
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TABLE III
COMPARISON OF PERFORMANCE UNDER DIFFERENT
MODULE COMBINATIONS

Improved Dynamic Meta-Knowledge RA LA BTI
Sampling  Clustering Distillation
v X X 55.60% 61.59%  —7.74%
X v X 5230%  62.33% —12.04%
X X 4 54.41%  65.76% —14.19%
v v X 58.50%  65.06%  —8.95%
v X v 59.07%  64.10%  —7.04%
X 4 v 57.68%  64.84%  —9.45%
X X X 50.21%  62.98% —1521%
v v v 59.72%  65.45%  —8.41%
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Fig. 3. Comparison of performance under different task orders.

contrast, FedAvg, FedEWC, FedWelT, and FedLwF have lower
RA, 24.67%, 16.00%, 28.14%, and 26.40%, respectively, and
their BTI is much lower than Hier-FCL, indicating that they are
also prone to knowledge forgetting under different task orders.
Among them, FedEWC exhibits the largest fluctuation and is
most seriously affected by the task order.

C. Ablation Experiments

This section analyzes the contributions of the three core mod-
ules in Hier-FCL through ablation experiments: 1) improved
sampling; 2) dynamic clustering; and 3) meta-knowledge dis-
tillation. Table III presents the RA, LA, and BTI results under
different module combinations. The improved sampling mod-
ule contributes most significantly to RA. When used alone, it
achieves 55.60% RA, outperforming the other individual mod-
ules. This is attributed to its ability to select high-quality and
diverse samples, improving experience replay and mitigating
forgetting. The dynamic clustering module enhances perfor-
mance under task heterogeneity by grouping clients with similar
data, but shows limited effectiveness in preserving old knowl-
edge, as reflected in lower RA. The meta-knowledge distillation
module boosts LA by transferring prior knowledge into new
task learning, achieving 65.76% LA and 54.41% RA when
used independently, though it results in higher BTI. Importantly,
the full Hier-FCL framework, integrating all three modules,
achieves the best overall performance in both RA and LA, while
significantly reducing BTI. This confirms that the modules are
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TABLE IV
COMPARISON OF PERFORMANCE ACROSS DIFFERENT
COMBINATIONS OF E. AND F,

Parameters | RA LA BTI

E.=4 E.=6 59.72%  65.45% —8.41%
E.=6, E.=4 59.59%  66.58% —9.99%
E.=3, Ec=38 60.54%  65.82% —7.85%
E.=8 E.=3 5490%  63.73% —12.29%
E.=2 FE.=12 | 59.54% 63.20% —5.82%
E.=12, Ec =2 | 41.08% 58.72% —23.30%

not only individually beneficial but also synergetic when com-
bined, validating the effectiveness of our integrated design.

D. Key Parameter Analysis

In this section, we conduct experiments on aggregation inter-
val, reservoir size, and the number of task epochs, discussing
their effects on RA, LA, and BTI of Hier-FCL.

1) Aggregation Interval: First, we examine the two key
aggregation interval parameters in Hier-FCL: 1) client train-
ing rounds F.; and 2) edge aggregation rounds F.. F. is the
number of rounds of local training for each client, which is
used to adapt the model to local data. E, is the number of
rounds of edge aggregation before global aggregation by the
edge server, which is used to adapt the model to the feature
distribution within the client group. To compare the effect of a
global communication more fairly, we fix the value of £, x E,
to compare the impact of different parameter values on the al-
gorithms. Table IV shows the results of RA, LA, and BTI under
different parameters, and Fig. 4 shows in detail the changes of
RA during the training process. The results show that with the
same parameter combination, a higher E, improves RA and LA.
Increasing E. enables more edge sharing and allows the model
to learn group-specific knowledge more effectively. Simultane-
ously, because each client includes local old knowledge when
sharing the model, increasing E, can also improve the ability to
learn old knowledge. When FE. is higher, the model has better
performance in the early stage of the task, because more local
training rounds allow the model to adapt to local data faster.
However, in the later stage of training, too many local training
rounds may cause the model to fall into overfitting. Moreover,
the limited parameter sharing among clients restricts the ability
to acquire sufficient global knowledge.

2) Reservoir Size: Next, we analyze the impact of changes
in the reservoir size on the algorithm performance to evaluate
the robustness of the algorithm under resource constraints. We
adjust the capacity of the reservoir to 25%, 50%, and 75% of
the original size, corresponding to capacities of 50, 100, and
150. Table V shows the final RA, LA, and BTI metrics under
different reservoir sizes, and Fig. 5 intuitively compares the RA
and LA results of different sizes. The results indicate that as
the size of the reservoir increases, RA and LA show an upward
trend, and BTI gradually decreases. This means that a larger
reservoir can store more comprehensive information about new
and old tasks, which can enhance the model’s learning effect
on all tasks. Concurrently, even when the reservoir size is small
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Fig. 4. Comparison of RA across different combinations of E. and Fe.
TABLE V
COMPARISON OF PERFORMANCE ACROSS DIFFERENT
RESERVOIR SIZES
Parameters | RA LA BTI
pool_size = 50 52.72%  58.28% —13.20%
pool_size = 100 | 56.03%  62.93% —9.88%
pool_size = 150 | 58.54%  64.37% —8.54%
pool_size = 200 | 59.72%  65.45% —8.41%
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Fig. 5. Comparison of RA and LA across different reservoir sizes.

(such as a capacity of 50 or 100), the model still shows strong
robustness, and RA and LA remain at a high level. This result
shows that Hier-FCL can still perform well under resource-
constrained conditions. The reason is that our method stores
more important and diverse samples during experience replay,
making full use of the limited reservoir capacity.

3) Number of Task Epochs: Finally, we compare the impact
of the number of task epochs trained on each task on the client.
Table VI shows the final RA, LA, and BTI under different task
epochs. Fig. 6 illustrates the variations of different metrics with
task epochs. The results indicate that when the task epoch is
low (such as 720 or 1080), RA and LA are both maintained
at a low level, and the difference between the two is not large,
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TABLE VI
COMPARISON OF PERFORMANCE ACROSS DIFFERENT
NUMBERS OF TASK EPOCHS
Parameters | RA LA BTI
task_epochs = 720 52.73%  51.48% 0.31%
task_epochs = 1080 | 55.64%  53.63% 1.26%
task_epochs = 1440 | 56.57%  58.53% —3.70%
task_epochs = 1800 | 59.72%  65.45% —8.41%
task_epochs = 2160 | 57.45%  61.45% —6.25%
task_epochs = 2520 | 56.64% 61.26% —7.03%
Note: Bold entries indicate the best performance among all
compared methods for the corresponding metrics.
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Fig. 6. Trend of performance across different numbers of task epochs.

and even BTI is positive, which indicates that the old task has a
positive transfer effect on the new task. At this time, the model
has insufficient training time on the new task and fails to fully
learn the task features. As the task epoch increases, RA and
LA will gradually increase within a certain range, and BTI will
gradually decrease. When the epoch number increases to 1800,
RA and LA reach a peak of 59.72% and 65.45%, respectively,
indicating that the model has achieved a good balance between
the new and old tasks. However, as the number of task epochs
continues to increase, the performance begins to decline. This
may be attributed to several factors. On the one hand, excessive
training on new tasks may lead to overfitting and exacerbate
forgetting of old tasks. On the other hand, we find that LA
did not increase like simple overfitting, but decrease instead.
This suggests that prolonged training may cause the model to
emphasize features of the current task, which conflict with those
of old tasks. When trying to balance these conflicts, the model
may not be able to adapt well to all tasks, resulting in a decrease
in overall performance. Therefore, in task scenarios involving
multiple datasets, it is crucial to choose the right number of
task epochs. Both excessively long and overly short training
durations can negatively impact the model’s ability to balance
old and new tasks, ultimately degrading its overall performance.

V. CONCLUSION

This article proposes Hier-FCL, a Hier-FCL framework de-
signed to address the challenges of multi-layer architectures and
task heterogeneity in dynamic IoV scenarios. By employing
dynamic client clustering and hierarchical model aggregation,
Hier-FCL mitigates data heterogeneity while enabling efficient

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS

collaboration across clients, edge servers, and the cloud server.
The framework leverages an improved reservoir sampling strat-
egy and meta-knowledge distillation to balance the retention of
knowledge from previous tasks with adaptation to new tasks,
effectively mitigating catastrophic forgetting. Extensive exper-
iments on multiple datasets demonstrate that Hier-FCL signif-
icantly outperforms baseline algorithms in retention accuracy
and backward transfer impact, highlighting its robustness and
adaptability. Our future research will focus on enhancing the
scalability of Hier-FCL under extreme data imbalance, address-
ing latency challenges in real-time scenarios, improving its
practicality for edge environments with limited resources, and
evaluating communication efficiency under different network
conditions and mobility patterns.
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