The Thirty-Seventh AAAI Conference on Artificial Intelligence (AAAI-23)

A Gift from Label Smoothing: Robust Training with
Adaptive Label Smoothing via Auxiliary Classifier under Label Noise

Jongwoo Ko'*, Bongsoo Yi**, Se-Young Yun'

I Kim Jaechul Graduate School of AI, KAIST, Seoul, Korea
2 Department of Statistics and Operations Research, University of North Carolina at Chapel Hill
{jongwoo.ko, yunseyoung} @kaist.ac.kr, bongsoo@unc.edu

Abstract

As deep neural networks can easily overfit noisy labels, ro-
bust training in the presence of noisy labels is becoming an
important challenge in modern deep learning. While exist-
ing methods address this problem in various directions, they
still produce unpredictable sub-optimal results since they rely
on the posterior information estimated by the feature extrac-
tor corrupted by noisy labels. Lipschitz regularization suc-
cessfully alleviates this problem by training a robust feature
extractor, but it requires longer training time and expensive
computations. Motivated by this, we propose a simple yet ef-
fective method, called ALASCA, which efficiently provides
a robust feature extractor under label noise. ALASCA in-
tegrates two key ingredients: (1) adaptive label smoothing
based on our theoretical analysis that label smoothing implic-
itly induces Lipschitz regularization, and (2) auxiliary clas-
sifiers that enable practical application of intermediate Lip-
schitz regularization with negligible computations. We con-
duct wide-ranging experiments for ALASCA and combine
our proposed method with previous noise-robust methods on
several synthetic and real-world datasets. Experimental re-
sults show that our framework consistently improves the ro-
bustness of feature extractors and the performance of existing
baselines with efficiency.

1 Introduction

While deep neural networks (DNNs) have high expressive
power that leads to promising performances, the success of
DNNSs heavily relies on the quality of training data, in par-
ticular, accurately labeled training examples. Unfortunately,
labeling large-scale datasets is a costly and error-prone pro-
cess, and even high-quality datasets contain incorrect la-
bels (Nettleton, Orriols-Puig, and Fornells 2010; Zhang et al.
2017). Hence, mitigating the negative impact of noisy labels
is critical, and many approaches have been proposed to im-
prove robustness against noisy data for learning with noisy
labels (LNL).

Robustness to label noise is typically pursued by iden-
tifying noisy samples to reduce their contribution to the
loss (Han et al. 2018; Mirzasoleiman, Cao, and Leskovec
2020), correcting labels (Yi and Wu 2019; Li, Socher, and
Hoi 2020), utilizing a robust loss function (Zhang and
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Sabuncu 2018; Wang et al. 2019). However, one of the
biggest challenges of LNL methods involves providing a de-
pendable criterion for distinguishing clean data from noisy
data, such that clean data is fully exploited while filtering
noisy data. While these existing methods are partially ef-
fective in mitigating label noise, their criterion for identify-
ing noisy examples uses biased posterior information from
a linear classifier or the penultimate layer of the corrupted
network. These unpredictable biases can lead to a reduction
in the network’s ability to separate clean and noisy instances
(Nguyen et al. 2020; Kim et al. 2021a).

To solve this undesired bias, several regularization meth-
ods (Xia et al. 2021; Cao et al. 2021) have been proposed
to enhance the robustness of the feature extractor. However,
while existing regularization-based learning frameworks al-
leviate the degradation, these methods require multiple train-
ing stages and considerable computational costs and are dif-
ficult to apply in practice. Cao et al. (2021) used two-stage
training to compute the relative data-dependent regulariza-
tion power to conduct Lipschitz regularization (LR) on inter-
mediate layers. Xia et al. (2021) identified and regularized
the non-critical parameters that tend to fit noisy labels and
require longer training time. Some studies (Zhang and Yao
2020; Zheltonozhskii et al. 2022) have designed contrastive
learning frameworks to generate high-quality feature extrac-
tors using unsupervised approaches, which require consid-
erable computations for high performance.

To mitigate these impractical issues, we provide a sim-
ple yet effective learning framework for a robust feature ex-
tractor, Adaptive LAbel Smoothing via auxiliary ClAssifier
(ALASCA), with theoretical guarantee and small additional
computation. Our proposed method is robust to label noise
itself and can further enhance the performance of existing
LNL methods. Our main contributions are as follows:

* We theoretically explain that label smoothing (LS) im-
plicitly induces LR, which is known to enable robust
training with noisy labels (Finlay et al. 2018; Cao et al.
2021). Through theoretical motivations, we empirically
show that adaptive LS (ALS) can regularize noisy exam-
ples while fully exploiting clean examples.

* To practically implement adaptive LR on the intermedi-
ate layers, we propose ALASCA, which combines ALS
with auxiliary classifiers. To the best of our knowledge,
this is the first study to apply auxiliary classifiers under



label noise with theoretical evidence.

* We experimentally demonstrate that ALASCA is uni-
versal by combining various LNL methods and vali-
dating that ALASCA consistently boosts robustness on
benchmark-simulated and real-world datasets.

* We verify that ALASCA effectively enhances the robust-
ness of feature extractors by comparing the quality of
subsets on sample-selection methods and robustness to
the hyperparameter selection of LNL methods.

2 Related Works
2.1 Learning with Noisy Labels

Zhang et al. (2017) empirically demonstrated that convolu-
tional neural networks trained with stochastic gradient meth-
ods easily memorize random labeling of the training data. To
address this, numerous studies have examined the classifica-
tion task with noisy labels. Existing methods address this
problem by (1) filtering noisy examples and training using
only clean examples (Han et al. 2018; Mirzasoleiman, Cao,
and Leskovec 2020; Kim et al. 2021a) or (2) relabeling noisy
examples using the model itself or another model trained
only on the clean dataset (Lee et al. 2018; Li, Socher, and
Hoi 2020). Some approaches focus on designing loss func-
tions with robust behaviors and provable tolerance to label
noise (Ghosh, Kumar, and Sastry 2017; Zhang and Sabuncu
2018; Wang et al. 2019). We fully describe these previous
works in Appendix B.

Regularization-based Methods. Another line of work
has attempted to design regularization-based techniques. For
example, some studies have stated and theoretically ana-
lyzed how early-stopped model can prevent the memoriza-
tion phenomenon of noisy labels (Arpit et al. 2017; Song
et al. 2019). Based on this, Liu et al. (2020) proposed an
early learning regularization (ELR) loss function that avoids
memorizing noisy data by leveraging semi-supervised learn-
ing (SSL) techniques. Xia et al. (2021) clarified that neu-
ral network parameters cause memorization and proposed
a robust training method for these parameters. Developing
regularization at the prediction level has been addressed by
smoothing one-hot vectors (Lukasik et al. 2020) and distill-
ing the rescaled predictions of other models (Miiller, Korn-
blith, and Hinton 2019; Kim et al. 2021b). Recently, Cao
et al. (2021) proposed a heteroskedastic adaptive regulariza-
tion that applies stronger regularization to noisy instances.

2.2 Label Smoothing

LS (Szegedy et al. 2016; Miiller, Kornblith, and Hinton
2019) is commonly used to construct a generalized DNN
model by preventing over-confident predictions. This regu-
larization technique facilitates generalization by softening a
ground-truth one-hot vector y with a weighted mixture of
hard targets:

(0%
y+zlLa

where L denotes the number of classes, 17, denotes an all-
one vector in RY, and o € [0, 1] is a smoothing parameter.

y = (1-a)
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Lukasik et al. (2020) claimed that LS denoises label noise by
causing label correction and weight-shrinkage regularization
effects. However, Wei et al. (2021a) recently show that LS
tends to over-smooth the estimated posterior under high lev-
els of label noise, which can hurt robustness. Moreover, sev-
eral studies (Szegedy et al. 2016; Pereyra et al. 2017; Miiller,
Kornblith, and Hinton 2019; Chorowski and Jaitly 2017)
have validated that LS boosts model generalizability, and Li,
Dasarathy, and Berisha (2020) proposed the need for data-
dependent smoothing. Li, Dasarathy, and Berisha (2020)
proposed structural LS, which selects smoothing strength
data-dependently that minimizes the Bayes error rate bias.
Ghoshal et al. (2021) derived PAC Bayesian generalization
bounds for LS and proposed adaptive smoothing for the la-
tent structure of the label space.

3 Methodology: ALASCA

LR has been shown to be effective for DNNs (Gouk et al.
2021). Wei and Ma (2019a,b) theoretically and empirically
show that LR for all intermediate layers improves general-
ization of DNNs. Furthermore, many studies show that dif-
ferent regularization strengths along the data points are es-
sential. Wang, Du, and Shen (2013) and Tibshirani (2014)
stated that smoothing splines with different smoothing pa-
rameters perform well in regression problems. Recently, Cao
et al. (2021) showed that applying strong LR to highly un-
certain data points improves generalization. We recall key
takeaways from Cao et al. (2021) that motivated our work.

Remark 3.1 (Cao et al. 2021). In a binary classification
problem on one-dimensional data, the authors i) derived the
formula for the asymptotic mean squared error (MSE) on
the test set, ii) with some simplifications, showed that the
asymptotic MSE is minimized when the smoothing parame-
ter is proportional to the %-th power of the label uncertainty.

The exact theorem statement and detailed explanation
may be found in Appendix A.1. However, this explicit reg-
ularization requires multiple training phases to estimate and
apply relative regularization power for different data points.
Furthermore, computing the Hessian matrix resulting from
directly regularizing the norm of Jacobian matrices increases
the computational cost (Filiposka, Djuric, and ElMaraghy
2014; Nesser et al. 2021). In this section, we present that
LS implicitly incurs LR and introduce the simple unified
framework for efficient learning with label noise, ALASCA.
In principle, our method can be used with most LNL meth-
ods, such as noise-robust loss function (Zhang and Sabuncu
2018; Wang et al. 2019) and sample-selection methods (Han
et al. 2018; Kim et al. 2021a).

3.1 Label Smoothing as Lipschitz Regularization

In this section, we analytically present our motivation that
LS implicitly encourages LR. Here, we formally define the
notation and terminology for our problem.

Notation. We focus on multiclass classification with L
classes. Assume that the data points and labels lie in X' x ),
where the feature space X C RP and label space Y =
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Figure 1: Comparison of class-wise representation vector norm (left; Theorem 3.5), and distribution of Jacobian matrix norm
for penultimate layer (right; Theorem 3.7) across different smoothing factors on CIFAR-10.

{0, 1}L. A single data point x and its label y follow a dis-
tribution (x,y) ~ Pxxy. We aim to find a predictor f :
X — R* minimizing the risk of E(x y)~py. [((F(x),¥)]
with loss function  : RL x RE — R,

Definition 3.2 (Lipschitzness). A function f is called Lips-
chitz continuous with a Lipschitz constant L € [0, 0o) if

1/ (y) = @)l < Lglly — =],
for all z,y € dom f.
Definition 3.3 (Lipschitz Regularization). Let F be a twice-
differentiable model family from R” to R”. Lipschitz reg-
ularization aims to optimize the function with a smoothness
penalty as follows:
N
in — € f n)yJIn >\ J n ’
min Z (£(xn); yn) + AllJe(xn) || p

where ) is the regularization coefficient, N the number of
training data points, J¢ the Jacobian matrix of f, and || - ||r
the Frobenius norm.

Here, we focus only on £ as cross-entropy (CE) loss. Com-
pared with the CE loss with one-hot vector ¢(f(x),y), the
CE loss with LS £(f(x), y™®) of factor a can be presented
as follows:

UEG),¥™) = (1 - ) - £E(x).¥) + T - ((E(x), 11)
X UEC,¥) + oy ).

By denoting f;(-) as the i-th element of logit vector f(-), the
regularization term of LS is

Zefm} — Z fi().

Previously, Lukasik et al. (2020) suggested that LS encour-
ages weight shrinkage in DNNs; however, this interpretation
was validated only for linear models. To better understand
LS, we consider that the DNN function can be presented
as arbitrary surrogate models. We suppose that the surro-
gate model f(-) = g o h(:) consists of an arbitrary twice-
differentiable feature extractor h : X — R and fixed linear
classifier g(z) = WTz with W € RO*L and z € R?. First,
we find a minimizer of the regularization term of LS. The
following assumption is required to guarantee the unique-
ness of the minimizer.

Q(f) = L - log (1
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Assumption 3.4. W, W,,--- /W is an affine basis of
R®, where W, is the i-th column of W (i.e, Wy —
Wi, W3 —-Wj, ... ‘W — Wj are linearly independent).

Theorem 3.5. h = 0 is a minimizer of QQog. If Assumption
3.4 holds, h = 0 is the unique minimizer.

Note that h = 0 is always a minimizer of Equation
(1) without any assumptions. The takeaway from Theo-
rem 3.5 is that the regularization term of LS encourages
h(x1),...,h(xy) to shrink to zero. However, this does not
ensure the shrinkage of the Jacobian matrix of f. The fol-
lowing theorem shows that this is true under a common Lip-
schitz assumption. We state the assumption and present our
next main result.

Assumption 3.6. Each gradient Vh;(x) is Lipschitz contin-
uous with a Lipschitz constant Ly, for all 4, where h(x)
(h1(x), ha(x),- -+, hq(x)).

Theorem 3.7. Consider a bounded feature space X and
suppose that Assumption 3.6 is satisfied. If h(x,,) = 0 for
1 <n <N, |Je(xn)|[p = 0as N — oo holds for
1<n<N.

Theorem 3.7 states that the smoothness of the feature ex-
tractor function in the training set induces LR. By combin-
ing Theorem 3.5 and 3.7, we conclude that the regularization
term of LS encourages LR. The detailed proof of the theo-
rems may be found in Appendix A.2.To validate our theoret-
ical perspective, we conducted the following exploratory ex-
periments: compare the (1) class-wise average norm values
of representation vectors and (2) Jacobian matrix norm from
the penultimate layer of ResNet34 trained on CIFAR-10. As
Figure 1 shows, both the representation and Jacobian matrix
norms decrease to zero as the smoothing factor increases,
indicating that the LS regularization term induces the repre-
sentation vector to the origin (Theorem 3.5) and implicitly
incurs LR (Theorem 3.7).

Adaptive Regularization. From our perspective of LS,
we can apply adaptive LR using different smoothing fac-
tors. Cao et al. (2021) shows that applying stronger LR
to highly uncertain data points improves generalization on
noisy datasets. To implement adaptive LR through LS, we
design the smoothing factor of LS proportional to the 1 —
Pr(y|x) for each instance. While Cao et al. (2021) suggests
that the optimal smoothing parameter is proportional to the
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Figure 2: (a) The concept of ALS. Because noisy instances tend to have lower confidence, we conduct stronger regularization
on lower confidence instances. (b) Comparison of Jacobian matrix norms for the penultimate representation on CIFAR-10 with

50% of symmetric noise.
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Figure 3: Dynamic patterns (mean = std) of instantaneous (left) and EMA confidence (right) suggested in ALASCA for CIFAR-
10 under 40% of asymmetric noise. The blue and orange lines are corresponding to clean and noisy instances.

3/5-th power of the label uncertainty, our proposed strategy
shows similar performances despite its simplicity. Conse-
quently, we use the following loss function for ALS:

laGo (B(x),y) = (1-a(x)) L(f(x), y) +a(x)-Q(F), @)

where &(x) is the y-th element of 1 — S(f(x)), and S
is the softmax function. Figure 2 shows that the proposed
ALS enables us to mainly regularize noisy examples because
we conduct stronger regularization for lower confidence ex-
amples, where noisy examples take up a large proportion.
While uniform LS (ULS) equally regularizes the smoothness
of both clean and noisy examples, we validate that ALS can
apply the appropriate LR for each example.

3.2 Combination with Additional Techniques

Now, we integrate ALS with auxiliary classifiers (AC) and
the exponential moving averaged (EMA) confidence to prac-
tically regularize the smoothness of intermediate layers. We
describe the overall algorithm of ALASCA in Algorithm 1.

Use of Auxiliary Classifiers. Recent studies have empha-
sized LR of intermediate layers. Wei and Ma (2019a,b)
showed that LR for all intermediate layers improves gen-
eralization of DNNs. Sokoli¢ et al. (2017) and Cao et al.
(2021) showed similar results in data-limited and distribu-
tion shift setups, respectively. Inspired by these works, we
use LS as an intermediate LR by utilizing an AC commonly
used in deep learning. While ACs work well on various do-
mains such as self-distillation (Zhang et al. 2019) and class-
imbalance (Lee, Shin, and Kim 2021), our work first pro-
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Algorithm 1: ALASCA

Require: {x;,y;},1 <i< N

Require: £ > Loss function for existing LNL methods
Require: {© k}szo > Parameters for main and ACs
Require: 3, 7 > EMA weight and temperature of ALASCA
Require: \ > Coefficient for power of regularization
Output: O

1: t; < On.

2: for each minibatch B do
t; < Ot + (1 — B)fe,(x;)  >EMA (Averaging)
a(x;) + 1 —S(ti/7) > EMA (Sharpening)
loss + — ik 2B £ (fo, (x1), 3i)

IB\

+3 S Y CA63) (fo (xi), i)
/* Compute loss by using Eq. (2) */
update ©¢ and {@k}szl using SGD

end for

> Initialize EMA confidence

3
4
5
6:
7
8
9:

poses using ACs with noisy labels based on theoretical mo-
tivation. We compare our method with Zhang et al. (2019)
in D.2.We apply bottleneck (Howard et al. 2017) architec-
ture as ACs and attach them at the end of all blocks of back-
bone by our results in Section 4.3. By applying ACs, we can
encourage greater LR to noisy instances and weaker LR to
clean instances with only a small additional computation.
Furthermore, this approach has two additional advantages.
Wei et al. (2021b) showed that the benefits of LS disappear
in a high-level noise, as applying LS tends to over-smooth



Dataset ‘ CIFAR-10 ‘ CIFAR-100
Noisy Type | Symm. Asym. Inst. | Symm. Asym.
Noise Ratio ‘ 50% 80% 40% 40% ‘ 20% 50% 80% 40%
Standard 782+08 5384+1.0 850=£0.1 741+29 | 587+03 425403 18.1+£08 4274+0.6
+ALASCA | 88.0+03 703+04 903+03 814+03 ]| 706+02 59.7+04 26.1+09 59.0-+0.6
GCE 865+02 641+£14 767+£06 5574+02 | 668+04 573£03 2924+07 472412
+ALASCA | 884+03 737+15 902+01 735+12 | 708+05 60.1+04 322105 573+05
SCE 847+03 68.1£08 825+£05 7144+13 | 704+01 488+£13 259+04 484409
+ALASCA | 885+01 71.7+08 894+0.2 78.0+0.6 | 714+0.2 61.3+0.6 287+0.6 573+0.7
ELR 882+0.1 729+£06 90.1+£05 798402 | 7424+02 59.1£08 298+06 733404
+ALASCA | 895+03 742+12 904102 822+05|748+01 63.6+0.6 344+04 739+05
Co-teaching 833+06 663+15 884+28 7054+05|63.44+00 49.1+£04 205+13 477412
+ALASCA | 901+15 711+12 91.2+01 768+04 | 7554+03 68.1+04 422+12 64.7+04
CRUST 87.0£0.1 648+£1.1 8244+£00 647421 | 693£02 623£02 21.7£07 56.1+05
+ALASCA | 876+02 715+15 902+02 71.6+11 | 704+01 641+09 255+0.7 58.3+0.5
FINE 8§73+£02 694+£11 895+01 824405 | 703£02 642£05 256+12 61710
+ALASCA | 880+01 70.6+09 903+0.2 843+12 | 709+03 658+0.2 294+15 63.5+0.7

Table 1: Test accuracies (%) on CIFAR-10/-100 under different noise types and fractions for noise-robust loss and sample-
selection approaches. The results for symmetric and asymmetric noise of all baseline methods were taken from Kim et al.
(2021a). Instance-dependent noise results are reported by our re-implementation based on official codes. The average accuracies
over three trials are reported. The best results sharing the noisy fraction and method are highlighted in bold.

the estimated posterior of the main classifier. However, LS
with ACs does not affect the main classifier but effectively
regularizes the Lipschitzness of intermediate layers. More-
over, as we use multiple classifiers, we obtain more robust
predictions from the ensemble effect during inference. In Al-
gorithm 1, we denote the parameters of the main classifier

and ACs as O and {@k}kK:p where K is number of AC.
We further denote outputs of the k-th classifier as fo, ().

Use of EMA Confidence. As shown in Figure 3, instan-
taneous confidence suffers from high variance across train-
ing epochs and is inaccurate for differentiating regulariza-
tion power between clean and noisy instances. Incorrect reg-
ularization power caused by such instability leads to perfor-
mance degradation. Hence, we use EMA along the epochs
to compute confidence and effectively obtain the appropri-
ate regularization power. In SSL, this weight averaging ap-
proach has been proposed to mitigate confirmation bias (Liu
et al. 2020). The computation procedure of EMA confidence
is as follows. (1) To reduce variance and enhance stabil-
ity, we conduct EMA on output values (Line 3 in Algo-
rithm 1). (2) Because the averaged outputs are over-smooth,
which causes weak regularization for noisy examples and
strong regularization for clean examples, we sharpen the
EMA logits by dividing sharpen temperature 7 (Line 4 in Al-
gorithm 1). We observe that regularization powers on clean
and noisy examples are clearly distinguished and become
stable after using EMA confidence, as shown in Figure 3.

4 Experiments

We design experiments to answer the following questions:
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* Can ALASCA improve existing LNL methods, such as
noise-robust loss functions and sample-selection meth-
ods for both synthetic and real-world datasets? (Sec-
tion 4.1 &4.4)

» How effective is ALACSA in improving the robustness
of the feature extractor? (Section 4.2)

* How do the architecture and position of ACs affect the
performance and efficiency? & Which component is im-
portant to the performance in ALASCA? (Section 4.3)

4.1 Experimental Setup and Results on CIFAR

Setup. We inject uniform randomness into a fraction of
labels for symmetric noise and flip labels to specific classes
for asymmetric noise by following Kim et al. (2021a). To set
up instance-dependent noise, we follow the noise generation
of Cheng et al. (2020). We use the architectures of back-
bone network and hyperparameter settings for all baseline
experiments following Kim et al. (2021a). We set 3, 7, and
Aas 0.7, 1/3, and 2.0, respectively. The detailed experimen-
tal setup is described in Appendix C.1. and Appendix C.2.To
verify the superiority of our method, we combine ALASCA
with various existing LNL methods (noise-robust loss func-
tions and sample-selection methods) and identify that ours
consistently improves the generalization in the presence of
noisy data. Furthermore, we perform additional experiments
incorporating semi-supervised approaches with ALASCA.
Appendix D.1 provides detailed description and results for
the SSL approaches.

Noise-Robust Loss Functions. Noise-robust loss func-
tions aim to achieve high performances for unseen clean data
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Figure 4: (a) Comparison of F1-scores of Co-teaching with and without ALASCA on CIFAR-10 and CIFAR-100 under 80%
of symmetric noise. (b) Comparison of test accuracies (%) along different hyperparameter settings for various LNL methods.
Through the results, we verify that ALASCA enhances the robustness of feature extractors.

despite the presence of noisy labels in the training data. We
combine our proposed method with three loss functions: (1)
standard CE (Standard); (2) generalized CE (GCE; Zhang
and Sabuncu 2018), which can be seen as a generalization
of the mean absolute error and standard CE; (3) symmetric
CE (SCE; Wang et al. 2019), which is the weighted sum of
CE and reverse version of CE; and (4) early learning regu-
larization (ELR; Liu et al. 2020) which uses a regularization
term that incorporates target probabilities from the model
output. We observe that ALASCA improves generalization
when applied to the noise-robust loss function of Table 1.

Sample-Selection Methods. Sample-selection methods,
which select clean sample candidates from the training
dataset, are a popular direction in LNL. We combine
ALASCA with the following sample-selection approaches:
(1) Co-teaching (Han et al. 2018), which utilizes two net-
works, extracts subsets of examples with small losses from
each network, and trains each network with subsets of ex-
amples filtered by another network; (2) CRUST (Mirza-
soleiman, Cao, and Leskovec 2020), which selects a subset
of small weight gradient instances; and (3) FINE (Kim et al.
2021a), which selects instances whose penultimate vector
highly correlates with the class-representative eigenvector.
Table 1 shows the performance increase of ALASCA with
different sample-selection methods on various label noise.

4.2 Quality of Feature Extractors

Many LNL methods use posterior information with unde-
sired bias from the corrupted networks under noisy labels,
which can lead to sub-optimal performances. However, if
the feature extractor is robustly trained under label noise, we
can employ unbiased posterior information and achieve bet-
ter generalization. To validate the effectiveness of ALASCA
in terms of improving the robustness of the feature ex-
tractor and mitigating undesirable biases, we conduct ex-
ploratory experiments: (1) comparison of quality for subsets
of sample-selection approaches and (2) robustness to hyper-
parameter selection of existing LNL methods.

Quality of Sample Selection. To verify that our proposed
method robustly trains the feature extractor on label noise,
we compute the Fl-score for all training epochs to evaluate
noise sample filtering in sample-selection methods for vari-
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ous symmetric and asymmetric label noise. We compare the
quality of sample selection with and without ALASCA on
the Co-teaching. In Figure 4, the F1-scores of sample selec-
tion with ALASCA are consistently higher on various label
noise than the baseline. Although baseline approaches use
different criteria to filter noisy instances (Co-teaching with
loss values), we observe that ALASCA improves the qual-
ity of all subsets and is effective in training robust feature
extractors.

Robust to Hyperparameter Selection. Existing LNL
methods have large performance differences depending on
their hyperparameters, and, if the hyperparameter value is
improperly selected, the performance is provably lower than
that of standard training. However, the value of the optimal
hyperparameters depends on the network architecture and
dataset. We combine ALASCA and existing LNL methods
with various hyperparameter settings: (1) Standard with dif-
ferent weight decay factors; (2) ELR with different regular-
ization coefficients; (3) Co-teaching along different warmup
epochs; and (4) CRUST with different coreset sizes. The de-
tailed experiment setup and results are in Appendix C.3 and
Figure 4b, respectively. While the baseline performances
vary depending on the hyperparameters, performances with
ALASCA are robust even with different hyperparameters.

4.3 Ablation Studies

To obtain further intuition on ALASCA, we conduct an ab-
lation study on each component of our method. We design
three experiments: (1) compare existing methods in terms
of performance and efficiency; (2) investigate performance
tendency along the structure of the AC; and (3) component
analysis to understand the influence of each component.

Efficiency of ALASCA. We compare our implicit reg-
ularization framework with the following regularization-
based approaches: (1) HAR (Cao et al. 2021), which ex-
plicitly and adaptively regularizes the Jacobian matrix norm
of data points in higher-uncertainty, lower-density regions
more heavily and (2) CDR (Xia et al. 2021), which identi-
fies and regularizes non-critical parameters that tend to fit
noisy labels and cannot generalize well. These methods are
similar to our proposed method for regularizing the inter-
mediate layer, but are explicit regularization methods that



Method ‘Standard GCE SCE Co-teaching

FINE DivideMix

ELR+ ‘ ALASCA  A-Coteaching A-ELR+

Accuracy\ 68.94 69.75 71.02 70.15

7291

74.76 74.81 | 7378 74.20 74.92

Table 2: Comparison of test accuracy (%) on Clothing1 M dataset. Results for baselines are obtained from Liu et al. (2020) and
Kim et al. (2021a). A-Coteaching and A-ELR+ denote the methods combining ALASCA with Co-teaching and ELR+.

Dataset | CIFAR-10 |  Efficiency
Noisy Type | Symm. Inst. | Mem. | Time
Standard 8194+03 741+£29 | x1.0 | x1.0
HAR 88.6+0.1 67.6+07 | x2.0 | x52
CDR 87.0+02 758+15 | x13 | x6.5
ALASCA (Different architecture and position of ACs)
MLP 88.5+03 763+03 | x1.1 | x1.0
MLP* 89.34+0.1 808+03 | x1.3 | x1.2
Bottleneck 802+0.1 779+£04 | x1.0 | x 1.0
Bottleneck™ | 90.1 0.1 8144+03 | x 1.1 | x 1.2
Residual 89.0+02 77.1+£03 | x 1.1 | x1.1
Residual® 89.8+02 77805 | x13 | x1.3

Table 3: Comparison of accuracy (%), GPU memory, and
computation time. For HAR and CDR, we apply their of-
ficial code. Without and with * denote attaching ACs at the
end of only the third and all residual blocks of the backbone.

are computationally expensive to find noisy data or parame-
ters. Table 3 shows that ALASCA consistently outperforms
competing regularization-based methods for various noise
types and provides efficient training in terms of computa-
tional memory and training time.

Effect of Auxiliary Classifiers. We further compare the
performance of ALASCA with different architectures (2 lay-
ers MLP, residual block; He et al. 2016, bottleneck; Howard
et al. 2017) and positions of ACs. Table 3 shows how the
performance of ALASCA changes according to the archi-
tecture and position of ACs. We observe that using several
ACs effectively regularizes the intermediate layer, resulting
in improved generalization. This result supports our moti-
vations for using ACs to regularize intermediate layers and
thereby enhance the robustness against label noise. Further-
more, the architecture of ACs does not affect performance
much. Among the three architectures, bottleneck classifiers
achieve competitive performance with the smallest addi-
tional computation costs. From these results, we apply the
bottleneck block as the AC for all experiments.

Component Analysis. Since our ALASCA is composed
of three parts: (1) ALS; (2) ACs; and (3) EMA confidence,
we perform a component analysis to understand which com-
ponent is important for training robust feature extractors.
Our experiments are conducted on CIFAR-10 under various
noise distributions. Table 4 summarizes that each compo-
nent is indeed effective, as the performance improves with
each addition of a component. However, the most impor-
tant factor for high performance is the combination of ALS
and ACs, which enable effective LR on intermediate layers.
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| Symm.50  Asym. 40 Inst. 40
ULS 695+1.1 787+05 592+0.6
+ AC 847+02 872+02 77.0£1.0
ALS 82.04+0.7 851+£02 748+13
+ AC 86.6+0.2 90.0£03 788+0.6
+ EMA 829+0.8 869+1.1 751421
ALASCA 88.0+03 903+03 814+04
ALASCA* | 89.1+04 90.6+-0.2 825+0.9

Table 4: Component analysis on each component of our pro-
posed methods. ALASCA* denotes that result from ensem-
ble of all classifiers during inference phase and the bold
numbers indicate the best result.

Moreover, we verify that the performance of ALASCA im-
proves using an ensemble of predictions from the main and
ACs as we mentioned in Section 3.2.

4.4 Results on Real-world Datasets

ClothinglM (Xiao et al. 2015) contains one million cloth-
ing images obtained from online shopping websites with
14 classes and estimated noise level of 38.5% (Song et al.
2019). We apply ResNet50, which is widely used in previ-
ous studies (Liu et al. 2020; Kim et al. 2021b) on the Cloth-
inglM dataset. Table 2 compares ALASCA to the SOTA
methods on the Clothing]lM dataset. ALASCA achieves a
competitive performance with the SOTA baseline methods
although using only a single network with lower compu-
tational costs. Furthermore, we observe that ELR+ with
ALASCA (A-ELR+) realizes a new SOTA performance and
verify that our proposed method also works well on real-
world datasets. Additionally, we apply ALASCA on the
(mini) WebVision dataset, a famous real-world dataset with
label noise, and obtain similar results to those on Cloth-
ingl M. We report the detailed results in Appendix D.4.

5 Conclusion

In this paper, we provide a theoretical analysis that LS en-
courages LR, and build upon the resulting insights to pro-
pose an effective and practical framework, ALASCA. Based
on the resulting theoretical motivation, we combine ALS,
AC, and EMA confidence to efficiently enable adaptive LR.
We experimentally show that ALASCA enhances the robust-
ness of feature extractors and improves the performance of
existing LNL methods on benchmark-simulated and real-
world datasets. In future work, we believe that our approach
will arise interest in designing a novel regularization strategy
for feature extractors.
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