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Abstract

Traditional methods for learning with the presence of
noisy labels have successfully handled datasets with ar-
tificially injected noise but still fall short of adequately
handling real-world noise. With the increasing use of
meta-learning in the diverse fields of machine learning, re-
searchers leveraged auxiliary small clean datasets to meta-
correct the training labels. Nonetheless, existing meta-label
correction approaches are not fully exploiting their poten-
tial. In this study, we propose an Enhanced Meta Label
Correction approach abbreviated as EMLC for the learning
with noisy labels (LNL) problem. We re-examine the meta-
learning process and introduce faster and more accurate
meta-gradient derivations. We propose a novel teacher ar-
chitecture tailored explicitly to the LNL problem, equipped
with novel training objectives. EMLC outperforms prior
approaches and achieves state-of-the-art results in all stan-
dard benchmarks. Notably, EMLC enhances the previous
art on the noisy real-world dataset ClothingIM by 1.52%
while requiring x0.5 the time per epoch and with much
faster convergence of the meta-objective when compared to
the baseline approach. '

1. Introduction

The remarkable success of Deep Neural Networks
(DNNps) for visual classification tasks is predominantly due
to the availability of massive labeled datasets. In many prac-
tical applications, obtaining the required amounts of reli-
able labeled data is intractable. As a result, numerous works
over the past decade have sought ways to reduce the amount
of labeled data required for classification tasks. Notably,
semi-supervised learning exploits unlabeled data [32, 23],
transfer learning exploits prior knowledge obtained from
different tasks [7, 38], and self-supervised learning exploits
data augmentations for label agnostic representation learn-
ing [3, 11]. Nonetheless, for many applications, the quality
of the labeled data can be sacrificed for the sake of its quan-
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Figure 1: Comparison of the training labels recovery (solid
line) and the wrong labels recovery (dashed line) over train-
ing epochs on the CIFAR-10 dataset with 90% symmetric
noise. EMLC (ours) is comapred to MLC [40] and to MLC
[40] with self-supervised pretraining.

tity. A prominent example is the process of crawling search
engines and online websites as demonstrated by [17, 31].
The crawling process is often easy to automate however re-
sults in significant amounts of label noise with complicated
patterns. A fundamental problem with such data, however,
is that classical learning methodologies tend to fail when
significant label noise is present [35]. Therefore, designing
learning frameworks that are able to cope with label corrup-
tion is a task of great importance.

While traditional methods for learning with noisy labels
(LNL) are capable of handling data with immense artificial,
injected noise, their ability to handle real-world noise re-
mains highly limited. Thus, noisy labeled datasets alone
limit the capability of learning from real-world noisy la-
beled datasets. Luckily, in many real-world applications,
while obtaining large amounts of labeled data is infeasible,
obtaining small amounts of labeled data is usually attain-
able. Thus, the paramount objective is to find methods that
can incorporate both large amounts of noisy labeled data
and small amounts of clean data. A natural choice is to
adopt a meta-learning framework, a popular design regu-
larly used for solving various tasks. Consequently, recent

16295


https://sites.google.com/view/emlc-paper
https://sites.google.com/view/emlc-paper

trends in LNL leverage meta-learning using auxiliary small
clean datasets. Prominent examples include meta-sample
weighting [25, 37], meta-robustification to artificially in-
jected noise [16], meta-label correction [40], and meta-soft
label correction [30].

In this work, we propose EMLC — an enhanced meta-
label correction approach for learning from label-corrupted
data. We first revise the bi-level optimization process by
deriving a more accurate meta gradient used to optimize
the teacher. In particular, we derive an exact form of the
meta-gradient for the one-step look-ahead approximation
and suggest an improved meta-gradient approximation for
the multi-step look-ahead approximation. We further pro-
vide an algorithm for efficiently computing our derivations
using a modern hardware accelerator. We empirically val-
idate our derivations, demonstrating a significant improve-
ment in convergence speed and training time. We further
propose a dedicated teacher architecture that employs a fea-
ture extraction to generate initial predictions and incorpo-
rates them with the noisy label signal to generate refined
soft labels for the student. Our teacher architecture is com-
pletely independent of the student, avoiding the confirma-
tion bias problem. In addition, we propose a novel auxil-
iary adversarial training objective for enhancing the effec-
tiveness of the teacher’s label correction mechanism. As
demonstrated in fig. 1, our teacher proves to have a superior
ability of purifying the training labels.

Our contributions can be summarized as follows:

* We derive fast and more accurate procedures for com-
puting the meta-gradient used to optimize the teacher.

* We design a unique teacher architecture in conjunction
with a novel training objective toward an improved la-
bel correction process.

* We combine these two components into a single yet
effective framework termed EMLC. We demonstrate
the effectiveness of EMLC on both synthetic and real-
world label-corrupted standard benchmarks.

2. Related work

The LNL problem was previously addressed by various
approaches. For instance, multiple works iteratively mod-
ified the labels to better align with the model’s predictions
[24, 26], estimated the noise transition matrix [8], or ap-
plied a regularization [21, 36]. The common pitfall of these
methods is the phenomenon that DNNs tend to develop a
confirmation bias, which causes the model to the confirm
the corrupted labels. To this end, Han et al. [9] proposed a
two-model framework that employs a cross-model sample
selection for averting the confirmation bias problem. Be-
ing remarkably successful, many follow-up works tried to
build on the two-model framework by either improving the

sample selection process or using semi-supervised tools to
exploit the high-loss samples and leveraging label-agnostic
pretraining [2, 15, 39].

Nevertheless, there is still a noticeable gap between the
effectiveness of LNL methods and fully supervised training,
especially on datasets with real-world noise. In numerous
practical scenarios, acquiring substantial quantities of la-
beled data may be impractical, but obtaining a small amount
of labeled data is typically achievable. This observation mo-
tivates the use of meta-learning for tackling the LNL prob-
lem. Consequently, multiple researchers have tried to ex-
ploit auxiliary small labeled datasets to apply meta-learning
for LNL research.

Outside of LNL research, meta-learning has begun to ap-
pear in diverse fields in machine learning, including neural
architecture search [18], hyperparameter tuning [20], few-
shot learning [6] and semi-supervised learning [23]. Meta-
learning often involves two types of objectives: an inner
(lower-level) objective and a meta (upper-level) objective.
Usually, meta-learning tasks are equipped with a large train-
ing set and a small validation set. The validation data (in
many cases) is necessary for updating the meta-objective.

In the context of LNL, researchers leverage meta-
learning to mitigate the effect of the label noise. In par-
ticular, [25, 37] try to weight samples to degrade the effect
of noisy samples on the loss. MLNT [16] use a student—
teacher paradigm and try to artificially inject random labels
into the data used to train the student model. The student
is encouraged to be close to the teacher model that does
not observe the noisy data. Meta-label correction [40] and
MSLC [30] follow the student—teacher paradigm but, unlike
MLNT [16], use the teacher to produce soft training targets
for the student. The soft targets are produced in such a way
that when the student is trained with respect to these targets,
it performs well on the clean data.

EMLC builds upon the meta-label correction framework,
which, as presented in prior work [40, 30], does not appear
to have fully exploited its potential. We claim that the main
pitfall of current label correction frameworks is that their
teacher architecture is strongly entangled to the student,
resulting in a severe confirmation bias. On the contrary,
EMLC is composed of a completely independent teacher,
averting this problem. In addition, EMLC leverages arti-
ficial noise injection for robust training. Opposed to [16]
however, we propose adversarial noise injection that we dis-
cover to be more effective for robustifying models against
label noise. Another major difference is that we use the arti-
ficial noise injection to better train the teacher whereas [16]
use it to train the student.

3. Methods

In this section we discuss the distinct components of the
proposed method. We start by introducing the reader to the
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Figure 2: Classical supervised learning via empirical risk
minimization (upper part). Meta-learning for generating
corrected labels via clean feedback optimization (lower
part). The meta-gradients are propagated through the op-
timization path of p,, w.r.t. w. The optimized student is
denoted by p,«

basic setting and assumptions in LNL in subsection 3.1. In
subsection 3.2, we discuss the inability of classical learn-
ing algorithms (i.e Empirical Risk Minimization - ERM) to
handle heavily corrupted data and look at how to exploit
meta-generated labels as an alternative to the classical learn-
ing paradigm. Accordingly, subsection 3.3 is devoted to bi-
level optimization that repeatedly appears in meta-learning.
In subsection 3.4, we revisit meta-gradient approximation,
which is the core of performing gradient-based bi-level op-
timization. In addition, in subsection 3.5, we demonstrate
how to compute the proposed derivations efficiently. Fi-
nally, in subsection 3.6, we elaborate on the proposed label
correction architecture as well as on its training scheme.

3.1. Learning with Noisy Labels Formulation

We initiate our discussion on noisy label classification
by considering a probability space (€2, F, p), equipped with
an instance random variable: z : 2 — X, along with a la-
bel and a (possibly) corrupted label random variable: y, ¥ :
Q — Ywhere ¥ C R4 Y = {1,...,C} are the instance and
label space, respectively. We define the clean distribution:
D = (x,y) and the corrupted distribution: D = (x,y). The
restriction on the corrupted distribution is that for each class
¢ € {1, ..., C}, the most probable corrupted label will match
the true one: ¢ = argmax; p(y = jly = c). Given a family
of parameterized predictors {f,, : X — V}, the high level
goal is to optimize the parameters w to minimize the true

expected risk: R(f) = E,4)[l(fuw(x),y)] for some loss
function £ : ) x ) — R™ by accessing mostly D.In prac-
tice, D is most likely inaccessible and rather we are given
i.i.d. samples of it {(z;,¥;)}" ;. In the setting of interest,
we are also supplied with a small set of clean i.i.d. samples
{(xj,95) 7, where m < n.

3.2. From ERM to Meta-Learning

According to the ERM principle in supervised learning,
fw should be optimized by considering the empirical risk:

. 1
w Zargmmﬁzg(fw(fi)ayi) ey
w i=1
To make optimization feasible, ¢ is chosen to be a dif-
ferentiable function. In particular, if we generalize f,, to
model a probability distribution, p,, (y|x), the cross-entropy
loss [4] is most commonly used:

w argwmlnn ;C’E(yz,pw(mxl)) 2)
In our case, the labels y; are possibly corrupted. There-
fore, applying the ERM principle would give rise to noisy
label memorization (due to the universal approximation
theorem) leading to a severe degradation in the obtained
predictor’s performance [19, 35]. This problem is ad-
dressed by replacing y; with a label correction architecture
da(y|zi, ¥i ), which will produce corrected (soft) labels for
training p,,. For the ease of reading, from this point on, we
refer to p,, as the student architecture and q,, as the teacher
architecture. Recall that the real goal is to optimize the stu-
dent to minimize the true expected error. Hence, given a
small set of clean samples, the teacher should produce soft
labels in a way that would cause the optimized student to
have small empirical risk on the clean set, as demonstrated
in fig. 2. Therefore, the objective may be formalized as the
following bi-level optimization problem:

moin L(w*(a)) (3)
s.t w* = argmin Z(u}, a) 4)
where:
1 m
C(’LU*(OZ)) = E ZCE(yjapw*(a)(y|xj)) ®)
j=1
- 1 — _
L(w,0) = — > CE(qa(ylzi,5:), pu(yle:)) ()
i=1

Note that under relatively mild conditions, w* can be
written (locally) as a function of a. This can be observed
from stationary conditions applied to eq. (4): V,,L(w, o) =
0 and applying the implicit function theorem.
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3.3. Bi-Level Optimization

Bi-level optimization problems appear in diverse sub-
fields in machine learning and in meta-learning in partic-
ular [18, 20, 6, 23]. Such problems are composed of an
outer level optimization problem that is usually constrained
by another inner level problem. We relate to the upper level
problem parameters as the meta-parameters and to the pa-
rameters in the lower level as the main parameters. The fact
that each meta-parameter value defines a new lower level
problem makes applying gradient-based optimization meth-
ods to such situations particularly difficult due to the itera-
tion complexity. A solution to this problem is to approxi-
mate w* with k-step look-ahead SGD, optimizing both the
main and meta- parameters simultaneously. The joint opti-
mization process can be summarized in algorithm 1.

Algorithm 1 Bi-Level Optimization via k-step SGD Look-
ahead Approximation

Input: Clean and noisy datasets D, 5, number of train-
ing steps 7', initial parameters w(®), (%), learning rates
Nws Nee-
Output: Optimized parameters w(™), a(7).
1: fort=0,.,7 —1do
2: // Sample clean and noisy batches from the datasets
3: B, B + Sample(D), Sample(D)

4: // Update w by descending £(w, ) w.r.t w

5 WD — w® — 5 Vo, L(w, o)

6 iftmodk =k — 1 then v

7: // Unroll w*+1) () to compute the meta gradient
8 ga = META_GRAD(L(wtV), a)

9: // Update o by descending £(w® ) (a)) w.r.t a
10: a1 o) — NaGo

11: else

12: a1 o)

13: end if

14: end for

During training, the higher order dependencies of w on
« are neglected, thereby allowing the meta-gradient to be
computed, as we discuss in the next section.

3.4. Revisiting the Meta-Gradient Approximation

As opposed to Meta-Label Correction [40], we propose
better approximations for both the single and multi-step
meta-gradients when updating the teacher. In the next sec-
tion, we establish an efficient method for carrying out the
meta-gradient computation.

We explicitly differentiate between the cases £ = 1 and
k > 1. We begin by deriving the one-step approximation
meta-gradient.

Proposition 1. (One-Step Meta-Gradient) Let ¢, :=
Vo L) where wY) are the student’s new pa-
rameters obtalned when last updated. Let Hz(uta =
VaaL(w®, o ®)) where w®) are the student’s original pa-
rameters (before its update). Let o'V be the teacher’s
parameters before its update. Then, the one-step meta-
gradient at time t denoted by V((Xt ) is given by:

= — g H) (7

The proof of proposition 1 is given in the appendix. We
proceed by considering the case of £ > 1. In this case,
we do not compute the exact meta-gradient. Instead, we
approximate it.

Proposition 2. (k-Step Meta-Gradient Approximation with
Exponential Moving Average of Mixed Hessians) Assume
that t mod k = k — 1 and let g,, := V., L(w V) where
wttY s the student’s new parameters obtained when last
updated. Consider the mixed Hessians in the last k steps:
H&Q = Vwaz(w(T),a(T)) wheret — k+1 < 7 < t.
Let oY) = o= = | = o(=F+1) pe the teacher’s pa-
rameters before its update. Then, the k-step meta-gradient
denoted by V , can be approximated by:

t
R =gy >, Y HU (8)

T=t—k+1

v

where Yy = 1 — 1y
The proof of proposition 2 is given in the appendix
3.5. Computational Efficiency of the Meta-Gradient

Calculating the one-step meta-gradient as in proposi-
tion 1 or the multi-step meta-gradient as in proposition 2 in a
straightforward manner is inefficient, as it requires comput-
ing higher-order derivatives of large DNNs. In this section,
we provide a few workarounds that allow us to carry out the
computations efficiently. Our first observation is that the
sample-wise mixed Hessian can be expressed as a product
of two first-order Jacobians. Formally:

Proposition 3. Let us consider the sample-wise lower
loss: li(w,a) = CE(qu(y|lTi, ¥i), pw(yl|zi)). Recall
from eq. (6) that L(w,a) = %Z?:llz(w,a). De-
note by Jy(i) = Ju(log(pw(ylz:))) and by Jo(i) :=
Jo(Qa(Y|zi, Ui)). We claim that:

[T ()] [Ja(i)] )

The proof of proposition 3 is given in the appendix.

vwazi(wv Oé) =

Corollary 3.1. Using proposition 1,
gradient can be expressed as:

nw Zgw (t)

the one-step meta-

V(t)

TlI,w@)]  10)
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Figure 3: The proposed teacher architecture (left) and typical teacher’s output distributions when fed with clean/noisy sample
(right). In our architecture, the sample is initially fed to a feature extractor to obtain a representation h; and then to a classifier
to obtain an initial prediction g;. The (possibly) noisy label is then fed to an embedding layer to obtain a label embedding z;.

Both of the embeddings are then concatenated and are fed to an MLP which produces a weight w;

€ (0,1). Finally, w; is

used to gate the initial prediction and the noisy label to produce the final prediction.

Using proposition 2 the k-step meta-gradient approximation
can be expressed as:

VO "wz Z VT 9IS T (D)) [T (3)]

=1 7=t—k+1
(11

corollary 3.1 can be exploited to compute the meta-
gradient efficiently as demonstrated in algorithm 2.

In terms of computation, the FPMG algorithm can be
easily batchified and hence takes roughly only three times
the computation required for a single backward mode AD
used in a simple lower level update. In terms of memory
(in addition to the original and updated student parameters),
only the intermediate variables that accumulate for a one-
student gradient and an n x C' matrix for storing the JVPs
for all the samples, must be stored, which is very efficient.

Since the computation grows linearly with the number of
batches, the only bottleneck in the approach is the memory
required to store all the k + 1 versions of the student’s pa-
rameters obtained in its optimization process. This is a stan-
dard snag in such bi-level optimization problems [6, 41].
A summary of the differences of FPMG from MLC’s [40]
meta gradient computation is given in the appendix.

3.6. Teacher Architecture and Optimization

Recall that the key to applying meta-learning to the
LNL problem lies in the feacher architecture. The teacher

Algorithm 2 Fast and Precise Meta Gradients (FPMG)
Input: Student weights obtained from the inner problem it-
erations w(*~*+1) 4w+ Tast teacher weights a(*).

Output: Meta- gradlent for the current iteration V( )
i g — Vi LwtD) // Student feedback gradient

2 VP dy < 04,1

3:forr=t,...t —k+1do

4 for i € Bdo

5 /I Compute JVP using forward mode AD
6: Jupi = [Juo (9)]gw

7 // Compute VJP using backward mode AD
8 res; <+ (jupi)T [T (1))

9: end for

10: /I Accumulate the contribution of 7 to fo)

11: vy <—Vg)—|—dw”7w S res;
12: dw +— (1 —ny)dyw // Update discount factor
13: end for

da(y|zi,¥;) aims to correct the labels of (possibly) cor-
rupted sample—label pairs, given the sample and its corre-
sponding (possibly) corrupted label. Thus, it is important
to design an appropriate teacher architecture. We propose a
teacher architecture which is especially tailored for correct-
ing corrupted labels. In contrast to MLC [40] and MSLC
[30], our teacher architecture possesses its own feature ex-
tractor and a classifier to produce its own predictions. As
a result, the proposed label correction procedure is com-
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Dataset CIFAR-10 | CIFAR-100
Method 20% 50% 80% 90%  Asym.40% | 20% 50% 80% 90%
Cross-Entropy | 868 79.4 62.9 42.7 832 62.0 46.7 19.9 10.1
MW-Net [25] 89.76 - 56.56 - 88.69 66.73 - 19.04 -
MLNT [16] 92.9 88.8 76.1 583 88.6 67.7 58.0 40.1 14.3
MLC [40] 92.6 88.1 77.4 67.9 - 66.5 52.4 18.9 14.2
MSLC [30] 93.4 89.9 69.8 56.1 91.6 72.5 65.4 243 16.7
FasTEN [14] 9194 9007 8678  79.52 90.43 6875 6382 5522 -
EMLC(h=1) | 18 91.16 9095  90.71 91.81 7248 6708 6037  54.04
+0.51 +0.25 +0.24 +0.07 +0.05 +0.44 +0.35 +0.31 +0.57
EMLC (k—5) | o353 9263 8989 8957 91.82 73.05 6861 6051 5249
+0.21 +0.05 +0.07 +0.30 +0.19 +0.20 +0.34 +0.19 +0.18

Table 1: Comparison with state-of-the-art methods in test accuracy (%) on CIFAR-10 and CIFAR-100 datsets corrupted with
multiple levels and types of noise. The reported standard deviations are based on 5 runs using different seeds for each setting.

pletely disentangled from the student. This structure de-
creases noisy label memorization and confirmation bias. In
addition, the proposed architecture carefully takes advan-
tage of the noisy label signal. The noisy label is used to
extract label embedding, which is then combined with the
image embedding and fed to an MLP with a single out-
put neuron. The MLP learns to gate the teacher’s predic-
tions and the input noisy label so that when the input la-
bel is not actually corrupted, the input label signal would
be preferred. Our proposed teacher architecture is summa-
rized in fig. 3. In addition to the meta-learning optimization
objective, the unique structure of the proposed architecture
enables us to further leverage the extra clean data to de-
sign additional supervised learning objectives for training
the teacher. We first notice that both the feature extractor
and the classifier can be trained by considering simple su-
pervised cross entropy loss on the clean training data. Fol-
lowed by the findings in [22], we apply AutoAugment data
augmentation [5] on the extra clean data. Nonetheless, the
label embedding layer and the label-retaining MLP predic-
tor are omitted from this loss. To this end, we propose to ar-
tificially inject noise into a portion of the clean training data
and encourage the MLP to predict whether the input label
is clean or corrupted. In practice, we corrupt half of each
clean training batch and use binary cross-entropy loss at the
end of the MLP. We propose two corruption strategies; in
the random corruption strategy, we sample uniformly i.i.d.
random labels and assign them to half of the batch; in the
adversarial corruption strategy, we corrupt an image’s la-
bel with the strongest incorrect prediction obtained by the
teacher’s classifier. We hypothesize that the adversarial cor-
ruption strategy would cause the MLP to identify clean la-
bels when the teacher’s predictions are uncertain. The final
teacher training objective can be summarized as follows:

,C(Oé) = ,CCE(CV) + ﬁBCE(CY) + ,CMETA(U)*(CV)) (12)

4. Experiments

In this section, we extensively verify the empirical effec-
tiveness of EMLC, both qualitatively and quantitatively.

In subsections 4.1 and 4.2 we verify the empirical effec-
tiveness of EMLC on the three major benchmark datasets
used in the literature [25, 40, 16, 14, 30] about meta-
learning for LNL. We inject synthetic random noise at
multiple levels and of assorted types into the CIFAR-10
and CIFAR-100 datasets [13], which are correctly labeled
datasets. On the other hand, the ClothinglM dataset [31]
1S a massive dataset collected from the internet, contain-
ing many mislabeled examples. In all our experiments on
the benchmark datasets we validate EMLC with both the
single-step look-ahead optimization strategy and the multi-
step optimization strategy.

In subsection 4.3 we discuss the efficiency of the pro-
posed meta-learning procedures used in EMLC in terms of
computation time and speed of convergence.

In the appendix we perform ablation studies on the dis-
tinct components of EMLC and on the number of look-
ahead steps.

4.1. CIFAR-10/100

CIFAR-10is a 10 class dataset consisting of 50k training
and 10k testing RGB tiny images. Likewise, CIFAR-100 is
a 100 class dataset with images of the same dimensionality
and the same total amount of training and testing images.

To evaluate the effectiveness of the EMLC framework,
we follow previous works on meta-learning for LNL [25,
16, 14, 30] and adopt the standard protocol for validating
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Method Extra Data Test accuracy
Cross-entropy X 69.21
Joint-Optim [27] X 72.16
P-correction [34] X 73.49
C2D [39] X 74.30
DivideMix [15] X 74.76
ELR+ [19] X 74.81
AugDesc [22] X 75.11
SANM [28] X 75.63
Meta Cleaner [37] v 72.50
Meta-Learning [16] v 73.47
MW-Net [25] v 73.72
FaMUS [33] v 74.40
MLC [40] v 75.78
MSLG [1] v 76.02
Self Learning [10] v 76.44
FasTEN [14] v 77.83
EMLC (k =1) v 79.35
EMLC (k = 5) v 78.16

Table 2: Comparison with state-of-the-art methods in test
accuracy (%) on Clothing 1M. The methods in the lower part
of the table use extra clean data, while the methods in the
upper part do not (above an below the dividing line).

our framework. For the small clean dataset, 1,000 samples
are randomly selected and separated from the training data.
The small clean dataset is balanced, yielding 100 instances
from each category in the CIFAR-10 dataset and 10 samples
from each category in the CIFAR-100 dataset. The rest of
the training data is designated as the large” noisy dataset
and is injected with artificial label noise.

Two distinct settings for the noise injection are used:
Symmetric and Asymmetric noise. As these are standard in
LNL research, we refer the reader to the appendix for more
details on these settings.

Following prior work, in the CIFAR-10 experiments we
use ResNet-34 architecture [12] whereas in the CIFAR-100
experiments we use ResNet50 architecture. In both ex-
periments we initialize the model using SimCLR [3] self-
supervised pretraining, following [39]. We note that owing
to self-supervised pretraining, only 15 epochs are needed
for obtaining optimal results. We report our results on
the CIFAR datasets with {20%, 50%, 80%, 90%} symmet-
ric noise and 40% asymmetric noise in CIFAR-10. We treat
the clean data as a validation set, and report the results using
the student model when its validation score is the highest.
We compare our results with previous methods in table 1.

EMLC proves to be very effective, obtaining state-of-
the-art results in all the experiments. Notably, EMLC su-
perbly surpasses prior works when facing high noise levels,
maintaining an accuracy of more than 90% in CIFAR-10
and more than 50% in CIFAR-100 at a 90% noise rate. Fur-
thermore, EMLC shows an impressive improvement over
the state-of-the-art methods of 2.16% on CIFAR-10 and
3.58% on CIFAR-100 in medium-level 50% noise setting.
We observe that although both the one-step and multi-step
strategies are superior to prior methods, the multi-step strat-
egy worked the best. Regarding the number of steps chosen
for the multi-step strategy, in our experiments we found that
k = 5 was optimal. In the appendix we show that k = 5 is
indeed optimal for the 50% noise rate in CIFAR-100.

4.2. ClothinglM

ClothingIM is a large-scale clothing dataset obtained
by crawling images from several online shopping websites.
The dataset consists of 14 classes. The dataset contains
more than a million noisy labeled samples as well as a
small set (around 50K) of clean samples and small vali-
dation and testing datasets. We follow prior works on LNL
[15, 22, 16] and use ResNet-50 architecture [12] pretrained
on ImageNet. We train both architectures for 5 epochs, us-
ing both the single-step and multi-step look-ahead strate-
gies. Additional experimental details can be found in the
appendix. As in the CIFAR experiments, we report the re-
sults using the student model with the highest validation
score. We compare our results with previous approaches
in table 2. As can be observed, our method reaches a clear-
cut result on the challenging ClothinglM dataset that sur-
passes the state-of-the-art methods by 1.52%. In addition,
the results show a significant improvement of over 3.5% to
MLC [40]. In contrast to our CIFAR experiments, in the
Clothing 1M experiment, the one-step meta-gradient proved
to be better than the multi-step meta-gradient, showing the
essence of both strategies. Qualitatively, we visually com-
pare the validation set representations of the trained student
model of EMLC and MLC[40] using a t-SNE [29] plot in
fig. 4. As can be observed, EMLC manages to keep the
same categories clustered whereas MLC [40] fails to do so
on multiple categories.

4.3. Meta-Learning

We now discuss the empirical effectiveness of our meta-
gradient approximation and computation, demonstrated on
the ClothingIM dataset.

In terms of speed of convergence, we compare the con-
vergence, in MLC [40] and EMLC, of the student’s meta-
evaluation loss . Recall that the meta-learning objective is to
reduce this loss. The loss dynamics are presented in fig. 5.
Note that the meta-regularization loss of EMLC converges
in the first two epochs for both k¥ = 1 and k¥ = 5. In con-
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Figure 4: Comparison of the tSNE plot of the validation set embeddings obtained by the student when trained on Clothing 1 M.
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Figure 5: The meta-objective value for the first two epochs.
The horizontal axis indicates the training iterations.

trast, MLC’s [40] regularization loss has yet to converge
at this point and has a much noisier optimization process.
In addition, it can be observed that our method (for both
k = 1 and k = 5) has a lower clean feedback loss com-
pared to MLC. In the Clothing1M experiment, however, the
single-step optimization process dominates the multi-step
optimization process in terms of the final loss value, which
correlates with the final accuracy.

In terms of computation, we compare the time required
by EMLC and MLC [40] to complete a single epoch (in
hours) using a single A6000 GPU. We find out that MLC
[40] takes 7.241 hours whereas EMLC takes 3.67 hours
with £ = 1 and 3.467 hours with & = 5. Our approach is
twice as fast as MLC [40] despite using a noticeably larger
teacher model. This indicates that our meta-gradient com-
putation is extremely efficient, and allows the deployment
of our method to large scale datasets.

5. Discussion

In this paper we proposed EMLC — an enhanced meta-
label correction framework for the learning with noisy la-
bels problem. We proposed new meta-gradient approxima-
tions for both the single and multi-step optimization strate-
gies and showed that they can be computed very efficiently.
We further offered a teacher architecture that is better aimed
to handle label noise. We present a novel adversarial noise
injection mechanism and train the teacher architecture using
both regular supervision and meta-supervision.

EMLC surpasses previous methods on benchmark
datasets, demonstrating an extraordinary performance im-
provement of 1.52% on the real noise dataset Clothing I M.

Our proposed meta-learning strategies are accurate and
fast in terms of computation and speed of convergence. As
such, despite their application to LNL, we persume that our
proposed meta learning strategies can be exploited in other
distinct meta-learning problems.
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