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Federated Noisy Label Learning

—Noisy clients/samples selection-based method

Reporter: Tong Jin
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, Federated Learning with Noisy Labels (F-LNL)

FL has emerged as a powerful framework for decentralized ML enabling multiple clients to
collaboratively train models without sharing raw data, thus preserving privacy.

However, some of the labels can be wrong due to carelessness or lack of expert knowledge.

Directly learning with such noisy labels

IWrong knowledge

Degrading the generalization performance

* Setting:

(1) Some clients are clean while others are not

(2) Each client has partially noisy data
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' Centralized Noisy Label Learning

e Method:

(1) Loss correction: aims to correct the loss by estimating the noise
transition matrix, adjusting the example labels or weights.

(2) Example selection: separate clean examples from noisy ones, and
further treat the identified mislabeled examples as unlabeled data for
semi-supervised learning or noisy-label correction.
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Limitations

* Data Privacy and Inaccessibility: the restricted size and insufficient diversity of the local
datasets in clients dramatically degrade the effectiveness of noise processing methods.

 Data Heterogeneity: There are large differences in the distribution of client data.
Traditional methods assume that the data is IID, which leads to the failure of noise
detection and correction.

* Noise Heterogeneity: The difference in the proportion or type of noise between different
clients is significant. The global unified noise processing strategy cannot adapt to all clients.

100

Il Centralized Learning
801 [CIFederated Learning | ]
B
3 60f
i
2
2 40+
20 - H
, N | . B
. ) 0.2 0.5 0.8
Whole Dataset Client p Client g Noise Rate

(a) Label noise distribution on client p and g. Black are correct labels and Red are noisy (b) CL with noisy labels & FL with heteroge-
labels. neous noisy labels.

Figure 1: (a): The heterogeneous label noise distributions encompass diverse true class samples or varying label noise transi-
tions. (b): The performance comparison between CL and FLL on CIFAR-10 with the rate of label noise 0.2, 0.5, and 0.8.
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, Federated Noisy Label Learning

* Method:

(1) Loss correction
(2) Noisy clients/samples selection-based method

@ selection @ correction @ reweight
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Motivation

Local filter parameters
) Global filter parameters
noisy client

P L

Training Loss

clean client

Training Loss

FedCorr, FedRN (a) Local Noise Filter

Clean samples - - - Clean component
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Figure 1: (a) Local noise filtering may have limited capabilities as each client develops its own
local noise filter using its own private data only. Especially on clean clients, such filters would
incorrectly identify a subset of clean samples to be noisy. (b) Collaborative noise filtering proposed
by us significantly improves the performance of label noise filtering on each client as a federated
noise filter is learned by distilling knowledge from all clients. PDF: Probability density function.
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Overview of the Training Procedure
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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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, Federated Noise Filter

Local filter training. A local GMM to model the local distribution of clean and noisy
samples by fitting the per-sample loss distribution.

Per-sample cross-entropy loss: {€(x, y; Gl(ct))l(x, y) € Dy},
Two-component GMM model: (W(t) = (u(t),a(t),w(t))
P({(x,y; 6’](:))|z = g) is modeled as a Gaussian distribution N (£(x, y; 9( ; /,l(t) (”)

g = 1 to represent the “clean” Gaussian component, i.e., the Gaussian component with a
smaller loss, while g = 2 denotes the “noisy” one.

Federated filter aggregation. After parameter uploading, the federated filter model can be
constructed by aggregating the local filter parameters corresponding to all the clients.

Fl Rk (t+1) _ 73 r+1 ny
S S Y ST
ke M ke M "k ke M ZkGM s ke M ZkGMnk

(W(t+l) — (N(Hl)a 0.(t+1),71.(1‘+1))
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, Label Noise Filtering

The client receives the parameters of the global model and the federated filter model. The

probability of being clean can be estimated through its posterior probability for the
“clean” component

p(“clean”|x, y;60") = P(z = 1|x, y;6).

We can divide the samples of D; into a clean subset and a noisy subset by thresholding
their probabilities of being clean with the threshold 0.5

Z)Iilean — {(x,y) |p(“clean”|x, y; 9,(:)) > 0.5,V (x,y) € Di},
DI — {(x,) [p(“clean”]x, y; 8\")) < 0.5,V (x,y) € Dy}
Noisy Sample Relabeling
Noise level of the k-th client: §; = IZ)EOiSyI/ | Dy |
5¢ > 0.1 asa noisy client.

We relabel those samples with high prediction confidence (by setting a confidence
threshold () by assigning predicted labels from the global model

D — {(x,9) Imax(p(x; 0))) = £,¥x € D™}, § = $(x) = argmax p(x;6"))
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, Predictive Consistency Based Sampler

However, the complete elimination of label noise among clients during noise filtering and
relabeling is unattainable; Relabeling inevitably introduces new label noise, causing
instability in local model training.

Class-unbalanced local data would contribute to the cause of the local model bias towards
the dominant classes.

De-bias: F(x) — f(x;0") - £log(ps),

(1) . 1 sl
+ (1 —m)— 0
P e mpr+( m)n E p(x;6,7),

x€Dy

PCS is used to re-select labeled training samples to perform local training, enforcing the
consistency of class labels respectively predicted by global and local models.

DI {(x,7) [§(x) = 5(x), V(x, y) € DN U Dby,

We update the training dataset for optimizing the local model

Dreselif o > 0.1,
Dy,  iféx <0.1.
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Cross-entropy loss:

, Objectives for Local Model Training

MixUp regularization: i = Ax;+ (1 — A)x; and j = Apy,(y:)+(1 = D) py(y;)

Lmix

Regularizing the average prediction of a local model over every mini-batch using a
uniform prior distribution is a viable solution to overcome the non-IID problem

Y

0

7

N

&

B
Zj}b logp(ic'b;é,(:))

C

Rig q

£reg: E Iq log(q
c=1

The overall loss function: £ finai = Lmix + 1 Lreg

B
1 .
) , where q = Z p(¥p; 9,(5)),
b=1




Experimental Results

Performance Results

Method Best Test Accuracy + Standard Deviation
p=04 0=0.6 0=0.8
7=0.0 7=0.5 7=0.0 7=0.5 7=0.0 7=0.5
FedAvg 89.46+0.39 88.31+0.80 86.09+0.50 81.22+1.72 82.91x1.35 72.00+2.76
RoFL 88.25+0.33  87.20+0.26  87.77+0.83  83.40+1.20 87.08+0.65 74.13+3.90
ARFL 85.87+1.85 83.14+3.45 76.77+£1.90 64.31+3.73 73.22+1.48 53.23+1.67
JointOpt 84.42+0.70  83.01+0.88 80.82+1.19 74.09+1.43 76.13+1.15 66.16+1.71
DivideMix 77.35£0.20 74.40+2.69 72.67+3.39 72.83+0.30 68.66+0.51 68.04+1.38
FedCorr 94.01+£0.22 94.15+0.18 92.93+0.25 92.50+0.28 91.52+0.50 90.59+0.70
FedDiv (Ours) | 94.42+0.29 94.30+0.19 93.67+0.22 93.41+0.21 92.98+0.60 91.44+0.25

Table 1: Best test accuracy (%) of FedDiv and existing SOTA methods on CIFAR-10 with IID setting at diverse noise levels.
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Method Best Test Accuracy + Standard Deviation Best Test Accuracy + Standard Deviation
p=0.7 p=0.7 p=0.3 Method p=0.4 p=0.6 0p=0.8
apir = 10 apir =1 apir = 10 7=0.5 7=0.5 7=0.5
FedAvg 78.88+2.34  75.98+2.92  67.75+4.38 FedAvg 64.41+£1.79 53.51+£2.85  44.45+2.86
RoFL 79.56+1.39  72.75+2.21 60.72+3.23 RoFL 59.42+2.69 46.24+£3.59  36.65+3.36
ARFL 60.19+3.33  55.86+3.30  45.78+2.84 ARFL 51.53+4.38 33.03x1.81 27.47+1.08
JointOpt 72.19+£1.59  66.92+1.89  58.08+2.18 JointOpt 58.43+1.88 44.54+2.87  35.25+3.02
DivideMix 65.70+0.35 61.68+0.56  56.67+1.73 DivideMix 43.25+£1.01  40.72+1.41 38.91+1.25
FedCorr 90.52+0.89  88.03+1.08 81.57+3.68 FedCorr 74.43£0.72  66.78+4.65 59.10+5.12
FedDiv (Ours) | 93.18+0.42 91.95+0.26  85.31+2.28 FedDiv (Ours) | 74.86+0.91 72.37+1.12  65.49+2.20

Table 2: Best test accuracy ..
SOTA methods on CIFAR-10 with non-IID setting at the SOTA methods on CIFAR-100 with IID setting at diverse non-IID data partitions.
noise levels.

noise level (p, 7) = (6.0,0.5).

(%) of FedDiv and existing Table 3: Best test accuracy

Dataset CIFAR-100 ClothinglM
Noise level (p, 7) 0.4, 0.0) -
Method\(p, apir) 0.7, 10) -
FedAvg 64.75+1.75 70.49
RoFL 59.31+4.14 70.39
ARFL 48.03+4.39 70.91
JointOpt 59.84+1.99 71.78
DivideMix 39.76+1.18 68.83
FedCorr 72.73+1.02 72.55
FedDiv (Ours) 74.47+0.34  72.96+0.43

Table 4: Best test accuracy (%) of FedDiv and existing

(%) of FedDiv and existing SOTA methods on CIFAR-100 and ClothingIM under the

7 |
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, Methodology

CD  confident regularizer 5D distance regularizer
— - @ e [T T 1
Uploading ‘5 CroRErTass 1 & loss(b, 6) loss(b,,, 0) [
= * Downloading —v] @ personalized model
== 5 Update 0
P PR ‘q “x @
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I
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I
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Data Clean ! Filter noisy data module Dual Model Update module !
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Figure 2: Overall architecture. The training process of the proposed FedFixer has three stages: @ deployment of the global
model, @ the local model updates, and @ the global model aggregation. In the second stage, dual models are alternately
updated (in the Dual Model Update module) based on the selected samples (in the Filter Noisy Data module) by each other.
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On client £, the dual models are denoted the global model w, and personalized model 6, .

When a batch Harrives, the personalized model and global model respectively select a
small proportion of low loss samples out of the mini-batch ¢ by sample selector

U =1 (ECE (f (‘Tn):gn) - % Z 7675 (f (Zlin),g) <U)
ye(L]

The selected instances are fed into its peer model to generate the loss in the “Dual
Model Update” module for alternate parameter updates.

GO  confident regularizer 5D distance regularizer

] lOSS(B, B) = [OSS(BW, 9)
I o b I
i Update 0 ] |
I I
! loss(bg, W) I
I
! Update w ] .
I I
| I

Filter noisy data module Dual Model Update module
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The personalized model 8 1s only updated solely based on the local client’s data, it is
prone to overfitting due to the limited amount of data available.

Confidence Regularizer: aims to guide the model towards better fitting clean datasets:

o~

tor (f (#n)) = =B - Epy, 5 |lon (f (2), V)]

Y|D

P(Y = i) = #Label_i/N
Distance Regularizer: % 10k — wl|?

GO  confident regularizer 5D distance regularizer

] l()SS(B, B) = [OSS(BW, 9)
| i b I
i Update 0 ] |
I |
! loss(bg, W) I
I
! Update w ] .
I I
| I

Filter noisy data module Dual Model Update module
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Performance Results

11D non-I1D
Datasets Methods p=00 =10 a=il - P —
7=0.0 7=03 7= 0.5 7=0.0 7=03 7=05

Local + CORES? 96.79 = 0.05 6238 +£3.88 37304162 9752+0.17 90.3143.29 55804645
Global + CORES? | 98.05+0.05 97.39+0.13 8098+478 9746+0.53 9738+0.12 87.45+0.48
FedAvg 98.39 +0.04 97.66£0.09 93904031 9746+0.57 97.734+0.05 95.57+0.28
MNIST FedProx 98.22 £ 0.08 9649 £0.08 93.904+0.64 93.69+£4.98 97.254+0.16 9522 +0.37
RFL* 90.70 = 0.54 96.54 £0.12 96.64 = 0.08 90.51 £0.36 95.61 =034 91.56 4 8.37
MR 97.414+0.21 9598 +£0.36 88.474+ 148 97.09 +0.54 95354054 90.53 +2.26
FedCorr™* 98.68 = 0.16 98.09 +£0.22 95.67+022 9749+0.82 97.754+0.17 95.75+0.46
| FedFixer | 98.07 £0.02 97804+0.18 96.79 +0.92 98.05+0.06 98.01 +0.18 96.00 - 0.24
Local + CORES? 84234+ 026 67.96+0.60 22514179 86.16+0.71 6846+238 26.96+ 1.21
Global + CORES? | 91.31 +0.09 85.81+026 54.224+3.18 9027 +£0.17 86.234+0.20 35.31 +3.51
FedAvg 9033 £ 0.11 77934+0.29 33.87+0.19 89.82+0.34 78304024 28.77+0.59
CIFAR-10 FedProx 91.124+ 020 79.334+0.21 3538 +0.31 90.50+0.27 80.13+040 29.63 +1.17
RFL* 8554+ 026 84.06+024 5483+106 83831041 83.68+0.32 4949 +1.77
MR 7065 +1.61 50024213 23.67+137 6880+052 51464129 22234+1.72
FedCorr* 91.82 1+ 0.22 88.051+0.69 5230+091 81.07+1.06 87.63+064 4543+3.36
| FedFixer | 90.72 £ 047 87.06+0.30 62.87 =017 89.76 £0.32 87.82+0.22 59.01 £ 0.55

Table 2: Average (5 trials) accuracies (%) of various methods on MNIST and CIFAR-10 datasets with IID and non-IID settings
at different noise levels (p: ratio of noisy clients, 7: lower bound of client noise level). The best results are highlighted in bold.
Methods trained with label correction are marked by .

RFL*
65.41

FedCorr*
67.50

Global + CORES?
65.18

Algorithm  Local + CORES?
Acc 53.32

FedAvg
66.75

FedProx
66.76

MR
50.01

FedFixer
70.52

Table 3: Accuracies (%) of various methods on Clothingl M with non-IID setting.
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Figure 1. Framework of FedClean. Algorithm steps are numbered accordingly.
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, Preprocessing Stage

5

train local model 8, Each sample x,is assigned an additional
inferred label Y, based on the predictions of this local model.

V Add inferred labels. Let each client £ execute CNLL locally to
A

@ A .
- Nt Br Local dataset: Dr = {(z}, v, U3.)|Y;, = Ox(x})}
oL, |«

Co-teaching, D\ De Select clean samples. We select the samples whose annotation
Joint Optim & * &% labels and inferred labels are identical.

Clean samples: D = {(x}, Y Ui) € Dilvi = Ji.}-
Noisy samples: D, \ D¢

Adaptive Sample Size-weighted Aggregation.

We train the global model over T1 rounds using these selected clean samples on all clients.

The weighting coefficients are determined by the size of the clean dataset selected by
each client.

we 3 Dyl wl
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Sub-stage I: Correction dominated by inferred labels

For controversial samples (samples whose the annotation
labels conflict with their inferred labels), we propose a
collaborative per-sample loss:

[’CO (y;c: g;m ’Qi;aggl) — Laﬂ (ylzm gzveg}) _['in (g;cv g.%cvggl)

The annotation label lossLu (¥, 75; 05'), measuring the

. Label noise correction stage

discrepancy between the annotation label and the
global model’s prediction.

The inferred label lo«Lu(7,7; 05 )quantifying the
misalignment between the sample’s annotation and its
assigned inferred label.

Only meaningful if the global model’s prediction is consistent with the inferred label.

If the model’s predicted label aligns with the inferred label, it indicates that the global
model has effectively learned the pattern of the inferred label. The inferred label
likely represents the true class of the sample or 1s closer to it.
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, Sub-stage I: Correction dominated by inferred labels

Calculate the collaborative per-sample loss.

Dy = {(x}, Yk, 1) € D \ Di|7;, = i }-

GMM divide: pri : corrected by inferred labels

pr=: disputed subset

k —> D”’zi

. Filter samples for correction.

We select the top ol-percent of samples from 5}? that
have the highest collaborative per-sample loss. These
samples are then relabeled using the inferred label
ﬁ""gl =arg  max Ll D505
DEPLY
|Dl=01-|Dy1 |

Adaptive Sample Size-weighted Aggregation.

The global model is improved using the corrected samples by updating the parameter

over T2 rounds.
Dg| + |Dp | ¢

¥
w E —— "

keNt EieNt(lpﬂ .5 |D2 |)
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S S v The global model may not be fully optimized during the initial training
' phase, there still be a small number of samples that are not corrected.
|

| Calculate the per-sample loss.
i n AN P R g ¢ Pn
D]]:”z | Dy = {(zh, yp)l(zy, v, Ux) € D \ (D UDE )}
Lan(Dy; 66 7")

|
l Sub-stage [ Sub-stage I |
|
GMM divide: D;* :noisy subset D;?*: clean subset

. Label noise correction stage I

Select samples for correction.
We identify the top 62-percent of samples from D;* that have the highest loss

Dt =agrg max Lu(D; 951+T2 )
TR [
|D|=02-|Dy? |

The subset of samples to be re-labeled: ﬁfz (z}, %) € D max (6572 (ak)) >}

Adaptive Sample Size-weighted Aggregation.

We train the global model over T3 rounds using the corrected labels and the clean samples.

—~/ —/
b Z Di|+IDg |+IDy [+]D5?| i

—~ ! !
kent 2ien(IDFIHIDE [+IDE |+1D?]) '
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Performance Results

Table 2. Average (5 trials) accuracies (%) of various methods on CIFAR-10 dataset with IID and non-IID settings at different noise levels
(p: ratio of noisy clients, 7: lower bound of client noise level). The best results are highlighted in bold.

1ID non-11D
Methods p=20 p=10.5 pi=1 p=10 p=205 p=l
T=0 T=0.3 T7=0.5 =0 =03 7= 0.5

FedAvg 91.74+0.19 83.16£0.31 38.36+2.21 | 90.04+0.17 82.61+0.26 34.65+1.53
FedProx 91.52+£0.22 8245+0.27 3521+£1.75 | 90.82+0.18 81.76+0.22 32.84+1.65
FedCorr 91.83+0.21 91.12+0.30 4749+198 | 90.21 £0.16 89.11+0.25 39.40+ 1.51
FedNoRo | 90.05+0.19 88.48+0.24 32.18+1.89 | 88.91+0.20 86.99+0.21 30.21+1.72
FedBeat 89.28£0.23 8592+0.28 36.13+£2.03 | 89.55+£0.19 83.92+0.24 33.20+1.62
FedELC 85.62+020 87.60+0.29 3572+2.10 | 89.90+0.17 83.75+023 31.95+1.80
FedFixer 90.72+0.47 87.06+030 62.87+0.17 | 89.76+0.32 87.82+0.22 59.01 £0.55
FedClean® | 88.77+£0.17 8525+029 81.68+2.10 | 87.79+0.20 86.53+0.25 77.12+1.95
FedClean? | 91.14+0.19 88.41+027 83.75+2.03 | 89.34+0.21 86.79+0.23 80.55 + 1.82

Table 3. Average (5 trials) accuracies (%) of various methods on
CIFAR-100 dataset with IID setting at different noise levels (p:
ratio of noisy clients, 7: lower bound of client noise level). The
best results are highlighted in bold.

] p=0 p=105 =1
Michios =10 =03 r =05
FedAvg | 72.3620.09 62122025 31342001
FedProx | 72.04+0.12 63.534020 32.51 £0.88
FedCorr | 72.33+0.16 72.40£0.19 4092 £ 0.79
FedNoRo | 71.78+022 67.02+024 38.12+ 085
FedBeat | 70.82+028 68.01£026 3074092
FedELC | 71.82+0.18 70.16£022 3145+ 0.93
FedClean® | 69862033 63752021 63.11092
FedClean? | 70.04+025 7120+0.18 6654+ 0.84

Table 4. Accuracies (%) of various methods on Clothing1M with non-IID setting.

Methods FedAvg FedProx FedCorr FedNoRo FedBeat FedELC FedFixer FedClean® FedClean?
Acc 68.63 69.15 69.02 69.21 67.05 69.24 70.52 70.17 72.39
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