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Abstract

Federated class-incremental learning (FCIL) aims to incre-
mentally learn new classes across decentralized clients un-
der non-IID data distributions. However, the pervasive chal-
lenge of label noise in FCIL has been completely over-
looked. In this work, we introduce federated noisy class-
incremental learning (FNCIL) and, for the first time, iden-
tify a novel form of label noise—spatio-temporal label mis-
alignment—where samples from unseen classes are entirely
mislabeled as known classes, with their correctly labeled
counterparts appearing in latter tasks or other clients. This
phenomenon undermines the effectiveness of existing cen-
tralized denoising strategies and creates a clear requirement
for noise-robust methods in real-world FNCIL scenarios. To
tackle this issue, we propose FedRNC, a dual-phase frame-
work that leverages feature-space associations to establish
spatio-temporal correspondences between clean global proto-
types and noisy cached samples for progressive label correc-
tion. Experiments on standard benchmarks demonstrate Fe-
dRNC’s superiority against existing baselines, along with its
plug-and-play capability to upgrade FCIL systems for FN-
CIL.

Code — https://github.com/ZaC-Hide/FedRNC

Introduction
Federated Learning (FL) (McMahan et al. 2017; Yan
et al. 2020; Wu et al. 2023b) has emerged as a promis-
ing paradigm for collaboratively training models across dis-
tributed clients without sharing raw data. In real-world ap-
plications such as healthcare and personalized services (Sun
et al. 2024), users often encounter streaming data from dis-
joint class spaces due to user preferences, regional inter-
ests, or temporal trends. This motivates Federated Class-
Incremental Learning (FCIL), where each client incremen-
tally observes a non-overlapping subset of classes over time
(Wang et al. 2024).

Recent efforts in FCIL primarily focus on mitigating
catastrophic forgetting (Ganin et al. 2016) under heteroge-
neous client data and asynchronous task arrivals, aiming to
achieve competitive global performance (Liu et al. 2024;
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Figure 1: Illustration of Spatio-Temporal Label Misalign-
ment (STLM) in FNCIL. Early samples of a new class (e.g.,
wolf ) are mislabeled as a known class (e.g., dog), causing
client i’s model to entangle their features. This entanglement
affects the global model aggregation, and when client j later
learns wolf, the mixed wolf+dog features lead to persistent
misclassification.

Wang et al. 2024). Typical strategies include server-side
knowledge distillation (Douillard et al. 2020), generative re-
play via GAN-based models (Qi, Zhao, and Li 2023), multi-
classifier designs (Yu et al. 2024), and exemplar-based re-
hearsal buffers that store a subset of past samples (Li et al.
2024). These methods partially preserve prior knowledge
but commonly assume clean and reliable data.

However, label noise is pervasive in practical FL de-
ployments due to heterogeneous annotation quality, ambigu-
ous class definitions, and inconsistent human understanding
across clients (Xu et al. 2022; Fang and Ye 2022). Existing
works on noise-robust FL or continual learning are limited
and often rely on over-simplified assumptions. Most treat
noise correction as per-task subproblems using local strate-
gies like loss-based filtering or sample reweighting (Han
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et al. 2018; Yu et al. 2019; Chen et al. 2019; Gui, Wang,
and Tian 2021). Some further distinguish clean from noisy
clients for global reweighting (Jiang et al. 2022; Kim et al.
2022; Zeng et al. 2024). However, these methods gener-
ally assume that clean samples for each class are present in
the current task or locally accessible, and the noisy samples
across different clients are IID or consistent in distribution.
Till now, an appropriate modeling framework for character-
izing label noise in federated class-incremental learning re-
mains lacking.

In reality, label noise in Federated Noisy Class-
Incremental Learning (FNCIL) exhibits more complex
spatio-temporal patterns than conventional noise assump-
tions. When new classes emerge, annotators often misla-
bel them as known/observed classes due to outdated knowl-
edge, giving rise to a unique type of noise: true classes of
noisy samples are entirely absent from the current task
or client. Unlike conventional label noise, such mislabels
may initially appear harmless, as they are treated as hard
samples and do not severely distort current decision bound-
aries. However, once these true classes appear in later tasks
or on other clients, such samples—preserved in memory or
embedded in model parameters—introduce semantic con-
flicts during global aggregation, leading to persistent mis-
classification. As illustrated in Fig. 1, this phenomenon ex-
poses a key limitation of existing denoising methods: clean
samples of all classes are NOT immediately available in
FNCIL. Even worse, relabeling-based methods (Li, Socher,
and Hoi 2020; Lai et al. 2024) may further amplify the issue
if such mislabels dominate early memory.

To capture this phenomenon, we define a novel and re-
alistic challenge in FNCIL, termed Spatio-Temporal Label
Misalignment (STLM). As shown in Fig. 1, noisy instances
from a new class (e.g., Class wolf mislabeled as Class dog)
appear early, while clean samples of Class wolf only be-
come available in different tasks or other clients. This tem-
poral and spatial diversity in clean class exposure fundamen-
tally limits the effectiveness of conventional denoising meth-
ods and calls for a mechanism that can establish cross-task,
cross-client consistency without raw data exchange.

Different from FCIL, FNCIL aims to not only mitigate
forgetting but also suppress label noise. For the former goal,
exemplar-based methods store fixed past samples but face
challenges under label noise: cached mislabeled samples
persistently resurface, compounding errors and complicat-
ing robust rehearsal. At the same time, their key advantage
lies in preserving past data, enabling retrospective correction
as new information emerges—unlike exemplar-free methods
where noise irreversibly contaminates model weights.

Take the essence and discard the dregs, we propose Fe-
dRNC, a two-stage federated denoising framework that ex-
ploits spatio-temporal feature associations within rehearsal-
based FNCIL. Clients maintain bounded buffers of past
samples, which amplify noisy exemplar effects but allow
for adaptive noise handling. FedRNC first performs local
loss-based clustering to separate pseudo-clean and pseudo-
noisy samples, curbing noise propagation early on. It then
aggregates clean exemplars to form global prototypes and
retrospectively refines noisy samples via prototype-guided

matching, achieving precise relabeling even for previously
unseen classes. This approach preserves privacy, adapts to
FCIL dynamics, and effectively mitigates noise. Extensive
experiments on multiple benchmarks demonstrate that Fe-
dRNC effectively improves robustness under both IID and
Non-IID FNCIL scenarios, outperforming state-of-the-art
(SOTA) baselines by a large margin. Furthermore, FedRNC
can work as a plug-and-play module to seamlessly enhance
existing FCIL methods.

The main contributions are as follows:

• We define a new task FNCIL to advance FCIL towards
more realistic scenarios.

• We formulate a new label noise type, spatio-temporal la-
bel misalignment, in FNCIL and analyze its practical im-
plications.

• We propose FedRNC, a two-stage denoising framework
to establish spatio-temporal consistency in the feature
space.

• We empirically validate the superiority and versatility of
FedRNC across multiple benchmarks under diverse noise
conditions in FNCIL settings.

Related Work
Federated Class-Incremental Learning FCIL extends
class-incremental learning to federated settings, where
clients sequentially observe disjoint tasks and collabo-
ratively train a global model without sharing raw data.
Classical centralized methods like iCaRL (Rebuffi et al.
2017) combine rehearsal with global aggregation. PODNet
(Douillard et al. 2020) introduces feature distillation to pre-
serve representations and has been adapted to FL. To mit-
igate forgetting under distribution shift, TARGET (Zhang
et al. 2023) employs a generative replay strategy via GANs,
while FedCBC (Yu et al. 2024) uses class-wise binary clas-
sifiers for selective knowledge retention. GLFC (Dong et al.
2022) introduces partial buffering and class-balanced loss,
and Re-Fed (Li et al. 2024) prioritizes samples via gradient-
based importance scores. Although effective in combating
forgetting, these methods assume clean labels and com-
pletely ignore potential label noise in FCIL.

Federated Noisy Label Learning Label noise is espe-
cially problematic in FL due to data decentralization and
client heterogeneity. Local denoising methods like Co-
teaching (Han et al. 2018) and DivideMix (Li, Socher, and
Hoi 2020) select or relabel instances based on loss statistics,
but lack global coordination, limiting their robustness under
non-IID conditions. Other approaches exploit global indica-
tors: FedNoRo (Wu et al. 2023a) uses class-decoupled loss
for noise-aware client filtering. While these enhance robust-
ness, they struggle with dynamic or latent noise. Replay-
based methods such as Self-Purified Replay (Kim et al.
2021) and CNLL (Karim et al. 2022) incorporate denois-
ing into continual learning, yet assume centralized IID data.
AF-FCL (Wuerkaixi et al. 2025) explores FCIL with label
noise by scoring the task relevance of generated features, ef-
fectively identifying unreliable clients. However, it focuses
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on client-level filtering rather than modeling temporal noise
evolution.

In a short conclusion, FNCIL, especially the spatio-
temporal label noise in FNCIL, is under-explored.

FNCIL Formulation
FNCIL can be seen as a variant of FCIL against spatio-
temporal label misalignment including the following two
settings.

FCIL Setting
We consider a FCIL setting consisting of K clients indexed
by k ∈ [K]. Each client k accesses only its local data and
learns from a sequence of tasks {T1, . . . , Tn}, where Tt =

{(x(i)
t , y

(i)
t )}Nt

i=1 with Nt samples. The label set for task Tt
is Yt = {y | ∃(x, y) ∈ Tt}, and the cumulative class set
for client k is Yk =

⋃n
t=1 Yt. Following common practice,

we assume that tasks have disjoint classes: Yt ∩ Yt′ = ∅
for t ̸= t′ and class distributions differ across clients, i.e.,
Yk ̸= Yk′ for k ̸= k′.

To mitigate forgetting, client k maintains a bounded ex-
emplar buffer Bk storing selected samples from past tasks.
When task T t

k arrives, training uses both current task data
and cached exemplars, forming the local set T t

k,local. So, the
global objective at task t optimizes shared model wt over all
visible classes, written as

wt = argmin
w

K∑
k=1

∑
(x,y)∈T t

k,local

1

|T t
g |

L(fwk
(x), y), (1)

where |T t
g | =

∑K
k=1 |T t

k,local|. After training, Bk is updated
by selecting samples from T t

k under a fixed budget |Bk| ≤
M . A class-balanced replacement strategy ensures sample
representativeness while discarding older exemplars.

Noise Setting
To simulate realistic label noise under the FCIL setting, we
propose a structured noise injection mechanism that reflects
the spatio-temporal misalignment of clean samples. Specifi-
cally, in each local task Tt of client k, given its class set Yt,
we randomly divide classes into two disjoint subsets:

• the visible class set Yt
v ⊂ Yt, and

• the noise-source class set Yt
n = Yt \ Yt

v .

For all samples (x
(i)
t , y

(i)
t ) with y

(i)
t ∈ Yt

n, we inject
noise by uniformly reassigning their labels to visible classes
y′ ∈ Yt

v , and randomly discard a subset to meet the target
noise rate ρ . The resulting task data contains only visible
classes Yt

v , mixed with mislabeled samples originally from
Yt
n. In FCIL, true classes Yt

n may only emerge in differ-
ent tasks or on other clients, creating a spatio-temporal label
misalignment that hinders local correction without access to
clean exemplars (illustrated in Fig. 2).
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Figure 2: Illustration of noise generation and resulting data
composition.

Method
In FNCIL, the primary task of FedRNC is to leverage dy-
namic replay buffers not only for knowledge retention but
also as a platform for retrospective noise correction. Specif-
ically, FedRNC first performs coarse local filtering to sup-
press dominant noise and then refines residual mislabeled
samples through prototype-guided matching across clients.

Stage 1: Local Noise Filtering
Early in training, clean samples align better with the initial-
ized or pre-trained model, yielding faster convergence and
lower losses, while noisy samples generate conflicting gra-
dients and higher losses. This results in a bimodal loss dis-
tribution, allowing coarse separation via clustering.

Given a task Tt = {(xi, yi)}Ni=1 and local model Mk, after
E epochs of training, we record per-sample losses:

ℓi = L(Mk(xi), yi), (2)

where L(·, ·) is the cross-entropy loss. Fitting a two-
component Gaussian Mixture Model (GMM) to {ℓi} sepa-
rates samples into pseudo-clean TC and pseudo-noisy TN =
Tt \ TC . These are stored in buffers BC and BN respectively,
preventing severe noise propagation during replay. To main-
tain representativeness under fixed capacity, incoming sam-
ples are stored with a class-balanced update. When full, the
number of retained or discarded samples per class is adjusted
to approximate inter-class balance, improving clustering and
the following prototype estimation.

Stage 2: Progressive Label correction
Early loss-based filtering offers a coarse separation but can
misclassify hard clean samples with high loss or noisy sam-
ples close to seen classes. Without prior knowledge of un-
seen classes in FNCIL, it is impossible to directly recover
true labels of such discarded noisy samples. To overcome
this, we use the global feature space as supervision. While
raw data remains private, aggregated global prototypes from
all clients serve as stable semantic anchors (Gao et al. 2024;
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Figure 3: Overview of Stage 2: Progressive Label correc-
tion in FedRNC.

Wei et al. 2021), enabling clients to match cached features
with reliable class prototypes and identify mislabeled sam-
ples with previously unseen semantics.

Global Semantic Space Construction. To align seman-
tics across heterogeneous clients, we perform warmup train-
ing. Each client fine-tunes its local model on the early-
cleaned buffer BC for several epochs. Such models are then
aggregated via FedAvg on the server to obtain a global
model F that acts as a consistent feature extractor, ensuring
aligned class-level embeddings across clients.

Prototype-Guided Feature Correction. Once the global
model F is synchronized and distributed, each client extracts
feature representations via

zi = F (xi). (3)

Features from BC and BN form the clean and noisy feature
sets ZC and ZN , respectively.

In the current task, each client k maintains a cumulative
label set YT

k = {Y1
k ,Y2

k , . . . ,Yt
k}, representing all locally

observed classes so far. Clean features are grouped by their
predicted class, Za

k,C denoted as the set of clean features as-
signed to class a ∈ YT

k . For each seen class, the local proto-
type is computed as:

µk,a =
1

|Za
k,C |

∑
zi∈Za

k,C

zi. (4)

Then, each client uploads its local prototypes to the server.
Defining the global class set as YT =

⋃K
k=1 YT

k , for each
class a ∈ YT , the server aggregates prototypes into a global

prototype:

µa =
1

Ka

Ka∑
k=1

µk,a, (5)

where Ka denotes the number of clients that have the ob-
served/seen class a.

With access to the global prototype set M = {µa | a ∈
YT }, each client matches cached samples to these anchors
in the feature space. This matching revisits both noisy and
previously accepted clean samples, processing buffers ZC
and ZN independently via prototype-guided relabeling. This
dual approach enables:

• Refinement of clean samples: Correcting mislabeled
samples missed by initial confidence filtering through
global semantic re-evaluation.

• Reuse of noisy samples: Salvaging mislabeled yet
semantically meaningful instances based on feature-
prototype consistency instead of discarding all high-loss
samples.

To simplify notation, we use Z to generically denote ei-
ther the clean feature set ZC or the noisy feature set ZN
in each client, both of which are independently subjected to
the same distance-based correction procedure. Upon receiv-
ing the global prototype set M from the server, each client
computes distances between cached features and class pro-
totypes. For each class b ∈ YT

k , we compute the Euclidean
distance between each feature zi ∈ Zb and all class proto-
types µa in M:

Db
i,a = ∥zi − µa∥2, D ∈ R|Zb|×|M|. (6)

The number of features in Zb nearest to each prototype
defines a count vector nb ∈ RC , which is normalized to
obtain a similarity vector sb ∈ R|M|, where s(a)b denotes the
similarity between class b and prototype µa:

s
(a)
b =

n
(a)
b∑|M|

j=1 n
(j)
b

. (7)

For each task-specific class b ∈ {Y1
k ,Y2

k , . . . ,Yt
k}, the

corresponding similarity vector sb is masked by excluding
entries for current task labels, yielding a truncated vector
sb ∈ R|M|−|Yt

k|. The final adaptive similarity vector is
then computed by taking the element-wise geometric mean
across all such vectors:

S
(a)
task =

 ∏
b∈Yt

k

s
(a)
b

1/t

, ∀a /∈ Yt
k. (8)

For each global class a /∈ Yt
k, we identify a candidate rela-

beling set Rb
a for every local class b ∈ Yt

k. Specifically, Rb
a

denotes the subset of features originally assigned to class b
that are most similar to prototype µa, suggesting a potential
relabeling to class a:

Rb
a = Top⌊S(a)

task ·|Za|⌋

(
{Db

i,a}
)
, (9)
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Topk(·) denotes selecting the k smallest values in ascend-
ing order. If a sample feature appears in multiple sets Rb

a,
its relabeling target is determined by the maximum similar-
ity S

(a)
task, ensuring consistency. The task-level grouping strat-

egy is motivated by the observation that classes within the
same task share contextual and temporal coherence. Eval-
uating them jointly provides a more stable semantic signal
than treating each class independently, which is especially
beneficial under Non-IID and noisy federated conditions.

Prototype-guided relabeling is independently applied to
both feature sets: selected features from ZC are relabeled
and kept in BC , while those from ZN are moved from BN to
BC after relabeling. This progressive refinement adaptively
corrects noisy instances over time by leveraging prototype
consistency, without sharing raw data. The denoising work-
flow is illustrated in Fig. 3. The refined buffer BC is then
used for local training. Each client trains on this buffer and
sends model updates to the server, which aggregates them
via averaging and redistributes the global model. This loop
enhances label quality and overall performance by tightly
coupling denoising with federated optimization.

Experiments
Dataset and Evaluation Protocol
We evaluate our method on three widely-used bench-
marks—EMNIST (Cohen et al. 2017), CIFAR-100
(Krizhevsky, Hinton et al. 2009), and Tiny-ImageNet (Le
and Yang 2015)—covering low- to high-resolution scenar-
ios, with each dataset split into training and test sets (8:2).
Specifically, a global class pool is first constructed using all
available categories. Based on this pool, client-specific task
streams are generated by randomly sampling disjoint class
subsets for each task to simulate realistic federated environ-
ments with both inter-client and intra-client label distribu-
tion heterogeneity. All clients are assigned tasks in a non-
overlapping and non-IID manner.

Data Partition and Noise Generation
To simulate realistic FNCIL scenarios, two types of data par-
titioning protocols are adopted to reflect different levels of
data and noise heterogeneity, including:
• IID-Noise Setting: All classes are of the same data

amounts, and every task on each client follows an uni-
form noise level. It helps isolate the effect of temporal
misalignment under controlled conditions.

• Non-IID-Noise Setting: Sample sizes vary across
classes, and each client’s local task exhibits a different
level of label noise. We adopt the Dirichlet distribution
Dir(α) to control the degree of label distribution skew
across clients.

More implementation details are presented in the supple-
mental materials.

Comparison Methods
A series of representative baselines are selected for compar-
ison, including standard FL methods like FedAvg (McMa-
han et al. 2017), FedProx (Li et al. 2020), FL combined

A
cc

ur
ac

y 
(%

)

Task IDs

Noise Rate: 20% Noise Rate: 40% Noise Rate: 60%

FL+CNLL FL+SPR FedCBCGLFC FedRNCFL+S6 TARGETRe-Fed AF-FCL

Figure 4: Test accuracy curves across tasks under different
noise rates (ρ = 20%, 40%, 60%) on CIFAR100.

with CIL methods like iCaRL (Rebuffi et al. 2017), EWC
(Kirkpatrick et al. 2017), PODNet (Douillard et al. 2020),
and FL combined with noisy class-incremental learning
(NCIL) methods like SPR (Kim et al. 2021), S6 (Li et al.
2023), CNLL (Karim et al. 2022), and recent FCIL meth-
ods like TARGET (Zhang et al. 2023), FedCBC (Yu et al.
2024), AF-FCL (Wuerkaixi et al. 2025) (an exemplar-free
method specifically considers robust learning under noisy
clients), GLFC (Dong et al. 2022), and Re-Fed (Li et al.
2024)(exemplar-based). All methods are evaluated under the
same task streams and client partitioning. For a fair compar-
ison, exemplar-based methods are allowed the same buffer
size as FedRNC.

In addition, we include an oracle-clean variant of Fe-
dRNC, where all noisy samples are assumed to be correctly
relabeled to estimate the potential upper bound.

IID-Noise Evaluation

As summarized in Tab. 1, all methods degrade as noise
increases. Exemplar-free methods yield lower absolute ac-
curacy but show greater noise robustness, while exemplar-
based ones drop more sharply due to retaining corrupted
samples. Although existing denoising strategies alleviate
some noise, their lack of temporal and spatial context
limits effectiveness in FNCIL. In contrast, FedRNC con-
sistently achieves the best performance across noise lev-
els and datasets. Its advantage becomes especially pro-
nounced at high noise rates, owing to its effective re-
covery of mislabeled samples via prototype-guided re-
labeling—demonstrating strong robustness under spatio-
temporal misalignment.

To investigate the temporal dynamics during continual
learning, we plot task-wise test accuracy under varying noise
levels in Fig. 4. As expected, all methods show a down-
ward trend as tasks progress, due to memory limitations and
increasing semantic confusion from spatio-temporal noise.
Nevertheless, FedRNC consistently outperforms others, par-
ticularly under high noise. Thanks to its retrospective rela-
beling mechanism, which incrementally corrects mislabeled
samples with richer contextual cues, FedRNC exhibits a
much slower performance degradation over time.
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Category Methods
EMNIST CIFAR100 Tiny-ImageNet

20% 40% 60% 20% 40% 60% 20% 40% 60%

FL+CIL

FedAvg 26.2±1.2 23.8±1.3 22.3±1.3 15.7±0.8 14.6±1.1 12.9±1.0 15.4±1.1 13.7±1.3 12.1±1.4
FedProx 23.5±1.1 21.8±1.1 20.1±1.2 13.6±1.0 12.0±1.2 10.9±1.4 13.4±0.9 12.0±1.2 10.7±1.4
FL+iCaRL 53.0±0.9 44.5±1.2 40.3±1.5 35.0±1.0 32.6±1.4 29.1±1.6 32.5±1.1 29.8±1.5 26.7±1.8
FL+EWC 32.0±1.0 29.9±1.1 27.6±1.3 19.1±0.9 17.7±1.2 16.5±1.3 20.5±1.0 18.1±1.3 16.6±1.5
FL+PODNet 37.1±0.9 35.5±1.1 33.4±1.4 22.9±0.8 21.3±1.1 19.8±1.4 19.4±0.9 17.9±1.3 16.2±1.6

FL+NCIL
FL+CNLL 56.9±1.0 51.1±1.2 45.7±1.3 37.8±0.8 32.5±1.3 28.4±1.5 35.3±1.0 31.6±1.4 29.3±1.6
FL+S6 60.7±1.0 56.4±1.1 51.5±1.2 41.2±0.9 38.0±1.2 36.3±1.5 37.8±1.1 36.5±1.4 34.0±1.7
FL+SPR 65.4±0.8 63.2±1.1 61.9±1.2 41.3±0.7 39.8±1.0 37.5±1.3 37.0±0.9 36.3±1.1 34.7±1.5

FCIL

TARGET 41.5±0.9 38.3±1.1 35.2±1.4 32.5±1.0 29.4±1.3 27.0±1.5 31.7±1.1 28.2±1.4 26.8±1.7
FedCBC 43.3±1.0 37.3±1.3 33.9±1.6 34.2±1.0 29.8±1.4 25.4±1.6 33.4±1.1 28.4±1.5 25.5±1.5
AF-FCL 44.8±0.8 42.6±1.2 39.8±1.5 33.8±0.9 32.0±1.2 29.2±1.4 30.8±0.6 28.1±1.4 26.6±1.2
GLFC 64.6±0.8 58.8±1.1 53.7±1.3 44.3±0.9 39.5±1.2 36.1±1.5 38.1±1.0 33.4±1.1 29.7±1.8
Re-Fed 65.0±0.7 58.5±1.0 52.5±1.4 46.7±0.8 41.5±1.3 36.6±1.6 37.2±0.9 32.0±1.4 29.4±1.7

FNCIL
Clean 74.2±0.5 75.8±0.6 76.4±0.5 51.1±0.6 52.3±0.7 52.8±0.5 45.1±0.5 45.9±0.6 46.2±0.5
FedRNC 71.3±0.7 69.0±0.7 71.2±0.5 45.7±0.7 44.2±1.0 44.5±1.1 40.4±1.3 38.7±1.3 39.9±1.2

Table 1: Comparison under increasing noise rates (ρ = 20%, 40%, 60%) using the IID-Noise setting. The best results at each
noise level are marked in bold.

Non-IID-Noise Evaluation
Under the non-IID-noise setting, both class distributions and
noise levels vary across clients according to Dirichlet dis-
tributions with concentration parameters as α = 5 and
α = 10 to simulate different degrees of quantity hetero-
geneity. The noise configurations ρ include (20%, 40%) and
(40%, 60%). Note that higher heterogeneity results in more
severe spatio-temporal misalignment, making accurate rela-
beling more challenging. Consequently, as summarized in
Tab. 2, all methods suffer performance degradation as the
level of heterogeneity increases. Among them, methods re-
lying solely on local clustering or task-level loss statistics
exhibit greater drops, reflecting their sensitivity to non-IID
class distributions and imbalanced noise. Comparatively, Fe-
dRNC is of better robustness, benefiting from its global pro-
totypes and spatio-temporal matching.

Ablation Study on Plug-and-Play Properties
To assess the generalizability of FedRNC’s denoising strat-
egy, we integrate it as a plug-and-play module into sev-
eral representative exemplar-based FCIL methods, includ-
ing FL+iCaRL, GLFC, and Re-Fed. For simplicity, the de-
noising stage is directly applied prior to their regular local
training, without altering their exemplar management or up-
date pipelines. As summarized in Tab. 3, when label noise is
present, injecting our denoising process leads to substantial
performance gains across all baselines, validating its effec-
tiveness as a general noise-robust pre-processing step.

We further analyze its effectiveness from the perspectives
of both stability and plasticity (Yang et al. 2024) across
all baselines under the ρ = 40% noise setting as illus-
trated in Fig. 5. Here, stability reflects the model’s ability
to retain knowledge from previous tasks, and plasticity mea-
sures its capacity to learn new classes effectively. Consis-
tent performance improvements across all baselines validate

Methods
α = 5 α = 10

(20%,40%) (40%,60%) (20%,40%) (40%,60%)

FedAvg 11.7±1.1 10.8±1.3 13.8±1.2 11.4±1.0
FedProx 11.5±1.3 10.2±1.1 12.5±1.4 11.3±0.9
FL+iCaRL 24.3±1.8 19.3±1.7 24.6±1.6 19.5±1.9
FL+EWC 16.4±1.0 14.1±1.2 17.9±0.9 16.3±1.1
FL+PODNet 18.3±1.2 15.4±1.3 19.4±1.1 16.6±0.8
FL+CNLL 26.1±1.5 23.3±1.6 30.5±1.5 28.2±1.8
FL+S6 28.5±1.6 25.8±1.9 31.3±1.6 29.8±1.4
FL+SPR 28.8±1.3 26.9±1.5 33.4±1.8 31.1±1.7
TARGET 24.4±1.8 20.7±1.3 25.5±1.7 22.1±1.5
FedCBC 26.1±1.9 21.2±1.7 27.6±1.8 22.2±1.2
AF-FCL 24.4±1.6 22.9±1.8 27.8±1.3 24.4±1.4
GLFC 29.9±1.5 26.6±1.6 31.7±1.7 28.8±1.3
Re-Fed 29.5±1.8 25.1±1.4 32.1±1.9 28.5±1.7
Clean 38.0±0.5 39.5±0.6 40.9±0.6 43.1±0.5
FedRNC 33.6±1.4 33.2±1.4 35.1±1.1 35.7±1.3

Table 2: Comparison under non-IID data (α = 5, 10) with
different noise intensities on Tiny-ImageNet.

our method as a lightweight yet powerful enhancement for
replay-based FCIL algorithms, offering robustness in noisy
environments.

Ablation Study on Dual-Stage Denoising
To evaluate the necessity of FedRNC’s two-stage denoising
design, we conduct an ablation study comparing FedRNC
with two simplified variants including w/o PF which re-
moves prototype-based relabeling, and w/o LF which skips
initial loss filtering, and three representative baselines (i.e.,
SPR, CNLL, and S6) that lack spatio-temporal modeling.

As shown in Fig. 6, loss filtering alone suffers from low
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Methods
ρ

20% 40% 60%
iCaRL 53.0±0.9 44.5±1.2 40.3±1.5

+ours 58.4±0.5 55.7±0.8 56.3±0.7
GLFC 64.6±0.8 58.8±1.1 53.7±1.3

+ours 67.7±0.9 65.0±0.6 65.8±0.4
Re-Fed 65.0±0.7 58.5±1.0 52.5±1.4

+ours 70.9±0.6 67.4±0.5 67.1±0.9
FedRNC 71.3±0.7 69.0±0.7 71.2±0.5

Table 3: Plug-and-play ablation studies of FedRNC onto
exemplar-based FCIL baselines evaluated on EMNIST un-
der varying noise levels (ρ = 20%, 40%, 60%).
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Figure 5: Stability and plasticity gain under noisy settings
(ρ = 40%), where each bar shows the improvement intro-
duced by FedRNC’s denoising module (color-coded within
each bar).
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Figure 6: Cumulative precision and recall of filtered clean
samples over tasks.

precision and recall due to hard samples and noisy signals,
while prototype matching struggles with recall under heavy
noise as corrupted features distort class centers. By combin-
ing both, FedRNC consistently achieves better precision and
recall. Its advantage—especially in recall—grows over time
by leveraging increasingly reliable temporal knowledge to

Methods
IID Non-IID

BACC (↑) Forget (↓) BACC (↑) Forget (↓)
FedRNC 40.4±1.3 5.8±0.2 35.1±1.1 6.3±0.3
w/o LF 32.6±2.2 10.7±1.0 29.4±2.3 12.1±1.2
w/o PF 34.8±1.6 9.2±0.6 31.5±1.8 10.3±0.9
w/o PF-TS 36.1±1.4 8.5±0.5 33.7±1.6 9.4±0.7
w/o PF-NR 36.8±1.2 8.1±0.4 34.5±1.2 9.0±0.6
w/o PF-LC 35.7±1.5 8.9±0.5 32.8±1.7 9.7±0.7

Table 4: Component-wise ablation studies of FedRNC on
Tiny-ImageNet (IID noise: ρ = 40%, Non-IID noise: ρ =
(20%,40%) , α = 10).

recover mislabeled yet valuable samples.

Ablation Study on Component Effectiveness
Component-wise ablation studies are summarized in Tab. 4.
Removing task-wise similarity (w/o PF-TS) or noisy sample
reuse (w/o PF-NR) degrades performance, showing the im-
portance of contextual matching and progressive correction.
Simply excluding noisy samples (w/o PF-LC) without label
correction is also suboptimal, confirming the utility of con-
structive sample recovery. Such results confirm that: (1) the
first-stage filtering is critical for reliable prototype compu-
tation; (2) matching-based screening is more effective when
supported by prior denoising; and (3) effective reuse and re-
labeling of corrected samples amplifies the robustness of Fe-
dRNC against label noise.

Conclusion
This paper presents a practical yet underexplored challenge
in FNCIL: spatio-temporal label misalignment (STLM),
where noisy labels stem from delayed class emergence
across clients and tasks. This noise type disrupts gener-
alization in a persistent, accumulative manner and invali-
dates conventional relabeling-based denoising. To address
this, we propose FedRNC, a two-stage replay-based frame-
work that first filters noise via local loss clustering and then
relabels using global prototype-guided correction based on
spatio-temporal consistency. Extensive experiments on three
benchmarks under various noise settings validate FedRNC’s
robustness over existing federated, continual, and denoising
baselines. We believe STLM and FedRNC open promising
directions for building noise-robust, memory-efficient FN-
CIL systems that better reflect real-world scenarios.
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