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Abstract

Exemplar replay has become an effective strat-
egy for mitigating knowledge forgetting in fed-
erated class-incremental learning (FCIL). Exist-
ing methods either select exemplars based on lo-
cal dynamics or construct global feature spaces
to identify representative samples. However,
they face inherent challenges in striking a bal-
ance between effectiveness and privacy. To ad-
dress this issue, this paper proposes a Cross-
view Lewis weIght Fusion method for exem-
plar replay in FCIL, termed CLIF, which fuses
multi-view importance scores to guide represen-
tative sample selection under federated settings.
Specifically, CLIF consists of two main mod-
ules: 1) the cross-view Lewis weight fusion mod-
ule computes and integrates Lewis weights from
multiple feature perspectives to achieve consis-
tent importance estimation, ensuring that the se-
lected samples better reflect the global data dis-
tribution and thus enhancing the representative-
ness of the replay subset. Building on this,
2) the frequency-based weighted training mod-
ule adjusts the loss contribution of each sam-
ple according to its selection frequency across
views, which emphasizes the contribution of crit-
ical samples. Moreover, we provide a theoretical
analysis to guarantee the soundness and effec-
tiveness of CLIF. Extensive experiments on mul-
tiple datasets demonstrate that our method con-
sistently improves baselines by 1%–6%, support-
ing the above claims.
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1. Introduction
Federated learning (FL) enables distributed collaboration
to train a shared model using diverse data sources with-
out centralizing them (Wu & Chaddad, 2026; Liao et al.,
2026; Hu et al., 2024; Huang et al., 2026). This follows the
principle of ”moving models instead of data”, which en-
hances data privacy protection (Liao et al., 2024; Li et al.,
2025d; Kou et al., 2026). However, data heterogeneity
among participants inevitably induces divergence in client
model update directions, undermining the effectiveness of
global aggregation (McMahan et al., 2017; Shi et al., 2026;
Li et al., 2026b; Wu et al., 2026b;a). More critically, in
real-world deployments, edge devices are required to han-
dle continuously emerging classes with evolving distribu-
tions, requiring models to learn new classes while avoid-
ing forgetting old ones, which has given rise to research on
Federated Class-Incremental Learning (FCIL) (Nori et al.,
2025; Zhang et al., 2025c; Li et al., 2025b). These scenar-
ios integrate challenges such as data heterogeneity, storage
limitations, and continual task evolution, placing higher de-
mands on the scalability of FL systems (Babakniya et al.,
2023; Qi et al., 2026c).

To tackle these issues, two main strategies have been com-
monly adopted in existing studies: generative replay-based
and exemplar replay-based approaches. The former meth-
ods typically train a generative model to synthesize pseudo-
samples of previously learned classes, which are then re-
played together with new data to alleviate catastrophic for-
getting (Nguyen et al., 2024; Zhang et al., 2023). With-
out relying on the storage of large-scale raw samples,
they achieve stronger privacy guarantees while mitigating
memory usage (Yu et al., 2024a; Babakniya et al., 2023).
However, their effectiveness highly depends on the qual-
ity of the generated samples, and the training of genera-
tive models often introduces computational and communi-
cation overhead, which limits their scalability on resource-
constrained edge devices (Tran et al., 2024). In contrast, the
latter methods maintain a small memory buffer to store rep-
resentative exemplars from previous tasks and replay them
alongside new data (Li et al., 2024). They either select
exemplars according to local training dynamics (Li et al.,
2025c) or construct a global feature matrix to identify rep-
resentative samples (Qi et al., 2026b). This strategy is sim-
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Figure 1. Cross-view replay (Fig. (b)) fuses Lewis weights from multiple views to reduce single-view bias (Fig. (a)), achieving lower
cross-space reconstruction error (Fig. (c)) without the privacy or communication overhead of global-view feature sharing (Fig. (d)).

ple, efficient, and has shown strong empirical performance.
Nevertheless, local-view strategies neglect cross-client col-
laborative features, diminishing the effectiveness of global
aggregation, while global-view methods address this lim-
itation at the cost of potential privacy risks, as they may
leak feature statistics and spectral information (even with-
out directly sharing raw features, as in FedCBDR (Qi et al.,
2026b)), as shown in Figure 1.

To address this problem, this paper proposes CLIF, a
Cross-views Lewis weIght Fusion framework designed for
exemplar replay in FCIL. The key idea is to integrate
importance scores derived from multiple feature perspec-
tives, achieving a more consistent and robust evaluation
of sample representativeness across heterogeneous clients.
Specifically, CLIF is composed of two key components.
The first, the cross-view Lewis weight fusion module, con-
structs multiple feature views by combining different sub-
sets of client models to extract representations. By com-
puting Lewis scores under these diverse client-model com-
binations and integrating them into a unified importance
estimation, the module ensures that the selected exem-
plars capture a broader spectrum of global knowledge, im-
proving the representativeness of the replay buffer. Sub-
sequently, the second component, the frequency-aware
weighted training module, strategically modulates each ex-
emplar’s influence on the optimization objective in propor-
tion to its cross-view selection frequency, which amplifies
the role of consistently critical samples and strengthens the
model’s resilience to forgetting. In addition, we provide
a theoretical analysis that formally demonstrates the effec-
tiveness of CLIF, offering solid guarantees of its reliability
and further reinforcing the soundness of its design.

Extensive experiments were performed on multiple
datasets across different heterogeneity settings and client
numbers, involving performance evaluation, ablation stud-
ies, hyperparameter analysis, and case studies. The results
show that the replayed samples identified by CLIF effec-
tively preserve the underlying geometric structure to the
greatest extent. Moreover, CLIF achieves 1%–6% Top-1
accuracy gains over eight state-of-the-art baselines.

2. Related Work
2.1. Generative Replay-based Methods

In FCIL, generative replay constitutes an important line of
research for alleviating catastrophic forgetting. Its core
principle is to leverage generative models to synthesize
samples or features of previously learned classes, which
are then rehearsed alongside current-task data (Churamani
et al., 2024; Zhang et al., 2023). This paradigm preserves
prior knowledge and mitigates forgetting. Within the fed-
erated setting, generative replay further offers the advan-
tage of circumventing direct data sharing, as clients may
exchange generative models or synthetic representations
instead of raw data, which strengthens privacy preserva-
tion (Elmas et al., 2022; Aouedi et al., 2025). For exam-
ple, LANDER exploits pretrained label-text embeddings as
semantic anchors for client training and generation (Tran
et al., 2024); HR leverages an autoencoder to replay latent
representations and globally align class centroids, while de-
coding perturbed embeddings to generate unseen-task sam-
ples (Nori et al., 2025). However, these methods still face
several challenges, including the catastrophic forgetting of
generators themselves, limited quality and diversity of syn-
thesized samples, substantial computational and communi-
cation overhead in federated settings.

2.2. Exemplar Replay-based Methods

To address the aforementioned limitations of generative re-
play, exemplar replay-based methods have been proposed,
which maintain a small memory buffer of real samples
from previously learned classes, and rehearse them jointly
with new task data to reinforce prior knowledge and allevi-
ate catastrophic forgetting (Lu et al., 2024). By explicitly
preserving authentic distributions, these methods mitigate
the challenges of limited generative fidelity and semantic
inconsistency, while obviating the need for costly genera-
tor training (Li et al., 2025c). For instance, Re-Fed+ se-
lects and caches critical old samples based on importance
measures derived from per-sample training gradients of the
personalized informative model at each client (Li et al.,
2025c); FedCBDR reconstructs global pseudo features and
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Figure 2. Illustration of the CLIF framework, exemplified by the first two tasks. It first employs cross-view Lewis weight fusion after
completing the training of Task 1 to comprehensively assess sample importance. Subsequently, it adjusts sample weights according to
their sampling frequency to emphasize the contribution of important samples in subsequent tasks.

performs class-balanced sampling based on their leverage
scores (Qi et al., 2026b). However, these methods typi-
cally lack rigorous theoretical guarantees for importance-
driven selection, and remain limited in their ability to lever-
age multi-view information under strict privacy constraints.
This study aims to alleviate these issues.

2.3. Regularization-based Methods

Beyond replay-oriented techniques, a complementary re-
search direction lies in regularization-based methods,
which constrain model updates to preserve knowledge from
previously learned tasks. These methods can be broadly
divided into two subgroups. Parameter-level regulariza-
tion restricts parameter updates by estimating their impor-
tance, with representative techniques such as elastic weight
consolidation that can be seamlessly adapted to the fed-
erated setting (Kirkpatrick et al., 2017; Yu et al., 2024b;
Feng et al., 2026a; Iqbal et al., 2025; Yu et al., 2025).
Output-level regularization, on the other hand, aims to sta-
bilize representations and outputs across tasks, typically
through consistency regularization, prototype alignment, or
logit matching (Yoo & Park, 2024; Yang et al., 2024; Li &
Hoiem, 2017; Li et al., 2025a). While these approaches
reduce reliance on replay and lower buffer demands, their
effectiveness often deteriorates as the number of tasks in-
creases.

3. Methodology
3.1. Preliminaries

We consider a FCIL system with K clients. For each new
task t, client k constructs a replay buffer by sampling up to
N exemplars from each previously task {1, . . . , t− 1}:

B(t−1)
k =

t−1⋃
s=1

{(x(s)
k,i, y

(s)
k,i)}

N
i=1, with |B(t−1)

k | ≤ M. (1)

This buffer is integrated with the current task data D(t)
k to

form the augmented local training set D(t)
k,train = D(t)

k ∪
B(t−1)
k . Local models are subsequently optimized on this

enriched dataset, enabling them to assimilate novel knowl-
edge while mitigating the erosion of prior information.
During global aggregation, the server updates the shared
parameters by minimizing the cumulative empirical risk:
minθ

∑K
k=1

∑
(x,y)∈D(t)

k,train
L(hk(x; θ), y), where hk(·; θ)

denotes the local model of client k, and L(·) represents the
classification objective. In the following, when the con-
text is clear, we omit the superscript of task t of the data
for simplicity. In addition, we consider each local model a
neural network composed of a feature extractor (backbone)
and a linear prediction head followed by a fixed activation
function fk(x; θk) = f

(
ϕk(x)

⊤θk
)
, where ϕk : X →Rd

is the backbone and θk∈Rd is the linear head. We assume
throughout that the activation f : R → R is L-Lipschitz
and is applied coordinatewise with f(0) = 0 (for example,
ReLU, tanh). For client k, stack backbone features of nk

local samples into the matrix

Ak = [a⊤
k,1, . . . , a

⊤
k,nk

]⊤ ∈ Rnk×d, ak,i = ϕk(xk,i) ∈ Rd,
(2)

so the model’s prediction vector on client k is f(Akθk). We
assume d ≪ nk and Ak has full column rank. For multi-
dimensional target, we may use one-vs-rest heads; without
loss of generality, the analysis below focuses on a single
response vector for simplicity.

3.2. Motivation and High-level Idea

Exemplar replay-based FCIL aims to select a compact, rep-
resentative subset that retains global knowledge while mit-
igating forgetting. Due to non-IID data, models trained on
different clients provide different views of sample impor-
tance. Existing approaches mainly suffer from two limita-
tions: (1) Local-view selection mines exemplars via local
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heuristics but lack global awareness, limiting their global
contribution; and (2) Global-view selection accounts for
cross-client distributions via aggregated feature statistics,
but may incur privacy risks by exposing feature statistics
and spectral information, as well as substantial communi-
cation overhead.

To address these problems, we propose to utilize Lewis
weight sampling (Fazel et al., 2022), which provably pre-
serves the operator norm of the feature map. By approx-
imately preserving the Gram matrix, i.e., X⊤

subsetXsubset ≈
X⊤

fullXfull in a spectral sense, the selected exemplars retain
the principal directions of variance of the full data, which
helps prevent old decision boundaries from collapsing or
drifting arbitrarily when new classes are introduced and en-
sures that worst-case, tail-region directions remain repre-
sented in the replay buffer in the FCIL setting. We briefly
recall the ℓp Lewis weights and the subspace-embedding
guarantee induced by sampling rows proportionally to an
overestimate of these weights.

Definition 1 (Lewis Weight (Fazel et al., 2022)). Let A ∈
Rn×d have rows a⊤i and let p ≥ 1. The ℓp Lewis weights
wi = wi(A) are defined implicitly by

wi =
(
a⊤i

(
A⊤W 1− 2

pA
)−1

ai

)p/2
, W = diag(w1, . . . , wn).

(3)
They satisfy wi ∈ [0, 1] and

∑n
i=1 wi = d. For p =

2, Lewis weights coincide with leverage scores wi =
a⊤i (A

⊤A)−1ai.

Definition 2 (ℓp subspace embedding). A matrix S ∈
Rm×n is an ℓp ε-subspace embedding for A ∈ Rn×d if,
simultaneously for all θ ∈ Rd,

(1− ε)∥Aθ∥p ≤ ∥SAθ∥p ≤ (1 + ε)∥Aθ∥p. (4)

Definition 3 (Reweighted sampling matrix). Given proba-
bilities (p1, . . . , pn) summing to 1, construct S ∈ Rm×n by
drawing each row i.i.d. as X = (mpj)

−1/pe⊤j with prob-
ability pj . We call S a reweighted sampling matrix (with
sample size m).

Lemma 1 (Constant-factor subspace embedding (Cohen &
Peng, 2015)). Let A ∈ Rn×d, p ≥ 1, and suppose ti ≥
β wi(A) with oversampling parameter

β ≳p


log3 d+ log 1

δ 0 < p < 2, p ̸= 1,

log d
δ p = 1, 2,

d
p
2−1

(
log d+ log 1

δ

)
2 < p <∞.

Let m =
∑

i ti and let S be the reweighted sampling matrix
with sampling probability pi = ti/m. Then, with probabil-
ity at least 1− δ, S is an ℓp (1/2)-subspace embedding for
A.

In exemplar replay, we seek a small subset whose induced
objective is a faithful surrogate for training on the full data.

Geometrically, faithfulness means that the subset preserves
how the feature matrix A acts on all directions θ ∈ Rd.
This is precisely what ℓp Lewis-weight sampling guaran-
tees: the sampled-and-reweighted matrix SA is a subspace
embedding for A, implying that the “energy” ∥Aθ∥p is pre-
served up to a (1± ε) factor for every θ. In the p = 2 case,
this is equivalent to preserving the Gram operator A⊤A in
the sense that

(1− ε) ∥Aθ∥22 ≤ ∥SAθ∥22 ≤ (1 + ε) ∥Aθ∥22
⇐⇒ ∥A⊤A− (SA)⊤(SA)∥2 ≤ cε ∥A∥22.

(5)

where c is a universal constant. Preserving A⊤A in opera-
tor norm stabilizes the condition number seen by the head,
so gradient directions and step sizes computed on exem-
plars remain faithful to those on full data. This reduces
optimization bias due to replay.

Furthermore, with f being L-Lipschitz and f(0) = 0, for
any θ, it holds that

∥f(Aθ)− f(SAθ)∥p ≤ L ∥Aθ − SAθ∥p, (6)

so subspace embeddings transfer directly into uniform con-
trol of prediction errors across all heads θ. By further em-
ploying a recent theoretical study that considers the acti-
vation function in Lewis weight sampling (Huang et al.,
2024), we can bound the errors of the model trained on
the sampled data. Please see the theoretical analysis in
Sec. 3.5.

3.3. Cross-View Lewis Weight Fusion for Federated
Exemplar Sampling

In federated learning, single-view estimation may be bi-
ased due to heterogeneity. The cross-view Lewis weights
(CV-LWF) module seeks a replay sampling distribution
that is simultaneously safe for multiple representations by
aggregating multiple model perspectives. To achieve this
goal, we are inspired by (Huang et al., 2024) that sam-
pling with probabilities proportional to any overestimate
of the true ℓp Lewis weights preserves the subspace em-
bedding, according to Lemma 1. Therefore, if a fused
score upper-bounds the per-view Lewis weight for every
view, the resulting sample-and-reweight procedure guaran-
tees subspace preservation, and hence the error bounds, for
each model view at once.

Formally, each client k forms a small set of views (repre-
sentations) by passing its local samples through multiple
available backbones:

Vk =
{
ϕ(m)

}M

m=1
, A

(m)
k ∈ Rnk×d with rows a(m)

k,i = ϕ(m)(xk,i).

(7)
These backbones may come from other clients. Note that
transferring model between clients is usually acceptable in
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federated learning (Mao et al., 2020), the communication
and bandwidth overhead is provided in Sec. D.5. And we
also provide two alternative approaches to mitigate privacy
leakage in Sec. D.6, namely adding Gaussian perturba-
tion and employing a dynamic Beta-weighted combination
across different client models.

For each view m ∈ [M ], compute the ℓp Lewis weights
w

(p,m)
k,i = wi

(
A

(m)
k

)
, and define the fused score by the

pointwise maximum w̃k,i = maxm∈[M ] w
(p,m)
k,i . Set

sampling weights tk,i ∝ w̃k,i and probabilities pk,i =

tk,i/
∑

j tk,j . By construction, tk,i≥β w
(p,m)
k,i for every m,

so the sampled/reweighted subset simultaneously preserves
all represented subspaces. More concretely, consider the
objective on client k and view m with label vector yk:

θ
(m)
k,∗ = arg min

θ∈Rd
∥f
(
A

(m)
k θ

)
− yk∥pp. (8)

CV-LWF draws mk samples i.i.d. with replacement from
{1, . . . , nk} using (pk,i) for replay. Repeatedly sampled
instances only affect their training weights and do not con-
sume additional budget.

3.4. Frequency-Aware Weighted Training (FWT)

This section introduces the reweighting mechanism on the
sampled data. Let Qk be the set of distinct indices drawn
for the replay buffer Bk; set |Qk| ≤N . Following the the-
ory, build the reweighted sampling matrix Sk as in Defini-
tion 3, i.e., each sampled row i ∈ Qk is assigned weight
(mk pk,i)

−1/p in Sk so that SkA
(m)
k becomes an ℓp sub-

space surrogate of A(m)
k for all m. Consequently, the er-

ror of the solution of the following reweighted problem is
bounded:

θ̃
(m)
k = arg min

θ∈E
(m)
k

∥∥∥Sk f
(
A

(m)
k θ

)
− Skyk

∥∥∥p

p
,

E
(m)
k ≜

{
θ : ∥SkA

(m)
k θ∥pp ≤

∥Skyk∥pp
εLp

}
.

(9)

where E
(m)
k is the standard radius control for analysis, and

is typically omitted in practice. And we present the perfor-
mance impact analysis of different re-weighting loss func-
tions in Sec. D.8.

3.5. Theoretical Analysis

Our cross-view sampling method CV-LWF attains the fol-
lowing bound on every view simultaneously. The proof is
deferred to appendix.
Theorem 1. Fix a client k and task t. For each view
m ∈ [M ], let wi(A

(m)
k ) be the ℓp Lewis weight of row i

and define the fused scores w̃k,i = maxm∈[M ] wi(A
(m)
k ).

Let Tk =
∑nk

i=1 w̃k,i. Build a reweighted sampling ma-
trix Sk by drawing mk rows i.i.d. with probabilities pk,i =

Algorithm 1 CLIF
1: Initialize: R: communication rounds; K: number of

clients; T : number of tasks; Bprek : client k’s replay
buffer of past tasks;Ds

k: client k’s local dataset for task
s; θg: global model parameters; θk: client k’s local
model parameters.

2: for task t = 1 to T do
3: for communication round r = 1 to R do
4: for each client k = 1 to K do
5: Initialize local model parameters: θk ← θg
6: if t == 1 then
7: Draw ζ from D(1)

k and apply Cross Entropy
loss to update θk.

8: else
9: Draw ζ from D(s)

k ∪ B
pre
k , and update θk us-

ing Eq. 9.
10: end if
11: end for
12: if r < R then
13: Compute the global model by aggregating θk

across clients.
14: else
15: Randomly sample k other-client models for

each client and send them to that client.
16: Compute cross-view Lewis weights under the

different models (Eq. 3), and fuse them across
views using the max rule (see the right column
of line 176).

17: Execute sampling based on fused Lewis
weights on client k to obtain exemplars Ek and
store them in Bprek .

18: Compute the global model by aggregating θk
across clients.

19: end if
20: end for
21: end for

w̃k,i/Tk and per-row weight (mkpk,i)
−1/p. For any acti-

vation functions f that is L-Lipschitz with f(0) = 0 and
p ≥ 1. Consider the constrained, reweighted objective on
D(t)

k,train for each view m:

θ̃
(m)
k ∈ arg min

θ∈E
(m)
k

∥∥Skf
(
A

(m)
k θ

)
− Skyk

∥∥p

p
,

E
(m)
k =

{
θ : ∥SkA

(m)
k θ∥pp ≤

∥Skyk∥pp
εLp

}
.

(10)

If mk≳p ε
−4 Tk d

max{ p
2−1,0} log2 d·log

(
dTk

ε

)
, then, ∀m ∈

[M ], the following holds with probability at least 0.9,∥∥f(A(m)
k θ̃

(m)
k )− yk

∥∥p
p
≤ Cp

(∥∥f(A(m)
k θ

(m)
k,∗ )− yk

∥∥p
p
+ εLp ∥A(m)

k θ
(m)
k,∗ ∥pp

)
,

(11)
where θ

(m)
k,∗ ∈ argminθ ∥f(A(m)

k θ) − yk∥pp and Cp > 0 is
a constant depending only on p.
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Remark. The bound on mk scales with Tk, which is
upper-bounded by Md in the worst case. Replay budgets
in our experiments are much smaller than this bound; thus
the guarantee is primarily qualitative. Since each client’s
local heads {θ̃(m)

k }m trained on the reweighted exemplars
satisfy the per-view error bound, their empirical risks are
uniformly controlled. Under standard FL aggregation (e.g.,
FedAvg), weighted averages of locally well-approximated
heads yield a global model whose risk reflects these local
bounds; hence we expect improved stability across tasks
and reduced forgetting when aggregating from exemplar-
replay clients. We emphasize that Theorem 1 is proved
for ℓp objectives. Nevertheless, the same sampling rule
applies naturally to multi-class classification trained with
cross-entropy, a point that has been empirically validated in
prior work (Huang et al., 2024). Intuitively, cross-entropy
acts as a smooth, classification-calibrated surrogate whose
gradients depend on the underlying feature geometry; thus,
preserving subspace structure via Lewis-weight sampling
remains beneficial. Accordingly, in our experiments we
adopt the proposed sampling strategy for general federated
learning tasks beyond the ℓp setting.

4. Experiments
4.1. Experiment Settings

Datasets. Following existing methods (Li et al., 2025c;
2026a), we evaluate the effectiveness of the proposed
method on three commonly used benchmark datasets, in-
cluding CIFAR10, CIFAR100 (Krizhevsky et al., 2009),
and Tiny-ImageNet (Le & Yang, 2015).

Evaluation Metric. Following existing studies (Sun
et al., 2023; 2025), we use Top-1 accuracy (Top-1 Acc) to
evaluate the performance of all methods.

Implementation Details. For fair comparison, all meth-
ods adopt ResNet-18 as the backbone, with the classifica-
tion head expanded for each new task. Experiments are
conducted with 20 or 40 clients, 20% of which are sam-
pled per round for 200 communication rounds. Data het-
erogeneity is simulated with Dirichlet distributions (β =
{0.5, 1.0}). CIFAR10 is split into 3 and 5 tasks, while CI-
FAR100 and Tiny-ImageNet are partitioned into 5 and 10
tasks, respectively. Each client is trained with local epochs
E = 2. The batch size is set to B = 128 for 20 clients and
B = 64 for 40 clients. We employ the SGD optimizer with
a learning rate of 0.01 and a weight decay of 1 × 10−5.
p = {1, 2} and m = {2, 5, 10} for multi-view Lewis
weight calculation. Each client maintains a fixed-size ex-
emplar memory for replay. When using 20 clients, each
client stores 60 samples per task for CIFAR10 (3 tasks),
40 for CIFAR10 (5 tasks), 40 for CIFAR100 (5 tasks), 20

for CIFAR100 (10 tasks), 80 for Tiny-ImageNet (5 tasks),
and 40 for Tiny-ImageNet (10 tasks). For experiments with
40 clients, the number of exemplars per task is halved ac-
cordingly. The hyperparameter settings of baselines follow
their original papers to ensure fairness: (i) baselines with
established federated versions using their original config-
urations, and (ii) baselines without original federated ver-
sions using widely adopted public implementations.

Additional experiments. The appendix presents addi-
tional experiments. These include (i) per-task performance
evolution to analyze long-term forgetting behavior, (ii) ge-
ometric structure preservation measured by reconstruction
error and selection stability, (iii) evaluations under more
extreme non-IID settings and larger client populations, and
(iv) experiments on larger-scale and more realistic datasets
(e.g., DomainNet (Qi et al., 2026a)) using modern pre-
trained backbones such as CLIP (Radford et al., 2021). To-
gether, these results further validate the robustness, scala-
bility, and geometric fidelity of the proposed method.

4.2. Performance Comparison

This section compares the overall performance of the pro-
posed CLIF against eight state-of-the-art approaches, in-
cluding FineTune (Tran et al., 2024), FedEWC (Kirk-
patrick et al., 2017), FedLwf (Li & Hoiem, 2017), Target
(Zhang et al., 2023), LANDER (Tran et al., 2024), FCIDF
(Lu et al., 2024), Re-Fed+ (Li et al., 2025c) and FedCBDR
(Qi et al., 2026b). We introduce two variants of our frame-
work: CLIFR computes multi-view Lewis scores locally
on each client and selects replay samples on the client side,
following the local replay mechanism of Re-Fed+. CLIFF

aggregates pseudo samples from all clients on the server,
computes multi-view Lewis scores centrally to obtain a
global ranking of replay candidates, following the central-
ized replay pipeline of FedCBDR. The detailed procedure
is outlined in Algorithm 1. Table 1 reports the following
comparative results:

• Both variants of CLIF (CLIFR and CLIFF ) consis-
tently rank among the top two performers in the most
of cases, while each variant yields clear improvements
over all baseline methods.

• Across different degrees of heterogeneity, CLIF con-
sistently maintains its advantage even as the number
of clients increases from 20 to 40, demonstrating ro-
bustness to skewed client distributions and scalability to
larger federated networks.

• Knowledge-distillation-based methods (FedLwf, Target)
achieve moderate improvements compared to FineTune,
but their gains are unstable. Especially under high het-
erogeneity, their performance collapses, showing that
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Table 1. Performance comparison between CLIF and baselines across three datasets under varying levels of heterogeneity (β =
{0.5, 1.0}). Two task-split settings are adopted: 3/5/5 and 5/10/10, where CIFAR10, CIFAR100, and Tiny-ImageNet are split into
3/5, 5/10, and 5/10 tasks, respectively. Results are averaged over three random seeds, and we report mean±standard deviation. The best
results are highlighted in bold.

CIFAR10 CIFAR100 Tiny-ImageNet CIFAR10 CIFAR100 Tiny-ImageNet

20 Clients (3/5/5 Task-Splits) 40 Clients (3/5/5 Task-Splits)

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

FineTune 27.89±2.7 37.71±2.1 16.07±1.2 17.81±0.8 9.59±2.3 10.11±1.5 31.02±1.9 38.74±2.4 15.48±1.8 17.84±2.0 10.46±2.1 10.71±1.6

FedEWC 28.33±1.4 37.82±1.9 17.45±2.4 19.08±2.1 10.34±1.7 11.49±2.5 32.31±1.3 39.46±1.6 16.79±1.9 19.43±1.8 11.16±2.0 11.25±1.4

FedLwf 33.63±1.2 42.93±1.8 24.02±1.7 30.71±1.9 14.85±2.1 16.45±1.6 42.05±2.3 44.20±1.1 26.64±1.5 31.96±2.4 15.04±0.9 15.30±1.3

Target 29.95±1.8 38.82±2.2 19.85±1.0 23.67±2.5 13.74±1.9 15.38±1.2 32.76±0.7 34.77±1.5 22.45±2.0 24.81±1.8 14.79±2.3 15.11±1.6

LANDER 32.66±1.9 39.71±2.0 22.73±1.1 33.69±2.3 16.15±0.6 17.46±1.4 36.15±1.7 39.89±2.5 38.76±2.1 43.43±1.2 15.89±2.4 16.39±1.8

FCIDF 51.12±2.3 52.37±1.0 33.58±2.1 39.85±1.9 15.29±1.9 18.45±1.6 55.18±2.1 60.88±1.2 39.28±2.5 40.17±0.8 14.01±1.3 15.56±2.4

Re-Fed+ 52.45±1.9 61.74±1.1 42.79±2.3 43.56±1.4 18.88±2.0 19.46±1.6 67.16±2.5 69.42±1.3 45.12±1.8 46.04±0.9 18.28±2.7 18.89±1.8

CLIFR 57.30±1.2 64.29±1.3 44.10±1.1 45.83±1.6 19.47±0.6 19.96±1.8 69.44±1.2 72.10±2.1 46.65±1.2 46.40±1.3 19.86±1.1 20.27±1.5

FedCBDR 56.94±1.6 66.01±2.2 42.52±1.5 44.85±0.8 18.81±1.9 19.79±1.2 70.65±2.3 72.57±1.6 45.74±2.4 46.20±1.1 18.92±2.3 19.24±2.1

CLIFF 62.47±2.4 68.29±1.0 43.84±1.7 46.34±1.2 19.14±0.9 19.60±1.8 73.23±1.5 76.21±2.0 46.86±2.1 47.26±0.7 19.79±1.4 19.99±1.3

20 Clients (5/10/10 Task-Splits) 40 Clients (5/10/10 Task-Splits)

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

FineTune 20.45±1.4 23.63±0.9 10.42±1.7 11.67±1.2 6.05±0.7 6.47±1.9 23.55±1.6 24.84±1.1 12.21±1.9 17.84±0.8 6.22±1.3 6.94±1.5

FedEWC 21.36±1.2 16.97±0.6 10.50±1.8 12.61±1.1 6.89±1.4 7.45±1.9 24.12±1.0 25.29±1.7 13.94±0.9 19.43±1.6 6.61±1.3 7.58±1.5

FedLwf 27.46±1.1 29.94±1.8 15.71±1.3 20.97±0.7 12.80±1.6 13.44±1.4 30.06±1.2 31.96±1.5 15.41±1.7 21.19±0.9 13.79±1.8 15.05±0.6

Target 22.21±1.3 25.38±1.4 13.89±0.8 18.02±1.2 8.47±1.9 9.26±1.0 26.31±1.5 30.37±1.1 13.24±1.8 15.24±1.6 10.47±0.7 11.28±1.4

LANDER 23.64±0.9 32.78±1.7 16.20±1.3 21.46±1.1 9.37±1.6 16.09±1.9 27.17±1.0 43.40±1.8 17.46±1.5 21.38±0.6 14.80±1.2 16.21±1.7

FCIDF 46.84±1.5 47.16±1.9 33.37±1.2 35.20±1.3 14.34±0.8 16.43±1.4 52.33±1.6 56.09±0.9 34.77±1.3 37.42±1.5 13.30±1.3 14.74±2.2

Re-Fed+ 49.10±1.7 60.32±1.4 39.18±0.9 40.42±1.3 15.19±1.8 16.45±1.1 61.92±1.2 68.28±1.6 41.74±1.1 43.06±1.6 16.26±0.6 16.68±1.5

CLIFR 52.34±0.8 63.04±1.2 40.23±1.5 41.05±1.9 16.27±1.0 17.51±1.6 63.44±1.7 71.34±1.1 43.61±1.4 44.15±1.6 18.04±2.1 18.32±1.3

FedCBDR 50.50±1.6 65.47±0.9 39.37±1.3 39.52±1.7 15.38±1.2 17.40±1.8 66.78±1.4 74.05±1.0 42.93±1.4 44.56±1.2 16.08±0.7 16.11±1.5

CLIFF 52.85±1.2 68.14±1.9 40.42±1.1 41.39±1.4 16.49±1.8 17.63±1.5 68.06±0.9 75.54±1.3 43.85±1.1 45.81±1.4 17.14±1.3 17.18±1.7

distillation is insufficient for long-term knowledge reten-
tion.

• LANDER generally performs well across many cases,
but its performance is unstable and consistently inferior
to CLIF, particularly on CIFAR100. This instability
stems from the forgetting issue of its generator, which
weakens the quality of replayed data.

4.3. Ablation Study

This section evaluates the contributions of the main mod-
ules, including CV-LWF, FWT. The key findings are re-
ported in Table 2 and can be summarized as follows:

• Integrating the Cross-View Lewis Weight Fusion (CV-
LWF) module consistently improves the performance
of both base methods across all settings, indicating its
effectiveness in enhancing exemplar representativeness
and stabilizing replay selection.

• Incorporating the Frequency-aware Weighted Training
(FWT) module further enhances performance, suggest-
ing that the manner in which replay data are utilized
plays a crucial role in mitigating forgetting and improv-
ing generalization.

• The integration of both modules achieves the best per-
formance, as it simultaneously enhances exemplar repre-
sentativeness and optimizes their utilization during train-
ing.

4.4. Quantitative Analysis under Different
Hyperparameter Settings

This section explores the performance of CLIFR, CLIFF ,
FCIDF, Re-Fed+, and FedCBDR under diverse hyperpa-
rameter settings, covering different memory buffer sizes,
local training epochs, fraction of clients participating per
round, and varying numbers of views for data selection.

Data Selection under Varying Numbers of Views. We
evaluate the effect of varying m-views on performance
across three datasets, with m ∈ {2, 5, 10}. As reported
in Table 3, as the m value increases from 2 to 5, the model
performance improves accordingly. This is reasonable, as
multi-view features extracted from more client models en-
able a more comprehensive evaluation. However, when the
m value increases from 5 to 10, model performance does
not necessarily improve, as incorporating too many client
models may introduce redundant or noisy features that un-
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Table 2. Ablation results of CV-LWF and FWT on CIFAR10/100 with 5-task splits, 20 clients (20% participation), using Re-Fed+ and
FedCBDR as bases under β = 0.5 and β = 1.0.

Base (Re-Fed+) Base (FedCBDR)

CIFAR10 CIFAR100 CIFAR10 CIFAR100

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

Base 52.45±1.9 61.74±1.1 42.79±2.3 43.56±1.4 56.94±1.6 66.01±2.2 42.52±1.5 44.85±0.8

+ CV-LWF (p = 1) 56.11±2.0 63.37±2.2 43.61±0.6 45.19±0.8 60.94±0.9 67.46±2.2 43.21±2.9 46.02±2.9

+ CV-LWF (p = 2) 56.40±1.4 63.52±2.5 43.82±1.6 45.27±1.2 61.68±2.2 67.11±1.1 43.47±2.5 45.68±2.1

+ CV-LWF (p = 1) + FWT 57.30±1.2 64.13±1.8 44.10±1.1 45.76±2.7 62.28±2.7 68.29±1.0 43.54±0.8 46.34±1.2

+ CV-LWF (p = 2) + FWT 57.11±1.7 64.29±1.3 44.07±1.2 45.83±1.6 62.47±2.4 67.47±1.0 43.84±1.7 46.12±1.8

Table 3. Evaluation of the two CLIF variants compared with Re-Fed+ and FedCBDR under different m-view settings (m = {2, 5, 10})
across three datasets.

CIFAR10 CIFAR100 Tiny-ImageNet

m = 2 m = 5 m = 10 m = 2 m = 5 m = 10 m = 2 m = 5 m = 10

FCIDF 46.84±1.5 33.58±2.1 15.29±1.9

Re-Fed+ 49.10±1.7 42.79±2.3 18.28±2.7

CLIFR 52.34±0.8 54.97±1.4 51.66±1.9 44.10±1.1 45.35±2.1 44.55±1.7 19.45±1.2 19.86±1.4 19.67±1.1

FedCBDR 50.50±1.6 42.52±1.5 18.92±2.3

CLIFF 52.85±1.2 56.63±1.9 57.67±1.8 43.84±1.4 44.20±1.7 44.28±1.6 19.63±1.3 19.79±1.3 19.19±1.5

dermine exemplar selection. This observation also suggests
a promising avenue for future research.

Re-Fed+

FCIDF

CLIFF

FedCBDR

CLIFR

Figure 3. Evaluation of model performance under different client
participation ratios across three datasets. Both variants of CLIF
outperform the corresponding baselines.

Figure 4. Performance comparison of different methods under
varying local training epochs. Our method brings performance
gains to the baselines under all settings.

Fraction of Clients Participating per Round. This ex-
periment investigates the impact of client participation ra-
tio on model performance. We conduct evaluations on CI-
FAR10 and CIFAR100 under participation ratios of 0.1,
0.2, 0.4, and 0.8. Benefiting from the increase in client par-
ticipation ratio, the global distribution becomes more bal-
anced, leading to performance improvements for all meth-
ods. More importantly, our approach consistently outper-
forms the compared baselines, as shown in Figure 3, indi-
cating the effectiveness of cross-view selection in leverag-
ing heterogeneous client data for robust knowledge reten-
tion.

Local Training Epochs. We adjust the local training
epochs from {1, 2, 4, 8} for several exemplar replay-based
methods. As illustrated in Figure 4, all methods show per-
formance improvements on both datasets as the number of
local epochs increases, but the gains become marginal or
even decline when the epochs are large, suggesting that ex-
cessive local training may cause overfitting or client drift.
Moreover, CLIFR and CLIFF consistently outperform
their corresponding baselines across different local epochs,
validating the effectiveness of the cross-view strategy.

Figure 5. Impact of per-task memory buffer size on model perfor-
mance across three datasets, where the CLIF variants consistently
outperform baselines.

Memory Buffer Size. Figure 5 shows the performance
of different methods under varying memory buffer sizes.
For CIFAR10 and CIFAR100, we adjust the number of re-
play samples per task to 20, 40, and 80. Clearly, all meth-
ods benefit from larger buffer sizes, and the CLIF variants
consistently outperform baselines, demonstrating robust-
ness under limited memory and adaptability to both simple
and complex tasks. Moreover, applying cross-view strategy
locally enables CLIFR to even surpass the original global
feature-sharing approach FedCBDR in some cases.
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Table 4. Client sample selection / generator training time and peak
GPU memory with 20 clients and a ResNet18 backbone.

Method CIFAR10 Tiny-ImageNet

Time (s) GPU Mem (MB) Time (s) GPU Mem (MB)

LANDER 27.378 3604 29.748 3987
Re-Fed+ 6.352 566 10.966 673
FedCBDR 0.854 682 0.882 736
CLIFR (2-views) 2.251 1449 4.033 1546
CLIFR (5-views) 3.781 1449 7.711 1546
CLIFR (10-views) 6.825 1449 14.207 1546
CLIFF F (2-views) 1.144 1511 1.801 1624
CLIFF F (5-views) 1.741 1511 2.881 1624
CLIFF F (10-views) 2.528 1511 4.442 1624

4.5. Evaluation of the Memory and Computational
Overhead

This section added a dedicated analysis of the cost of com-
puting Lewis weights and cross-view fusion. Specifically,
following Tables now report the peak GPU memory usage
and average client sample selection or generator training
time for our method versus Re-Fed+ and FedCBDR, un-
der the same hardware and hyper-parameters, showing that
the additional overhead is quantitatively modest. Notably,
the GPU peak is dominated by the fixed costs, the main
model and all clients’ local weights, and the k views run se-
quentially with their features immediately moved to CPU,
larger k only increases runtime, not simultaneous GPU us-
age. Therefore, k = 2, 5, 10 yields nearly identical GPU
peak memory.

4.6. Performance Evaluation under a Larger Number
of Clients and Extreme Heterogeneity Scenarios

Table 5. Performance comparison under β = 0.1 with 100 clients.

β = 0.1
CIFAR10 CIFAR100 TinyImageNet

ResNet18 CLIP ResNet18 CLIP ResNet18 CLIP

Re-Fed+ 35.59 90.02 26.46 68.51 18.78 34.38
CLIFR 39.75 90.86 31.65 70.22 22.80 39.27
FedCBDR 38.82 86.74 28.15 70.18 18.45 36.92
CLIFF F 40.11 90.53 32.17 70.49 22.72 41.01

This section extends our experiments in two directions.
First, we evaluate the proposed CLIF framework with both
ResNet-18 and CLIP (ViT-B/16) backbones on 100 clients
under 10-task class-incremental settings, and compare it
against the same state-of-the-art baselines as in the main
text. Second, we investigate more extreme data hetero-
geneity by using a smaller Dirichlet parameter (β = 0.1)
when partitioning data across clients. The results are sum-
marized in Table 5, which shows that CLIF consistently
outperforms the baselines under 100-client settings and re-
mains robust under highly non-IID partitions, indicating
good scalability and robustness of our method in more chal-
lenging FL regimes.

4.7. Performance Comparison with CLIP Backbone

This section additionally incorporated a CLIP backbone to
better reflect modern practice. We evaluate CLIF with this
CLIP backbone on CIFAR-10/100, TinyImageNet, and Do-
mainNet under various heterogeneity levels (β = 0.1, 0.5)
and 20-client settings. The results reported in the Table 6
show that CLIF continues to outperform strong baselines
when built on top of a high-quality, pre-trained transformer
backbone, indicating that the method is effective not only
when training a small ResNet-18 from scratch, but also in
the more realistic pre-training / fine-tuning regime.

Table 6. Average accuracy on CIFAR10, CIFAR100, and TinyIm-
ageNet under different task splits and heterogeneity levels.

CIFAR10 CIFAR100 TinyImageNet

Method β = 0.1 β = 0.5 β = 0.1 β = 0.5 β = 0.1 β = 0.5

Task 3/5/5
iCarl 87.35 90.57 59.38 63.48 16.94 22.08
Re-Fed+ 89.02 90.68 71.96 72.35 31.29 47.58
CLIFR 92.48 93.34 73.47 73.98 37.45 48.83
FedCBDR 90.79 92.33 73.07 74.07 35.26 46.30
CLIFF F 92.85 92.89 73.09 74.28 35.84 48.19

Task 5/10/10
iCarl 88.67 90.74 63.48 65.39 17.28 20.16
Re-Fed+ 91.19 92.04 72.46 72.60 35.33 41.87
CLIFR 92.54 93.51 73.88 74.03 38.50 45.69
FedCBDR 91.57 91.86 72.57 73.01 36.57 45.44
CLIFF F 93.11 93.18 73.60 74.94 38.85 46.92

5. Conclusions and Future Work
To address the challenge of balancing effectiveness and pri-
vacy in exemplar replay-based FCIL, this paper proposes
CLIF, which fuses Lewis scores from multiple feature per-
spectives to achieve consistent importance estimation. Fur-
thermore, it introduces a frequency-based weighted train-
ing strategy, which adjusts the loss contribution of sam-
ples based on their selection frequency. Experiments
on three datasets demonstrate that CLIF consistently im-
proves baseline methods by 1%–6%.

Despite CLIF performs well, several limitations remain
to be explored. Specifically, we plan to design cross-
view model evaluation methods to handle undertrained lo-
cal models and enhance the robustness of data selection in
CLIF. Moreover, to overcome the issue of replay-induced
heterogeneity, exploring multi-source model aggregation
techniques is a promising direction for FCIL.
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A. Proof of Theorem 1
Theorem 1. Fix a client k and task t. For each view m∈ [M ], let wi(A

(m)
k ) be the ℓp Lewis weight of row i and define

the fused scores w̃k,i = maxm∈[M ] wi(A
(m)
k ). Let Tk =

∑nk

i=1 w̃k,i. Build a reweighted sampling matrix Sk by drawing
mk rows i.i.d. with probabilities pk,i = w̃k,i/Tk and per-row weight (mkpk,i)

−1/p. For any activation functions f that is
L-Lipschitz with f(0) = 0 and p ≥ 1. Consider the constrained, reweighted objective on D(t)

k,train for each view m:

θ̃
(m)
k ∈ arg min

θ∈E
(m)
k

∥∥Skf
(
A

(m)
k θ

)
− Skyk

∥∥p
p
, E

(m)
k =

{
θ : ∥SkA

(m)
k θ∥pp ≤

∥Skyk∥pp
εLp

}
. (12)

If mk≳p ε
−4 Tk d

max{ p
2−1,0} log2 d · log

(
dTk

ε

)
, then, ∀m ∈ [M ], the following holds with probability at least 0.9,∥∥f(A(m)

k θ̃
(m)
k )− yk
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p
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, (13)

where θ
(m)
k,∗ ∈ argminθ ∥f(A(m)

k θ)− yk∥pp and Cp > 0 is a constant depending only on p.

To prove Theorem 1, we introduce the following two lemmas:
Lemma 2 (Theorem 3.5 in (Huang et al., 2024)). Let p ≥ 1, f be L-Lipschitz with f(0) = 0, A ∈ Rn×d, y ∈ Rn.
Consider a reweighted sampling matrix S built from weights ti with sampling probabilities pi = ti/m where m =

∑
i ti.

If ti ≥ β wi(A) for all i with

β ≳p ε−4 dmax{ p
2−1,0} log2 d · log

( n∑
i=1

ti

)
, (14)

then, for
θ̃ ∈ argmin

θ∈E
∥Sf(Aθ)− Sy∥pp with E =

{
θ : ∥SAθ∥pp ≤

∥Sy∥p
p

εLp

}
, (15)

it holds with probability at least 0.9 that

∥f(Aθ̃)− y∥pp ≤ Cp

(
∥f(Aθ∗)− y∥pp + εLp∥Aθ∗∥pp

)
, θ∗ = argmin

θ
∥f(Aθ)− y∥pp. () (16)

Here Cp > 0 depends only on p.
Lemma 3 (Corollary 3.6 in (Huang et al., 2024)). Let A(1), . . . , A(M) ∈ Rn×d and set T =

∑n
i=1 maxm∈[M ] wi(A

(m)).
There exists a shared reweighted sampling matrix S built with sampling probabilities proportional to maxm wi(A

(m))
such that, if

m ≳p ε−4 T dmax{ p
2−1,0} log2 d · log

(
dT
ε

)
, (17)

then simultaneously for all m ∈ [M ], the conclusion of Lemma 2 holds with A ← A(m), the same S, and the same
constraint set E (built with S and A(m)).

Now we provide the proof of Theorem 1.

Proof. Apply Lemma 3 with the collection {A(m)}Mm=1 = {A(m)
k }Mm=1 and with the target vector y = yk. Our construction

of Sk uses sampling probabilities pk,i ∝ maxm wi(A
(m)
k ) and per–row weights (mkpk,i)

−1/p, hence Sk matches the S
required by Lemma 3.

If the sample size satisfies
mk ≳p ε−4 Tk d

max{ p
2−1,0} log2 d · log

(
dTk

ε

)
,

then Lemma 3 guarantees that, with probability at least 0.9, for every view m ∈ [M ], the solution
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}
, (18)

satisfies ∥∥f(A(m)
k θ̃

(m)
k )− yk

∥∥p
p
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(∥∥f(A(m)
k θ

(m)
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p
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where θ
(m)
k,∗ ∈ argminθ ∥f(A(m)

k θ)− yk∥pp.

Under the stated sample complexity on mk and the Lewis-weight–max fusion sampling, the desired inequality holds for
all views simultaneously with probability at least 0.9, completing the proof.
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B. Definition of reconstruction error
We further assess the representativeness of the subset by evaluating how well its induced subspace can approximate the
full dataset. Specifically, let Ur ∈ Rd×r denote the top-r eigenvectors of the subset covariance CS = A⊤

SAS . The
reconstruction of the global feature matrix is given by

Â = (A− µ)UrU
⊤
r , (20)

where µ is the centering mean (either global or subset mean). The reconstruction error (RE) is then defined as

RE(A,AS , r) =
∥(A− µ)− (A− µ)UrU

⊤
r ∥2F

∥A− µ∥2F
. (21)

A lower RE indicates that the subset preserves the global geometry more effectively.

C. Other Related Works
C.1. Federated Learning with Non-IID Data

Non-IID data in federated learning refers to the situation in which data held by different participants do not follow the same
distribution (Wu et al., 2026c; Ma et al., 2024; Liu et al., 2024). Such heterogeneity commonly arises from differences in
user populations, business contexts, geographic regions, data collection devices, sample sizes, and task environments (Ma
et al., 2026b;a; Feng & Ge, 2026; Ma et al., 2023). In real-world applications, hospitals may differ in patient composition
and imaging equipment, banks may serve different customer groups with distinct risk profiles, and mobile users may exhibit
diverse behavioral patterns and language habits (Ma et al., 2025; Feng et al., 2026b; Liao et al., 2025). These differences
lead to variations in label distributions, feature distributions, and data volumes across clients (Wu et al., 2025; Guo et al.,
2025). Unlike centralized learning, federated learning cannot directly aggregate raw data to correct these distributional
differences, making Non-IID data one of the core challenges in federated learning (Zhang et al., 2025b).

Non-IID data can make local model updates across clients inconsistent, leading to client drift, slower convergence, and even
degraded global model performance (Guo et al., 2024; Zhang et al., 2024). Moreover, the model may learn source-specific
spurious correlations induced by institutions, devices, environments, or user groups, rather than stable task-relevant repre-
sentations, which weakens its out-of-distribution generalization ability when deployed in new institutions, user populations,
or environments. Existing studies address this problem through improved aggregation mechanisms, local regularization,
representation alignment, and personalized federated learning (Yi et al., 2026a; Zhang et al., 2025a). For personalized
federated learning, Non-IID data is not only a technical challenge but also an incentive issue: if the shared model cannot
adequately adapt to a participant’s local data distribution, that participant may receive limited benefits from collaboration,
weakening its willingness to contribute continuously (Yi et al., 2026b).

D. Other Results
D.1. Performance comparison on DomainNet Dataset

This section added a new experimental section on DomainNet, containing roughly 600K images. Concretely, we first
split DomainNet into training and test sets with an 8:2 ratio for each category. Following standard practice for federated
non-IID partitioning, we then distribute the training data to 20 clients using a Dirichlet prior over label distributions with
concentration parameters β = {0.1, 0.5}. On top of this client partition, we adopt a 10-task incremental split, and each
client is allowed to replay 340 samples per task in our continual federated setting. We evaluate both a ResNet-18 and
CLIP (ViT-Base/16) to further validate generalizability across model capacities, where CLIP is trained by incorporating
multimodal prompt tuning, the size of the learnable textual prompt and visual prompt are 10*512 and 10*768, respectively.

As reported in the Table 7, our method consistently outperforms all baselines on DomainNet across both Dirichlet settings
and both backbones, achieving higher average accuracy while reducing forgetting under substantially more challenging
non-IID conditions.

D.2. Performance Evaluation of Various Methods at Each Incremental Stage

In this section, we evaluate all methods on incremental tasks across three datasets. As illustrated in Figure 6, the relative
improvement of CLIF variants over baselines is more pronounced on CIFAR10, but remains visible on CIFAR100 and
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Table 7. Results on DomainNet with 20 clients.

20 Clients
DomainNet

ResNet18 CLIP

β = 0.1 β = 0.5 β = 0.1 β = 0.5

Re-Fed+ 14.82 46.82 55.35 57.63
CLIFR 16.21 48.64 56.74 60.03
FedCBDR 15.28 46.73 55.47 58.80
CLIFF 16.33 50.70 57.01 61.12

Tiny-ImageNet. The superior performance of CLIFF and CLIFR can be attributed to stronger representative sample se-
lection and the contribution weighting of critical samples, which help mitigate forgetting and improve knowledge transfer.
In particular, on CIFAR10, CLIFF achieves the most stable performance, maintaining higher accuracy across later tasks
compared to CLIFR.

Figure 6. Incremental performance evaluation on CIFAR-10, CIFAR-100, and Tiny-ImageNet with 20 clients under heterogeneity
β = 0.5, a 5-task splitting, client participation rate p = 0.2, and local training epoch e = 1. CLIFF and CLIFR consistently
outperform their baselines on all cases.

K=16 K=64K=32

Figure 7. Reconstruction error comparison between Re-Fed+ and CLIF under different subspace dimensions K = {16, 32, 64}. Across
all values of K, CLIF consistently achieves lower reconstruction error, indicating superior preservation of the global feature space
geometry.

D.3. Evaluating Geometric Structure Preservation

In this section, we evaluate the representativeness of replay subsets using the reconstruction error (RE) metric, which
measures how well the subspace spanned by the selected samples can approximate the global feature space. Specifically,
for each client, we construct a low-dimensional subspace of dimension K ∈ {16, 32, 64} from the selected subsets and
compute the reconstruction error of the full client data. The results are reported in Figure 7. It is evident that across all
values of K, our proposed CLIF consistently achieves lower reconstruction error compared with the baseline Re-Fed+,
demonstrating that the multi-view Lewis weight fusion strategy preserves the global geometry of the feature space more
effectively.

15



Cross-View Lewis Weight Fusion Empowering Exemplar Replay for Federated Class-Incremental Learning

Table 8. Average set overlap (Jaccard index) and average ranking consistency (Spearman correlation) between the exemplars selected
(Top-40) at the end of task 1 and those re-selected after the backbone has continuously evolved during task 2 on all clients.

CIFAR10 CIFAR100

2-views 5-views 10-views 2-views 5-views 10-views

Jaccard 0.6127 0.6038 0.6072 0.5723 0.5842 0.5693
Spearman 0.8366 0.8147 0.8275 0.8283 0.8416 0.8154

Table 9. Total communication over n rounds. Here |θ|: full model size; |θenc|: encoder size; n: number of rounds a client participates;
k: number of additional views; |D|: number of uploaded samples; d: feature dimension; |B|: replay buffer size.

Method Total Download Total Upload Notes

Re-Fed+ (Local replay) n |θ| n |θ| Replay selection is purely local; no extra
transfers beyond baseline.

CLIFR (Cross-view replay) n |θ|+ k |θenc| n |θ| At the final round, an extra download of k
client encoders θenc is performed; uplink
remains the same as baseline.

FedCBDR (Global replay) n |θ|+ |B| n |θ|+ |D| d Upload |D| feature vectors of dimension d
once at selection (extra uplink = |D| d).
The server identifies the sample IDs and
sends them back to the respective clients.

CLIFF (Global cross-view replay) n |θ|+ k |θenc|+ |B| n |θ|+ k |D| d Compared with FedCBDR, it incurs an ex-
tra download of k encoders and an extra up-
load of features extracted by k models.

D.4. Stability of Cross-Task Sample Selection

This section measures the average set overlap (Jaccard index) and average ranking consistency (Spearman correlation)
between the exemplars selected (Top-40) at the end of task 1 and those re-selected after the backbone has continuously
evolved during task 2 on client 1. As shown in Table 8, even under configurations with up to 100 rounds of federated
training, we still observe that the overlap remains consistently high, indicating that the exemplar set remains stable despite
substantial model updates. These values also indicate that, when selecting Top-40 exemplars, about 30 samples are shared
between the exemplar sets across model snapshots. Specifically, a Jaccard score of 0.6000 corresponds to 30 overlapping
samples, 0.5686 corresponds to 29.

D.5. Communication and bandwidth overhead

All methods inherit the baseline FL cost of downloading and uploading one full model per participating round, i.e., n|θ|
download and n|θ| upload, as shown in Table 9, where |θ| is full model size; |θenc| denotes encoder size; n is the number
of rounds a client participates; k is the number of additional views; |D| is the number of uploaded samples; d is feature
dimension; |B| denotes the replay buffer size.

Re-Fed+ (Local replay). Replay selection is purely local; the total remains n|θ| download and n|θ| upload.

CLIFR (Cross-view replay). A one-off multi-view step at the final round dispatches k encoders to each client. Thus the
total becomes n|θ|+ k|θenc| download and n|θ| upload (uplink unchanged from baseline).

FedCBDR (Global replay). Each client downloads a list of |B| sample IDs (not the samples themselves) once and uploads
the features of |D| samples (feature dimension d). Totals: n|θ|+ |B| download and n|θ|+ |D|d upload.

CLIFF (Global cross-view replay). This combines FedCBDR with the multi-view encoders: totals are n|θ|+k|θenc|+ |B|
download and n|θ| + k|D|d upload. Equivalently, relative to FedCBDR it adds downloading k encoders and uploading
features extracted by k models.
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Table 10. Analysis of different view construction strategies on model performance across three datasets under varying levels of hetero-
geneity (β = {0.5, 1.0}). Two task-split settings are adopted: 3/5/5 and 5/10/10, where CIFAR10, CIFAR100, and Tiny-ImageNet are
split into 3/5, 5/10, and 5/10 tasks, respectively. Results are averaged over three random seeds, and we report mean±standard deviation.
The best results are highlighted in bold.

CIFAR10 CIFAR100 Tiny-ImageNet CIFAR10 CIFAR100 Tiny-ImageNet

20 Clients (3/5/5 Task-Splits) 40 Clients (3/5/5 Task-Splits)

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

Re-Fed+ 52.45±1.9 61.74±1.1 42.79±2.3 43.56±1.4 18.88±2.0 19.46±1.6 67.16±2.5 69.42±1.3 45.12±1.8 46.04±0.9 18.28±2.7 18.89±1.8

CLIFR 57.30±1.2 64.29±1.3 44.10±1.1 45.83±1.6 19.47±0.6 19.96±1.8 69.44±1.2 72.10±2.1 46.65±1.2 46.40±1.3 19.86±1.1 20.27±1.5

CLIFR+G 57.13±1.5 64.57±1.1 43.86±0.9 45.92±1.4 19.21±1.1 19.58±1.2 69.79±1.1 72.31±1.4 46.24±1.6 46.31±1.1 19.52±1.8 20.11±1.2

CLIFR+B 57.77±1.3 64.61±1.7 44.31±1.8 45.16±1.2 19.41±0.7 19.73±1.4 69.69±1.1 72.16±1.3 46.41±1.6 46.72±1.5 19.39±1.0 20.44±1.4

FedCBDR 56.94±1.6 66.01±2.2 42.52±1.5 44.85±0.8 18.81±1.9 19.79±1.2 70.65±2.3 72.57±1.6 45.74±2.4 46.20±1.1 18.92±2.3 19.24±2.1

CLIFF 62.47±2.4 68.29±1.0 43.84±1.7 46.34±1.2 19.14±0.9 19.60±1.8 73.23±1.5 76.21±2.0 46.86±2.1 47.26±0.7 19.79±1.4 19.99±1.3

CLIFF+G 61.89±1.7 68.52±1.2 43.41±1.3 46.77±1.6 18.92±1.1 19.82±1.2 72.83±1.5 75.53±1.4 46.69±1.1 47.71±1.6 19.55±1.5 19.38±1.3

CLIFF+B 62.07±1.6 68.44±1.5 43.51±1.2 46.52±1.5 19.22±0.8 19.91±1.5 73.41±1.3 75.88±1.6 46.15±1.8 46.86±1.2 19.21±1.9 19.57±1.4

20 Clients (5/10/10 Task-Splits) 40 Clients (5/10/10 Task-Splits)

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

Re-Fed+ 49.10±1.7 60.32±1.4 39.18±0.9 40.42±1.3 15.19±1.8 16.45±1.1 61.92±1.2 68.28±1.6 52.15±1.4 53.20±1.7 16.26±0.6 16.68±1.5

CLIFR 52.34±0.8 63.04±1.2 40.23±1.5 41.05±1.9 16.27±1.0 17.51±1.6 63.44±1.7 71.34±1.1 53.26±1.8 53.88±0.7 18.04±2.1 18.32±1.3

CLIFR+G 51.88±1.4 62.54±1.1 40.34±1.2 40.85±2.1 16.31±1.7 17.73±1.2 62.81±1.5 70.76±1.2 53.44±1.4 53.84±1.1 17.75±1.7 18.06±1.6

CLIFR+B 52.61±1.1 62.41±1.5 40.45±1.5 41.52±1.5 16.18±1.3 17.60±1.1 63.52±1.6 71.22±1.5 53.56±1.6 53.41±1.7 18.37±2.0 18.13±1.3

FedCBDR 50.50±1.6 65.47±0.9 39.37±1.3 39.52±1.7 15.38±1.2 17.40±1.8 66.78±1.4 74.05±1.0 51.09±1.9 52.30±1.1 16.08±0.7 16.11±1.5

CLIFF 52.85±1.2 68.14±1.9 40.42±1.1 41.39±1.4 16.49±1.8 17.63±1.5 68.06±0.9 75.54±1.3 53.30±1.6 54.52±1.0 17.14±1.3 17.18±1.7

CLIFF+G 52.24±1.4 67.65±1.6 40.61±1.3 41.24±1.7 16.63±1.2 17.84±1.1 67.67±1.5 75.31±1.4 52.83±1.1 54.01±1.6 17.43±1.2 16.83±1.4

CLIFF+B 53.11±1.8 68.43±1.2 40.77±1.0 41.51±1.5 16.31±1.3 17.73±1.6 67.44±1.1 75.67±1.7 53.11±1.3 54.26±0.8 17.28±1.6 17.41±1.3

D.6. Analysis of the Impact of Different View Construction Strategies on Model Performance

To further mitigate the risk of privacy leakage from sharing client models, we propose two alternative strategies:

1. Gaussian perturbation (G) (Truex et al., 2020): add small Gaussian noise to the client parameters

θ̃k = θk + ϵ, ϵ ∼ N (0, σ2I), (22)

where σ2 = 0.1 controls the noise variance.

2. Dynamic Beta-weighted combination (B) (Mao et al., 2020): generate weighting coefficients from a Beta distribu-
tion to combine two different model parameters

θ̃ = η θa + (1− η) θb, η ∼ Beta(1, 1). (23)

After perturbation or combination, the resulting model is then sent to the corresponding client. Moreover, the perfor-
mance of these alternative approaches is evaluated, with the comparison results presented in Table 10. As observed, their
performance is generally similar, indicating that the proposed alternatives are largely equivalent in effectiveness.

D.7. Qualitative Analysis of Sample Selection

To further examine the effectiveness of different replay strategies, we conduct a qualitative comparison between CLIF and
Re-Fed+ in terms of sample selection, using t-SNE (Zhang et al., 2026) to visualize the learned data representations. As
shown in Figure 8, Re-Fed+ often fails to preserve minority-class instances, leading to biased replay buffers that emphasize
majority classes. Moreover, the selected samples tend to cluster in a few regions of the feature space, indicating limited
diversity and insufficient representativeness. In contrast, CLIF consistently maintains coverage across all classes, ensuring
that even minority categories are represented in the replay buffer. The selected samples are also more dispersed and
complementary to each other, which highlights their diversity and representativeness. Such balanced and globally aware
selection is crucial for mitigating forgetting and maintaining stable performance in federated class-incremental learning.
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Figure 8. Comparison between CLIF and Re-Fed+ in sample replay. Re-Fed+ tends to lose samples from minority classes and exhibits
limited diversity in its selection. In contrast, CLIF is able to retain samples from all classes, while ensuring greater diversity and more
representative coverage across the feature space.

D.8. Performance Analysis under Various Re-weighting Schemes

Table 11. Analysis of different re-weighting strategies on model performance across three datasets under varying levels of heterogeneity
(β = {0.5, 1.0}). Two task-split settings are adopted: 3/5/5 and 5/10/10, where CIFAR10, CIFAR100, and Tiny-ImageNet are split into
3/5, 5/10, and 5/10 tasks, respectively. Results are averaged over three random seeds, and we report mean±standard deviation. The best
results are highlighted in bold. Focal denotes the Focal loss. CB indicates the class frequency-based re-weighting.

CIFAR10 CIFAR100 Tiny-ImageNet CIFAR10 CIFAR100 Tiny-ImageNet

20 Clients (3/5/5 Task-Splits) 40 Clients (3/5/5 Task-Splits)

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

Re-Fed+ 52.45±1.9 61.74±1.1 42.79±2.3 43.56±1.4 18.88±2.0 19.46±1.6 67.16±2.5 69.42±1.3 45.12±1.8 46.04±0.9 18.28±2.7 18.89±1.8

CLIFR 57.30±1.2 64.29±1.3 44.10±1.1 45.83±1.6 19.47±0.6 19.96±1.8 69.44±1.2 72.10±2.1 46.65±1.2 46.40±1.3 19.86±1.1 20.27±1.5

CLIFR+Focal 54.32±1.7 63.21±1.2 42.13±1.4 43.73±1.1 18.44±1.8 18.61±0.9 68.15±1.3 71.38±1.1 45.82±1.5 45.63±1.8 19.32±2.2 19.56±2.1

CLIFR+CB 56.53±1.6 63.92±1.3 44.51±1.4 44.73±1.2 19.26±1.1 19.54±1.6 68.35±1.2 71.70±1.8 46.83±1.4 45.78±1.2 19.12±1.1 19.29±1.8

20 Clients (5/10/10 Task-Splits) 40 Clients (5/10/10 Task-Splits)

β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0 β = 0.5 β = 1.0

Re-Fed+ 49.10±1.7 60.32±1.4 39.18±0.9 40.42±1.3 15.19±1.8 16.45±1.1 61.92±1.2 68.28±1.6 52.15±1.4 53.20±1.7 16.26±0.6 16.68±1.5

CLIFR 52.34±0.8 63.04±1.2 40.23±1.5 41.05±1.9 16.27±1.0 17.51±1.6 63.44±1.7 71.34±1.1 53.26±1.8 53.88±0.7 18.04±2.1 18.32±1.3

CLIFR+Focal 51.36±1.5 61.52±1.6 40.57±1.3 41.11±1.6 15.47±2.1 16.68±1.5 62.33±1.6 69.92±1.8 53.18±1.3 53.22±1.4 18.07±1.8 17.76±1.3

CLIFR+CB 51.12±1.4 62.08±1.6 39.92±1.4 40.82±1.7 15.78±1.2 17.42±1.4 63.61±1.3 70.64±1.9 52.77±1.3 53.65±1.6 17.67±1.8 17.74±2.0

This section compares the impact of different re-weighted losses on model performance, including our sampling-frequency
re-weighted (FWT) loss, Focal Loss, and a class-balanced re-weighted loss. As reported in Table 11, our method achieves
the best performance in most cases, indicating that prioritizing and re-weighting higher-information samples is key to
improving model robustness and generalization. In contrast, Focal Loss focuses on “hard” examples, which can over-
weight noisy labels and still doesn’t address class coverage or replay-buffer bias. Class-balanced (CB) loss reweights only
by counts, ignoring sample informativeness and task dynamics, so an unbalanced buffer under federated non-IID remains
unfixed.

D.9. Discussion on Model Selection

This section discusses two representative directions, which we consider as part of future work:

• Selection based on local validation performance. Each client could evaluate candidate models on a small local val-
idation set and prioritize those with lower validation loss or higher accuracy. This may better align the selected views
with the client’s own data distribution, but requires multiple additional forward passes over several external models.

• Selection based on feature similarity or diversity. Using a shared probe set or a small subset of local samples,
one could compute feature representations for candidate models and choose views according to their similarity to (or
diversity from) the local model in feature space. For example, favoring more different models to obtain complementary
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information. This explicitly exploits feature geometry to construct diverse and complementary views, but needs extra
bookkeeping of feature statistics or similarity matrices and may incur additional computation/communication overhead.

Overall, these strategies are promising but involve non-trivial trade-offs between selection quality, computational and
communication cost, and system complexity. We will clarify this point in the paper and explicitly highlight more advanced
model selection mechanisms as an important direction for future work building on top of our current framework.
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