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Abstract

Federated learning (FL) suffers from performance degrada-
tion due to the inevitable presence of noisy annotations in
distributed scenarios. Existing approaches have advanced
in distinguishing noisy samples from the dataset for label
correction by leveraging loss values. However, noisy sam-
ples recognition relying on scalar loss lacks reliability for
FL under heterogeneous scenarios. In this paper, we rethink
this paradigm from a representation perspective and pro-
pose FedRG (Federated under Representation Gemometry),
which follows the principle of “representation geometry
priority” to recognize noisy labels. Firstly, FedRG cre-
ates label-agnostic spherical representations by using self-
supervision. It then iteratively fits a spherical von Mises-
Fisher (vMF) mixture model to this geometry using previ-
ously identified clean samples to capture semantic clusters.
This geometric evidence is integrated with a semantic-label
soft mapping mechanism to derive a distribution divergence
between the label-free and annotated label-conditioned fea-
ture space, which robustly identifies noisy samples and up-
dates the VMF mixture model with the newly separated
clean dataset. Lastly, we employ an additional personal-
ized noise absorption matrix on noisy labels to achieve ro-
bust optimization. Extensive experimental results demon-
strate that FedRG significantly outperforms state-of-the-
art methods for FL with data heterogeneity under diverse
noisy clients scenarios. Our code is publicly available at
https://github.com/Tianjoker/IFNLL

1. Introduction

Federated learning (FL) [1, 2] enables collaborative model
training across multiple data sources without centralizing
raw data. In FL, local models are trained on client data
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Figure 1. Comparison of noise identification performance between
the existing method and FedRG under severe data heterogeneity.
The existing methods mainly identify based on the distribution of
scalar loss values. In heterogeneous scenarios, the loss value alone
becomes unreliable, while FedRG provides more robust spatial ge-
ometry to filter out noise samples. Higher FN (False Negatives)
but lower TP (True Positives) indicates that noise identification
based on loss value wrongly classifies many correct labels as noise
labels. The red circle denotes that the noisy samples we want to
identify based on the geometric evidence.

and subsequently aggregated on the server to obtain a ro-
bust global model [3, 4]. Nevertheless, the distributed ar-
chitecture introduces critical challenges. Specifically, the
data distribution across clients is inherently heterogeneous,
also known as the Non-IID problem [5-7]. Furthermore,
the variability or scarcity of labeling experts often results
in the presence of noisy labels within these heterogeneous
datasets [8, 9]. These combined factors critically hin-
der the performance and practical deployment of FL sys-
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tems [10, 11].

Existing methods have made notable progress in enhanc-
ing the robustness of FL against noisy labels [12—14]. Some
approaches adopt robust aggregation or training strategies
to alleviate the adverse impact of noisy samples [15-18].
In traditional machine learning, loss values serve as the
reliable indicator for identifying noisy samples [19-21].
Drawing from this intuition, several FL studies distinguish
between noisy and clean samples by leveraging insights
from conventional label noise research [13, 15]. For ex-
ample, some methods improve FL robustness in noisy envi-
ronments by exploiting the distribution of losses [15, 22].
There are also other works utilize loss values in a more
granular manner. For instance, FedCorr [13] employs a
Gaussian mixture model (GMM) to separate noisy and
clean data based on loss values, while FedClean [8] assesses
the consistency between annotated and inferred labels using
the same metric.

Built upon existing methods, it is natural that we raise a
key Question 1: Can the loss value be reliably used to iden-
tify noisy labels in heterogeneous FL scenarios? Recall that
label skew represents a primary form of heterogeneity in
FL. This local label imbalance often results in a long-tailed
distribution within client datasets [23, 24]. Training on such
imbalanced data introduces a strong bias in the local model
toward dominant classes, impairing the classifier’s ability to
accurately discern samples from rare classes [25]. As a re-
sult, tail-class samples inherently exhibit higher loss values,
irrespective of label accuracy [26, 27]. Apart from the loss
value, we turn our attention to the representation space. To
answer Question 1, we shift our focus from mere loss val-
ues to the representation space itself. Furthermore, we pro-
pose the representation geometry principle to identify noisy
labels: the intrinsic representation geometry, which is inde-
pendent of labels, should align consistently with the geom-
etry shaped by the constraints of annotated labels. We illus-
trate the differences between these two strategies in Fig. 1.

As a consequence, emerging another Question 2: How
to measure the geometric representation divergence with
and without the annotated labels?  Revisit the self-
supervised methods that have attracted substantial attention,
owing to their capacity to extract data representations with-
out dependence on labels [28-30]. To address Question 2,
we leverage instance discrimination to ensure that the fea-
tures of local data are distributed across a hypersphere [31].
To model the intrinsic semantic structure on this hyper-
sphere, we adopt the von Mises-Fisher (vMF) distribu-
tion [32, 33]. Then the measurement of geometric diver-
gence is then formulated through a cross-validation between
two independently derived cluster distributions within vMF:
label-free geometry representation I' and annotated label-
dependent geometry representation B. Drawing the intu-
ition from above analysis, we propose FedRG (Federated

under Representation Gemometry), to tackle noisy clients
under data heterogeneity in FL. Based on the recognized
noisy labels, we train the whole model coupled with noise
absorption matrix which personalized estimates the noisy
transition probability for each client. Overall, our contribu-
tions are summarized as follows:

* We rethink the paradigm of existing federated learning
with noisy clients beyond the loss value. From the repre-
sentation perspective, we propose the principle of repre-
sentation geometry priority to guide the noise identifica-
tion procedure.

* We propose FedRG framework to distinguish noisy sam-
ples based on the geometric evidence under the vMF dis-
tribution. We draw the inspiration that a clean sample’s
intrinsic feature clustering should align with the cluster-
ing pattern implied by its annotated label, while misla-
beled samples exhibit geometric inconsistency.

* We conduct comprehensive experiments across multiple
datasets with 4 different noisy scenarios where 2 specific
scenarios occur due to the nature of the distributed. The
experimental results consistently demonstrate the efficacy
of FedRG. Further ablation studies also shows the effec-
tiveness and indispensability of each component.

2. Related Work

2.1. Federated Learning

In recent years, federated learning (FL) [34, 35] has been
widely studied and applied in privacy-sensitive domains
such as medical analysis [15, 36] and remote sensing [37].
FedAvg [3] aggregates local models through weighted av-
eraging and converges efficiently under the IID assump-
tion. To cope with the Non-IID data (i.e. statistical hetero-
geneity), FedProx [38] introduces a proximal term while
SCAFFOLD [39] uses control variates for variance reduc-
tion. MOON [40] conducts representation alignment via
contrastive learning [28]. While these methods demonstrate
effectiveness on clean datasets, their robustness diminishes
under noisy labels, which is a common concern for real-
world scenarios.

2.2. Noisy Label Learning

Noisy label learning (NLL) [41] aims to mitigate the nega-
tive impact of noisy labels and train models in centralized
scenarios. Regularization methods are commonly utilized
by designing robust loss functions [42—-44]. Symmetric
cross-entropy [44] augments CE with reverse cross-entropy
(RCE). Mean Absolute Error (MAE) [42] provides formal
robustness properties relative to CE. Since these approaches
operate entirely at the client side, they can be incorporated
into FL by substituting the local training objective, without
altering the FL protocol.



2.3. Noisy Labels in Federated Learning

Centralized noise-robust training is difficult to deploy in FL
due to privacy and communication constraints [45]. Prior
federated methods facing label noise fall into two streams
[10]: Client-level assessment scores the reliability of each
client and adapts training accordingly. FedNoRo [15] sep-
arates clean and noisy clients using a GMM-based crite-
rion [46] and then aligns unreliable clients via knowledge
distillation [47]. FedClean [8] alternates updates while
explicitly differentiating client types; Sample-level assess-
ment instead targets example credibility on-device. De-
spite their efficacy, these approaches share notable weak-
nesses. Most client or data detectors hinge on the small-loss
heuristic[8, 13], which is unreliable. Deep models eventu-
ally memorize mislabeled data, driving their losses down
and causing noisy samples to be kept, while truly hard but
correctly labeled examples often retain large losses and are
discarded [48]. More detailed related works are listed in
Appendix Sec.5.

Motivated by these observations, we propose a feder-
ated noise-robust framework that, from a geometric repre-
sentation perspective, identifies clean and noisy samples to
guide robust optimization. Unlike previous approaches that
rely solely on small-loss heuristics [8, 13], our method ex-
ploits geometric relationships within the feature space to
capture structural consistency, enabling effective learning
under heterogeneous federated conditions.

3. Methodology

3.1. Preliminary

Federated Learning. We investigate the classic federated
learning framework in which K distributed devices (clients)
collaboratively train a C'-class classification model coordi-
nated by the central server. Each client k& € [K] holds a

private dataset D, = {(gvz(-k)7 ygk)) HLr e X,y €
Y ={1,...,C}. Without loss of generality, we explicitly
allow statistical heterogeneity across clients, where local
samples are drawn i.i.d. from client-specific distribution P},
on X x ) and these distributions differ across clients (i.e.,
Non-IID setting). The server aims to learn a global model
parameterized as § € © with a predictor fp : X — AC~L,

by minimizing the following objective:

K
min £0) = 3wl B yon[(fo@), v)], @

0co
k=1

where ¢ is the loss function and w,(:) determines the aggre-
gated weight of the k-th client. During each communication
roundt € {1,..., T}, the server broadcasts the latest global
parameters 6; to a subset of clients S; C [K]. Each partic-

ipating client performs £ local epochs of stochastic opti-
mization on private data to obtain the updated model Gii)l,

and then the server aggregates 0,11 = ), S w,(:) 9,5_?1

for the next training round.

Federated Label Noise. In practical FL deployments, lo-
cal annotations are often imperfect due to weak supervi-
sion or crowd sourcing. Following most previous works
[8, 15], we adopt the instance-independent noise model and
describe label corruption by a transition kernel C(g | y),
where 25:1 C(g|y)=1land C(g | y) € [0, 1]. For client
k, the observed label is drawn as § ~ C(- | y), and the local
training set is D, = {(acl(-k), gg’“)) o

We study two kinds of corruption settings that labels may
be corrupted in federated systems. (i) Globalized corrup-
tion: a single kernel C(3 | y) governs flips for all clients;
equivalently, p(y = j | y = 4) = C(j | i) is identi-
cal throughout the federation, where p(§ = j | y = @) is
the probability of flipping from the true label y of class ¢
to the wrong label g of class j. (ii) Localized corruption:
each client k has specialized kernel Ci (¢ | y) that operates
only within its local label support V), C ). In particular,
Cr(y | y) = 0 whenever § ¢ ). This captures realistic
client-specific biases and distinguishes our setting from or-
dinary label-noise assumptions that allow flips to any global
class regardless of local availability.

For both corruption settings, we respectively consider
the symmetric flipping and pairwise flipping (i.e., pairflip)
methods, aligning with prior work [10]. In the symmet-
ric flipping, each true label can be randomly flipped to any
other admissible alternative class with equal probability. By
contrast, pairflip indicates that each class is primarily con-
fused with one specific class. More details are provided in
Sec. 4.2.

3.2. Motivation

Federated learning in the wild faces severe non-IID data and
heterogeneous label noise, under which the prevalent small-
loss heuristic often collapses because losses conflate misla-
bels, rare yet clean examples, and domain shift. Warm-up
with noisy supervision further pulls adsorbs features toward
erroneous prototypes, contaminates the manifold geometry,
and degrades separability. These issues make prediction-
space proxies unreliable from the outset. We therefore ad-
vocate the representation geometry priority principle, where
robust assessment of sample cleanliness arises from evi-
dence in the intrinsic representation manifold rather than
from the easily contaminated prediction space, and we re-
place loss-based heuristics with a geometry-driven proba-
bilistic model.

3.3. Label Decoupled Spherical Representation

To conduct the representation geometry priority principle,
we require an initialization that sculpts a reliable manifold
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Stage 1: Label Decoupled Spherical Representation

Stage 2: Representation Geometry Priority Principle for Noisy Data Identification

Figure 2. The overview of FedRG which is consisted by two stage. The label decoupled spherical representation stage gets the hypersphere
of samples. Then, we follow the representation geometry priority principle to split the clean and noisy samples based on the distribution
divergence in the vMF distribution. The pseudocode overview of FedRGis provided in Appendix Sec.2

without invoking any annotated supervision and whose in-
ductive biases are commensurate with the spherical statis-
tics used later. We therefore resort to instance discrimina-
tion (i.e., SImCLR) for label-free pretraining [31]. Each
sample x is stochastically augmented twice and encoded
to a unit-norm representation on the hypersphere as z =
”';zgg” € S?%1, which is optimized with the symmetric
NT-Xent (InfoNCE) objective over 2b views, where b is the
batch size. For a positive pair (i,77), the training loss is
shown as:

2b T
1 exp(z; 2+ /T)
LsimcLr = 77 ) —log 5
SRR DY FE
azx1

2

where the temperature 7 regulates the attraction-repulsion
field on S?~!. This objective enforces alignment of posi-
tive views with similar semantics while promoting unifor-
mity of features on the sphere, yielding a clean geometric
substrate with dense, fine-grained semantic neighborhoods
that emerge as directional concentrations, whereas anomaly
or heavily corrupted instances gravitate toward the uniform
background.

After T} rounds of label-free spherical representation
learning, we obtain a well-conditioned spherical represen-
tation manifold on SY~!, which we subsequently exploit for
robust training under label noise.

3.4. Representation Geometry Priority Principle

Given the label-decoupled spherical representations pro-
duced in Sec. 3.3, we now instantiate the representation ge-
ometry priority principle by placing an explicit probabilis-
tic model on the hypersphere S~ !. The key idea is that

assessment of sample cleanliness should arise from the in-
trinsic geometry of these normalized representations rather
than from the easily contaminated prediction space.

3.4.1. Geometric Representation via vMF Distribution

On the SimCLR induced hyperspherical manifold, we ex-
pect that semantic regularities to manifest as directional
concentrations: samples sharing stable, view-invariant fac-
tors (e.g., textures or poses) should aggregate around a
few preferred directions, while out-of-distribution or heav-
ily corrupted samples are approximately uniform. To turn
this intuition into a probabilistic model that respects the
representation geometry, we therefore seek a distribution
on S~ that can represent such directional modes together
with a uniform background in a geometrically consistent
way. The von Mises—Fisher (vMF) distribution is a nat-
ural choice for the directional component. It is defined
on the unit hypersphere and smoothly interpolates between
a sharply peaked mode around a mean direction and the
uniform distribution when no directional preference ex-
ists [32, 49]. We therefore model the distribution of nor-
malized representations as a mixture of vMF components
and a uniform background. Formally, letting z € S?~! de-
notes the normalized representation, we assume:

p(z) = T U(z) + (1—m0) WF(z|u,r), ()

where U(z) is the uniform density on S%~* and {r,}5

are mixture weights satisfying Z?:o my = 1. Each vMF
component corresponds to a semantic cluster (indexed by
g) on the sphere, capturing a directionally concentrated
mode induced by stable, view-invariant factors, while the
uniform component absorbs geometry-level outliers and



severely noisy instances that do not align with any seman-
tic mode. Importantly, clusters are label-agnostic, as they
capture geometry-driven regularities that may refine a class
into sub-modes or, conversely, span cross-class motifs. This
decoupling plays a key role under noisy supervision, and in
the next step, we turn this mixture into sample-wise geo-
metric evidence.

3.4.2. Label-free Geometry Representation.

Given the vMF-uniform mixture in Eq. (3), we first extract
label-free geometric evidence in the form of posterior re-
sponsibilities over semantic clusters. Let po(z)=U(z) and
Pg(2)=vMF (2 | pg,rg) for g>1, with mixture weights
{wg}gzo. For a representation z;, the posterior responsi-
bility of belonging to semantic cluster g € {0,1,...,G}
is:

g Dg(2i)

S mhon(z)

which constitute our initial label-free geometric evidence.

To further exploit semantic stability, we refine these re-
sponsibilities using multi-view consistency. For each train-
ing sample x;, we draw two augmented views using stan-
dard SimCLR-style stochastic augmentations and obtain
unit-norm features z; 1,22 € S?-1.  Their agreement
yields a scalar consistency score, which is mapped to a
precision-like tempering factor r;; this factor is then used
to flatten responsibilities for low-consistency samples and
to preserve sharp assignments for well-aligned ones. The
full augmentation pipeline and the resulting tempered like-
lihoods are detailed in Appendix Sec.3.

Using these tempered likelihoods, the responsibilities
become a refined vector ¥; = (%;.0,---,%:.¢) as:

Yi,g = €]

7o Po(2i; ;)

~ G ~ , 9= 07
5o = 7o Po(2i;7i) + Dop—1 ThDr(2i57i)
e Fgﬁg(%‘;ri)
- e - , g#0.
mo Po(zisTi) + Dop—y ThPu(2i;7i)
&)

which we refer to as our label-free geometric representa-
tion. This representation will serve as the primary evi-
dence for noisy-label identification and robust training in
subsequent sections. Crucially, to prevent noisy examples
from biasing the established geometric model, we update
the vMF parameters only with samples certified as clean by
geometry, which follows standard practice and is referred to
the Appendix Sec.3.4.

3.4.3. Annotated Label-conditioned Geometry Repre-
sentation.

The preceding stage maps samples onto a spherical repre-
sentation manifold, where the vMF—uniform mixture, to-
gether with the refined responsibilities 7; 4, provides a

geometry-driven notion of semantic evidence over compo-
nents g € {0,...,G}. To incorporate the observed (po-
tentially noisy) labels in a compatible way, we construct a
complementary label-based evidence representation in the
same geometric component space. Concretely, we treat the
label-free semantic components as a stable reference and,
for each class ¢, summarize how its labeled samples are dis-
tributed across the semantic components.

Formally, we estimate a class-to-geometry distribution
via Dirichlet smoothing (o > 0):

> GimcVig T

= (Zi:ﬂi:ﬂi,g/ - a) ’ ©)

5&9 =

where ¢; denotes the observed (noisy) label of sample ¢,
and we explicitly exclude the uniform background com-
ponent ¢ = 0 from the sums to avoid contamination
by geometry-level outliers. Given the class c, the vector
B. = {fc,1, .-, Bejc } describes how that class is expressed
across the semantic geometry.

In this way, 8., embeds label evidence into the same
semantic component space as the geometric responsibilities
¥i,g> aligning class space with the representation geometry
and enabling a direct comparison between geometry-based
and label-based evidence in subsequent stages.

3.4.4. Geometric Consistency for Noisy Detection

We have obtained two sources of evidence: the geometry-
driven evidence from the feature representations, and the
label-driven evidence from the observed (potentially noisy)
labels. Here, we assess the consistency between these two
types of evidence within the same geometric space. Specif-
ically, we examine how well the label information aligns
with the geometric representation of each sample.

We first re-normalize augmentation-aware responsibili-
ties over non-background components to place every sam-

ple on the cluster simplex ¥; , —1%— where
’ Zg/zl Vi, g’

g € {1,...,G}. Then, given the class-to-geometry dis-
tribution, the geometry—label consistency of sample ¢ with
its observed label g; is defined as an inner product on the
simplex:

4i(9;) =<T;-By, >€ (0,1) @)

where I'; = {i1,... i,g} is the distribution of responsi-
bilities for feature z;. A larger ¢; value indicates that the
clusters which geometrically explain z; are also semanti-
cally aligned with its observed class g;, whereas smaller
values flag potential mislabels, out-of-domain drift, or se-
vere client shift.

Treat each sample as competing among (i) correctly la-
beled within the semantic geometry, (ii) mislabeled but still
on-geometry, and (iii) background (uniform component).



Table 1. Experimental results on CIFAR10 with two label noise patterns. The bold denotes the best result while the underlined denotes the

second-best result.

Noise Type Symmetric Label Noise

Pairflip Label Noise

Noise Pattern Localized

Globalized

Localized Globalized

Metric Accuracy Precision F-score Accuracy Precision F-score Accuracy Precision F-score Accuracy Precision F-score
FedAvg [3] 34.20 46.17 30.96 42.58 42.64 41.57 44.44 50.46 41.43 43.89 45.50 42.39
FedProx [38] 38.88 62.70 34.34 46.18 47.16 44.48 49.65 57.35 46.42 46.62 49.22 44.83
MOON [40] 44.88 45.73 43.20 44.88 45.73 43.20 51.68 58.97 48.80 47.54 48.76 46.22
CCVR [50] 42.63 42.44 41.53 42.63 42.44 41.53 45.16 53.53 42.30 43.69 45.20 41.95
FedDisco [51] 43.07 43.19 41.85 43.07 43.19 41.85 44.71 49.47 41.58 43.59 45.30 4222
FedSAM [52] 41.05 60.13 37.35 46.63 46.75 45.53 50.69 58.41 43.45 59.03 64.00 54.80
FedExp [53] 42.06 42.04 41.05 42.06 42.04 41.05 45.22 52.48 42.31 42.33 44.15 40.54
FedInit [54] 36.22 48.86 33.54 42.42 42.78 41.44 46.33 53.86 4351 42.00 43.80 40.33
SymmetricCE [16] 55.01 63.90 49.78 59.23 64.55 54.38 45.50 51.95 41.04 48.25 48.31 44.74
FedLSR [55] 55.32 57.45 48.96 55.32 57.45 48.96 35.12 25.86 25.94 35.21 24.93 25.66
FedNoRo [15] 43.44 43.46 42.42 40.13 40.41 39.33 46.67 48.41 46.34 43.73 43.67 42.90
FedELC [56] 40.83 42.33 39.66 47.64 56.57 45.76 45.94 53.19 44.18 5431 60.11 52.61
FedCorr [13] 39.18 44.51 42.57 35.83 48.79 41.05 40.39 39.01 37.68 36.82 34.24 41.34
FedClean [8] 45.82 42.33 43.55 39.87 38.66 41.25 47.82 46.53 43.05 41.66 42.61 42.88
FedRG 59.99 70.32 55.31 63.29 72.94 59.14 61.52 73.01 57.09 64.88 64.88 60.98
Normalizing these three hypotheses yields a clean posterior y* = ¢). Following prior work [57], T is implemented

P_clean _ gi (gl)
2 - S G _ - .
4i(9i) + chﬁgi Zg:l Be,g Vi,g + Yi,0
®)
As Y. By = 1 and Zg ¥i,g = 1, the on-geometry terms
=~ (,,0bs
sum to 1, giving the compact form Plean = q1(+y:y , 0> ,which

naturally discounts samples with high background mass
¥i,0. Following the prior works [8, 13], we firstly employ
a two-component Gaussian mixture model (GMM) on the
per-sample P{*" to separate all samples into two distinct
clusters: Scicqn set denotes the clean samples while S,y
indicates the noisy sample set.

3.5. Overview of Robust optimization

Geometry-model optimization. We initialize the vMF
model and the class-to-geometry matrix at random. To
project features and observed labels more faithfully onto
the spherical representation space, we only update the vMF
model and the class-to-geometry matrix with the clean
dataset during local client training. Implementation details
for the full pipelines are described in the Appendix Sec.3.5.

Global model optimization. The total training objective
combines the batch-level robust supervised loss for super-
vised learning with the forward corrected loss for noise ab-
sorption:

L= )\S£SCE + )\nﬁn . (9)

Here, A, and A\, are the trade-off hyperparameters. Lgcg is
the noise-resilient loss symmetric cross-entropy (SCE) [16].
To explicitly model noisy samples, we introduce a noise ab-
sorption matrix T € RE*C where T, ~ P(j = ¢ |

as an additional linear layer appended after the classifier
head. It does not require the model to predict the unknown
true label directly. Instead, the classifier outputs the label
distribution p;, and the noise absorption layer maps it to
the observed noisy-label space via the forward correction
p;T. Concretely, for samples in the noisy set Spoisy, We
maximize the likelihood of the observed labels under the
forward-corrected distribution:

B
n — B
Zizlmi+€

where m; € [0, 1] is a per-sample weight (e.g., an indicator
or a calibrated soft weight) and € > 0 is a small constant
for numerical stability. Ablation experiments in Sec. 4.4
demonstrate the advantage of the noise absorption matrix.

4. Experimental Results

Our evaluation reports the main results and targeted abla-
tions; additional experiments and a detailed cost analysis
are provided in the Supplementary Sec.4 and Sec.5.

4.1. Experimental Details

Datasets, Models, and Metrics: We evaluate our method
on three representative datasets: CIFAR-10 [58], SVHN
[59], and CIFAR-100 [58]. Among them, CIFAR-100 [58]
contains richer category diversity with 100 fine-grained
classes. For model architectures, we adopt the ResNet fam-
ily [60] according to prior representative studies [8, 13].
We report multiple evaluation metrics, including accuracy
(ACC), precision, and Fl-score, following prior works
[19, 55, 56]. Additionally, we include the Clean—Noise



Table 2. Experimental results on SVHN and CIFAR100 with globalized noise setting. The bold denotes the best result while the underlined

denotes the second-best result.

Dataset SVHN CIFAR100
Noise Type Symmetric Label Noise Pairflip Label Noise Symmetric Label Noise Pairflip Label Noise
Metric Accuracy Precision F-score Accuracy Precision F-score Accuracy Precision F-score Accuracy Precision F-score
FedAvg [3] 43.52 42.79 42.29 45.73 41.04 38.08 39.27 40.81 39.53 41.49 38.79 40.53
FedProx [38] 46.89 53.47 46.41 51.86 43.44 48.73 34.98 40.16 35.03 40.95 34.32 39.83
MOON [40] 45.15 44.79 4351 46.10 42.55 41.11 36.57 39.78 36.69 40.33 36.14 3945
CCVR [50] 45.84 41.20 45.64 44.10 42.85 35.95 39.03 41.29 38.96 42.37 38.51 40.81
FedDisco [51] 43.11 41.89 43.37 43.94 40.42 36.91 38.11 40.87 38.22 41.45 37.54 40.57
FedSAM [52] 31.09 71.31 25.59 75.25 15.41 65.69 42.59 44.61 42.68 45.64 41.62 44.29
FedExp [53] 46.23 41.34 45.20 43.78 43.55 66.69 38.93 41.51 39.04 41.95 38.51 41.20
FedlInit [54] 44.75 40.42 43.86 43.70 42.00 37.05 38.29 40.46 38.21 41.08 37.68 40.19
SymmetricCE [16]  57.82 50.69 55.28 52.28 50.56 45.71 56.36 39.25 58.86 40.52 55.80 38.65
FedLSR [55] 55.21 11.07 53.07 - - - 16.14 18.72 6.57 8.17 8.26 10.23
FedNoRo [15] 37.07 39.59 34.70 39.29 34.19 37.27 34.90 39.29 34.95 40.07 3443 39.19
FedELC [56] 54.24 42.72 53.79 48.69 50.70 43.06 41.75 39.93 41.89 37.10 40.83 35.97
FedCorr [13] 49.53 42.33 48.60 43.98 4522 39.84 36.75 39.55 40.05 40.25 42.67 38.48
FedClean [8] 54.28 40.77 52.69 44.66 47.77 42.16 39.57 38.88 40.22 36.71 39.83 36.79
FedRG 62.70 74.55 58.83 80.62 42.88 68.83 51.95 56.49 54.31 60.80 51.25 55.46
Recognition Accuracy (CRA), which measures how accu- 4.3. Main Results

rately the model distinguishes clean samples from noisy
ones. Specifically, CRA is computed as the proportion
of samples whose predicted clean/noisy status matches the
ground truth, reflecting the model’s ability to correctly iden-
tify both clean and noisy data instances.

Baselines: We compare the proposed FedRG with
the representative FL methods:  Representative FL
methods: FedAvg [3], FedProx [38], MOON [40],
CCVR [50], FedDisco [51], FedSAM [52], FedExp [53],
FedInit [54].Representative noise-robust methods: Sym-
metric CE [44], FedCorr [13], FedClean [8], FedLSR [55],
FedELC [56] and FedNoRo [15].

4.2. Implementation Details

Federated Learning Setup: Following previous
works [50, 61], we conduct experiments under a strongly
non-IID setting, where the client data is partitioned accord-
ing to a Dirichlet distribution with concentration parameter
«a = 0.1. Unless otherwise stated, we adopt K = 10 clients
for all datasets. More details about the hyperparameters are
provided in Appendix Sec.1.

Federated Label Noise Setup: Following existing
methods [10, 15, 56], we keep the noise rate fixed across
all clients and then corrupt the local labels of each client
using a transition matrix with noise level ¢ = 0.4. In the
globalized corruption setting, all clients share a common
transition matrix, i.e., p(§ = j | y = i). In the local-
ized setting, each client maintains its own transition matrix
that operates within its local label. For both settings, we
consider two standard noise patterns: (i) symmetric flipping
and (ii) pairflip.

Tabs. | and 2 summarize the overall performance of differ-
ent baselines under both symmetric and pairflip label-noise
settings across CIFAR10, SVHN, and CIFAR100. Classical
FL algorithms such as FedAvg, FedProx, and MOON de-
grade significantly under label corruption. Methods that ex-
plicitly incorporate regularization or noise modeling (e.g.,
SymmetricCE) achieve moderate improvements in symmet-
ric corruption but show limited improvement under pairflip
corruption.

In contrast, FedRGconsistently achieves the best or
second-best performance across nearly all datasets, metrics,
and noise patterns. For CIFAR10 (Tab 1), FedRGsurpasses
all baselines under both localized and globalized noise, with
remarkable gains in accuracy and F-score. For instance,
FedRGimproves symmetric-globalized accuracy by a large
margin over the second-best method. For SVHN (Tab. 2),
FedRGdemonstrates substantial robustness, particularly un-
der pairflip noise where the performance of most baselines
collapses; FedRGmaintains high accuracy (80.62) and pre-
cision (68.83), indicating its strong capability to correct and
filter corrupted labels. Similar trends are observed on CI-
FAR100, where FedRGoutperforms competing approaches
by a clear margin despite the increased task difficulty and
finer-grained label space.

Overall, these results validate the effectiveness of FedR-
Gin handling heterogeneous and severe label noise in feder-
ated environments. Its consistent superiority across datasets
and noise types suggests that the geometric-consistency-
based noise identification and the personalized noise ab-
sorption matrix jointly suppress misleading gradients and
mitigate the negative impact of noisy client labels.
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Figure 4. Comparison of model performance under different num-
bers of clients and semantic clusters.

4.4. Ablation Study

As illustrated in Fig. 3, we compare the FedRG with four
degraded variants: @ w/o Noise Absorption Matrix, which
removes the forward noise absorption matrix; &w/o Label
Decoupled Spherical Representation, which eliminates the
unsupervised SimCLR in stagel; ® replaces the SCE loss
with a standard CE loss; and ® w/o Localized Noise Ab-
sorption Matrix, which aggregates the noise absorption ma-
trix across rounds.

Removing the forward noise-absorption matrix causes a
clear drop across almost all metrics, especially in Clean Re-
call and CRA. This confirms the importance of using the
transition matrix to suppress the influence of noisy labels.
Second, the removal of the label decoupled spherical rep-
resentation stage also leads to noticeable degradation. In
the early rounds, clients receive highly corrupted supervi-
sion.Thus, the unsupervised stages provides noise-free rep-
resentation learning that significantly benefits downstream
robustness. Third, replacing SCE with standard CE in-
dicates that SCE is essential for mitigating gradient bias
caused by incorrect labels and preventing overfitting to
noise. Finally, disabling the aggregation of the noise ab-
sorption matrix mildly affects performance, particularly in
the globalized noise setting, suggesting that global consol-
idation of noise patterns further enhances stability and al-
lows clients to share consistent noise-handling information.
Across all four scenarios, FedRGconsistently achieves the

best performance on nearly all metrics. The consistent gaps
between FedRG and its variants demonstrate that each com-
ponent contributes meaningfully to the overall robustness to
both localized and globalized patterns.

We further perform ablation studies about the client sam-
pling rate at each round and the number of clusters G, the
results are listed in Fig. 4. Based on Fig. 4 left, the perfor-
mance of FedRG continues to improve with the increase in
the number of participating clients in each round. The se-
lection of the number of semantic clusters is also a key pa-
rameter for FedRG. The Fig. 4 right shows the performance
of FedRG under different numbers of semantic clusters. In
our other experiments, we set the number of labels to 10. In
addition, we also test the impact of different numbers of se-
mantic clusters ranging from 6 to 20 on the performance. It
can be seen that the performance remains balanced overall
and is robust to the number of semantic clusters.

5. Conclusion

We introduce FedRG to addresses the challenges of noisy
labels under data heterogeneity by the representation ge-
ometry principle over traditional loss-based methods. Fe-
dRG robustly identifies noisy samples through geometric
consistency and employs a personalized noise absorption
matrix for optimization. Extensive experiments demon-
strate that FedRG outperforms the state-of-the-art baselines.

Limitations and Future Directions: FedRG currently
focuses on image classification, leaving graph and natural
language domains unexplored. As the first work on OOD
generalization on graphs [62] demonstrates, structural dis-
tribution shift poses unique challenges; future work could
extend our geometric framework to such settings. Addition-
ally, leveraging the first benchmark and library for curricu-
lum learning [63, 64], incorporating sample difficulty into
our clean/noisy partition could enable finer-grained robust
training in heterogeneous FL scenarios.
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