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Label noise-robust methods for supervised learning with deep neural networks
A reimplementation and review of recent methods

RIGON DEMISAI

Chalmers University of Technology

Abstract

Despite their success in image recognition, image segmentation and object detection
tasks, convolutional neural networks have been shown to easily memorize noisy la-
bels. Learning from noisy labels significantly degrades model performance and poses
a challenge to applications using real-world datasets where mislabeling is common.

There is a growing literature devoted to the issues of learning with label noise.
Proposed approaches tend to be either label noise-robust methods such as loss
correction- or label correction methods, probabilistic label-noise tolerant methods,
data cleansing methods, or some combination of the above.

The main contribution of this thesis is the reimplementation, combination and
review of a small but wide selection of recent learning methods that are designed
to mitigate label noise. A comparison of these methods is provided for the task of
classifying images in a label noise setting.

Keywords: classification, image recognition, convolutional neural networks, la-
bel noise, loss correction, label correction, data cleansing, noise modeling, robust
methods, reimplementation, review.
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Introduction

Deep neural networks have made impressive performance leaps in recent years in a
wide variety of tasks. These improvements are in part due to the design of better
network architectures and the availability of large-scale labeled datasets.

However, collecting labeled samples for large datasets remains a practical hurdle
for the development of most real-world systems. Gathering precise labels is a time
consuming process that requires careful involvement from human experts. Labeling
errors are common and they can arise through systematic or random processes.

It has been observed that deep neural networks are prone to fit random labels
(Zhang et al., 2016), which may cause significant reductions in performance that
can be detrimental in real-world applications. This is in part, due to the ability of
deep neural networks to memorize random labels when the number of correct labels
is insufficient relative to the proportion of random labels to correct labels (Rolnick
et al., 2017). These kinds of observations have led to the development of methods to
make deep neural networks more robust to label noise. For a survey of deep learning
methods that help mitigate label noise, see (Frenay & Verleysen, 2014).

This paper reimplements and compares a small but wide selection of recently
proposed learning methods that aim to mitigate the effects of label noise. These
methods are tested at different levels of synthetic uniform label noise such that an
increase in label noise has the effect of decreasing the proportion of correct samples
and their absolute number. See (Rolnick et al., 2017) for a study that investigates
these effects separately.

Mizup- (Zhang et al., 2017) and class entropy regularization (Tanaka et al., 2018)
are used in several reimplemented models to improve calibration, generalization and
robustness to label noise.

Two loss correction approaches are covered. The first is called bootstrap loss
(Reed et al., 2014) which forms a convex combination of original labels and predicted
pseudo-labels. The bootstrap loss is combined with a beta mizture model (Arazo et
al., 2019) to model the label noise and dynamically re-weight the loss if a sample is
likely to be noisy. The second loss correction approach is called forward correction
which estimates the noise associated with each class through a probability transition
matrix and corrects the loss by modifying the predictions on each sample (Hendrycks
et al., 2018).

A label correction and curriculum learning approach is explored, it is called self-
adaptive training (Huang et al., 2020) which aims to gradually correct the labels
throughout the training procedure and re-weights the per sample loss to emphasize
confident predictions to selectively guide the loss gradient.

The final type of approach aims to identify noisy samples in a dataset such that
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they may be plucked out and relabeled by some other process. This is achieved by
tracking the prediction confidence on a per sample basis with a statistical metric
called area under the margin ranking (Pleiss et al., 2020). Supervised learning may
proceed on the cleaner subset with reduced size- and noise proportion, or both
subsets may be used in the case of semi-supervised learning where the identified
noisy labels are removed.
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Learning with label noise

To successfully train a deep neural network classifier with potentially noisy labels
some understanding of label noise and its effect on the training dynamics is needed.
The purpose of this chapter is to establish preliminaries and notation, explain the
main causes of label noise, how it can be modeled, and how deep neural networks
are affected by label noise during supervised learning.

2.1 Preliminaries and notation

For notational purposes, column vectors are written in bold (e.g. ). Let C =
{1,...,c} be an ordered set of positive integers; |C| denotes the cardinality of the
set. Denote €' € {0,1}l as the ith standard canonical vector in R/, such that
Z'C_| el =1.

Consider a supervised c-class classification problem with an input space X C R?
and a corresponding label space Y = {e’ : i € C}. Let D = {(z;, y;)}X, C (X x V)
be a labeled training set with N samples such that (x,y) € D are drawn from an
unknown probability distribution p(x,y) = p(y|z)p(x).

A classifier hg : X — RI°l. maps the input space to the label space. Here, hyg is
a neural network consisting of a composition of intermediate transformations. The
vector @ are the parameters of the neural network (its weights and biases). The
estimated true label of a sample is predicted by the class-conditional probabilities
p(y|x) that are obtained by applying the softmax function on the network output

) ehe(®):i
p(y = €' ——— i =1,... 2.1
p(y € |IB> Z|C| hg(m or ? ) 7C ( )

such that ch‘lp(y = e’/|z) = 1. The short notation fa(x) = p(y|x) will be used
interchangeably to denote the estimated class-conditional probability obtained from
a classifier.

A neural network is trained by iteratively updating its parameters @ to minimize
a measure of its prediction error, also known as empirical risk. A common empirical
risk function used for classification is the cross-entropy loss

L(£:00) =~ Y. ol log (z::60) 22)

The network parameters are updated using gradient descent by stepping a distance
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n > 0 in the negative gradient direction:

oL oL\" on
0,1 =0, — ?787& =0,—1 <8h> 90, (2.3)

The aim of updating the weights is to iteratively tune the network into making
predictions f(x; @) that match the ground truth labels y, which consequently mini-
mizes the loss function. One iteration t of training is called an epoch and it involves
a complete forward pass on the training set, followed by backpropagation of the
accumulated prediction errors, and updating of the network parameters.

2.2 Label noise

Given a training set D = {(x;, y;)}Y,, traditional supervised learning aims to clas-
sify an input « € X into the ground truth class y € ). In the case of learning with
label noise, there is only the noisy dataset D = {(z;, 9;)}, to learn from. Here
y € Y denotes a noisy version of the ground truth label y which has been flipped
with transition probability p(g|y, ) conditioned on x.

There are three main types of label noise: asymmetric in-distribution noise, sym-
metric in-distribution noise and out-of-distribution noise. In the case of asymmetric
noise, training examples (x, ) are observed from the joint distribution

p(e,g) =Y p(@ly, z)p(y|z)p(x). (2.4)

yey

It is frequently assumed in the literature that the transition probability is condition-
ally independent of the input @. In that case, the transition probability simplifies
into

p=ely=e x)=pf=¢ely=e)=T,; (2:5)

for all 4,7 € C. The asymmetric noise model captures the labeling error that can
happen when a subset of classes are very similar.

Label noise is called symmetric when the label is flipped uniformly across all
classes with same probability such that

pg=ely=e)=pF=ely=e)=x (2.6)

for all j,k # 4. The transition matrix then takes the form 7;; =1 — v if « = j and
Tj = v/(c—1) if j # i. This is the simplest noise model since it assumes that the
labeling error is due to uniform random chance across all classes.

Out-of-distribution noise occurs when a noisy label represents an unknown class
that does not belong to the particular dataset in question.

Figure 2.1 shows how a deep neural network classifier hy with standard cross-
entropy loss (2.2) is non-robust to label noise and ends up memorizing the corrupted
labels. Note how the loss separation between clean and noisy samples tends to zero
as the model fits the noisy samples and the errors on the train and test sets diverge.

4
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Coincidentally, the average accuracy on the train set gets maximized while it drops
significantly on the test set.

Median loss with interquartile range Average loss per epoch
3 —— Clean —— Train
—— Noisy 251 Test
2.0
2
1.5 4
14 1.04
0.5 A
- . . . : : : 0.0+, . . . . : :
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Epoch Epoch
Learning rate Average accuracy per epoch
0104 ——————— 100 A
0.08 A 801
0.06
60 -
0.04 A
40 4
0021 —— Train
0.00 4 L 20 4 — Test
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Epoch Epoch

Figure 2.1: Empirical results from training a PreAct ResNet-18 with standard
cross-entropy loss (2.2) on CIFAR-10 with with 50% symmetric label noise.
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Methods to mitigate label noise

This chapter presents the theory of a selection of training methods that help to
mitigate the effects of label noise during supervised learning. These methods involve
some combination of regularizers, robust losses, loss correction, label correction and
noise modeling techniques.

3.1 Regularizers

Regularization aims to enhance certain characteristics of a model such as robustness,
calibration and generalization. There are various forms of regularization mechanisms
for deep learning. Some methods aim to reduce model complexity by penalizing
model parameters (Goodfellow et al., 2016), or add noise to intermediate represen-
tations or outputs (Srivastava et al., 2014), or normalize network activations (Ioffe
& Szegedy, 2015). Other examples include data augmentation and transformation
methods (Goodfellow et al., 2016) that modify the training set.

This section describes two regularization methods that are useful to improve
robustness to label noise.

3.1.1 Mixup

Mizup (Zhang et al., 2017) is a data augmentation technique which forms virtual
training examples through convex combinations of randomly selected sample pairs
(z, and x,) and their corresponding labels (y, and y,) such that

ISR
Il

Az, + (1 — Nz,

AYp + (1— A)ym (31)

<
I

where A\ ~ Beta(a, ), with @ > 0. The mixup parameter o controls the strength
of the interpolation. The original sample is recovered when o — 0, while & — o0
leads to a mixture of equal proportions.

Increasing the mixup interpolation parameter leads to virtual examples that
are further away from the training examples. Hence interpolations between clean
samples improve generalization and leads to smoother decision boundaries, while
interpolations between noisy samples become difficult to memorize due to the ran-
domness of mixed-up samples. This property makes mixup robust to label noise.

Mixup has been shown to achieve a number of regularization effects such as
calibration, Jacobian regularization, robustness, normalization, and generalization

7
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by extending the training distribution through sample interpolations. (Carratino
et al., 2020)

In practise, mixup is performed on each mini-batch per epoch where one takes
a list with the original mini-batch samples and forms a convex combination with a
random permutation of that list of samples.

3.1.2 Class entropy regularization

A well calibrated classifier should spread its predictions in proportion to the expected
class probabilities. To achieve this, the loss should be penalized if the classifier
focuses its predictions on a small subset of classes. This objective can be achieved
by class entropy reqularization (Tanaka et al., 2018) which measures the divergence
of one probability distribution compared to a reference distribution according to the
equation

Re = g:pc log (?) . (3.2)

c=1 c

Here p. is the prior probability that some input & € D belongs to class ¢ € C, and
f. is the mean of the class-conditional probabilities that the model assigns to class
c. If the classes in the dataset are well balanced then it is assumed that p. = 1/|C|.
In general, different datasets may require different priors. In practise, f may be
approximated using mini-batches B C D such that

N
=1

zeB

Note that mini-batch approximations may be of poor quality if the dataset contains
either a large number of classes or extremely imbalanced classes.

The class entropy regularization is added as a penalty term to the original loss,
such that

ETotal =L+ )\RC for A > 0. (34)

3.2 Noise modeling

Modeling label noise may provide information about noisy samples that can be
leveraged for sample identification, or for loss- and label correction during training.
This section covers three types of methods to model label noise.

3.2.1 Noise transition matrix

A noise transition matrix 7' € RICXICl measures the probability of one label being
flipped into another. See equations (2.5) and (2.6) for the respective cases of asym-
metric and symmetric noise. Such a matrix can be used to correct the loss of a
classifier so that it becomes more robust to label noise.
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The noise transition matrix is generally unknown in practise and must be esti-
mated. Authors differ in their ways of estimating the transition matrix and impose
various assumptions which may or may not be realizable. In what follows, it will be
assumed that there is access to a small dataset D with clean labels and a training
set D with potentially noisy labels. In this setting, the authors (Hendrycks et al.,
2018) propose a relatively simple method to estimate the transition matrix.

The aim is to estimate the transition probability p(g|y) given a classifier p(y|x)
trained on the noisy dataset D. Using Bayes rule the following identity will do the
job

p(@ly, z)p(xly) = p(gly)p(z|y, y). (3.5)
Summing over all x gives
2fym p(zly) = @WD%Mﬂ@w:me. (3.6)

Assuming that ¢ and y are independent given x, it follows that p(g|y, €) = p(g|z) ~
p(g|x). This assumption tends to hold in practise since the mislabeling process
seldom depends on the ground truth label. It is also proven in the appendix of
(Hendrycks et al., 2018) that the assumption follows if the data is separable, i.e. if
there exists a deterministic label y for input

Given a subset D; C D of clean samples belonging to label ¢ € C, the noise
transition matrix can be estimated by

Py = élx)

x€D;

ij ZP _ej|y:3i>w>
’D ‘ z€D; (37)
~p(y =e€ly=e).
That is, the transition probability T;; is estimated by the average probability pre-
dicted by the model p(g = e’|x) for samples & € D; with ground truth belonging

to class 1.

3.2.2 Beta mixture model

It has been observed by (Arazo et al., 2019) that deep neural networks learn random
labels slower than clean labels. In particular, noisy samples have higher loss during
the early epochs, as can be seen in Figure 3.1. This presents an opportunity to
identify noisy samples by tracking the loss distribution of the training samples over
time. To do this, (Arazo et al., 2019) propose to fit a beta mixture model to the
loss distribution.

A mixture model is a convex combination of probability density functions

K K
k=1 k=1

where K € N is the number of mixture components and = € R. Here, p(x|k) is the
kth component of a beta probabilty density function

C(a+ pP) 1] — g)f-! (3.9)

plz;a, ) = Wx )
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Epoch: 1;1Ir: 0.1 Epoch: 10; Ir: 0.1 Epoch: 30; Ir: 0.1
s ~corrupt & correct mmm ~corrupt & correct mmm ~corrupt & correct
s ~corrupt & ~correct W ~corrupt & ~correct mm ~corrupt & ~correct
B corrupt & correct s corrupt & correct \ s corrupt & correct
B corrupt & ~correct Bl corrupt & ~correct \ B corrupt & ~correct
B =
e

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalized loss Normalized loss Normalized loss

Figure 3.1: Loss distributions at different epochs when training a PreAct ResNet-
18 with cross-entropy loss on CIFAR-10. The training set contains 50% symmetric
label noise. The colored legend indicates whether a subset is corrupted by label
noise and if the ground truth label is correctly predicted. The colored lines show
the fitted curves of a two component beta mixture model.

where I'(z) is the Gamma function and «, 8 > 0 are the shape parameters of the
distribution.

Fitting a probabilty density function to a loss distribution seen in Figure 3.1
requires the estimation of its parameters a and 5. These parameters happen to
define the first and second moments of the beta distribution in the following way

o« 2 af
“_a+ﬁ’ ° C(a+B)a+B+1)

(3.10)

Solving the coupled equations (3.10) gives the shape parametets as functions of
the mean and variance

azu(M—l), 5:(1—@(’“1;“)—1), (3.11)

S

which can be estimated empirically from all the sample losses in one epoch.

The mixture model parameters «, 8 and A can be estimated using the expectation
mazimization method in order to fit a two-component beta mixture model to loss
distributions of the types observed in Figure 3.1.

Let I[; € R for i € {1,...,N} be the sample losses that have been computed
during one training epoch. In the expectation step, the parameters A\, oy and Sy
for each mixture component k € {0, 1} are fixed with some reasonable initial values.
Then the posterior probability of each sample [; is updated using Bayes rule

)\k;p(li|ak7 Bk)
o ' 3.12
p(k|l:) Y Al B;) o

In the maximization step, the posterior probabilites are used to compute the esti-
mated weighted mean- and variance of each component distribution

o iy k|l 2 i]ilp(k|li>(li_[k>2_

, &= (3.13)
z']il p(k”i) g ﬁil p(k‘li)

10
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Given the parametrization in equation (3.11) the parameters of the mixture compo-
nent are updated such that

g =l (Zk(l ; W - 1) , Br= aki(lf_ Zk) (3.14)
Sk i
The mixture coefficients are then updated according to
1 N
Ap = N ;p(k:ﬂl)

The algorithm may terminate after some criteria has been met, e.g. when a max-
imum number of iterations has passed, or the relative change of the parameters
between iterations has become small enough. It is possible that the algorithm be-
comes numerically unstable in practise when for example the losses [; are too close
to zero or one. This issue is avoided by constraining the losses such that [; € [e, 1 —¢]
for e > 0.

The probability that a sample is noisy is finally given by the posterior probability
of the fitted beta mixture model

p(li|k)p(k)
p(li)
for k € {0,1}. The mixture component k& = 0 denotes clean samples and k = 1

denotes noisy samples. A sample is thus estimated to be noisy with probability
p(k = 1|;) € [0, 1].

p(kll) = (3.15)

3.2.3 Area under the margin ranking

The area under the margin (Pleiss et al., 2020) is a ranking statistic that measures
the average gap between the logit prediction of the assigned class compared the
largest other logit.

The margin at epoch t is thus defined as

MO,y = ") = 2(x) — max 2" (), (3.16)
where (x,y) € D and 2 (x) € Rl is the logit output at epoch ¢ corresponding to
class c € C.

The area under the margin is the average of the margins across all training epochs
for each pair (x,vy), such that

1 T
AUMyy = S MO (z,y), (3.17)
t=1

where T is the total number of epochs trained.

The AUM ranking can be intepreted in terms of how easy or difficult it is for
a classifier to learn the assigned label of a sample. Knowing the AUM rankings of
noisy samples allows for a suitable threshold value to be choosen to separate such

11



3. Methods to mitigate label noise

samples from the dataset. However, which subset of samples that are noisy is usually
not known beforehand. It is therefore required to use fake mislabeled data (called
indicator samples) to simulate real mislabeled data.
The process of identifying mislabeled samples is broken down into four steps.
1. Let D be a training set with some proportion of noisy labels. Randomly select
a subset D’ C D of data to be indicator samples. Let ¢+ 1 be a new fake class
which is assigned to all indicator samples. Then form the new training set

Drrain = {(z, e € D'} U (D\ D)

2. Train a neural network on the training set Drp,.q;, until the first learning rate
drop. While training compute the AUM of all samples.

3. Let the threshold a be the 99th percentile AUM ranking from the indicator
sample subset.

4. Identify a set M of mislabeled samples using « as a threshold:

M = {(.’B,y) € (DTrain \ D/) : AUMm,y S Oé}.
5. Repeat the process once more with a second indicator sample subset
D" c (D\D), (3.18)

such that all samples in the training dataset get their estimated AUM ranking.
Figure (3.2) shows how a majority of noisy and difficult samples can be identified
with the above method. The correctly labeled difficult samples (in blue) are those
with near zero and negative AUM ranking. What constitutes a difficult sample by
AUM ranking may vary with network architecture and noise level.

Noise level: 20% Noise level: 50% Noise level: 80%

. clean
corrupt

=15 -1.0 -0.5 0.0 0.5 1.0
AUM

Figure 3.2: Empirical results illustrating the identification of noisy and difficult
samples on CIFAR-10 for three levels of label noise. The images are histograms
of the AUM rankings for each training sample after 100 epochs of training with
standard cross-entropy loss. The vertical line represents the a-threshold obtained
from the 99th percentile AUM ranking of the indicator samples.

3.3 Robust learning

This section covers a selection of loss- and label correction methods for robust learn-
ing that combine many of the methods and techniques of previous sections to help
mitigate the effects of label noise. The following methods are implemented in the
label noise experiments in section 4.

12



3. Methods to mitigate label noise

3.3.1 Mixup with cross-entropy loss

Mixup regularization (3.1) can be applied to the data and be combined with the
cross-entropy (2.2) loss to reduce overfitting to label noise. Mixup is performed on
the inputs (x, and x,) and on the labels (y, and y,) such that the cross-entropy
loss takes the form

L(f;0,) =>4l log f(&;6,)

rer . (3.19)
=X\ yllog f(z;6,) — A) D>y, log f(2:6y),
peL qen(I)
where 7 is a permutation mapping of the ordered index set Z = {1, ..., |D|}.

Figure 3.3 shows that the mixed-up cross-entropy loss function maintains a high
degreee of loss separation between clean and noisy samples. This implies that the
model is less prone to overfit the noise, and this can be observed by the much
improved generalization on the clean test set.

Median loss with interquartile range Average loss per epoch

3.0 —— Clean 2.251 — Train

Noisy Test
2.5 2.00

2.0 A 1.754
1.5 1.501

1.04 1.25

0.51 1.00
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch

Learning rate Average accuracy per epoch

0.10 4
80 1
0.08 4

0.06 601
0.04 4 404
0.02 4 204 —— Train
Test
0.00 1
T T T T T T T T T T T T T T
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch

Figure 3.3: Experiment results from a PreAct ResNet-18 with mixed-up cross-
entropy loss (3.19) on CIFAR-10 with with 50% symmetric label noise.

3.3.2 Loss correction with bootstrap loss

The bootstrap loss (Reed et al., 2014) avoids overfitting noisy labels through convex
combinations of original labels and pseudo-labels based on the current state of the
model, such that

N

L(f,z;0,) = Z 1 —w)y; + wiz(x;0,))]" log(f(x:;6,)). (3.20)

Here f(a;; 6,) is the per sample class-conditional probability, y; is a potentially noisy
original label, z{ = argmax; f;(x;0;) is a pseudo-label derived from the softmax
prediction, and w; € [0,1] is a sample weight which puts emphasis on either the

13



3. Methods to mitigate label noise

original label or the predicted pseudo-label. The aim is that clean samples train
with emphasis on the original label y; and noisy samples on the predicted label
z(x;;0y).

The authors (Arazo et al., 2019) have proposed a significant improvement to the
original bootstrap loss by dynamically assigning the predictions of the beta mixture
model (3.15) to the weights such that w; = p(k = 1];). The noise model gets
updated after each epoch to reflect the changes of the sample losses during training.

It is also possible to combine the label selection mechanism of the bootstrap loss
together with mixup. Similar to (3.19), the mixed-up bootstrap loss takes the form

L(f;0,) = -2 [(1 —wp)p +wiz(x,; 8,)] log f(;6,)
peL
i i (3.21)
—(1=X) Z [(1— C‘)q)yq + wiz(qu Ot)]Tlog f(x;0,),
qemn(I)
where 7 is a permutation mapping of the ordered index set Z = {1,...,|D|}, and

wp,wy € [0, 1] are the corresponding weights for the labels g,, g, € D.

Figure 3.4 shows the effects of training with mixed-up cross-entropy loss for a
warm-up period of 105 epochs and then proceeding to train with mixed-up bootstrap
loss until the end of the training period.

The increased separation between clean and noisy losses makes it easier for the
beta mixture model to identify and re-weight noisy labels in the bootstrap loss.
This allows the model to iteratively adjust towards the correct labels which further
increases robustness and performance on the test set.

Median loss with interquartile range Average loss per epoch

—— Clean —— Train

4 Noisy 2.0 Test
34
154
24
1.01
1

0 50 100 150 200 250 300 0 50 100 150 200 250 300

E 3
E

Epoch Epoch
Learning rate Average accuracy per epoch
0.10 A
0.08 - 801
0.06 60 4
0.04 4 40
0.02 4 201 —— Train
Test

0.00 1 T T T T T T T T T T T T T T

0 50 100 150 200 250 300 0 50 100 150 200 250 300

Epoch Epoch

Figure 3.4: Experiment results from PreAct ResNet-18 with mixed-up bootstrap
loss (3.21) and the beta mixture model (3.21) on CIFAR-10 with with 50% symmetric
label noise.

14



3. Methods to mitigate label noise

3.3.3 Forward loss correction with a noise transition matrix

Loss correction methods that involve a noise transition matrix 7' typically come in
two flavours. T is used either to transform the predictions by 7" f (called forward
correction) in order to match the noisy labels, or to transform the noisy labels by
T~y (called backward correction) to match the predictions, given that T is non-
singular. It is shown in both cases (Patrini et al., 2016), that the the minimzer of
the corrected loss under the noisy distribution is the same as the minimizer of the
loss under the clean distribution. Thus robustness can be attained by the model
learned with the corrected loss.

To show how forward correction works consider a sample with its corresponding
noisy label (z, 9 = €*) € D. Its class-conditional probability estimate after softmax
is p(g|x). Using the standard cross-entropy loss the per sample loss takes the form

[(p(y|z), e) = —log p(y = €*|z)
C]

=—logd p(g=ely=e)p(y = €|z)
j=1 (3.22)

C]
= —log) Tiply = €|x),
j=1

where T is the true noise transition matrix.

The cross-entropy loss becomes robust to label noise by using 7' to map suppos-
edly correct sample predictions to match the noisy label §§ = e* and thus minimize
the loss. However, T' is not known in practise and the success of the loss correction
is dependent on the ability of the estimated transition matrix T to map correct
predictions to noisy labels.

3.3.4 Label correction by self-adaptive training

Self-adaptive training (Huang et al., 2020) is a label correction method which grad-
ually updates the original labels ¢y € ) with the aim to alter the training dynamic
and correct noisy labels.

The training schedule is divided into two phases. In the initial warm-up phase the
model trains on the original labels to capture informative signals from the corrupted
training set. The second phase begins to accumulatively update the original labels
by incorporating model predictions in an exponential moving average

where « is a weight parameter that controls the influence of the softmax prediction.
The updating scheme smoothens the labels and allows them to change cumulatively
if the model predictions remain confident.

It is possible to tune-out noisy samples during training by re-weighting the sam-
ple losses by their corresponding label confidence

J
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such that the objective function to minimize takes the form

1 N
N > wigilog f(xi; ;). (3.25)

E(f;@t) = _Z o
i=1%i j=1

Samples are treated equally in the warm-up phase of the training schedule. Then as
the labels are updated the training focuses on the confident samples. Noisy samples
get reconsidered once their label confidence gets sufficiently high.
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Experiments

This chapter contains details of experiments with deep convolutional neural network
classifiers trained on CIFAR-10 with various levels of label noise. The classifiers are
based on the learning methods presented in section 3.3.

4.1 Models

The following classifier models are evaluated.

CE is a model with standard cross-entropy loss (2.2).

CE-DBL (Arazo et al., 2019) is loss correction model based on the cross-
entropy loss (2.2), the bootstrap loss (3.20) and the beta mixture model (3.15).
This model is trained in two phases: a warm-up phase with cross-entropy loss
and a loss correction phase with the bootstrap loss where the weights are
dynamically assigned during training by a beta mixture model. The mixture
model is refitted each epoch on the new loss distribution after the model has
been trained.

CE-SAL (Huang et al., 2020) is a label correction model based on the cross-
entropy loss (2.2) and the self-adaptive loss (3.25). This model is trained in
two phases: a warm-up phase with cross-entropy loss and a label correction
phase with self-adaptive loss.

M (Zhang et al., 2017) is a model based on the mixed-up cross-entropy loss
(3.19).

M-DBL (Arazo et al., 2019) is a loss correction model based on the mixed-
up cross-entropy loss (3.19), the mixed-up bootstrap loss (3.21) and the beta
mixture model (3.15). This model in trained in two phases: a warm-up phase
with mixed-up cross-entropy loss and a loss correction phase with mixed-up
bootstrap loss where the weights are dynamically assigned during training by
a beta mixture model the same way as CE-DBL.

M-DBL-RC (Arazo et al., 2019) is the same as M-DBL with the addition of
class entropy regularization (3.2).

AUM (Pleiss et al., 2020) is the implementation of the area under the margin
ranking (3.17). A subset of D is selected to be indicator samples. Then a CE
model is trained on the modified dataset until it begins to fit the noise. This
procedure is repeated once more with a different subset of indicator samples
such that AUM rankings for the entire dataset are obtained. The indices of
noisy samples are subsequently identified.
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o« AUM-CE is the CE model trained on the cleaned subset filtered by AUM
score.

o AUM-CE-SAL is the CE-SAL model trained on the cleaned subset filtered by
AUM score.

« AUM-CE-FCL (Hendrycks et al., 2018) is a loss correction model based on the

cross-entropy loss (2.2) and the forward correction loss (3.22). Two subsets
of the original training set are initially obtained by AUM rankings: a clean
subset D and a noisy subset D.
The training proceeds in three phases. In the first phase a CE model is trained
on the noisy dataset D such that it becomes an estimator of noisy labels. The
model is used in the second phase to estimate a noise transition matrix (3.7) by
predicting the class-conditional probabilities of samples on the clean dataset
D. In the third phase, a new model is initialized and trained on the clean
dataset with cross-entropy loss and on the noisy dataset with forward loss
correction using the estimated noise transition matrix.

4.2 Dataset and implementation details

The models are trained and tested on the CIFAR-10 dataset (Krizhevsky et al.)
which contains 60K color images with a resolution of 32 x 32 pixels. The training
set contains 50K images and the remaining 10K images are for validation. The
images are evenly distributed across 10 classes. The network architecture is a PreAct
ResNet-18 (He et al., 2015) which is optimized using stochastic gradient descent
(SGD). All models are implemented in PyTorch (Paszke et al., 2019) and are trained
using CUDA (NVIDIA et al., 2020) on a single Tesla T4 GPU.

The preprocessing steps, hyperparameter settings and training schedules are
mostly based on (Arazo et al., 2019), with a few exceptions.

Random seed The seed for all random number generators is set to 1 for all
experiments. Only one seed was used in experiments due to time constraints.

Preprocessing All images are augmented by 32 x 32 random crops with 4-
pixel padding, random horizontal flipping, and normalization.

Synthetic label noise is applied such that a percentage of labels are randomly
relabeled. Relabeling is done with replacement which means that there is a chance
that the true label could be kept. Only symmetric label noise was tested in experi-
ments due to time constraints.

Optimizer Losses are optimized using stochastic gradient descent (SGD) with
momentum (0.9), weight decay (107*) and training batch size of 128 samples.

Training schedule without mixup All models that are without mixup
(except AUM and CE-SAL-COSINELR) are trained for 120 epochs. The initial
learning rate is (0.1) which is reduced by a factor of 10 after 30, 80 and 110 epochs.
Warm-up lasts for 30 epochs.

Training schedule with mixup All models with mixup are trained for 300
epochs. The initial learning rate is (0.1) and gets reduced by a factor of 10 after 100
and 250 epochs. Warm-up lasts for 105 epochs. The mixup parameter is a = 32 in
all use-cases. The class entropy regularization coefficient is set to A = 1.
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Training schedule for AUM  AUM is performed by training a CE model
for 100 epochs with a fixed learning rate of (0.1). The batch size is 64 to increase
variance in SGD which reduces memorization.

Training schedule for CE-SAL-COSINELR  The model is trained for 300
epochs. The initial learning rate is (0.1) which is reduced by cosine annealing with a
maximum range of 200 epochs. The batch size is 128. Warm-up lasts for 60 epochs.

4.3 Results and discussion

The following results are collected from experiments conducted under the conditions
explained in section 4.2. Due to time costraints and the number of models that were
reimplemented and tested, there is only one accuracy score recorded for each model
and level of label noise in the dataset. The numbers should be interpreted with this
knowledge in mind.

Table 4.1 shows the accuracy score for the models that were trained without
mixup. The gap between the best and last accuracy score indicates whether a
model overfits the noise during later stages of training. Results show that the CE
model with the standard cross-entropy loss is clearly not robust and fits the noise.

However, the other models show that they are indeed robust to label noise and
display improved performance compared to the baseline CE model.

Table 4.1: Validation accuracy on CIFAR-10. Key: CE (cross-entropy), DBL
(dynamic bootstrap loss), SAL (self-adaptive loss), H (hard labels), S (soft labels).

Noise level (%) 20 50 80 Avg. runtime

Best 89.69 84.73 66.19
CE Last 82.51 55.78 23.95 2.77h

Best 90.1 84.88 70.14
CE-DBL-5 Last 83.68 71.05 70.12 3.2h

Best 89.8 84.61 67.84
CE-DBL-H Last 83.64 67.14 60.95 3.25h

Best 91.59 87.68 69.0
CE-SAL-S Last 91.47 87.47 68.94 2.71h

Table 4.2 shows the performance results for the models that have been trained
with mixup regularization (with the exception of CE-SAL-S-COSINELR). The sig-
nificance of mixup is noted by looking at the much improved accuracy scores and
reduced score gap between the best and last epoch.

Note that the M-DBL-H model completely degenerates and predicts only one
class at the final epoch. This is remedied by the class entropy regularization which
consequently gives a huge performance boost when computing the loss with hard
labels. The same regularization appears not to have the same effect when training
with soft labels.
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The CE-SAL-S-COSINELR model doesn’t use mixup regularization but is still
included in Table 4.2 because it is trained for the same duration as the other models.
Its performance is comparable to M-DBL-S while being less complex to implement
and less time consuming to train.

Table 4.2: Validation accuracy on CIFAR-10. Key: M (mixup), DBL (dynamic
bootstrap loss), SAL (self-adaptive loss), RC (class entropy regularization), H (hard
labels), S (soft labels).

Noise level (%) 20 50 80 Avg. runtime

Best 93.0 87.43 70.31
M Last 92.74 76.27 48.04 712k

Best 94.14 90.71 76.88
M-DBL-S Last 93.97 89.97 74.04 8.9h

Best 93.85 91.93 67.6
M-DBL-H Last 93.76 91.8 10.0 8.75h

Best 94.23 90.62 78.63
M-DBL-RC-5 Last 94.06 89.88 74.84 8.83h

Best 9411  92.06  87.19
M-DBL-RC-H Last 9398  91.93  86.88 8.9h

Best 93.37 89.28 74.13
CE-SAL-S-COSINELR Last 93.19 89.28 74.05 5-45h

Table 4.3 shows the effectiveness of cleansing a mislabeled dataset by thresh-
olding with AUM ranking. Both precision and recall are consistently high across
different levels of label noise. However, the percentage of noise remaining in the
filtered dataset increases with higher noise proportions in the training set. This
may be caused by an increased likelihood of fitting noisy samples early on during
training since the number of clean samples are small. Such samples may then end
up on the right side of the threshold value.

Table 4.4 shows the results of training on the smaller and cleaner subset that
remains after removing samples that have been identified as noisy or difficult by
AUM ranking. The tight gap between the best and last epoch for the AUM-CE
model indicates that the subset has less label noise than before. On the other hand,
the accuracy scores on the test set are comparatively lower than the mixup based
models that were trained on the full training set with noisy labels. This could be
because there are samples missing in the reduced training set which might help the
models perform better on the test set.

The AUM-CE-SAL-S model doesn’t perform any better than AUM-CE on the
reduced training set. This is not surprising because robustness is partly achieved
by underfitting the data. Thus the model has no edge when the proportion of label
noise is negligible.

The AUM-CE-FCL model has a special training schedule compared to the other
models in this line of experiments since it utilizes both the cleaner subset and
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Table 4.3: Precision- and recall scores when identifying mislabeled samples using
area under the margin ranking (3.17) on CIFAR-10 at different proportions of label
noise. The following rows give additional details about the sizes of the resuting
subsets and their proportions of noisy or clean samples.

Noise level (%) 20 50 80 90
AUM Precision 0.933 0.966 0.945 0.914
AUM Recall 0.939 0.928 0917 0.870
Effective label corruption (%) 18 45 72 81
Filtered subset size 40947 28939 15058 11436
Corrupt subset size 9053 21607 34942 38564

Perc. noisy samples in filtered subset (%) 1.34  5.66 19.86 45.86
Perc. clean samples in corrupt subset (%) 6.38  3.39  5.53  8.61

the more noisy subset when training. The extra work pays off in marginally im-
proved accuracy scores but it is not enough compared to the M-DBL type models
which achieve the best results overall. The small performance gains raises doubts
on whether the noise transition matrix is well estimated.

Table 4.4: Validation accuracy after training on AUM filtered subsets of CIFAR-
10 (see Table 4.3). Key: AUM (area under the margin), CE (cross-entropy), SAL
(self-adaptive loss), FCL (forward correction loss).

Noise level (%) 20 50 80 Runtime
Best 91.82 88.05 72.58

AUM-CE Last 91.78 87.78 71.28 0.75-1.8h

AUM-CE-SAL-§ Dest 9159 87.68 09 ) 75-1.8n

Last 91.47 87.47 68.94

Best 92.33 88.37 74.91
AUM-CE-FCL Last 92.32 88.27 74.16 2.6-3.7h
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Conclusion

Supervised learning methods designed to mitigate label noise have been reviewed
under synthetic uniform label noise conditions.

Mixup has proven to be an effective regularization method which substantially
increases robustness to label noise. It is easy to combine mixup with the standard
cross-entropy- and the bootstrap loss. In the latter case, the combination of mixup
and bootstrap loss yield positive synergy effects by increasing and maintaining the
loss separation of clean and noisy samples throughout training.

Combining mixup, bootstrap loss and the beta mixture model results in an
impressive model that is robust and can recover a large proportion of corrupt labels
given high proportions of label noise. However, performance has to be traded for
longer training times. It was also shown that the model is susceptible to get stuck
in local minima and it degenerates without class entropy regularization to adjust
model calibration. Class entropy regularization is most effective when the prior
class-probability is well known and the classes are well balanced. This is often not
the case in real-world datasets which makes this form of regularization less feasible
to use. More general ways of improving model calibration ought to be explored.

The self-adaptive training method has shown remarkable robustness for such a
simple implementation. Its performance is comparable to the soft-labeled dynamic
bootstrap models. However, the careful label correcting procedure doesn’t seem
to have a natural extension with mixup regularization from which it could benefit.
Attempts at such an implementation by the author did not yield satisfactory results.

The forward correction method with a noise transition matrix has shown good
robustness but achieves only mediocre performance scores compared to the other
models. Assuming that the transition matrix was not badly estimated, the ability
of the model to recover corrupted labels was not as effective as the other models
considering the amount of preprocessing and training time required.

The area under the margin ranking has proven to be an effective method of iden-
tifying difficult and noisy samples. However, its benefits diminish as the proportion
label noise increases, causing a relatively large proportion of mislabeled samples to
remain in the filtered subset. Despite this, all models that were trained on the fil-
tered subset generalized well on the test set. Another drawback of this method is
that it requires to run twice with different subsets of indicator samples. However, its
simplicity makes it a good diagnostic and filtering tool in a data processing pipeline.
It would seem a worthwhile task to devise a method that would increase the AUM
ranking separation between clean and noisy samples even for high proportions of
label noise. Such a method could significantly improve both precision and recall.
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