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Outline

As part of supplementary material for FedRG, we provide
further details, organized into the following sections:
• Sec. 1 introduces the implementation details of all exper-

iments.
– Sec. 1.1 provides the detailed hyperparameter configu-

rations and implementation details for FedRG and all
baseline methods

– Sec. 1.2 gives detailed training settings for the experi-
ments over three datasets.

– Sec. 1.3 offers a detailed setting for the preliminary ex-
periment shown in Fig. 1 of the main paper.

• Sec. 2 overviews FedRG with its pseudocode.
• Sec. 3 provides additional technical details of the FedRG.

– Sec. 3.1 provides the definition of the posterior respon-
sibility.

– Sec. 3.2 presents a diagram illustrating the mapping re-
lationship between semantic clusters and labels.

– Sec. 3.3 provides the multi-view consistency for se-
mantic augmentations.

– Sec. 3.4 details the EM update of the vMF geometry
model.

– Sec. 3.5 provides the updating strategy of the class-to-
geometry matrix.

• Sec. 4 provides system overhead analysis of FedRG.
– Sec. 4.1 analyzes the communication overhead.
– Sec. 4.2 analyzes the computational overhead.
– Sec. 4.3 analyzes the storage overhead.

• Sec. 5 provides additional experimental results for
FedRG.
– Sec. 5.1 gives additional experimental results on

SVHN and CIFAR100 under localized label noise.
– Sec. 5.2 gives additional experimental results on

*Equal contribution.
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Table 1. Hyperparameter settings of FedRG on different datasets.

Hyperparameters CIFAR-10 CIFAR-100 SVHN

# of training rounds
in stage 1 (T1) 150 150 150

# of training rounds
in stage 2 (T2) 350 350 350

Number of clusters (|G|) 10 50 10

CIFAR-10 with 100 clients.
– Sec. 5.3 reports the maximum accuracy across training

rounds.
– Sec. 5.4 compares FedRG with representation- and

geometry-related methods.
– Sec. 5.5 studies the effect of shared self-supervised rep-

resentations.
– Sec. 5.6 examines the hyperparameter sensitivity of
FedRG.

• Sec. 6 introduces more detailed related works.

1. Implementation Details

This section presents the detailed experimental configura-
tions used throughout the paper. We begin by describing
the overall hyperparameter settings of FedRG and the base-
line methods included in our comparisons. We then elabo-
rate on the main experimental setups reported in the paper,
followed by the detailed configurations of the preliminary
experiment presented in the main paper.

1.1. Detailed Implementation of Baselines
All baselines listed in this paper can be classified as the
general FL methods and the label noise-resilient meth-
ods. For the baselines FedAvg [1], FedProx [2], MOON
[3], CCVR [4], FedDisco [5], FedSAM [6], FedExp
[7], FedInit [8], SymmetricCE [9], FedLSR [10],



FedNoRo [11], FedELC [12], and FedCorr [13], we
closely follow their official implementations and keep the
default hyper-parameter settings whenever applicable.

• FedRG (Ours), consists of two stages. We first perform
a 150 rounds of warm-up stage, during which a SimCLR-
based network is trained to obtain the label decoupled
spherical representation. This is followed by 350 rounds
of collaborative training using our representation geom-
etry priority principle. We set the trade-off hyperparam-
eters λs = 0.4 and λn = 1. The number of semantic
clusters is fixed for each dataset, as specified in Tab. 1.

• FedProx [2], is proposed to tackle data heterogeneity
among clients by adding a fixed proximal term with coef-
ficient µprox = 0.125 prox to every local loss function.

• MOON [3], mitigates client drift via a contrastive regular-
izer. We set the temperature τ = 0.5 and the contrastive
weight µ = 1.0.

• CCVR [4], calibrates the classifier by estimating
classwise feature means and covariances. We set
sample per class = 100, which determines how
many synthetic feature samples are drawn for each class
when constructing the virtual representation set.

• FedDisco [5], reweights client updates according to
their distributional divergence. We adopt a = 0.5 and
b = 0.1, where a controls the penalization strength on
clients with larger divergence, and b provides a small pos-
itive offset to stabilize aggregation.

• FedSAM [6], applies Sharpness-Aware Minimization to
each client’s local update. We use the SAM optimizer
with perturbation radius ρ = 0.1 and set η = 0 following
the common configuration. Stochastic Weight Averaging
(SWA) is enabled with swa c = 1 and swa lr = 0.0001.

• FedInit [8], performs relaxed initialization by par-
tially pulling each client’s model toward the global model.
Specifically, we set β = 0.1, which controls the interpo-
lation strength in the update w ← wg + β(wg − wlocal)
applied at the start of each round.

• SymmetricCE [9], replaces the standard cross-entropy
with a symmetric combination of CE and reverse CE. We
set α = 0.1 and β = 1.0, where α weights the conven-
tional CE term and β controls the contribution of the re-
verse CE term.

• FedLSR [10], introduces label-wise soft regularization.
Following the original design, we set λe = 0.6 for the
entropy-based regularization term and γ = 0.4 for con-
trolling the strength of the L1 prediction consistency.

• FedNoRo [11], performs two-stage training to mitigate
the effect of noisy clients. We set the warm-up round
to 10. In the second stage, noisy clients adopt a logit-
adjusted knowledge-distillation loss.

• FedELC [12], extends federated learning under noisy la-
bels. In the first stage, FedELC performs 20 rounds of
warm-up. For noisy clients, the soft label matrix is ini-

Table 2. List of datasets used in our experiments.

Hyperparameters CIFAR-10 CIFAR-100 SVHN

Size 50,000 50,000 73,257
# of classes 10 100 10
Batch size 64 64 64
# of clients 10 / 100 10 10
Selected fraction 0.5 / 0.1 0.5 0.5
Learning rate 0.01 0.01 0.01
Weight decay 0.0005 0.0005 0.0005
Local epochs 1 / 5 1 1
Heterogeneity 0.1 0.1 0.1
Architecture ResNet-18 ResNet-34 ResNet-18

tialized with Kpencil = 10 on the true label dimension.
• FedCorr [13], identifies and corrects noisy clients

through a three-stage procedure. In the first stage, clients
train for 5 rounds with MixUp (mixupα= 1.0), and noisy
clients are detected via accumulated LID and a loss-based
GMM. Detected noisy clients are relabeled using confi-
dence filtering with confidence threshold of 0.5, and rela-
bel ratio of 0.5, while a proximal term with β = 5 stabi-
lizes updates. In the second stage, clean clients fine-tune
the model for 250 rounds. Finally, the third stage resumes
standard FL for 245 rounds.

• FedClean [14], adopts a three-stage framework to pro-
gressively identify and mitigate noisy labels. During the
warm-up phase (100 rounds), clients are trained with
standard cross-entropy to obtain reliable confidence es-
timates. In stage 1 (200 rounds), each client separates
clean and noisy samples using confidence-based filtering.
Stage 2 (200 rounds) further refines the model by training
on the cleaned dataset.

• FedProto [15], transfers client knowledge through
class prototypes in the feature space. We use one lo-
cal epoch, standard cross-entropy training, EMA decay
0.9, and weighted client aggregation, following its origi-
nal formulation.

• FedCNI [16], identifies noisy samples through super-
vised centroid consistency. We use one local epoch,
centroid-consistency weight λ sim = 0.7, GMM thresh-
old 0.5.

• GGEUR [17], improves robustness with geometry-aware
feature augmentation based on local class statistics. We
use augmentation weight aug = 0.5, three augmented fea-
tures per real feature, top-20 eigen-directions, covariance
ridge 1e-4, and minimum class count 20.

• FedROM [18], adopts a representation-oriented robust ob-
jective with a warm-up stage and an additional OT regu-
larizer. We use 50 warm-up rounds, and the original SCE
setting with α = 0.1 and β = 1.0.



1.2. Experimental Settings over Three Datasets
All experiments are conducted on a server with 8 NVIDIA
A100 GPUs. Unless otherwise stated, each client is trained
with learning rate 0.01 and momentum 0.9. We also set the
batch size to 64, following previous works [12, 13]. Across
all experiments, we follow a unified training setup for the
three datasets, as summarized in Tab. 2. We adopt SGD
with momentum 0.9 and weight decay 0.0005 as the local
optimizer, using a batch size of 64 for CIFAR-10/100 and
SVHN. Following the prior works [13, 14], the learning rate
is set to 0.01 for CIFAR-10/100 and SVHN. All remaining
dataset-specific details are provided in Tab. 2.

1.3. Implementation Details for Fig.1 in Main Paper
To support the observations presented in Fig. 1 of the main
paper, we conduct a preliminary study that examines the
noise identification behavior of different methods under
both symmetric and globalized label noise on the CIFAR-
10 dataset. The experiment runs for 500 communication
rounds with a total of 10 clients, where 50% of the clients
are randomly selected at each round. All other training con-
figurations follow the unified setup summarized in Tab. 2.

The compared baselines rely on small loss values to
identify noisy samples, which becomes unreliable under se-
vere data heterogeneity. In contrast, FedRG utilizes the ge-
ometry of the learned spherical representation to distinguish
clean and noisy instances more robustly, especially in chal-
lenging heterogeneous environments.

2. Pseudocode Overview of FedRG
To clearly present the overall workflow of FedRG, we
provide a concise algorithmic summary in Algorithm 1.
The method consists of two major stages. In the first
stage, clients collaboratively learn label-decoupled spher-
ical representations through SimCLR-based pre-training,
which serves as a noise-agnostic feature extractor. In the
second stage, FedRG performs geometry-based noisy sam-
ple identification using the vMF model, updates class-to-
geometry matrix, and optimizes both the local model and
the client-specific noise absorption matrix in a robust man-
ner. These steps together enable FedRG to handle hetero-
geneous and instance-independent label noise effectively in
federated scenarios.

3. Additional Technical Details underlying the
FedRG Solution

3.1. Definition of Posterior Responsibility
In Sec. 3.4 of the main paper, we model the label decou-
pled spherical representations with a mixture of semantic
clusters on the hypersphere. Given this mixture, the poste-
rior responsibility of a cluster for a sample is defined as the

Algorithm 1 FedRG

Require: Number of clients K, communication rounds
T1, T2, noisy local datasets {D̃k}Kk=1, initial global
model θ

Ensure: Global model θfinal

// Stage I: Label-decoupled spherical representation
(SimCLR pre-training)

1: for t = 1 to T1 do
2: Server samples clients St ⊆ {1, . . . ,K}.
3: for each client k ∈ St in parallel do
4: Initialize local model θ(k)t ← θt−1.
5: for mini-batch (xi, ỹi) ⊂ D̃k do
6: Update θ

(k)
t by minimizing loss LSimCLR.

7: end for
8: end for
9: Server aggregates θt ←

∑
k∈St

ωkθ
(k)
t ▷ FedAvg

10: end for
11: Initialize vMF model and class-to-geometry matrix.
12: Initialize noise absorption matrix Tk.

// Stage II: Geometry-based noisy data identification
and robust optimization

13: for t = T1 + 1 to T1 + T2 do
14: Server samples St and broadcasts θt−1.
15: for each client k ∈ St in parallel do
16: Initialize clean set Dc

k ← ∅, noisy set Dn
k ← ∅.

17: for mini-batch (xi, ỹi) ⊂ D̃k do
18: Compute geometry–label consistency score
19: q̃i(ỹi) and clean posterior P clean

i .
20: end for
21: Fit GMM on {1− P clean

i } and split data into
clean subset Dc

k and noisy subset Dn
k .

22: Update matrix B using only Dc
k and update the

23: vMF model using all local samples.
24: Optimize θt−1 and local Tk by minimizing

L = λsLSCE(D̃k) + λnLn(Dn
k ;Tk).

25: Obtain updated θ
(k)
t and upload to server.

26: end for
27: Server aggregates θt ←

∑
k∈St

ωkθ
(k)
t .

28: end for
29: return θfinal

posterior probability that this sample belongs to that cluster
under the current mixture model. Concretely, let zi denote
the unit-norm representation of sample i, and let pg(zi) be
the density of cluster g with mixture weight πg . The poste-
rior responsibility of cluster g for sample i is

γi,g =
πg pg(zi)∑G

h=0 πh ph(zi)
, (1)

which is a normalized score over components and can be
interpreted as a soft assignment of zi to semantic cluster
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Figure 1. t-SNE visualization of spherical representations on CIFAR10. (a) colored by ground-truth labels. (b) colored by FedRG
semantic clusters. Hollow markers indicate the semantic clusters with multi-class membership, and the dashed bounding box highlights
one representative cluster g0, which is ambiguous. This cluster spans two neighboring class regions (class c2 and c6), illustrating that
FedRG discovers fine-grained semantic modes and supports soft cluster-to-label associations rather than rigid one-to-one mappings.

g (or to the background when g = 0). Rather than com-
mitting each sample to a single cluster, the vector Γi =
(γi,1, . . . , γi,G) summarizes how strongly each semantic
component is responsible for generating the observed rep-
resentation of that sample.

This probabilistic notion of responsibility plays two key
roles in FedRG. First, it provides a label-free geometric
descriptor of each sample: samples that share similar se-
mantics tend to have similar responsibility profiles over the
mixture clusters, even when their annotated labels are noisy
or inconsistent across clients. Second, by comparing the
label-free responsibilities with the label-conditioned geom-
etry (built from annotated labels), FedRG can quantify how
well the observed label agrees with the intrinsic represen-
tation geometry. Samples whose posterior responsibilities
are concentrated on components that are inconsistent with
their annotated label are flagged as likely noisy, while sam-
ples whose responsibilities align with the label-conditioned
component distribution are treated as clean. In this way,
responsibilities serve as the fundamental bridge between
the spherical representation manifold and the subsequent
clean/noisy identification procedure in FedRG.

3.2. Cluster-to-Geometry Mapping

Geometric relationship between Semantic Clusters and
Class Labels. A key property of FedRG is that the rela-
tionship between semantic clusters and ground-truth classes
is fundamentally many-to-many: on the one hand, a single
class typically contains multiple fine-grained semantic clus-

ters; on the other hand, a semantic cluster may softly asso-
ciate with multiple classes through the learned distribution
βc,g . This many-to-many structure underlies the proposed
class-to-geometry mapping in FedRG and enables a richer
characterization of representation geometry than rigid class-
partitioning approaches.

We visualize the learned spherical representations using
t-SNE under two coloring schemes. Fig. 1a shows the em-
bedding colored by ground-truth labels, where each class
forms a coherent island-shaped region. When the same em-
bedding is colored by the semantic clusters produced by
FedRG with |G| = 20 clusters (Fig. 1b), a markedly differ-
ent structure emerges: each class is decomposed into several
compact and well-separated sub-clusters. This confirms that
categories in federated data are not monolithic; rather, they
are composed of multiple latent semantic modes capturing
intra-class variation in pose, background, texture, and illu-
mination.

Furthermore, the cluster geometry clearly reveals the soft
cross-class association of these semantic components. In
Fig. 1b, we mark ambiguous clusters with hollow mark-
ers. A representative ambiguous cluster, denoted as g0 and
highlighted by a dashed bounding box, lies precisely across
the boundary between two adjacent classes (c2 and c6) in
Fig. 1a. Such cross-class clusters naturally arise in semanti-
cally confusing regions and often correspond to borderline
samples or pockets of noisy labels. Their existence empir-
ically illustrates that clusters in FedRG can exhibit multi-
modal associations over labels, exactly what the βc,g is de-



signed to capture.
Taken together, these observations are consistent with

the core design of FedRG: instead of enforcing a rigid
one-to-one correspondence between clusters and classes,
FedRG models the representation geometry with multi-
ple clusters per class and soft class associations per clus-
ter. This structure provides a principled basis for model-
ing semantic granularity, detecting unreliable samples, and
achieving robustness under federated noisy-label settings.

3.3. Multi-view Consistency for Semantic Augmen-
tations

This subsection supplements Sec. 3.4.2 (main paper) by
detailing how multi-view self-supervision is used to en-
hance the stability of posterior responsibilities on the hy-
persphere. For each training sample xi, two stochastic aug-
mentations are generated as zi,1, zi,2 ∈ Sd−1, producing
unit-normalized representations. Their consistency is sum-
marized by the length of the averaged vector as

Ri =

∥∥∥∥zi,1 + zi,2
2

∥∥∥∥
2

∈ [0, 1]. (2)

Under spherical statistics, Ri is a sufficient statistic for the
concentration of a vMF distribution in dimension d, so we
map it to an augmentation induced concentration

κ̂aug
i = A−1

d (Ri), (3)

where Ad(κ) is the vMF mean resultant length and A−1
d is

the inverse. We then compute a relative observation preci-
sion by normalizing with respect to the batch-wise median

κaug = medianj
(
κ̂aug
j

)
, ri =

κ̂aug
i

κaug . (4)

In implementation, the median normalizer is maintained by
an exponential moving average across mini-batches, and
ri is clipped to a bounded interval for numerical stability.
Given the vMF model, the initial responsibilities for clus-
ters g are

γi,g ∝ πg exp
(
κg µ

⊤
g zi

)
, (5)

where πg is the mixture weight, µg the mean direction, and
κg the concentration of component g. The augmentation-
aware observation precision ri is used to rescale the effec-
tive concentration for sample i:

κ(i)
g = ri κg, γ̃i,g ∝ πg exp

(
κgri µ

⊤
g zi

)
, (6)

followed by normalization over all clusters. In implemen-
tation, these quantities are instantiated as vMF-style unnor-
malized energy scores over the foreground components to-
gether with a background score, followed by a softmax nor-
malization with a fixed temperature. Samples whose two
views are highly consistent (large Ri and thus larger ri)
yield sharper responsibilities, while unstable samples in-
duce softer responsibilities.

3.4. EM Update of the vMF Model
This subsection supplements Sec. 3.5 (main paper) by ex-
plaining how the vMF model is updated in an EM-style
manner using the responsibilities. Let i index samples in
a mini-batch, g ∈ {0, 1, . . . , G} index vMF clusters (with
g = 0 the background), and c ∈ {1, . . . , C} index classes.
For each sample xi, we denote by zi ∈ Rd its ℓ2-normalized
feature on the sphere, by γ̃i,g the refined responsibility of
cluster g, and by γ̃bg

i = γ̃i,0 the background responsibil-
ity. The clean probability P clean is converted into a binary
clean indicator mi ∈ {0, 1} via a two-component Gaussian
mixture on 1 − P clean, where the component with smaller
mean is treated as clean. The model parameters are the
mean directions µg ∈ Rd, concentrations κg ∈ R+, cluster
weights πg ∈ (0, 1) with

∑G
g=1 πg = 1, background mass

π0 ∈ (0, 1).
In the E-step, the vMF model provides augmented pos-

teriors over all clusters and the background that satisfy∑G
g=1 γ̃i,g + γ̃bg

i = 1. These responsibilities are treated
as p(g | xi) in the subsequent updates.

For the M-step on vMF model, we maintain a buffer
of sufficient statistics accumulated over mini-batches. For
each non-background cluster g ∈ {1, . . . , G}, we store
a responsibility-weighted feature sum sg =

∑
i γ̃i,g zi , a

soft count ng =
∑

i γ̃i,g , and for the background nbg =∑
i γ̃

bg
i . At a fixed update interval, the buffered statistics are

converted into provisional parameters. The updated mean
direction of cluster g is

µ̂g =
sg
∥sg∥2

, (7)

and the empirical mean resultant length is

Rg =
∥sg∥2
ng + ε

, (8)

where ε is a small constant for numerical stability. The new
concentration is obtained via the inverse vMF mean resul-
tant function in dimension d,

κ̂g = A−1
d (Rg) , (9)

and is clipped to a reasonable range in the implementation.
The actual parameters are updated by an online EM step
with momentum ρ ∈ (0, 1):

µg ← (1− ρ)µg + ρ µ̂g , (10)

κg ← (1− ρ)κg + ρ κ̂g , (11)

followed by renormalizing µg to unit length.
The cluster weights and background mass are updated

from the soft counts using a Dirichlet-style prior with hy-
perparameter αdp:



Table 3. Experimental results on SVHN and CIFAR100 with localized 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 [1] 31.00 34.80 25.25 33.01 36.37 24.59 37.84 38.94 37.26 44.19 46.42 43.75
FedProx [2] 30.77 45.05 22.11 42.89 50.53 33.81 33.83 35.20 33.21 44.10 46.29 43.56
MOON [3] 44.20 60.55 35.93 42.22 47.75 35.83 36.40 37.21 35.74 43.36 45.60 42.98
CCVR [4] 30.55 34.64 23.15 34.72 35.89 26.30 37.29 37.74 36.79 44.52 46.70 44.34
FedDisco [5] 29.70 33.69 22.86 32.62 33.77 23.66 37.05 37.99 36.48 43.82 46.06 43.42
FedSAM [6] 35.47 45.72 22.13 40.58 40.14 28.00 42.83 46.51 42.04 50.73 54.14 50.17
FedExp [7] 29.94 32.90 23.44 31.77 30.61 22.31 37.75 38.33 37.20 43.27 45.26 42.90
FedInit [8] 29.54 34.06 24.22 29.53 30.80 21.36 37.41 38.10 36.81 43.93 46.01 43.57

SymmetricCE [9] 49.49 52.94 40.07 41.64 41.15 32.96 53.02 56.52 52.37 43.10 45.85 42.28
FedLSR [10] 37.86 27.95 23.61 40.89 29.83 27.60 14.25 15.42 16.62 13.04 14.52 15.63
FedNoRo [11] 32.25 30.90 29.69 31.72 33.26 27.95 36.26 36.76 35.74 39.84 41.21 39.83
FedELC [12] 43.27 46.24 41.04 30.36 32.45 24.91 38.18 38.12 37.59 31.57 26.57 24.79
FedCorr [13] 45.28 47.28 43.25 39.57 42.25 38.55 38.78 40.20 39.58 35.87 53.19 34.94
FedClean [14] 42.93 40.33 45.48 44.38 40.22 37.87 43.24 40.28 45.22 40.87 42.58 41.27

FedRG 57.72 50.92 47.01 55.76 56.34 48.36 53.58 56.63 52.84 57.60 62.18 56.51

π̂g =
ng + αdp/G∑G

h=1(nh + αdp/G)
, (12)

and then smoothed by

πg ← (1− ρ)πg + ρ π̂g , (13)

3.5. Updating Strategy of Class-to-Geometry Ma-
trix

For the M-step on the class-to-geometry mapping, only
samples currently regarded as clean contribute. Let ỹi be
the noisy label of xi. We define the clean-weighted counts

Nc,g =
∑
i

mi 1[ỹi = c] γ̃i,g , (14)

where 1[·] is the indicator function. With Dirichlet smooth-
ing parameter αM , the updated class-to-geometry mappings
are

β̂c,g =
Nc,g + αM∑G

g′=1(Nc,g′ + αM )
, (15)

and are again updated with momentum

βc,g ← (1− ρ)βc,g + ρ β̂c,g . (16)

4. System Overhead Analysis
We summarize the overhead of FedRG w.r.t. FedAvg from
three axes: communication, computation, and storage. To
avoid repetition, we only keep the quantitative definitions
and the key dominant terms, algorithmic details of Stage I/II
follow Sec. 3 in the main paper and Algorithm 1.

Notation. M : number of scalars in model θ (parameter
footprint). C: #classes. G: #semantic clusters. d: feature
dimension on the hypersphere (CIFAR-10: d=512, G=10).
Ff , Fb: per-mini-batch forward/backward cost of the back-
bone. We denote by ∆c the extra embedding-level geometry
cost, and by ∆m the extra persistent memory footprint.

4.1. Communication
Under the default FedRG used in the main experiments,
each selected client only uploads and downloads the model
parameters θ (size M ), so the per-round communication
pattern is identical to FedAvg. If one additionally enables
cross-client aggregation of the personalized noise absorp-
tion matrix Tk for the ablation, the extra upload is C2

scalars per client, corresponding to the additional overhead
Overheadcomm = C2

M × 100%, where CIFAR-10/ResNet-
18: C2=100, M≈11.18M⇒ 100/11.18M ≈ 0.0009%.

4.2. Computation
Stage I (SimCLR warm-up) uses two stochastic views per
sample, i.e., two forwards and one backward per mini-
batch:

#Comp(Stage I) = 2Ff + Fb. (17)

Stage II keeps the same backbone update (two-view for-
ward with one backward) and adds embedding-level geom-
etry inference:

#Comp(Stage II) = 2Ff + Fb +∆c. (18)

Here ∆c is dominated by the geometry-specific rou-
tines after feature extraction: (i) a small batched similarity
(B×d) ·(d×G) for tempered vMF responsibilities (CIFAR-
10: d=512, G=10), (ii) a 2-GMM on 1D cleanliness scores
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(c) Localized pairflip noise
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(d) Globalized pairflip noise

Figure 2. Test accuracy versus communication rounds with K = 100 clients on CIFAR10 under four label noise configurations. We
conduct Stage 1 in the first 150 rounds.

Table 4. Experimental results on CIFAR10, SVHN, and CIFAR100 datasets under four different label noise settings, including LN1:
localized symmetric noise, LN2: globalized symmetric noise, LN3: localized pairflip noise, LN4: globalized pairflip noise. CIFAR10*
denotes the CIFAR10 dataset trained with 100 clients. The bold denotes the best result while the underlined denotes the second-best result.

Dataset CIFAR10 SVHN CIFAR100 CIFAR10*

Noise Setting LN1 LN2 LN3 LN4 LN1 LN2 LN3 LN4 LN1 LN2 LN3 LN4 LN1 LN2 LN3 LN4

FedAvg [1] 55.68 66.88 57.48 56.88 53.99 77.57 48.56 65.85 42.81 47.27 49.51 43.96 30.24 34.99 38.70 44.69
FedProx [2] 61.10 64.45 62.30 57.73 57.24 71.60 57.78 64.62 40.90 45.06 49.51 43.88 30.88 33.54 42.44 44.29
MOON [3] 68.85 68.80 64.31 60.26 62.60 75.02 65.46 70.99 44.23 47.73 50.45 43.49 31.41 40.55 38.24 36.09
CCVR [4] 68.95 68.90 60.86 56.32 59.74 76.86 51.64 68.67 44.5 47.85 51.42 45.68 28.42 32.57 35.47 42.60
FedDisco [5] 68.85 68.95 58.71 53.36 55.18 77.22 47.68 70.59 42.28 47.43 49.19 43.96 24.16 26.95 26.27 30.47
FedSAM [6] 56.52 67.20 66.48 63.61 45.66 47.78 55.29 85.31 46.86 49.99 53.42 47.43 36.45 46.06 33.01 45.20
FedExp [7] 66.19 66.21 60.25 54.45 55.19 77.39 51.39 67.38 41.78 46.59 49.46 43.60 33.07 35.03 36.58 44.92
FedInit [8] 57.89 67.06 61.55 53.78 53.58 80.85 47.81 67.00 42.68 47.40 50.00 43.41 34.42 38.26 38.06 44.10

SymmetricCE [9] 69.05 71.57 63.71 66.75 82.78 83.68 77.17 81.60 55.61 59.10 49.91 48.34 48.52 56.68 40.65 45.99
FedLSR [10] 66.21 68.85 40.69 43.55 61.11 82.00 55.06 49.07 15.06 17.01 13.88 19.20 37.39 54.95 30.87 54.73
FedNoRo [11] 64.87 67.82 53.94 50.38 59.96 72.86 53.67 50.32 45.58 45.72 46.08 41.62 38.70 32.67 39.93 39.97
FedELC [12] 61.00 69.05 55.15 64.20 53.03 67.77 50.03 59.83 42.37 43.56 32.12 41.43 32.28 33.27 28.04 39.62
FedCorr [13] 68.32 60.98 58.82 48.88 73.25 74.59 70.58 75.35 43.96 42.98 42.50 44.78 39.60 51.14 39.66 49.91
FedClean [14] 69.59 65.55 59.93 53.69 70.58 71.33 78.89 79.85 48.88 46.79 47.89 46.55 29.59 40.07 34.19 39.49

FedRG 72.47 76.53 74.06 77.90 83.13 87.13 83.41 88.33 55.49 53.47 59.62 58.88 55.41 65.56 54.45 57.32

for clean/noisy split, and (iii) EM-style updates using suf-
ficient statistics. These are lightweight compared to the
backbone forward/backward. Empirically, the end-to-end
wall-clock overhead is approximately 1.32× vs. FedAvg on
CIFAR-10/ResNet-18.

4.3. Storage
We report the client-side persistent state beyond transient
activations and optimizer states. FedAvg stores only the lo-
cal model parameters, i.e., #Mem(FedAvg) = M . Rel-
ative to FedAvg, FedRG maintains lightweight geometry-
related state in Stage II, including the vMF parameters, the
class-to-geometry matrix B ∈ RC×G, the local noise ab-
sorption matrix Tk ∈ RC×C , and the running sufficient-
statistic buffers used by the online EM updates. Therefore,
the extra storage is dominated by

∆m = 2Gd+ 2CG+ C2 +O(G), (19)

where the two Gd terms come from the cluster means and
their running vector statistics, the two CG terms come from

the class-to-geometry matrix and its accumulated counts,
and C2 is due to the local noise absorption matrix. For
CIFAR-10 with G = 10, C = 10, and d = 512, this
gives ∆m ≈ 10,560 scalars. With a ResNet-18 backbone
of M ≈ 11.18M parameters, the relative overhead is about
0.094%, which remains negligible in practice.

5. Additional Experimental Results
5.1. Experimental Results for SVHN and CI-

FAR100 under Localized Label Noise
To further validate the robustness of FedRG in more real-
istic federated environments, we additionally report results
under the localized label corruption setting on SVHN and
CIFAR100 datasets in Tab. 3. In contrast, FedRG consis-
tently achieves the best or second-best performance across
all evaluated metrics (accuracy, precision, and F1-score)
and both symmetric and pairflip localized noise, indicat-
ing that the proposed geometry driven noise identification
and personalized noise absorption matrix effectively mit-
igate client-specific label biases. For CIFAR100, we ob-



serve that SymmetricCE is competitive on a subset of met-
rics in several settings, especially when the noise pattern
is more regular and globally shared. However, this advan-
tage is less consistent across the localized settings, whereas
FedRG maintains more balanced performance across noise
types and evaluation metrics.

5.2. Experimental Results for CIFAR10 with K=100
To examine the scalability of FedRG to larger federations,
we further conduct experiments with K = 100 clients,
while keeping the data partition (Dirichlet with α = 0.1)
and noise settings identical to those in the main paper.
Fig. 2 reports the test accuracy along communication rounds
for four label-noise configurations: (a) localized symmetric
noise, (b) globalized symmetric noise, (c) localized pairflip
noise, and (d) globalized pairflip noise.

Across all four scenarios, increasing the number of
clients intensifies statistical heterogeneity and makes opti-
mization more challenging, leading to slower convergence
and lower final accuracy for all baselines. Nevertheless,
FedRG consistently performs better throughout training,
surpassing both classical FL methods and noise-robust ap-
proaches.

5.3. Maximum Accuracy Results
According to prior works [13], we additionally report the
maximum test accuracy achieved over all communication
rounds as a complementary evaluation metric. This pro-
vides an upper bound on the performance that each method
can reach during training and complements the main results
in Sec. 4.3 (main paper), which focus on the overall con-
vergence behavior. We summarize the maximum accura-
cies on CIFAR10, SVHN, CIFAR100, and CIFAR10* un-
der four label noise settings (LN1-LN4) in Tab.4. Across
all datasets and noise types, FedRG consistently achieves
the best or second-best performance. On CIFAR100, which
is more fine-grained and thus more sensitive to label noise,
FedRG either matches or surpasses the best competing
methods, indicating that our method remains effective in
the high-class regime. In the CIFAR10* scenario with
100 clients, FedRG still maintains a substantial advantage,
demonstrating that its robustness is preserved when the fed-
eration becomes highly heterogeneous and communication
is more fragmented. In general, these maximum-accuracy
results corroborate the findings of the main article, showing
that FedRG not only stabilizes training under severe label
noise but also consistently pushes achievable peak perfor-
mance beyond existing baselines.

5.4. Comparisons with Representation- and
Geometry-related Methods

We further compare FedRG with four methods that are
closely related to representation learning or geometry-

Table 5. Comparisons with additional representation- and
geometry-related methods on CIFAR10 with K = 10 clients. The
bold denotes the best result.

FedAvg* FedProto FedCNI GGEUR FedROM FedRG

GS 73.78 45.50 60.44 48.54 60.57 63.29
GP 45.22 52.55 41.97 51.67 64.88

aware modeling, namely FedProto[15], FedCNI[16],
GGEUR[17], and FedROM[18]. The experiments are con-
ducted on CIFAR-10 with K = 10 clients under noisy mode
GS (global symmetric) and GP (global pairflip) including
clean-label oracle FedAvg*. The remaining experimental
protocol follows the setting used in our main experiments.

The results are reported in Tab. 5. Across the two
noise settings, FedRG achieves the strongest overall perfor-
mance among these representation- and geometry-related
methods because it does not organize training evidence di-
rectly around noisy supervision. Instead, it first learns label-
decoupled spherical representations via self-supervision,
then models semantic structure with the vMF mixture, and
finally identifies noisy samples by comparing label-free
geometric evidence with annotated label-conditioned evi-
dence. This design provides a cleaner and more stable crite-
rion for noise identification under heterogeneous federated
settings.

5.5. Effect of Shared Self-supervised Representa-
tions

We further study whether the gains of FedRG mainly
come from stronger feature initialization. To this end, we
re-run several representative baselines with the same self-
supervised representations and compare them against their
original implementations on CIFAR10 with K = 10 clients
under the globalized symmetric noise setting, while keep-
ing the remaining experimental protocol the same as in the
main experiments.

As illustrated in Tab. 6, the results show that sharing
the same self-supervised representations does not lead to
uniform or consistent improvements: some methods obtain
only limited gains, while others even degrade under hetero-
geneous noisy supervision. This trend becomes even clearer
under the more heterogeneous α = 0.05 setting, where all
compared methods exhibit noticeable performance drops.
By contrast, FedRG still achieves the best performance un-
der both the standard setting. This suggests that the ad-
vantage of FedRG cannot be explained by representation
pretraining alone. Instead, its main benefit comes from
the subsequent geometry-guided noise identification proce-
dure, which explicitly models semantic clusters on the hy-
persphere and measures the agreement between intrinsic ge-
ometric evidence and annotated label-conditioned evidence.



Table 6. Effect of shared self-supervised representations. “Ori-
gin” denotes the original implementation of each method, “Shared
Rep.” denotes the variant using the same self-supervised represen-
tations, and “α = 0.05” denotes a more heterogeneous Dirichlet
partition.

Method Origin Shared Rep. α = 0.05

SymmetricCE [9] 59.23 61.28 42.99
FedLSR [10] 55.32 48.89 42.12
FedCNI [16] 60.44 61.14 39.24
GGEUR [17] 48.54 44.76 38.98
FedROM [18] 60.57 58.11 43.75
FedRG 63.29 45.52

Table 7. Hyperparameter sensitivity of FedRG. We report the test
accuracy (%) under different hyperparameter choices.

Hypers Settings Accuracy (%)

κ 1 / 3 / 5 / 7 / 9 63.28 / 62.88 / 63.29 / 63.07 / 63.33
GMM τ 0.2 / 0.35 / 0.5 / 0.65 / 0.8 61.25 / 62.47 / 63.29 / 63.40 / 62.97
λn 0.5 / 0.75 / 1 / 1.25 / 1.5 62.98 / 62.71 / 63.29 / 63.79 / 63.04

5.6. Hyperparameter Sensitivity
We further examine the sensitivity of FedRG to several
key hyperparameters. Unless otherwise specified, all set-
tings follow the main experimental protocol. We consider
the representative factors, including the initial concentration
parameter κ in the vMF model, the threshold τ used in the
GMM-based clean/noisy partition, and the loss weight λn

for the noise absorption term.
The results are reported in Tab. 7. Overall, FedRG is

empirically stable across a broad range of hyperparameter
choices. For the initialization of the vMF model, varying κ0

from 1 to 9 leads to only minor fluctuations, which suggests
that the subsequent geometry modeling is not overly sen-
sitive to the initial concentration. For the GMM threshold,
the best results are obtained around τ = 0.5 and τ = 0.65,
while the overall performance remains stable throughout the
tested range. For the loss weight λn, the accuracy is consis-
tently competitive from 0.5 to 1.5, with the default choice
λn = 1 already yielding strong performance. These obser-
vations indicate that FedRG does not require over-tuning
and remains robust to the main hyperparameters in practice.

6. More Detailed Related Works
Label corruption is especially challenging in FL because
supervision is decentralized, heterogeneous, and privacy-
constrained [19]. Most federated approaches addressing
noisy labels fall into two complementary axes: client-level
assessment, which judges which clients are reliable and
modulates their influence during training; sample-level as-
sessment, which decides which samples on each device
should be trusted or relabeled.

Client-level Assessment. Client-oriented strategies esti-
mate reliability signals from each participant and adapt ag-
gregation or training accordingly. A representative design is
the two-phase pipeline of FedNoRo [11]: an unsupervised
clustering step (e.g., a GMM [20] over client statistics) par-
titions clients into presumably clean versus noisy groups,
followed by knowledge distillation [21] to steer models
from noisy clients toward the global solution. Related two-
stage frameworks [12, 22] likewise use client-level reliabil-
ity to reweight aggregation, freeze or reset unreliable up-
dates, or schedule additional correction steps. These meth-
ods share the premise that enhancing client contribution, ei-
ther through selection or adaptive weighting, can help sta-
bilize global optimization even when per-client supervision
is imperfect.

Sample-level Assessment. A parallel literature acts at the
sample granularity on each device. FedLSR [10] stabilizes
local training through prediction regularization combined
with self-distillation [23], reducing overconfident fits to cor-
rupted labels. Two-stage data-quality pipelines [12, 22, 24]
remove or relabel suspicious instances before contribut-
ing updates. Domain specific work in network traffic [25]
adopts the small loss rule to retain examples that train with
lower empirical loss, implicitly treating them as cleaner.
Some approaches further assume access to a clean auxiliary
set to calibrate local decisions or to distill global knowl-
edge [26]; while effective, this assumption is often unten-
able in privacy-sensitive applications.

Both client-level and sample-level approaches com-
monly rely on the small loss principle to infer client noise
levels or to assess the correctness of individual labels. This
reliance can be explicit, for example through the direct
thresholding of per-sample losses, or implicit, for instance
by using low-loss statistics within GMMs or confidence-
based filters. However, deep networks are known to grad-
ually memorize mislabeled data [13], which drives their
losses downward and leads to incorrect inclusion of noisy
samples in the clean set, creating confirmation bias. At the
same time, legitimately difficult but correctly labeled in-
stances, such as minority-class examples or samples near
decision boundaries, often retain high loss and risk being
mistakenly removed.

To overcome these issues, our work focuses on sample-
level noise identification that does not depend on the small
loss heuristic and instead exploits the geometric structure
of learned representations to achieve more stable and robust
noise discrimination in heterogeneous federated settings.
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