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 Existing federated noisy label learning (FNLL) addresses noise heterogeneity by
distinguishing noisy clients from clean ones.

e 1) discarding clients

* loss of valuable information / noise residue

* 2) detect noisy clients, employ de-noise strategies(pseudo-labeling, knowledge
distillation)

« still treat clients as either noisy or clean

 limited exploration
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Figure 1. An overview of FedCorr, organized into three stages. Algorithm steps are numbered accordingly.
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Figure 2: Overview of the proposed two-stage framework FedNoRo.
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Figure 2: An overview of the training procedure proposed by FedDiv. In this work, the parameters of a local neural model and
a local noise filter are simultaneously learned on each client during the local training sessions, while both types of parameters
are aggregated on the server.
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I Introduction

e carly-stopping

« explores the dynamic optimization policies during the training of deep neural networks
(DNN5s)

« memorization effect that DNNs tend to frst memorize clean labels and then
memorize noisy ones

» Extensive experiments have shown a positive correlation between the amount of clean
data and critical parameters, suggesting more clean data need more critical model
parameters to memorize them

e stopping training at a certain time point / on a non-critical segment of DNNs / stopping
the training of noise-sensitive layers / stopping the training of non-critical parameters
 these methods all require some prior knowledge(noise rate of training data)

* In federated learning, noise rates remain unknown and exhibit variations among
heterogeneous clients



I Introduction & RAKE

1. We present a general noise-robust framework, FedES, to
handle noise heterogeneity where clients have varying

noise rates instead of a binary noisy-vs-clean problem.

2. We present a general noise-generation approach for
modeling federated label noise, incorporating varying
noise rates for clients with a continuous spectrum.

3. We estimate each client’s noise rate via a signed EMD
based on the local and global gradient, without requiring
additional information from clients.

4. We demonstrate that FedES outperforms state-of-the-art
FL methods on both varying synthetic federated label
noise and real-world label noise.
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Figure 1: Overview of the proposed two-stage framework FedES.
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Earth Mover’s Distance (EMD)

» Higher data quality is associated with a CoP

Stage 1: Federated Noise Estimation E . i
distribution having many large values, and the shape

Signed EMD
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11D Non-1ID
Symmetric Asymmetric Symmetric Asymmetric

Category Method = i [ #=05 = e [ u=05 pr= = =05 = % [ x=05
Baseline FedAvg 78.324+0.36 55.59+0.72 81.62+0.32 50.2840.03 58.754+0.06 32.56+0.82 63.06+0.66 32.5240.82

S-FedAvg 85.42+0.28 63.724+095 88.94+0.62 58.82+0.04 66.55+0.17 41.27+0.53 70.62+:0.52 40.724+0.98
Bingy Desioise.  Fair 83.56+0.08 64.35+0.83 87.60+0.22 58.35+0.76 64.04+0.58 4127+0.18 68324097 40.64+0.97

FedNoRo 87.55+£0.29 71.00+0.11 83.79+0.14 48.1640.38 59.364+0.61 35.364+0.27 53.974+0.76 47.621+0.68

Fed-SCE 90.194+0.21 83.00+0.34 84.774+0.10 52.50+0.67 83.664+0.38 65.33+0.56 70.92+0.04 23.631+0.30
General De-noise  Fed-Mixup 88.72+0.15 74.1940.69 87774020 54.61+£052 70.72+0.48 40.07+0.15 66.71+0.17 31.56+0.83

Fed-Coteaching | 85.38+0.17 73.67+0.20 87.15+0.09 58.20+0.59 76.64+0.73 54.77+0.12 72.25+0.78 22.26+0.71
Ours FedES 93.09+0.93 85404034 90.794+091 60.34+0.36 85.7440.99 68.11+0.48 74.544+0.65 50.59+0.41

Table 1: Test Accuracy (%) comparison results on CIFAR-10 datasets under varying synthetic federated label noise
11D Non-IID
Symmetric Asymmetric Symmetric Asymmetric

Categary Methon = i [ =05 — 5 [ n=05 = T [ 5=05 — — [ p=05
Baseline FedAvg 46.2240.60 30944087 53.011:0.80 31.664+063 42.1140.36 258440.12 51.7240.83 33.0440.01

S-FedAvg 53.29+0.00 39.781+044 60.33+0.88 40.56+0.53 49604045 34.22+024 58.74+0.06 41.07+0.36
Bifioiy Donoise  bair 51.71£0.19 39.92+064 58544043 39.83£005 47.11+0.72 3444+004 56.99+£079 41.45+0091

FedNoRo 59.76:0.38 47.144040 61.13+0.13 33.2240.75 42.7340.64 3040+0.15 5043+006 4497+0.29

Fed-SCE 57.83+0.51 48.01+0.74 58.05+0.36 33.01+043 63.1740.27 50.20+:045 57.36+0.11 34.63+0.23
General De-noise  Fed-Mixup 60.14+0.73  47.05+0.56 62.16+0.59 37.08+0.24 5586+0.12 40.86+0.18 5827+042 37.57+0.29

Fed-Coteaching | 59.22+045 44.27+033 5898+0.50 34.64+098 5845+0.02 42.72+043 60.59+£035 39.03+0.16
Ours FedES 63.13+0.32 50.59+0.68 65.11+0.09 39584037 65511+0.75 52.961+0.76 62.724+0.89  47.05+0.11

Table 2: Test Accuracy (%) comparison results on CIFAR-100 datasets under varying synthetic federated label noise
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Baseline

Binary De-noise

General De-noise

Ours

FedAvg

S-FedAvg

Fair

FedNoRo

Fed-Mixup

| Fed-Coteaching |

Fed-SCE Fed-ES

70.524+0.23 71.33+£0.04 71.25+0.50 71.05+0.14 72.6140.27

71354023

1257012, 713054014

Table 3: Test Accuracy (%) comparison results on Clothing IM datasets under real-world label noise

Indicator Mean EMD Sign CIFAR-10 CIFAR-100
Gn X X X 0.07 0.13
Py[n] X X X 0.05 0.11
Pn v X X 0.03 0.09
Pn X v X 0.02 0.05
Pn X v v 0.01 0.02

CS SeGD NaAgg CIFAR-10 CIFAR-100

X
v
X
X
X

X

< X X X

X
X
v
v

58.75+0.06  53.01+0.80
6/911H0.15 59.97+0.29
76.15+0.82  62.76+0.64
74.26+£0.97 61.17+£0.18
85.74+0.99 65.11+0.09

Table 4: MSE comparison results of the first stage ablation study in

FedES. Settings: CIFAR-10 dataset (1« = 0.5, noise type: asymmet-
ric, data partition: Non-IID) and CIFAR-100 dataset (x = 0.5 noise

type: asymmetric, data partition: Non-IID)

Table 5: Test Accuracy comparison results of the second stage ab-
lation study in FedES. Settings: CIFAR-10 dataset (;¢ = 0.3, noise

type: symmetric, data partition: Non-IID) and CIFAR-100 dataset
(¢ = 0.3, noise type: asymmetric, data partition: 1ID)
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Figure 3: Ablation study of s; for pre-training. Settings: CIFAR-10
dataset (1 = 0.5, noise type: asymmetric, data partition: Non-IID)
and CIFAR-100 dataset (1 = 0.3, noise type: asymmetric, data
partition: Non-1ID)
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Figure 2: Comparison on data quality estimation. Settings: CIFAR-
10 dataset (i = 0.5, noise type: asymmetric, data partition: Non-
IID) and CIFAR-100 dataset (1 = 0.5 noise type: asymmetric, data
partition: Non-IID)
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