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< Learning from Noisy Data with Robust Representation Learning (2021, ICCV)

«  OOD7IHX| ZEH=E label noise leamning &4 A2 M S22 XA

Li, J., Xiong, C., & Hoi, S. C. (2021). Learning from noisy data with robust representation learning. In Proceedings of the IEEE/CVF international conference on computer vision (pp. 9485-9494).

Learning from Noisy Data with Robust Representation Learning

Junnan L1 Caiming Xiong Steven C_H. Hoi
Salesforce Research

{Junnan. 11, cxSong, b

Abstract

Learning from noisy data has attracted much attention.
where most methods focus on label noise. In this work, we
propose a new leaming framework which simultancously
addresses three rypes of noise commonly seen in real-world
data: label noise. out-of distribution input, and input cor
ruption. In contrast to most existing methods, we combat
noise by learning robust representation. Specifically, we
embed images into a low-dimensional subspace, and regu
Larize the geometric structure of the subspace with mbust
contrastive learning. which includes an unsupervised cansis
sency loss and a supervised mixup prototypical loss. We also
propose @ new noise cleaning method which leverages the
learned. 10 enforce a

1)@salestorca.

Ll Notse Out of-dutribution Ingut  Input Cornugtion

Figue 1. Google seasch images from WebVisios [ 1] deeases with
keywoed “orange”.

assign larger weights to them [/, 22, 37, 1]; (2) relabel noisy
samples using models predictions [ 1, 25, 14, 41,2, 14].
Previous methods that focus on addressing label noise do
not consider out-of distril input or input cormupti

which limits their performance in real-world scenarios. Fur.
thermore, using a model's own peediction to relabel samples

\g samples. Exp on mudsiple b
demonstrate state-of the-art performance of our method and
robustness of the learned representation. Code is available

L. Introduction

Data in real life is noisy. However, deep models with
remarkable performance are mostly trained on clean datasets
with high-quality human annotations. Manual data clean
ing and labeling is an expensive process that is difficult
10 scale. On the other hand, there exists almost infinite
amount of moisy data online. 1t is crucial that
warks (DNNs) could harvest noisy training data. However,
it has been shown that DNNs are susceptible to overfitting
10 noise [£1].

As shown in Figure |, areal-world noisy image dataset of.
ten consists of multiple types of noise. Label noise refers 1o
samples that are wrongly labeled as another chass (¢.g. Bower
labeled as arange). Out-of-distribution input refers o sam
ples that do not belong to any known classes. Inpus corrup
tion refers o image-level di £ low b
carsses data shift between training and test.

Most of the methods in literature focus on addressing
the more label moise. Two d h

could cause bias, where the prediction error
accumulates and harms performance.

We propose a new dircction for effective learning from
noisy data. Different from existing methods, our method

Je: sobust I and per-
forms poise cleaning by enforcing a smoothness constraint
an samples. dly. our algorithmic con-
tributions include

+ We propose noise-robust contrastive learning, which intro-
duces two contrastive losses. The first is 2n unsupervised
consistency contrastive loss. It enforces inputs with per-
turbations to have similar normalized embeddings, which
helps learn robust and discriminative representation.

 Our second contrastive Joss is a weakly-supervised proto-
typical contrastive Joss. We compute class prototypes as

mean  enfi b sample’s
embedding to be closer to its class prototype. Inspired by
Mixup [ 4], we coastruct virtual training samples as lin-
car interpolation of inpets, and encourage the same lincar
relationship w £t the class prototypes.

* We propase a new noise cleaning method which lever.
ages the learned represcntations to enforce a smoothncss
constraint on neighboring samples. For each sample, we

include: (1) find clean samples as those with smaller loss and

aggregate i from its top-k neighboes to create
a psendo-label. A subset of training samples with confi-
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< BN o4

. Label noise + OOD + Input corruption

Label Noise Out-of-distribution Input Input Corruption

Figure 1._Google search images from WebVision [ ] dataset with
keywordl“orange".
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% Noise cleaning with smooth neighbors
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Figure 3. Curriculum learned by the proposed label correction method for training on CIFAR datasets with 50% sym. noise. (a) Accuracy
of pseudo-labels w.r1 to clean training labels. Our method effectively cleans a majority of the label noise. (b) Number of samples in the
weakly-supervised subset D},.. As the pseudo-labels become more accurate, more samples are used to compute the supervised losses. (c)

Label noise ratio in the weakly-supervised subset, which maintains at a low level even as the size of the subset grows.
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Algorithm 1: Pseudo-code for our method.

Method 1 Input: noisy training data D = {{z:, y:) }/_,. model
parameters .
2 fort «— Otof; — 1do

% Algorithm |

i

4 { }‘,_; = (".ﬂculato Plotot\po({z, u,}l l]

s for{(:z: a/,)}, ,deo

6 fa(l‘ )
Warm up J 7 /\ & Bota((l (l] =
M )‘1. + (l - r\]Im(n
9 zm — fo(z"l)
10 c:Zf_,cw(a:,.y.)*z;-’t‘ (weeLeel24) +
e £|u.mlx(£(,n- Y- A) + ul:v:oncmum‘mu- 2())
1 8 =SGD(L.8) mpute 1 and
12 end
L 13 end

14 fort « i to MaxEpoch do

s | (2hpt)n '—{fo(.r)},,

t— l to—1 fo

16 q: oy %p: f I ZJ l“ |_)q1 * qr pl

Train with D} - sciaors so generare sot lae

ws 17 Dos = {xi. w | gi(m) > o} U {ze. 5 =
argmax,_ qi(c) | Vmax,.qf(c) > m.c€ {1....C}}
18 Repeat line 4-12, but only use samples from DY,

to compute £°, L., Lpc mix-
~ 19 end
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<+  Main results

Symmetric / asymmetric noise =0 A 71 245 S

o<
s =

Dataset CIFAR-10 CIFAR-100
Noise type Sym 20% | Sym 50% | Asym 40% || Sym 20% | Sym 50%
Cross-Entropy [ | 7] 82.7 57.9 72.3 61.8 37.3
Forward [20] 83.1 59.4 83.1 61.4 37.3
Co-teaching+ [7] 88.2 84.1 - 64.1 453
Mixup [44] 92.3 77.6 - 66.0 46.6
P-correction [41] 92.0 88.7 88.1 68.1 56.4
MLNT [19] 92.0 88.8 88.6 67.7 58.0
M-correction [ ! ] 03.8 91.9 86.3 73.4 65.4
DivideMix [ 5] 95.0 03.7 01.4 74.8 72.1
ELR [27] (reproduced) 94.7+0.1 | 93.54+0.2 | 91.7+0.9 75.3+0.2 | 71.3+0.3
DivideMix (reproduced) || 95.1£0.1 | 93.6+0.2 91.3+0.8 75.14+0.2 | 72.1+£0.3
Ours (classifier) 95.8+0.1 | 94.3+0.2 91.91+0.8 79.1+0.1 | 74.8+04
Ouwurs (knn) 95.9+0.1 | 94.5+0.1 92.4+09 794+0.1 | 75.0+0.4

Copyright © 2026, All rights reserved.
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<+  Main results

- OOD7IX| Z=7}El 2H| A ME 71E Q243 Ms £ &

[—
00D : 1
CIFAR-100 SVHN
-
Corruption .
! 2 -
RN

Fog Snow Motion Blur  Gaussian
Figure 4. Examples of input noise injected to CIFAR-10.
using the learned embeddings demonstrates high robustness

to input noise.

Input noise CE Iterauve [*%] GCE[+45] DivideMix [!¥] | Ours (cls.)  Owurs (knn)
+ CIFAR-100 20k | 53.6 87.2 87.3 39.0 91.5 93.1+0.3
+ SVHN 20k 58.1 88.6 28.8 01.9 033 93.9+0.2
Image corruption | 53.8 87.7 87.9 89.8 914 91.6+0.2

Table 2. Comparison with state-of-the-art methods on CIFAR-10 dataset with label noise (50% symmetric) and input noise (00D images
or corrupted images). Numbers indicate average test accuracy (%) over last 10 epochs. We report results over 3 independent runs with
randomly-generated noise. We re-run previous methods using publicly available code with the same data and model as ours.

Copyright © 2026, All rights reserved.
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Experiments
o S0 ME B 37 A2
«  3150| X|&E 5 embedding space0flAl OODE & &2|
+CIFAR-100 Epoch 10 +CIFAR-100 Epoch 200 +SVHN Epoch 10 +SVHN Epoch 200

Figure 5. t-SNE visualization of low-dimensional embeddings for CIFAR-10 images (color represents the true class) + OOD images (gray
points) from CIFAR-100 or SVHN. The model is trained on noisy CIFAR-10 (50k images with 50% label noise) and 20k OOD images with

random labels. Our method can effectively learn to (1) cluster CIFAR-10 images according to their true class, despite their noisy labels; (2)
separate OOD samples from in-distribution samples, such that their harm is reduced.
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% Real-world noisy datasets results
» &K noisy HIX|OIAOM = 7+ 240t d5= 2

«  Noise cleaning 24|2| 21} ZH0| =0l

Test dataset | WebVision | ILSVRC12
Accuracy (%) | topl top5 | topl top5
Forward [ 0] 61.1 827 | 574 824
Decoupling [27] 625 847 | 583 823
D2L [25] 62.7 840 | 57.8 814
MentorNet [ | ] 63.0 814 | 57.8 799
Co-teaching [0] 63.6 852 | 61.5 84.7
INCV [ 7] 65.2 853 | 61.0 85.0
ELR [27] 76.3 913 | 68.7 87.8
DivideMix [ 15] 75.9 90.1 | 73.3 89.2
Ours (w/o noise cleaning) | 75.5 90.2 | 72.0 90.0
Ours (classifier) 76.3 915 | 733 91.2
Ours (knn) 77.8 913 | 744 909

Method | CE Forward Joint-Opt ELR MLNT MentorMix SL  DivideMix | Ours (cls.) Ours (knn)
Accuracﬂﬁgzl 69.84 7216 7287 7347 T4.30 74.45 74,48 74.84 74.97

Table 6. Comparison with state-of-the-art methods on Clothing IM dataset. Results for previous methods are directly copied from
corresponding papers. We report resulis for ELR and DivideMix without model ensemble.
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% Ablation study

*  Prototype contrastive loss7| 7%

|| CIFAR-10 Sym 50%

+ CIFAR-100 20k | + Image Corruption || CIFAR-100 Sym 50%

w/0 Lpe_mix 85.9 (86.1) 79.7 (81.5) 81.6 (81.7) 65.6 (65.9)
w/o L. 93.7 (93.8) 91.3 (91.5) 89.4 (89.5) 71.9(71.8)
W/0 Lrecon 93.3 (94.0) 90.7 (92.9) 90.2 (91.0) 73.2(73.9)
w/o mixup 89.5 (89.9) 85.4 (87.0) 84.7 (84.9) 69.3 (69.7)
w/ standard aug. 94.1 (94.3) 90.8 (92.9) 90.5 (90.7) 74.5 (75.0)
DivideMix 93.6 89.0 89.8 72.1

Ours 94.3 (94.5) 91.5 (93.1) 91.4 (91.6) H 74.8 (75.0)

Copyright © 2026, All rights reserved.
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< Addressing Out-of-Distribution Label Noise in Webly-Labelled Data (2022, WACV)

e 7| label correction®| A E X|&EHH clean / ID noise / OODE & 22| = Q= metric A|A|

Addressing out-of-distribution label noise in webly-labelled data

Paul Albert. Diego Ortego. Eric Arazo, Noel E. O'Connor, Kevin McGuinness

School of Electronic Engineering,

1.a1

Insight SFI Centre for Data Analytics. Dublin City University (DCU)

Abstract

A recurring focus of the deep learning community is to
wands reducing the labeling effors. Data gathering and
annotation using a search engine is a simple alternative to
generating a fully human-annotated and human-gathered
dataset. Although web crawling is very time efficient, some
of the retrieved images are unavoidably noisy. i.c. incor
rectly labeled. Designing robust algorithms for training on
noisy data gathered from the web is an important research
perspective that would render the building of datasets eas-
ier. In this paper we conduct a study to understand the type
of label noise 10 expect when building a dataset using a
search engine. We review the current limitations of state-
of the-art methods for dealing with noisy labels for image
classification tasks in the case of web noise distribution. We
propose a simple solution 10 bridge the gap with a fully clean

current DN
tensive curated datasets are unavailable or oo expensive 1o
build. Controlled label noise datasets are then often cre-
aled by Isbel in the

solutions 1o real-world problems where ex-

CIFAR-100 | 17| comparison benchmark. Although good
noise robustaess is shown on these artificial datasets, web
label noise has proven that these solutions generalize poarly
10 more realistic scenarios and can, in specific cases, be out-
performed by robust data augmentation strategies such as
mixup |12, 2]

We hypothesize that the main limitation for the coerec-
tion of Label noise in web crawled data
common assumption made by most label noise robust al-
gorithms [21, %0, 29, 41] where the true labels for noisy
samples lie inside the Label set, i.e. the lbel noise is in-
distribution (ID). Coaversely. we hypothesize tht the label
noise present in web crawled datasets is predominantly ot

ts comes from a

dataset using Dynamic Softening of Out-of Sam
plex (DSOS), which we design on corrupted versions of the
CIFAR- 100 dataset, and compare against state-of-the-art

of (OOD), meaning the real Labels for noisy
samples cannot be inferred from the distribation. To confirm
our hypothesis, we conduct a small but representative survey

algarithms on the veb noise f and
Stanford datasets and on real label noise datasets: WebVi-
sion 1.0 and ClothingIM. Our work is fully reproducible
/ TK Gy

b

L. Introduction

Deep neural networks (DNNs) are now the standard ap-
proach for accurately solving image classification tasks
{26, 1%). However, their principal drawback is the large
amount of labeled examples required for training. There
exist numerous allernatives 10 deal with the limited avail-
ability of labels, such as bat not limited to, semi-supervised
Searning |1, °, 1. self-supervised learning [ . *] and robust
training on automatically snnotated datasets |1, 12]. This
paper focuses on the latter.

Designing robust algorithms to train image classification
DNNs in the presence of Label noise is an important focus
for the community [ 10]: these enable better adaptation of

on the WebVision 1.0 dataset [2'] 1o identify the type of
noise one can expect in sutomatically annotated datasets
crawied from the web. We then build and validste the DSOS
method on controlled corrupted versions of the CIFAR-100
dataset [ 1] where ID noise is introduced using symmetric
label Mlipping and where we use the ImageNet32 (1] dataset
10 introduce OOD noise. We compare with state-of-the-
label noise on multiple real-world ope c
web-crawled datatsets including corrupted versions of the
minilnsageNet [ ] and Stanford Cars [ 14] datasets provided
by Jiang et al. [12), the mini-WebVision datset [ '], and
the Clothing1M [ /] dataser. We observe that notsy OOD
samples can be leveraged to improve network generalization
by enforcing dysamscally softening of labels tending to a
uniform distribution | 1] rather than discarding them.
This paper’s contributions are:

1. We conduct a representative survey over the type of
noise 10 be expected when constructing a dataset using
web queries.

Albert, P., Ortego, D., Arazo, E., 0'Connor, N. E., & McGuinness, K. (2022). Addressing out-of-distribution label noise in webly-labelled data. In Proceedings of the IEEE/CVF winter conference on

applications of computer vision (pp. 392-401).
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. Al
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Copyright © 2026, All rights reserved.

2| noisy benchmark0f|= OOD samples®= Ct= EX|!

Table 1: Analysis on the noise types and ratios found in
mini-WebVision. We randomly sample three subsets (S) of
2000 images and report correctly-labeled samples and in-
distribution (ID) and out-of-distribution (OOD) noisy sam-
ples. Image examples are available in the supplementary
material.

Sl S2 S3 Average (%)
Correct 1441 1440 1335 1405.33 (70.30)
[ OOD 460 429 573  487.33(24.38) |
ID 08 130 91 106.33 (5.32)
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Table 3: DSOS for mitigating ID and OOD noise on CIFAR-100 corrupted with ImageNet32 images. We run each algorithm
with the exact same noise corruption. We report best and last accuracy (best/last).

p U CE

M

DB

ELR

EDM

JoSRC

DSOS

ID

00D

both

02 02
04 02
06 02
04 04

63.68/55.52
58.94/44.31
46.02/26.03
41.39/18.45

66.71/62.52
59.54/53.16
42.87/40.39
38.37/33.85

65.61/65.61
54.79/54.42
42.50/42.50
35.90/35.90

63.90/63.72
57.16/56.91
31.20/29.55
22.85/21.63

65.11/64.49
55.65/54.49
28.51/10.47
24.15/01.62

67.37/64.17
61.70/61.37
37.95/37.11
41.53/41.44

68.09/67.78
60.12/59.32
46.10/42.93
40.94/35.89

69.37/69.37
62.34/61.03
46.54/40.23
42.53/39.76

70.54/70.54
62.49/62.05
49.98/49.14
43.69/42.88
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Best  Last
CE 63.68 55.52
+ mixup 66.71 62.52
+ Entropy regularization 67.27 63.04
+ Batch normalization tuning 67.56 65.69
+ In-distribution bootstrapping 68.09 67.78
+ Out-of-distribution softening 70.54 70.54
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Experiments

% Real-world noisy datasets results

Table 5: Comparison of DSOS with state-of-the-art algorithms on MinilmageNet and Stanford Cars corrupted with web label
noise gathered by [ 2] (red noise). We bold best and underline last accuracy for the best performing algorithm.

Dataset Noise level CE D SM B M MN MM DSOS

MinilmageNet 0 70.9/68.5 71.8/65.7 T71.4/684 T71.8/68.4 72.8/72.3 T71.2/68.9 74.3/73.7 | 74.52/74.10
30 66.1/56.5 66.6/55.0 65.2/56.3 66.6/56.7 66.8/61.8 66.2/64.0 68.3/67.2 | 69.84/67.86
50 60.9/51.7 62.1/50.01 61.3/51.3 62.6/52..5 63.2/58.4 61.7/58.0 63.3/61.8 | 66.14/65.18
&0 48.8/39.8 49.5/37.6 49.0/40.6 50.1/40.1 50.7/45.5 49.3/43.4 50.2/48.4 | 55.26/52.24

Stanford Cars 0 90.8/90.8  92.2/92.2  90.1/90.1 90.3/90.0 91.9/91.9 90.2/90.1 91.8/91.6 | 91.38/91.27
30 80.4/80.2 87.6/87.6 82.2/81.9 83.4/83.0 85.6/85.2 81.1/80.9 87.8/87.7 | 88.36/88.14
50 70.6/70.3  79.3/79.2  70.1/70.1 73.6/73.5 79.1/78.9 72.0/72.0 80.4/79.8 | 82.04/81.72
&0 43.3/43.0 61.8/61.8 46.4/46.4 47.4/46.7 55.7/55.4 51.0/50.9 58.6/58.6 | 62.36/62.36

Table 6: Classification accuracy for DSOS and state-of-the-art methods against methods using a unique network vs an ensemble.
We train the network on the mini-Webvision dataset and test on the Imagenet 1k test set (ILSVRC12). All results except our
own (DSOS) are from [24]. We bold the best results.

Unique network Ensemble of two networks
F Co-T M MM ELR |[DSOS| DM ELR+ |DSOS

i WebVision 1©P-1 6L12 6358 7544 760 76.26 |77.76 | 77.32 77.78 | 78.76
M-WEOVISION op-5  82.68  85.20 90.12  90.2 91.26 [92.04 [ 91.64 91.68 |92.32
LSVRCID top-1 57.36 6148 7144 729 68.71L |74.36 | 75.20 70.29 |[75.88

top-5 8236 8470 89.40 9110 87.84 |90.80 | 90.84 89.76 |92.36
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