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Abstract

Federated Class Incremental Learning (FCIL) extends
Federated Learning (FL) to dynamic environments where
clients continually encounter new classes over time, but
past data becomes inaccessible. This leads to catastrophic
forgetting of previous classes. Therefore, maintaining a bal-
ance between learning new classes (plasticity) and retain-
ing past knowledge (stability) is crucial. To address these
challenges, we propose a contrastive-based FCIL frame-
work with a low-dimensional projection layer to enhance
both stability and plasticity. A low-dimensional projection
layer is introduced to improve the generalization capability
of the feature extractor and stability-plasticity trade-off. In
this regard, we employ supervised contrastive learning in
the projection layer during the initial task to strengthen the
feature extractor for better adaptation to new classes. Ad-
ditionally, we train a data-free generator on the server and
distribute it to clients to replay synthetic samples from past
tasks. To balance stability and plasticity, we design a novel
loss function that integrates cross-entropy loss, feature-level
knowledge distillation loss, contrastive loss in the projec-
tion layer, and classification head refinement. Extensive
experiments demonstrate that our framework outperforms
state-of-the-art FCIL baselines, achieving higher accuracy
and lower forgetting. The code is available at https:
//github.com/EnsiehKhazaei/FCIL-LD.

1. Introduction

Federated learning (FL) is an emerging distributed learning
paradigm that is designed to collaboratively train a global
model among multiple clients without sharing their raw
data. FL improves the privacy and security of clients and
attracts a lot of attention specifically in privacy-sensetive
applications like healthcare [1], finance [3], and IoT [6, 10,
11]. In a typical FL algorithm, it is assumed that the data
distribution is fixed during the training process. However,
in realistic scenarios, data is shown up sequentially, and

the distribution of data changes over time. Therefore, data
samples from new classes may appear, while the previous
data may become inaccessible due to privacy constraints or
memory limitations. In this regard, algorithms are required
to perform well on current data while preserving the knowl-
edge of previous data, introducing the need for continual
learning approaches in federated settings [23, 29].

Continual learning (CL) aims to adapt to new data (plas-
ticity) without forgetting previously learned knowledge
(stability). CL can be categorized into different types [30],
such as task incremental learning, where each task comes
with a unique identifier, making it easier to distinguish
among tasks; domain incremental learning, where the same
set of classes is observed across different domains; and class
incremental learning, where new classes are learned incre-
mentally without task identifiers. Among these, class incre-
mental learning is more challenging, as it requires the model
to distinguish between all classes learned so far without task
identifiers. The catastrophic forgetting issue in class incre-
mental problems is exacerbated in federated settings by data
heterogeneity, local resource limitations, and privacy con-
siderations. The combination of these challenges makes
federated class incremental learning (FCIL) a particularly
difficult problem to address [23, 29].

In this work, we propose a novel contrastive-based FCIL
framework with a low-dimensional projection layer (FCIL-
LD) to enhance the learning of new classes (plasticity) and
minimize the forgetting of previously learned tasks (stabil-
ity). The general overview of our proposed framework is
shown in Figure 1. We emphasize the importance of the
feature extractor’s quality and generalization capability in
the initial task, as it significantly impacts the performance
and forgetting in subsequent tasks. In this regard, we em-
ploy supervised contrastive (SupCon) loss [12] in a low-
dimensional projection layer during the initial task. This
enhances the feature extractor’s generalization ability, en-
abling it to extract more informative features for classifica-
tion and adapt more effectively to new tasks. To mitigate
catastrophic forgetting, our approach trains a generator on
the server side at the end of each task using data-free knowl-
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Figure 1. Overview of FCIL-LD framework. Local clients trans-
mit their models (Fk) to the server, where model aggregation is
performed to update the global model F . Subsequently, the global
model is frozen, and the generator G is updated in a data-free man-
ner. The updated global model F and generator G are then dis-
tributed back to the clients for training..

edge distillation techniques. This generator is then broad-
cast to the clients, where it generates data samples from pre-
vious tasks for replay. Additionally, a new loss function
is introduced for the subsequent tasks to improve perfor-
mance while reducing forgetting. The proposed loss func-
tion includes a cross-entropy loss for new data samples, a
feature-level knowledge distillation loss on generated sam-
ples of previous tasks to alleviate catastrophic forgetting, a
contrastive loss in the low-dimensional projection layer to
balance stability and plasticity, and a classification head re-
finement loss to minimize the distribution gap between real
and generated samples.

The main contributions of this work are summarized as
follows.

• We propose a novel FCIL framework that efficiently
adapts to new tasks while minimizing catastrophic for-
getting.

• We introduce a low-dimensional projection layer to im-
prove the generalization capability of the feature extrac-
tor and its power to adapt to new tasks while preserving
knowledge from previous tasks.

• We design a new loss function to effectively balance the
trade-off between stability and plasticity during client
training.

• We conduct comprehensive experiments on four public
datasets of CIFAR100, CIFAR10, PPMI, and VOC2012
to demonstrate the superiority of our proposed frame-
work. Our framework improves last task accuracy by
up to 48%, average accuracy by up to 55%, and reduces
forgetting by up to 11% compared to the state-of-the-art
FCIL baselines, highlighting its effectiveness in balanc-
ing the stability-plasticity trade-off.

2. Related Work

2.1. Class Incremental Learning

Class-Incremental Learning (CIL) [20] is a challenging con-
tinual learning problem where models incrementally learn
new classes without forgetting previous knowledge, even
in the absence of task identifiers. Various approaches have
been proposed in the literature to address this problem,
which can be categorized into replay-based methods [16,
26], structure-based methods [33], and regularization-based
methods [5, 35]. Replay-based methods maintain a small
memory buffer of representative samples from previous
tasks or use generative models to synthesize data from ear-
lier distributions. For instance, iCaRL [24] employs knowl-
edge distillation alongside replay buffers to mitigate forget-
ting, while DGR [27] uses data generators instead of stored
examples to simulate previous tasks, making it suitable for
scenarios where data storage is restricted. Structure-based
methods modify or expand the model’s architecture to ac-
commodate new tasks without interfering with older ones.
PackNet [19] and DEN [33] are examples of this approach,
utilizing selective capacity expansion or pruning to opti-
mize resource usage. Regularization-based methods aim to
preserve prior knowledge by constraining model parameter
updates. EWC [13] achieves this by penalizing changes to
parameters important for previous tasks and LwF [17] em-
ploys knowledge distillation to transfer information from
previous class distributions to the current model, enabling
it to remember old knowledge while adapting to new data.

2.2. Federated Continual Learning

Federated Continual Learning (FCL) [4, 8] merges the prin-
ciples of CL and FL to address the challenges of learn-
ing from non-stationary and dynamic data distributions in
decentralized systems. In real-world scenarios, federated
systems encounter evolving data streams, such as changing
user preferences or device behaviors, where new tasks or
classes emerge over time. FCL seeks to enable models to
adapt to new data while preserving knowledge of previous
tasks. The distributed nature of federated learning, com-
bined with the dynamic and sequential nature of the data
streams, makes FCL a complex problem. Despite its practi-
cal importance, FCL remains relatively underexplored with
few solutions proposed in the literature.

In [34], FedWeIT is introduced as an FCL framework
to address the challenges of minimizing interference from
irrelevant tasks while enabling effective knowledge trans-
fer across clients. Despite its promising results as an early
effort in FCL, it focuses on improving the performance of
individual clients while the FCIL-LD framework prioritizes
the development of a unified global model that incremen-
tally learns from all participating clients. Moreover, Fed-
WeIT [34] is in the category of task incremental learning
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that relies on task identifiers during inference, whereas our
work addresses the more complex CIL problem that aims to
classify all encountered classes using a single global model
without task identifiers. FedLwF-2T [29] is a distillation-
based approach that transfers knowledge from two teacher
models—the client’s past model and the global model—to
the client’s current model. Although FedLwF-2T is pro-
posed for the complex FCIL problem, it is applied exclu-
sively to sensor signals rather than vision tasks. Dong et
al. [4] propose the GLFC model to address both local and
global forgetting in the FCIL problem. To mitigate local
forgetting, it incorporates a class-aware gradient compen-
sation loss and a class-semantic relation distillation loss,
and a proxy server is employed to tackle global forgetting.
However, GLFC assumes a memory buffer for each client,
which is impractical in realistic scenarios where clients
have limited storage resources. FedCIL [23] is another
work that trains generators locally to synthesize data for
replay in future tasks and alleviate forgetting. These gen-
erators are shared with the server to consolidate the global
model. However, training generators locally imposes com-
putational and memory demands, which are unavailable in
many clients, and sharing these generators with the server
raises privacy concerns. MFCL [2] addresses the limitations
of FedCIL [23] by leveraging data-free knowledge distilla-
tion techniques to train a generator on the server side and the
ABD loss [28] function is employed for local client training.
Similarly, our proposed framework adopts a data-free gen-
erator training approach inspired by MFCL [2] but modifies
the local client training process to achieve a better balance
between stability and plasticity.

3. Methodology
Class incremental learning in the federated setting aims to
train a global model collaboratively across multiple clients,
where each client receives data incrementally across T
tasks. Each task introduces a new set of classes, and there
is no overlap between the classes of different tasks. The
dataset for client k and task t is denoted asDk

t = {(xi, yi) |
xi ∈ X k

t , yi ∈ Yk
t }. Here, X k

t represents the input
space, and Yk

t corresponds to the label space for task t on
client k. The overall label space for task t is defined as
Yt =

⋃N
i=1 Yk

i , where N is the number of clients. By the
end of task t, the total number of classes is q =

∑t
i=1 |Yi|.

The goal is to train a global model F that can generalize
across clients with different data distributions while mini-
mizing catastrophic forgetting of previous tasks.

To address the above problem, we propose the FCIL-LD
framework with better performance among all tasks and less
catastrophic forgetting for previous tasks. Our proposed
framework includes three main stages: 1) the initial task
is trained using the SupCon loss [12] in a low-dimensional
projection layer to enhance the generalization capability of

the feature extractor, 2) at the end of each task, after integra-
tion of local models Fk from all clients, a generator model
G is trained using the frozen global model F and data-free
knowledge distillation methods [28, 32]. This generator
synthesizes samples from previous tasks, which addresses
catastrophic forgetting and ensures privacy by eliminating
the need to store real client data, 3) the server broadcasts
the updated global model F and generator G to all clients.
On the client side, the local models Fk are updated using
a novel loss function. This loss improves learning on the
current task while mitigating forgetting of previous tasks by
leveraging the samples generated by G.

In the following, we elaborate on the key operations at
the server and client sides of the FCIL-LD framework.

3.1. Server-Side Data-Free Generator Training

In a typical FL framework, at the end of each communica-
tion round, local models’ weights are sent to the server and
they are integrated by averaging among all of them. The up-
dated global model is sent back to clients to transfer global
knowledge to them. However, in the CIL, we only have ac-
cess to data of the current task and previous classes’ data is
unavailable. The unavailability of previous data is challeng-
ing and causes catastrophic forgetting. In some research,
memory is defined to store a selected set of samples from
previous tasks, but this approach is not applicable in the
federated setting since local clients have limited resources
to store such samples. On the other hand, if we want to
store those samples on the server, it raises privacy concerns
since local clients are reluctant to reveal their local data to
an external server. Another line of work explores training
generators locally, using data available on individual clients.
However, this approach needs substantial computational re-
sources, which are often unavailable on local devices.

To alleviate these challenges, we follow [28] and employ
a data-free knowledge distillation method on the server to
train a generator that synthesizes samples from the previous
tasks. The generator is then shared with the clients to gen-
erate samples during local training and reduce catastrophic
forgetting. This approach has two advantages: 1) the server
is powerful and has sufficient computational units to train
the generator, and 2) it does not raise privacy concerns since
no data sample is required for generator training.

At the end of each task, after traditional aggregation of
local models’ weights, the global model becomes frozen
and the generator starts training by the algorithm proposed
in [28]. The generator is trained using four loss compo-
nents, as described below, to generate images similar to the
previous tasks’ distributions.
• Cross-entropy loss: This component forces the generator

to produce images that can be classified correctly using
the frozen global model. The cross-entropy loss is defined
as:
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LCE = CE(argmax(z[: q]),F(x̃)) (1)

where z is the noise vector input to the generator and x̃ is
the synthetic sample generated from z, where x̃ = G(z).
q denotes the total number of classes at the end of task t.

• Diversity loss: Since G has challenge to produce synthetic
data from different classes uniformly, the information en-
tropy is used to promote class diversity in each batch. In
this regard, the entropy of the average of class prediction
vector for a batch of synthetic data is maximized as fol-
lows:

Ldiv = −Hinfo(
1

B

B∑
b=1

F(x̃b)) (2)

where Hinfo is the information entropy and B is the batch
size. By maximizing the information entropy, the gener-
ator is guided to uniformly synthesize samples from all
classes.

• Batch normalization loss: Prior work has demonstrated
that in model inversion, the feature distribution of the dis-
criminator model on real samples can differ significantly
from that on synthetic samples. In [32], it is shown that
minimizing the distance between the statistics (mean and
standard deviation) of the global model’s batch normal-
ization layers for real and synthetic samples effectively
addresses this distribution shift. To enforce similarity in
feature distributions, a batch statistics loss is defined as:

LBN =
1

L

L∑
l=1

KL(N (µl, σ
2
l )||N (µ̃l, σ̃

2
l ))

=
1

L

L∑
l=1

log
σ̃l
σl

− 1

2
(1− σ2

l + (µl − µ̃l)
2

σ̃2
l

)

(3)

where L is the number of batch normalization layers and
KL is the Kullback-Leibler divergence. The µl and σl
correspond to the mean and standard deviation of l-th
batch normalization layer for real samples and µ̃l and σ̃l
denote the respective statistics for synthetic samples.

• Smoothness loss: Natural images typically exhibit
smooth transitions between neighboring pixels. To en-
hance the smoothness of synthetic images, a smoothness
prior loss is added to the generator’s loss function. This
loss minimizes the discrepancy between synthetic images
and their smoothed versions as follows:

Lprior = ||x̃− x̃smooth||22 (4)

where x̃smooth is the generated image after applying a
Gaussian kernel to smooth it.
Finally, the training loss function for training the gener-

ator on the server side can be written as:

min
G

LCE + αdivLdiv + αBNLBN + αpriorLprior (5)

here, αdiv , αBN , and αprior work as hyperparameters to
calibrate the contributions of the diversity, batch statistics,
and smoothness prior loss terms, respectively.

3.2. Client-Side Training using Contrastive Loss

In the client-side training, a low-dimensional projection
layer is designed. While this layer does not directly con-
tribute to the classification phase, it enhances the general-
ization of the feature extractor for the initial task. Addition-
ally, it improves the balance between stability and plasticity
when adapting to subsequent tasks. Details regarding the
local loss function and its training procedure are provided
in the following.

3.2.1 Initial Task: Enhancing Feature Extractor Gen-
eralization

While the quality of the feature extractor in the initial
task is important in addressing the CIL problem, it is
not thoroughly investigated in the literature. Some prior
works [7, 18, 22] in CIL train the feature extractor during
the initial task and freeze it for the later tasks. These ap-
proaches aim to maintain the knowledge of the first task
and adapt to future tasks by manipulating the rest of the
model, such as the classification head. However, they over-
look the importance of the feature extractor’s quality and
generalization during the initial task and its impact on over-
all system performance. We believe improving the gener-
alization of the feature extractor in the initial task has two
advantages: 1) it enhances performance on the initial task
due to increased robustness to input variations, and 2) it fa-
cilitates better adaptation in subsequent tasks since it has
better generalization.

To improve the generalization of the feature extractor
in the initial task, we use the SupCon loss [12] in a low-
dimensional projection layer ψ, as shown in Figure 2. Al-
though this projection layer is not used directly for the
classification, it enhances the quality of the feature extrac-
tor, leading to performance improvement in the classifica-
tion phase. The high-quality feature extractor ensures bet-
ter feature representations are passed to the classification
head. The projection layer operates in a lower-dimensional
space (RDP ) compared to the output of the feature extractor
(RDF ), where DP < DF . This lower dimensionality re-
duces the computational cost of applying SupCon loss and
focuses on more important patterns to extract more general-
ized features.

To compute the SupCon loss in each batch Dorg
b =

{(xi, yi)}BS
i=1, the samples are randomly augmented to cre-

ate Daug
b = {(xaugi , yi)}BS

i=1. These two sets are then con-
catenated to formDb = Dorg

b ∪Daug
b as a richer set of sam-

ples. The model processes this augmented batch, and the
SupCon loss contrasts all samples from the same class (pos-
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Figure 2. Initial task training of the k-th client. The original batch
Dorg

b and its augmented version Daug
b are concatenated and fed

to the model. The LSupCon is applied to the projection layer (ψk)
output to align representations of samples with the same label and
Lhead updates the classification head (FL

k ).

itives) against the negatives (samples from different classes)
withinDb. The SupCon loss for a batch from the k-th client
is defined as follows:

LSupCon =

|Db|∑
i=1

−1

|P (i)|
∑

p∈P (i)

log
exp(cos(zi, zp)/τ)∑

j∈A(i)

exp(cos(zi, zj)/τ)

(6)
Where P (i) is the set of sample indices with the same la-

bel as sample xi, andA(i) is the set of all sample indices ex-
cept i. The output of the low-dimensional projection layer
for i-th sample is shown by zi = ψk(F1:L−1

k (xi)), where
F1:L−1

k is the feature extractor. The parameter τ is the tem-
perature, which controls the penalty strength on hard nega-
tive samples, while cos(., .) is the cosine similarity metric.

The main goal of the SupCon loss is to align the repre-
sentations of different samples in the same class. This align-
ment facilitates the training of a more robust feature extrac-
tor and improves its generalization while it has negligible
memory usage and computational cost. To train the clas-
sification head, the gradient propagation is blocked from
the classification head back to the feature extractor, and the
cross-entropy loss is applied to the linear head as follows:

Lhead = CE(F∗
k (x), y) (7)

where F∗
k represents that updates restricted to the classifi-

cation head of k-th model.
The loss function for the initial task is defined using a

combination of SupCon loss and cross-entropy one as:

Linit = Lhead + τLSupCon (8)

3.2.2 Subsequent Tasks: Balancing Stability and Plas-
ticity

In the FCIL, new tasks are introduced over time while
data from previous tasks is no longer available. This sce-

x

z ∼ N(0, 1)
x̃

G

F1:L−1
k,t

F1:L−1
t−1

FL
k,t

ψk,t

FL
t−1

ψt−1

Lt
CE

Lt
FT

Lt
KD

Lt
con

: frozen only for Lt
FT

: frozen for all components

Figure 3. Training process of the k-th client for subsequent
tasks. The model Fk,t is updated using new task samples x and
generated samples from previous tasks x̃. The optimization in-
cludes four loss components: cross-entropy loss Lt

CE for new
data, knowledge distillation loss Lt

KD for transferring knowledge
from the previous global model, contrastive loss Lt

con in the low-
dimensional projection layer to balance stability and plasticity, and
classification head refinement loss LFT .

nario poses a critical challenge in addressing the stability-
plasticity tradeoff during client training. To mitigate the
forgetting of previous tasks, we leverage the generator de-
scribed in Section 3.1 to synthesize samples representative
of earlier tasks. However, training the local models using a
standard cross-entropy loss applied to the combined set of
real and synthesized samples is ineffective due to the inher-
ent distribution shift between these two types of data.

To overcome these limitations, we are inspired by the
loss function proposed in [28] and add a novel contrastive
term in the low-dimensional projection layer. This term is
designed to improve the stability-plasticity tradeoff, ensur-
ing better adaptability to new tasks without compromising
performance on earlier ones. In the following, a detailed
explanation of the four components of the local loss and
their contributions to the training process is described. The
training process of local clients is shown in Figure 3.
• Cross-entropy loss: This component focuses on updating

the feature extractor and the new part of the classifica-
tion head by applying cross-entropy loss exclusively to
the new data samples:

Lt
CE = LCE(Fk,t(x), y) (9)

where Fk,t is the model for k-th client at task t. With this
loss component, the model is adapted to the new data by
updating only the new portion of the classification head,
while excluding any modifications to the past classes.

• Knowledge distillation loss: To address catastrophic
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forgetting of previously learned classes, a feature-level
knowledge distillation component is applied exclusively
to the synthetic samples of previous tasks, unlike prior
works [28] that apply it on both new and past data. This
component specifically updates the feature extractor to
keep the most important aspects of past task feature rep-
resentations while allowing less relevant ones to adapt to
new tasks. The knowledge distillation loss is defined as:

Lt
KD = ||FL

t−1(F1:L−1
k,t (x̃))−FL

t−1(F1:L−1
t−1 (x̃))||22

(10)
where F1:L−1

k,t represents the feature extractor of the k-
th client at task t, F1:L−1

t−1 is the feature extractor of the
global model from the previous task, and FL

t−1 denotes
the classification head of the global model from the pre-
vious task. Features with higher magnitudes in FL

t−1 are
more critical for preserving past knowledge, while less
relevant features can accommodate new task learning.

• Contrastive loss: Instead of applying feature-level knowl-
edge distillation to new data, we introduce an additional
contrastive learning term on the current task samples to
balance between stability and plasticity. Applying knowl-
edge distillation to new class feature representations be-
sides past synthetic samples would force the feature ex-
tractor to mimic both important and unimportant aspects
of past feature space, limiting its adaptability. In contrast,
contrastive learning with cosine similarity only aligns the
direction of representations while allowing flexibility in
amplitude, resulting in better stability-plasticity balance.
This loss component is expressed as:

Lt
con = − log

exp(cos(zti , z
t−1
i ))∑BS

j=1 exp(cos(z
t
i , z

t−1
j ))

(11)

where zti = ψk,t(F1:L−1
k,t (xi)) and zt−1

i =

ψt−1(F1:L−1
t−1 (xi)).

This contrastive component aims to align the representa-
tions of current task samples in the low-dimensional pro-
jection layer of the current model with those of the previ-
ous model, ensuring knowledge retention while enabling
adaptation. Applying contrastive learning directly to the
high-dimensional feature space can make alignment diffi-
cult due to the complexity of the feature distribution. Fur-
thermore, if contrastive learning loss is applied directly at
the feature extractor’s output, the model may preserve the
irrelevant part of past representations, restricting its abil-
ity to learn new tasks. By introducing a low-dimensional
projection layer, we allow the model to selectively retain
critical information while having greater flexibility to ad-
just representations for new classes.

• Fine-tuning loss: Finally, to prevent the model from dis-
tinguishing between real and synthetic data only based on
their distribution shift, the feature extractor of the model

is frozen and the classification head is fine-tuned by the
conventional cross-entropy loss on the union of real and
synthetic samples:

Lt
FT = CE(F∗

k,t([x, x̃]), y) (12)

where F∗
k,t represents that updates are restricted to the

classification head of the local model at current task t.
In summary, the final optimization objective combines

the loss components as follows:

min
Ft

Lt
CE + αKDLt

KD + αconLt
con + αFTLt

FT (13)

whereαKD, αcon, andαFT are hyperparameters to regulate
the contributions of each loss component.

4. Experiments
4.1. Experimental Setup

Datasets. To evaluate the efficacy of the FCIL-LD, we
use four commonly-used vision datasets: CIFAR-10 [14],
CIFAR-100 [14], VOC2012, and PPMI [31]. CIFAR-
10 and CIFAR-100 are image classification datasets.
VOC2012 and PPMI are image-based human activity recog-
nition (HAR) datasets where PPMI includes interaction im-
ages with 12 different musical instruments, and VOC2012
contains 10 action classes.The data for each task is dis-
tributed among clients using a Dirichlet distribution with
a concentration parameter of α = 1.0 [25]. To distribute
data among tasks, we follow the non-overlapping method
proposed in [2], which introduces greater difficulty com-
pared to [23], where tasks from different clients are highly
overlapped. The number of tasks is set to 5 for CIFAR-10,
CIFAR-100, and VOC2012, and 6 for PPMI in all experi-
ments unless otherwise specified.

Baselines. We conduct a comprehensive compara-
tive analysis with state-of-the-art baselines, including Fe-
dAvg [21], FedProx [15], FedLwF-2T [29], FedCIL [23],
and MFCL [2], as well as the Oracle approach, as the upper
bound for the performance, where each client in each task
has access to the training data of all previous tasks. FedAvg
and FedProx are standard FL approaches. FedLwF-2T is a
knowledge distillatin based method without exemplar mem-
ory. FedCIL employs GANs to address FCIL problem,
while MFCL is a data-free generator method designed to
improve performance without relying on local data.

Settings. We use the Stochastic Gradient Descent (SGD)
optimizer with a constant learning rate of 0.01 and a weight
decay of 0.00001 across all settings. The batch size is uni-
formly set to 32. Following [9, 23], the number of clients
is set to 5 where 60% of clients are randomly involved in
each communication round. Each task is conducted over 50
communication rounds, with the number of local epochs set
to 5 for CIFAR-10, VOC2012, and PPMI datasets, and 10
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Table 1. Performance of the different baselines in terms of last task accuracy, average accuracy, and average forgetting for all datasets.

PPMI VOC2012 CIFAR-10 CIFAR-100

A6 Ā f̄ A5 Ā f̄ A5 Ā f̄ A5 Ā f̄

Oracle 78.58 87.81 − 66.47 77.41 − 88.79 90.58 − 61.38 65.20 −
±0.29 ±0.19 − ±1.11 ±1.14 − ±0.72 ±0.49 − ±0.55 ±0.34 −

FedAvg [21] 15.76 39.20 95.92 17.57 40.60 90.26 19.38 43.33 94.33 16.20 33.61 74.09
±0.15 ±0.09 ±0.43 ±0.14 ±0.37 ±0.89 ±0.07 ±0.02 ±0.17 ±0.08 ±0.17 ±0.31

FedProx [15] 15.67 39.22 95.97 17.56 40.58 89.44 19.42 43.13 94.16 16.01 33.58 73.66
±0.23 ±0.20 ±0.53 ±0.17 ±0.16 ±1.30 ±0.09 ±0.38 ±0.63 ±0.42 ±0.27 ±0.51

FedLwF-2T [29] 18.72 52.02 86.53 18.80 48.55 79.32 19.58 45.89 78.94 28.86 46.47 41.35
±0.52 ±0.63 ±1.16 ±0.57 ±1.75 ±1.18 ±0.24 ±0.33 ±4.33 ±0.67 ±1.20 ±1.36

FedCIL [23] 8.28 22.27 27.08 10.26 26.42 30.37 16.17 37.03 26.61 2.87 10.83 11.86
±0.15 ±0.06 ±8.09 ±0.42 ±2.48 ±1.31 ±2.57 ±1.56 ±2.37 ±0.14 ±0.89 ±1.04

MFCL [2] 51.07 70.67 45.03 46.03 67.00 49.03 53.57 67.54 36.21 40.30 53.18 26.53
±3.56 ±4.99 ±2.40 ±3.77 ±1.85 ±5.26 ±2.44 ±5.92 ±3.06 ±0.62 ±0.49 ±0.41

FCIL-LD 57.21 78.01 34.20 49.21 68.74 40.27 56.64 72.55 30.79 47.19 60.34 23.35
±3.46 ±1.68 ±4.82 ±2.68 ±0.99 ±3.52 ±3.27 ±0.48 ±3.37 ±0.61 ±0.71 ±1.40

for CIFAR-100. We employ the ResNet-18 as the backbone
architecture in all experiments.

In our proposed approach, τ is set to 0.1, while DF and
DP are equal to 512 and 128, respectively. The generator
design varies by dataset: for CIFAR-10 and CIFAR-100, we
utilize a ConvNet with three convolutional layers and batch
normalization, while for VOC2012 and PPMI, the generator
comprises six convolutional layers with batch normaliza-
tion. The input noise is a vector with a length 200. The data-
free generator is trained for 5000 epochs using the Adam
optimizer with a learning rate of 0.005. The αdiv , αBN , and
αprior are set to 1.0, 75.0, and 0.001 for all experiments. We
tune αKD and αcon using {5.0, 1.0, 0.5, 0.1}, and αFT by
{1.0, 0.5, 0.1}, reporting the best results for each configu-
ration. Each experiment is conducted three times, and we
report the mean and standard deviation among them.

Metrics. There are three commonly used metrics to eval-
uate approaches for the CIL problem:

1) Last task accuracy (AT ): The global model’s accuracy
at the end of the final task T , evaluated over all classes to
that point.

2) Average accuracy (Ā): The average of accuracy
across all tasks is calculated by Ā = 1

T

∑T
i=1 Ai, where

Ai represents the accuracy of the model on task i.
3) Average forgetting (f̄ ): Forgetting for a given task t

is defined as the difference between the highest accuracy
achieved on task t and its final accuracy after completing
all tasks. Therefore, the average forgetting among all tasks
is defined as

f̄ =
1

T − 1

T−1∑
i=1

max
j∈{i,...,T−1}

Aj,i −AT,i (14)

where Ai,j is the accuracy on test samples from task i after
training of j-th task.

4.2. Performance Comparison

Three evaluation metrics for all datasets are summarized
in Table 1. The FCIL-LD framework outperforms all FL
baselines across all evaluation metrics. The Oracle model
serves as an upper bound for performance. Among the base-
line methods, FedAvg [21] and FedProx [15] exhibit sig-
nificantly lower performance, with up to a 38% decrease
in average accuracy and up to a 60% increase in forgetting
compared to FCIL-LD. This highlights the need for frame-
works specifically designed to address the CIL problem in
the federated setting. FedLwF-2T [29] achieves better per-
formance and lower forgetting than FedAvg and FedProx
by employing two teachers to mitigate catstrophic forget-
ting. However, it still underperforms FCIL-LD due to its
lack of access to previous task data.

FedCIL [23], a generative-based FCIL baseline, demon-
strates even lower performance than FedAvg. Since FedCIL
trains generators on local clients, it requires extensive local
training epochs to generate high-quality synthetic samples.
Despite increasing the number of local epochs by a factor
of four in FedCIL compared to other baselines, its perfor-
mance remains limited due to the inherent difficulty in fine-
tuning GANs. Additionally, in FedCIL, the global model is
updated using samples generated by client generators, mak-
ing its performance highly dependent on the quality of local
generators. As a result, poor-quality generators negatively
impact the global model, leading to overall performance
degradation. Furthermore, FedCIL struggles with datasets
that have a large number of classes, such as CIFAR-100,
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Table 2. Performance comparison on CIFAR-100 with 10 and 20
tasks.

N = 10 N = 20

A10 Ā f̄ A20 Ā f̄

Oracle 61.26 65.96 − 60.54 65.93 −
±0.40 ±0.34 − ±0.17 ±0.12 −

FedAvg [21] 8.79 23.22 80.44 4.59 14.87 85.32
±0.13 ±0.18 ±0.49 ±0.09 ±0.14 ±0.63

FedProx [15] 8.81 23.07 80.33 4.43 14.80 84.79
±0.04 ±0.17 ±0.54 ±0.23 ±0.11 ±0.41

FedLwF-2T [29] 11.71 30.24 67.58 5.21 18.21 79.52
±0.44 ±0.33 ±2.09 ±0.44 ±0.59 ±0.62

FedCIL [23] 1.74 8.25 10.71 1.08 7.23 9.83
±0.08 ±0.21 ±0.43 ±0.03 ±0.13 ±0.29

MFCL [2] 29.69 45.83 37.73 17.14 33.71 53.41
±1.80 ±0.71 ±2.01 ±0.17 ±0.38 ±1.10

FCIL-LD 35.63 52.86 33.80 20.35 37.52 50.61
±0.79 ±0.92 ±0.65 ±0.82 ±0.88 ±1.22

as well as those with high-resolution images, such as PPMI
and VOC2012. Although FedCIL utilizes generative replay,
it fails to achieve competitive performance due to difficulty
of generator optimization in GANs. It is worth to note that
the lower forgetting in FedCIL is a consequence of its poor
overall performance not due to its effectiveness. MFCL [2]
is the most similar baseline to our proposed approach, as it
also employs a data-free generator on the server. However,
our proposed method outperforms MFCL by up to 6.9% in
last task accuracy and 7.3% in average accuracy. Addition-
ally, in terms of average forgetting, our approach reduces
forgetting by up to 10.8% compared to MFCL. This demon-
strates the critical role of designing the low-dimensional
projection layer and novel loss components in enhancing
the generalization capability of the feature extractor while
effectively balancing between stability and plasticity.

4.3. Scalability

To demonstrate the scalability of the FCIL-LD framework
in the large number of tasks, we evaluate CIFAR-100
dataset with 10 and 20 tasks, as presented in Table 2. It
is worth noting that CIFAR-100 is selected for this sce-
nario due to the limited number of classes in other datasets.
As expected, the performance of Oracle remains relatively
fixed as the number of tasks increases while all FL baselines
exhibit performance degredation and increased average for-
getting. As shown in Table 2, the FCIL-LD consistently
outperforms baselines, even in scenarios with a large num-
ber of tasks. The higher accuracy and lower average forget-
ting of the FCIL-LD demonstrates its ability to effectively
handel the large number of tasks in the FCIL problem.

Table 3. Performance impact of removing each loss component
and the low-dimensional projection layer on CIFAR-10.

A5 Ā f̄

Ours - w/o LSupCon (Eq 8) 52.26 69.18 32.35
±0.77 ±2.28 ±1.07

Ours - w/o LKD (Eq 13) 46.53 63.89 41.71
±2.57 ±2.08 ±6.62

Ours - w/o Lcon (Eq 13) 55.17 71.02 36.46
±1.34 ±0.28 ±1.56

Ours - w/o LFT (Eq 13) 51.96 66.47 20.04
±2.21 ±1.5 ±4.76

Ours - w/o low-dimensional 45.62 63.81 47.57
projection layer ±1.87 ±1.14 ±3.07

FCIL-LD (Ours) 56.64 72.55 30.79
±3.27 ±0.48 ±3.37

4.4. Ablation Studies

To analyze the contribution of each loss component in the
FCIL-LD, we conduct an ablation study by removing each
component and evaluating its impact. Table 3 presents the
results of removing individual loss components, as well as
the low-dimensional projection layer. The effect of the low-
dimensional projection layer is examined in the fifth row of
Table 3, where the projection layer is removed, and SupCon
and contrastive learning loss are applied directly to the out-
put of the feature extractor. Removing the low-dimensional
projection layer results in a decline in accuracy and an in-
crease in forgetting, highlighting the crucial role of the low-
dimensional projection layer in our proposed framework.
Additionally, removing the fine-tuning loss leads to reduced
forgetting but at the cost of decreased accuracy. There-
fore, careful selection of the coefficient αFT is essential to
achieve an optimal balance between stability and plasticity.

5. Conclusion
In this work, we propose FCIL-LD, a novel contrastive-
based FCIL framework with a low-dimensional projection
layer to effectively balance learning new classes while pre-
serving past knowledge. The FCIL-LD enhances the gen-
eralization capability of the feature extractor through su-
pervised contrastive learning in the initial task and trains a
data-free generator on the server to replay synthetic samples
without data sharing, addressing privacy constraints. To fur-
ther balance the stability-plasticity trade-off, we design a
novel loss function for client training in subsequent tasks.
Extensive experiments on four datasets confirm the superi-
ority of FCIL-LD, with up to 48% improvement in last task
accuracy, 55% higher average accuracy, and 11% reduc-
tion in forgetting compared to state-of-the-art FCIL base-
lines.
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