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ABSTRACT

For learning with noisy labels, the transition matrix, which explicitly models the
relation between noisy label distribution and clean label distribution, has been uti-
lized to achieve the statistical consistency of either the classifier or the risk. Previ-
ous researches have focused more on how to estimate this transition matrix well,
rather than how to utilize it. We propose good utilization of the transition ma-
trix is crucial and suggest a new utilization method based on resampling, coined
RENT. Specifically, we first demonstrate current utilizations can have potential
limitations for implementation. As an extension to Reweighting, we suggest the
Dirichlet distribution-based per-sample Weight Sampling (DWS) framework, and
compare reweighting and resampling under DWS framework. With the analy-
ses from DWS, we propose RENT, a REsampling method with Noise Transition
matrix. Empirically, RENT consistently outperforms existing transition matrix
utilization methods, which includes reweighting, on various benchmark datasets.
Our code is available at https://github.com/BaeHeeSun/RENT.

1 INTRODUCTION

The success of deep neural networks heavily depends on a large-sized dataset with accurate anno-
tations (Daniely & Granot, 2019} Berthon et al.l 2021). However, creating such a large dataset is
arduous and inevitably affected by human errors in annotations, referred to as noisy labels. It causes
model performance degradation (Arpit et al., 2017; Zhang et al.| [2021ajb), and studies have been
suggested to solve this degradation (Zhang & Sabuncu, 2018} |Li et al.,|2020; [Wang et al., 2021}, |Wei
et al.| 2021bj; Bae et al.,|2022; |Na et al., [2024). Among various treatments, one prominent approach
is to estimate the transition matrix from true labels to noisy labels (Patrini et al., [2017)).

Transition matrix explicitly models the relation between noisy labels and the latent clean labels (Yao
et al., 20205 [L1 et al., 2021). It means that the transition matrix provides a probability that a given
true label is transitioned to another noisy label, where the true label is unknown in our setting. With
this transition matrix, a trainer can ensure statistical consistency either to the true classifier (Patrini
et al., 2017) or to the true risk (Liu & Tao, 2015) ideally. Since this information is unknown when
learning with noisy label, previous transition matrix related studies have focused on the accurate
estimation of transition matrix (Li et al.| 2021} |Cheng et al.||[2022).

Even if we assume that the transition matrix is accurately estimated, how we utilize the transition
matrix can also impact the performance. Forward (Patrini et al., 2017) is one of the general risk
structures for utilizing the transition matrix (Zhu et al., 2021} Yang et al.| [2022). It trains a classifier
by minimizing the divergence between the noisy label distribution and the classifier output weighted
by the transition matrix. Other ways of transition matrix utilization include Reweighting (Liu &
Taol 2015} [Xia et al.| 2019). Reweighting employs an importance-sampling technique, ensuring
statistical consistency of the empirical risk to the true risk. However, in practice, the empirical risk of
Reweighting can also deviate from the true risk because the estimation of per-sample weights relies
on the imperfect classifier’s output. In other words, when the classifier’s output cannot accurately
estimate per-sample weights, it can lead to a potential mismatch between the estimated empirical risk
and the true risk, compromising the effectiveness of reweighting as a transition matrix utilization.

Recently, |An et al.|(2020) suggested that resampling outperforms reweighting for correcting dataset
sampling bias. Motivated by the potential benefit of resampling over reweighting, we introduce an
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Dirichlet based per-sample Weight Sampling (DWS)
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Figure 1: Dirichlet distribution-based per-sample Weight Sampling with shape parameter and the
mean vector . Image at the vertices of yellow triangles represents data instance. Blocks above the
images represent true Class, noisy Label. Sides are implementation example of sampled w. w(%
assigns weights to all data (Reweighting), while w(® simulates resampling refined dataset (RENT).

extended framework, Dirichlet distribution-based per-sample Weights Sampling (DWS), to encom-
pass both resampling and reweighting. Figure [I| shows an implementation example of our frame-
work. W and w® are sampled weight vectors from different Dirichlet distributions with the same
mean. They represent different properties by the shape parameter, . These weights are represented
as reweighting and resampling in implementation, as each side of the figure.

We then analyze the impact of on DWS. First, affects the variance of risk and smaller means
larger variance. When variance of the risk increases, it showed performance improvement accord-
ing to |[Lin et al.| (2022) empirically, so we expect better performance with small . Second, the
Mahalanobis distance between the true weight vector and the mean of per-sample weights sampling
distribution is proportional to the square root of , emphasizing the merit of small . Finally, is
related to label perturbation. This label perturbation aligns with |Chen et al.| (2020), who proposes
label perturbation during training can reproduce better performance for learning with noisy label.

This analysis on the impact of under DWS framework finally explains the differences between
resampling and reweighting. It provides theoretical rationale behind the superior performance of
resampling over reweighting for learning with noisy label. It leads us to introduce RENT, the first
REsampling method to utilize the Noise Transition matrix. RENT empirically shows better perfor-
mance for T utilization when combined with various T estimation methods.

In summary, the contributions of this paper are as follows.
1) We suggest DWS, which samples per-sample weight vectors from the Dirichlet distribution.

2) With DWS, we can express reweighting and resampling in a unified framework and demonstrate
resampling can be better than reweighting for learning with noisy label.

3) Under this situation, we suggest RENT, which resamples dataset with the transition matrix. RENT
empirically shows good performance, suggesting a new transition matrix utilization method.

2 TRANSITION MATRIX FOR LEARNING WITH NOISY LABEL

2.1 PROBLEM DEFINITION: LEARNING WITH NOISY LABEL

This paper considers a classification task with C classes. Let the uppercase, e.g. (X;Y), be a
random variable and the corresponding lowercase, e.g. (X;y), denote a realized instance. We define
an input as X € & and a true label as Y € ), where X C Rdandy = {1;:::;; C}, respectively.

Y € ) represents a noisy label. D = {(X;; y’».)}:\l:l is the dataset with noisy labels. The model is

f (X)= (g(X; )), parameterized by .g:RY — RC is a mapping function and (-) is a softmax
function. The objective is to find the optimal classifier f which minimizes the true risk as:
f = argming Ri(F ), with R{(F ) := Eqxyy poxiy) [H(F (X);Y)] ey

I(:; ) is a loss function that measures the prediction quality of the label. For simplicity, we denote
Ri(f ) as Ry, omitting T unless otherwise specﬁed Since D contains noisy labels, the empirical
risk function using D, denoted as Remp = N i=1 | (F (Xi),¥i), does not converge to the true
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risk R;. Itimplies thatf cannot be accurately approximated by minimiziRd"™ . Therefore, our

objective is to minimizeR,, or trainingf to approximate(Y jX = x), by learning withD'. Please
refer to Appendix B for more studies related to learning with noisy label task.

2.2 TRANSITION MATRIX FOR LEARNING WITH NOISY LABEL

When there ar€ classes, the noisy label generation process can be explained with a Thatrix
[0;1]° €, whose entryTj¢ is the probability of a clean lab&l being ipped to a noisy labgl. In
other words, a noisy labet is the sampling result from clean labglwith its ip probability as
p(Y = ¥;jY = v;). Here, this matrixT, has been referred to as ttransition matrixin noisy label
community (Patrini et al|, 2017; Yao et/al., 2()E]1Ihen, the noisy label distribution, from which
the noisy labelled dataset are sampled, can be expressed[ds Eq. 2.

p(Yjx) = T(x)p(Yjx) with Tjx (x) = p(Y = jjY = k;x) 8k =1;:;;C (2)

Here,p(j ) is vector and( j ) is scalar. Eithep(Y jx) or p(Y'jx) can be calculated from the other

if Tis giverf‘_’] With this property, previous studies utilizing the transition matrix have been able to
explain the statistical consistency of their classiler (Li el jal., 2021; Chenglét al.] 2022) or risk (Liu
& Tao,[2015{ Patrini et €ll, 201[; Liu et gl., 2023) to their true counterpart. The problem is that true
T is unknown, and previous studies have focused on estimating the good transition matrix| (Patrini
et al| [ 2017} Xia et &lf, 2020; Zhang et al., 2021b; Zhu ét al., [2021;2022).

While we acknowledge the importance of estimafinghis paper emphasizes the utilization phase
of T in its research scope. Modifying;"" is essential for training to minimize Eq.DL when
only T andD are available. We explicitly refer to this @sutilization, which means, we divide the
transition matrix basefl training into two phases: T) estimation and 2J utilization. Empirically,

T utilization impacts the model performance signi cantly, underscoring the importance of utilization
phase. The following section analyzes the previous researchesitiiization, and we demonstrate
that current practices oh utilization inherits signi cant drawbacks in actual deployments.

2.3 UTILIZING TRANSITION MATRIX FOR LEARNING WITH NOISY LABEL

In this section, assume that triieis accessible for the sake of analyzifigutilization. Until now,

three directions have been proposedToutilization (Patrini et al., 2017; Liu & Tao, 2015). Each
methodology claims that it guarantees a speci ¢ type of statistical consistency, either to the classi er
or the risk. However, there are cases when this ideal consistency is empirically hard to be achieved,
and this section analyzes such practical situations without ideal consistency. We cbasi@#pss
Entropy loss, which is generally used for classi catich”.mp denotes the empirical risk &;. .

1) Forwgrd (Patrini etjal., 2017) risk minimizes the gap betwegnand Tf (X) asRyr =

Eox:vy | TF (X); Y . The learned s statistically consistent to the optimal classir.
emp

However,f trained withR'c" can be different fronf . According to Zhang et al. (2021b), the
gap betweem(Yjx) and the noisy label probability distribution approximated frdhtan be high.
We specify the impact of this gap(6 0) , to the classierag (x) f (x)=T ! 60. It means
that if p(Yjx) is not estimated accurately, the deviationfoffrom f is inevitable for classi er
consistency. Please check Appendix C also for more discussions regarding this issue.

2) Backward (Patrini et al., 2017) risk isR;.g = Eoex: v) I(X)T * with I(X) =

O (X);2);:1(f (X);C). Asp(YjX) = T Ip(YjX), R:p is statistically consistent tR,.
However, optimizingj?fgp can lead to unstable performances as reported in Patrini et al. (2017).

3) Reweighting(Liu & Tao, 2015; Xia et al., 2019) risk computes per-sample weights based on the
likelihood ratio (Kahn & Marshall, 1953), for the noisy label classi cation as:

_ p(Y=YjX) .
Rirw = Ep(x;y) WI f (X);Y . Here,(). means the th cell value of the vector.

RE™ would be expressed as '\, ﬁ%l(f (Xi); ¥i)-
, "y

We de ne the transition matrix as Eq. 2 for mathematical correctness. Appendix B.2 for more explanations.
2Since it is natural assuming the dependency¥ afn the input, we consider the transition matrixofs
T (x). In this paper, we omit from T (x), denoting a§ for convenience.
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By applying importance sampling (Kahn & Marshall, 1953; Katharopoulos & Fleuret, 2018) to
T utilization, Reweighting does not suffer from unstable optimization Backward. However,

the problem is thap(YjX) is required as a component for per-sample weight, where estimating
p(YjX) serves as the nal objective. While previous studies (Liu & Tao, 2015; Berthon et al., 2021)
have estimated(Y jX ) from the on-training classi er's output, this estimation can be inaccurate.

3 DWS: DIRICHLET-BASED PER-SAMPLE WEIGHT SAMPLING

In this section, we suggest a new framework, DWS, which incorporates per-sample Weight Sampling
based on the Dirichlet distribution. Through this incorporation, we interpret sample reweighting and
resampling by a single framework, facilitating the direct comparison of both methods. Then, we
analyze the impact of the shape parameter in the Dirichlet distribution, from which the per-sample
weights are generated, to empirical risk. With these analyses, we propose resampling can be a better
choice than reweighting based on two characteristics: the closeness between the mean of the per-
sample weight distribution and the true weight; and the label perturbation nature of resampling when

it is explained by DWS. Finally, we introduce our method, RENT, which becomes a resampling-
based approach for learning with noisy label.

3.1 DIRICHLET-BASED WEIGHT SAMPLING

Let Dir( ) be the Dirichlet distribution with
parameters 2 Rand 2 RN. isascalar
concentrz?:r,ion parameter andis a base mea-
sure with 1\, ;isequaltol. , 1;:5 n

are positive values by the de nition. Figure 2
illustrates properties of the Dirichlet distribup
tion. As depicted in the gure, instances drawn
from the distribution with small tend to clus- Siar

ter around the vertices of a simplex (the lefle i ariant to . Yellow denotes lower density,

most). The sampling frequencies for each dighije it hecomes denser progressively with violet.
mension converge to the mean value of that di-

mension. In contrast, asincreases, a greater proportion of samples from the Dirichlet distribution
will exhibit vectors that are in proximity to the mean vector (the rightmost).

igure 2: Density plot of Dif ) with different
is set a40:7; 0:2; 0:1] for this illustration.
() denotes the mean §. Note that this value

Now, consider the property of reweighting and resampling. Reweighting multiplies pre-de ned per-
sample weight values to the loss of each sample, indicating the importance of each sample. On the
other hand, resampling alters the composition of the dataset by assigning an importance value to each
sample via its sampling ratio. By interpretingt selectingasassigning 0 weight value @ speci ¢
sample, resampling can be perceived as a process of per-sample weight vector sampling that exhibits
concentration toward a speci ¢ dimension. Consequently, we suggest that both reweighting and
resampling can be interpreted in the Dirichlet-based per-sample weight sampling (DWS) framework.
emp . 1 X i . — j :
Ri bws = M wi I(f (Xi); yr); withw Dir( ) 3)
j=1 i=1

Here,w) 2 RN isj-th sample following Di¢ ) andw! = [w};::;wh]. M is the number of
samplingw . With Eq. 3, per-sample weight parameters of exisiRegveightingcan be considered
as the sampled weights from the Dirichlet distribution whoske +1 . Also, resampling can be
interpreted as the reweighting method with sampled weights from the distribution with! its0.

In other words, we integrate both reweighting and resampling as Eq. 3, providing a way to compare
these two distinct importance sampling based techniques comprehensively.

3.2 ANALYZING DWSFORLEARNING WITH NOISY LABEL

Following Section 3.1, controls the property of. Therefore, analyzing the impact ofto Rﬁns\‘}vs
is necessary for comparing several DWS cases with differgne. reweighting, resampling).

i(1

V(W) and V(R{hs) We start from the variance off asV(w!) = e 1) = 1@_1) for

. 11 1 +1
alli = 1;::;N by de nition. Here,V(W! ) convergesto 0O as! +1 (reweighting) and becomes

4
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larger with smaller (if ! O, it represents resampling). According to Lin et al. (2022), increasing
the variance of the risk function can improve robustness when learning with noisy label empirically.
This study supports the robustness improvement of our framework, DWS with smglberwith

largerV (w!)) as Eq. 4. Let; = I(f (Xi)dyT); 8i =1;::;N for convenience.1

emp 1 X @X\I 2 ] X i VA
V(R pws) = E [V (wy) + lilk Cov(w; ; w, ) 4
j=1 =1 k6
Note that our study is different from Lin et al. (2022) in that they focused on the impact of increasing

the variance of the risk function as a regularization to over tting to noisy labels, while our objective
is to suggest a uni ed framework to explain reweighting and resampling.

Distance from the true weight Mean of per-sample weights vectors, is approximated from

the on-training classi er. Thefgfore, it may be different from the true per-sample weight vector.
Let~ = % and = P N~' Lun R N~N - . Note that the mean of per-sample weights
dlstrlbutlon can be approxmated as the Gaussian distribution following E,entral limit theorem (Dou-

glas C. Montgomery, 2013), sinee’ are i.i.d. sampled. It means = Mi -1 wil will follow

j

N( ; =M). is the covariance matrix of Ojr ). We decompose= S +1) as and

-invariant termg. Then we get Mahalanobis distance (Mahalanobis, 1936) betweandw as:
T ! d T

dv ( sw)= ( AV )= M( +1)( ) S ( ) (5

The distance between and per-sample weight distribution is proportional to the square root of

It meansif (true) and (estimated) is notthe samgy ( ;w) becomes smalleras! 0.

Noise injection ofRﬁ"SCVS Recent researches including Neelakantan et al. (2015) suggest that in-
jecting random noise to the training procedure can improve generalization, and it also works for
learning with noisy label (Chen et al., 2020; Wei et al., 2021a). Following the concept, we interpret
per-sample weights sampling as normally distributed noise injection during training, as Eq. 6. The
intensity of noise can be controlled with(Full derivation of Eg. 6 is in Appendix D.1).

i i)

M( +1) ©)

X X
Jim RPSls = il xi)iy)+  zl(f (xi)iw)s withzg N O ————<
' i=1 i=1

Comparison to Previous Work Eq. 6 denoteR [, With N ! 1 can be similar to the risk of

SNL (Chen et al., 2020), who suggested label perturbation enhances the robustness for noisy label
learning. We compare details of DWS and SNL. Speci cally, the empirical risk function of SNL is:

emp X X
Risne = I(F (xi)w) + zic I (f (xi);K); zw N (0;1) (1)
i=1 i=1 k=1
Inthe above, is a hyperparameter aag is a perturbation noise from standard Normal distribution.
Eq. 6 and Eqg. 7 are similar in three points. First, risks are decomposed into two parts: the static risk
(the former) and the stochastic noise (the latter). Second, the mean of B@Heate O; and third,
considering the noise parts (the latter part), they are composed as the multiplicd{ion) @ndz.

On the other handR'f,s andRsy, differ as foIIows FirstR{D; re ects distribution shift be-
tween noisy and true label through, while RY'sy, does not. This means th&fR s\, | can differ

from R,. Second, the distributions af for RFDWS are not identical, unlik&®'sy, . Since the vari-

ance term in Eq. 6 increases with an increasejih 0:5), it introduces instance-wise adaptive
perturbations. This results in larger perturbations applied to con dent samples, mitigating over t-
ting, while smaller perturbations to less con dent samples, thereby preserving the training process.
To empirically assess the difference betwdi}),s andR'sy, , we compare the performance of

the two risks and the noise injectionReweightingin Section 4.4 and Appendix F.4.

Analyzing the impact of to Rf”ﬁ,\‘}vs, smaller can be bene cial. This also aligns with the experi-
mental results in Section 4.3 and Appendix F.3, showing good performance Wit empirically.
Based on these analyses, we suggest a resampling to utilize transition matrix in the following section.
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3.3 RENT: RESAMPLE FROMNOISE TRANSITION

This section proposes REmpling method to utilize dlse Transition matrix in this section. To our
knowledge, this is the rst resampling study on noisy label classi cations. Inspired by the concept

of Sampling-Importance-Resampling (SIR) (Rubin, 1988; Smith & Gelfand, 1992), RENT involves
resampling each data instance from the noisy-labelled dataset based on the calculated importance.
Algorithm 1 outlines the process of RENT.

Algorithm 1: REsampling utilizing the Mise_Transition matrix (RENT)

Input: DataseD = fx;;yigN, , classierf , Transition matrixT, Resampling budge¥
Output: Updatedf
while f not convergealo
Get~ = f (Xi)y, (Tf (Xi))y, foralli

Construct Categorical distributiony = Caf(? IN"ll P ‘g;‘ ~I)
Independently samplecs; )5 35 (Xm sy ) from
Updatef by roa LI (X))

end

With the number of sampling as a hyperparameter, wd x= N for experiments unless speci ed
otherwise. We provide the ablation studyMnin Section 4.6. Also, we conducted resampling based
on mini-batch for implementation. We provide ablation for this sampling strategy in Appendix F.6.
The empirical risk function of the resampled dataset is expressed as Eq. 8.

LN _ N 5
Ry RENT = i nil(f (xi);v): where[ng;;ny]  Multi(M ; P————: 25 P~ —)  (8)
i=1 S I=1 1

p _
~ = (X)y (TF (Xi))y - J-le w! of Eq. 3with ! 0can be interpreted ag in Eq. 8. In

other words, this multinomial distribution can be interpreted as a distribution instance sampled from
the Dirichlet distribution with a shape parameteraccording to Dirichlet-based Weight Sampling.

Next, we focus on the property of the dataset sampled with RENT. With proposition 3.1, we demon-
strate thaR[' {2, Satis es statistical consistency to the true risk. It means that a dataset sampled
from RENT can be regarded as i.i.d. sampled instances from the true clean label distribution, im-
plying the possibility of RENT to build the noise- Itered dataset from the noisy-labelled dataset.

Proposition 3.1. If s accessibleRy k¢ ;is statistically consistent t& (Proof: Appendix D.3).

4 EXPERIMENT

4.1 IMPLEMENTATION

Datasets and Training Details We evaluate our method, RENT, on CIFAR10 and CIFAR100
(Krizhevsky & Hinton, 2009) with synthetic label noise and two real-world noisy dataset, CIFAR-
10N (Wei et al., 2022) and Clothing1lM (Xiao et al., 2015). The label noise in our experiments
include 1) Symmetric ipping (Yao et al., 2020; Li et al., 2021; Bae et al., 2022) and 2) Asymmetric
ipping (Li et al., 2020; Liu et al., 2020; Bae et al., 2022), markedSi¢ and ASN, respectively.
CIFAR-10N is a real-world noisy-labelled dataset, with its label from Amazon M-turk. Clothing1lM
is another real-world noisy-labelled dataset with 1M images. For training, we report results with 5
times replications unless speci ed. See appendix F.1 for more implementation details.

T Estimation Baselines As RENT is a method fofl utilization, estimatingrl is a prerequisite.

To check the adaptability of RENT over the different estimatiofm pfve apply Forward (Patrini

et al., 2017), DualT (Yao et al., 2020), TV (Zhang et al., 2021b), VoIMinNet (Li et al., 2021) and
Cycle (Cheng et al., 2022) as estimation methods on the experiments. For real-world label noise,
we added PDN (Xia et al., 2020) and BLTM (Yang et al., 2022) as baselinésstance dependent

3We show the process of DWS on Appendix E.
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Table 1: Test accuracies on CIFAR10 and CIFAR100 with various label noise settimgpresents
the training failure caseBold is the best accuracy for each setting.

CIFAR10 CIFAR100
Base Risk SN20% SN50% ASN20% ASN40% SN20% SN50% ASN20% ASN40%
CE 7 73.4 04 46.6 07 78.4 02 69.7 1.3 33.7 12 185 07 36.9 11 27.3 04
w/ FL 73.8 03 58803 79.2 06 74.2 05 30.7 28 15.5 04 34.2 12 25.8 14

Forward w/ RW 74508 62.6 10 79.6 11 73.1 17 37.2 26 235 113 27.2 132 27.3 13
w/RENT 787 03 69.001 82.0 05 778 05 389 12 289 11 38.4 07 30.4 03

w/ FL 799 05 71803 82902 77.7 06 35204 234 10 38.3 04 28.4 26
DualT w/ RW 80.6 06 74.1 07 825 02 779 04 385 10 120 135 385 16 24.0 116
w/RENT 82.0 02 74.6 04 83301 80.0 09 39.809 27.1 19 39.8 07 34.0 04

w/ FL 74.0 05 50.4 06 78.1 13 716 03 34514 21.0 14 33.9 36 28.7 08
TV w/ RW 73.7 o9 485 a1 77.3 20 70.2 10 323 10 17.8 20 32.0 15 23.2 09
w/RENT 788 08 62518 81.004 74.0 05 34.009 20.0 06 34.0 02 255 04

w/ FL 74102 46.127 788 05 69.503 29.115 25408 22.6 13 14.0 o9
VolMinNet  w/ RW 74.2 o5 50.6 64 78.6 05 70.4 o8 36.9 12 244 30 34.9 13 26.5 09
w/RENT 79.4 o3 62.6 13 80.8 05 74.0 04 35809 29305 36.1 o7 31.0 o8

w/ FL 81.6 05 82.8 04 54.3 03 39.9 28 39.4 o2 31.3 12
Cycle w/ RW 80.2 02 57.0 34 78.1 o9 706 11 37.8 27 30.2 o6 38.1 16 29.3 o6
w/RENT 82502 70403 81501 70.2 07  40.7 04 32.4 04 40.7 o7 32.2 06

w/ FL 76.7 02 57.4 13 75.0 119 70.7 86 34305 22.0 15 35.8 05 31.9 10
TrueT w/ RW 76.2 03 58.6 12 35.0 08 21.8 08 21.3 166 21.6 104
w/RENT 79.8 02 66.8 06 82.4 04 78403 36.1 11 24.003 34.4 09 27.2 06

Table 2: Test accuracies on CIFAR-10N and Clothing1M. Due to the space issue, we report perfor-
mances only from parts of the baselines. Please refer to Appendix F.2 for more results.

CIFAR-10N

Clothing1M
Base Risk Aggre Ranl Ran2 Ran3 Worse
CE 7 80.8 04 75603 75304 75606 60.404 66.9 o8
w/ FL 79.6 18 76.1 08 76.404 76.002 64.5 10 67.1 0.1

Forward w/RW 80.705 75.803 76.005 75806 63907 66.8 1.1
w/RENT 80.8 08 77.704 77504 77.206 68.009 68.2 0.6

w/ FL 79.8 06 74504 74505 74303 57513 64.9 0.4
PDN w/ RW 80.6 08 74907 73907 74408 58.7 05
w/RENT 80.2 06 75207 75011 75704 61.6 16 67.2 0.2

w/ FL 81507 781lo03 77506 77.805 65.8 10 67.2 0.8
BLTM w/RW 54.0 339 64.4 270 50.9 320 38.0 324 435 281 67.0 0.4
W/ RENT 80.821 79109 78911 79.606 69.7 20 70.0 0.4

transition matrix. To avoid the confusion, we denBteward utilization explained in Section 2.3 as
FL and theT estimation method from Patrini et al. (2017) as Forward from now on. Also, we denote
Reweightingutilization asRW for convenience. Please check Appendix F.1 for more explanations.

4.2 (QLASSIFICATION ACCURACY

We compareFL, RW andRENT by applying each method to the variolisestimation methods.

Table 1 shows the test accuracies of the classi ers trained with noisy-labelled CIFAR10 and CI-
FAR100% Experiments are conducted with 1) estimafednd 2) trueT . First, RENT consistently
outperforms FL in 42 out of 48 cases, as shown in the table. This demonstrates that RENT can
improve performances of transition-based methods. It is noteworthy that the performance gaps be-
tween RENT and FL become larger in settings with higher noise ratios. Next, RENT outperforms
RW in all cases except for two cases. Note that the performance gap between RW and RENT is
marginal in the cases where RW is better, while the gap is signi cant when RENT exceeds RW.

Table 2 shows test accuracies for CIFAR-10N and Clothing1M. Again, RENT shows consistent
improvement over the baselines fbrutilization for real-world noisy labelled dataset. Please check
Appendix F.2 also for more experimental outputs including results over difeestimations.

“Some reported performances on this paper are different from those of the original paper. We unied
experimental settings, e.g. network structures, epochs, etc, that were varied in previous studies. This setting
discrepancy resulted in the changes, and we provide more details in Appendix F.2.
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4.3 IMPACTOF TODWS

emp

As we demonstrated in Section 3.R pys
would be able to explain froR['gl}, to RIRE\
with  adjustment. Also, we explained the im-
to DWS in Section 3.2. Here, we
report the model performances with various
empirically °, along with RW and RENT. As
we can see in gure 3, there is an increas-
ing trend of test accuracy with smaller and
RENT shows the best performance for all cases

pact of

(a) SN 206 (b) SN 5®%

consistently. It certainly aligns with the supe-
rior performances of RENT over RW, explain-

Figure 3: Test accuracy with regard to various ing the bene ts of introducing the variance to
for CIFAR10. Star (?) is RENT andCross (x) per-sample weights term empirically. Please re-
meansRW, respectively.) fer to Appendix F.3 for more results.

4.4 NOISEINJECTIONIMPACT OFRENT

As in section 3.2R7 Tl andRy'gh, shares similar
form in their structures, and we compare the perfor-
mance of DWS and SNL in this section. Speci cally,
we report the performance of RENT, ! 0 ver-
sion of DWS. Since there is a difference in the static
risk term betweerR’sy, andR 'S¢, we addition-
ally implement the label perturbation technique sug-
gested in the SNL paper (Chen et al., 2020RwW

for fair comparison. In gure 4, RENT consistently
outperforms SNL, implying label perturbation alone
may be insuf cient for managing noisy label. Fury
thermore, RENT performs better or comparably wi
RW+ , indicating that RENT implicitly injects ade—R
guate noise during training process. Note that RW+

(a) SN 2@%

igure 4: Test accuracies over variougor
IFAR10. RW+ denotes the integration of
W and the label perturbation technique.

(b) SN 50%

is highly sensitive to the value of, so a simple combination of RW and label perturbation technique
may not be enough for wide adaptation. Please check Appendix F.4 also for more results.

4.5 OUTCOME ANALYSES OFRENT

w; value Samples with noisy labels should have
weight values close to zero ideally, indicating their
exclusion. We analyze the statisticsmfafter train-
ing in gure 5. It shows more than 80% of noisy
labelled samples will be excluded.

We also provide statistics on the number of clean and
noisy samples whose categorical distribution param-
eter is greater or smaller thdwB, respectively. For
i.i.d. sampling within a mini-batchq represents the Fi
number of samples in the batch), all samples haI\£§J
the same weight value d&B. If the normalizedw,
for (Xi;y) is smaller tharl=B, it indicates that the
sample is less likely to be selected compared to tl?éf{
i.i.d. sampling. The presence of a large number 0

R

(a) SN 206

(b) SN 506

ure 5: Histogram ofv;, of RENT on ClI-

10. Cycle forT estimation. Blue and or-
ange represents samples with clean and noisy
els, respectively. Vertical dotted line de-
esl=B.

clean samples at the oversampling region and the concentration of noisy samples near zero support

thatf trained with RENT effectively resamples clean samples when trained on a noisy label.

SWe tested over 2 [0:1;0:2; 0:5; 1:0; 10:0; 100:0; 100C.0].



Published as a conference paper at ICLR 2024

Con dence of wrong labelled samples Next, we

focus on the con dence value of samples with incor-

rect labels. We compare the number of samples with

incorrect labels based on the con dence of the mod-

els trained using RW and RENT in gure 6. Two

sets in the gure are distinguished by the threshold

(0.5 in our experiment). It shows a larger propor- (&) SN 2046 (b) SN 50%

tion of noisy samples is in tHencertaingroup when ) o e
the model is trained with RENT. It implies that R dilgiléreedeb;_ rtahlng:%rc]i %t:nvgleth(;ﬂfgsr;]%c'afg gl)s

is more prone to tting to noisy label, meaning th‘tycle forT estimation. on CIFAR10
model memorizes incorrect labels during training. ' '

Resampled dataset quality We then analyze the

quality of resampled instances by measuring their

precision, recall and F1 score. Here, precision and

recall can be recognized as the clarity and cover-

age of the resampled dataset, respectively. Fig-

ure 7 shows the ef cacy of RENT over the base-

lines (FINE (Kim et al., 2021) and MCD (Lee

et al., 2019)) considering the quality of resampled

instances. RENT consistently surpasses the base-

lines in F1 score, meaning RENT resamples clean (a) SN 206 (b) SN 50%

yet diverse samples well. Figure 7: Resampled dataset evaluation. Cy-

Please check Appendix F.5 also for more results & for T estimation, on CIFAR 10.
this section (Section 4.5).

4.6 ABLATION STUDY ON SAMPLING BUDGET

The size of the resampled datadet)(can be mod-

i ed as a hyper-parameter. In practice, the sampling

size can be adjusted based on the user's need, e.g.

computer memory is not enough to accommodate

the huge entire noisy dataset. As part of an ab-

lation study, we checked the classi er accuracy of

f when trained with different resampling budgets.

Intuitively, the model performance could be either

1) higher, as it reduces the probability to resample (&) SN 206 (b) SN 50%

noisy samples, or 2) lower, as it restricts the chanp:q@ure 8: Ablation oM on CIFAR10. Re-

for model to learn various data samples. Figure,its from FL and RENT are denoted as dot-
illustrates the classi cation accuracy with differenfeq |ine and bold line, respectively.

resampling budget d¥1 . The results tend to show
higher model performance for RENT compared to FL, and indicate that RENT performs well even
with smaller resampling budgets, suggesting for the further improvement of RENT.

For the ablation study regarding the sampling strategy, we report some results in Appendix F.6.

5 CONCLUSION

In this paper, we rst decompose the training procedure for noisy label classi cation with the label
transition matrixT asestimationandutilization, underscoring the importance of adequate utiliza-
tion. Next, we present an alternative utilization of the label transition matrkxy resampling,
RENT. RENT ensures the statistical consistency of risk function to the true risk for data resampling
by utilizing T, yet it supports more robustness to learning with noisy label with the uncertainty on
per-sample weights terms. By interpreting resampling and reweighting in one framework through
Dirichlet distribution-based per-sample Weight Sampling (DWS), we integrated both techniques and
analyzed the success of resampling over reweighting in learning with noisy label. Our benchmark
experiments with synthetic and real-world label noises show consistent improvements over the ex-
isting T utilization methods as well as the reweighting methods.
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A ILLUSTRATION OF DWS IMPLEMENTATION EXAMPLE

Figure 9 shows an implementation example of our algorithm, DWS, as RW (previous) and RENT
(ours).

Figure 9: Dirichlet distribution-based per-sample Weight Sampling (DWS) with shape parameter
and the mean vector. Similar to Figure 1, image at the vertices of yellow triangles represents data
instance. Blocks above the images repregdass (upper) Label (lower). means labels
are same as true class (clean) and Red means labels are different from true class R@is4)).
represents the risk function withY as per-sample weight vector. Each colored box represents one
sampledw.

In DWS framework, we sample per-sample weights vectarspr M times. Each sampled/
becomes a per-sample weight vector. From the property of the Dirichlet distribution, if the shape
parameter |1 |, sampledv will be near to the mean vector. However, ift 0, sampledv will

be clustered to vertices. Due to the space issue, we showed only one samiplegure 1, while

we illustrate more times of per-sample weights sampling here.

B PREVIOUS STUDIES
We rst explain previous studies for learning with noisy labels. Next, focusing on the studies utiliz-

ing the transition matrix, we summarize previous studies considering the estimation of the transition
matrix, which were not included in the main paper.

B.1 LEARNING WITH NOISY LABEL

Considering learning with noisy label, several directions have been suggested, including sample
selection (Han et al., 2018; Yu et al., 2019; Wei et al., 2020; Cheng et al., 2020), label correction

14



Published as a conference paper at ICLR 2024

(Tanaka et al., 2018; Li et al., 2020; Zheng et al., 2020; Wang et al., 2021) and robust loss (Zhang
& Sabuncu, 2018; Wang et al., 2019). Sample selection-based methods manage noisy-labelled in-
stances by setting the objective as removing them during training. For example, Han et al. (2018)
assumed that samples whose losses are small during training have clean labels. However, this will
cause learning bias toward early learned easy samples because the deep neural network will easily
over t to those samples. As a solution, Han et al. (2018) proposes using two same-structured net-
works with different initialization point, and utilize the output of the other classi er as the metric to
decide whether to select or not each sample for training a classi er. However, since two different
classi ers have still nally converged to the same output, Yu et al. (2019) has proposed to select
samples when the outputs of the sample from the two different networks are different. It may solve
the problem of two different networks' alignment considering the output of a sample after enough
time, it may not work better even than Han et al. (2018) since it selects too small portion of samples,
especially when the noise ratio is high. Wei et al. (2020) focused on this problem and they relieve
this limitation by updating two networks together with introducing the KL divergence between the
output of the two networks as regularization, making the output of two networks become closer
to true labels and that of their peer network's. Cheng et al. (2020) selects samples with dynamic
threshold and regularize con dences of samples.

On the other hand, Label correction-based methods do not waste samples with recycling noisy-
labelled instances by relabelling them. For example, Tanaka et al. (2018) optimizes both the classi-
er parameters and labels of data instances jointly, initialize the network parameters and train with
the modi ed labels again. Li et al. (2020) considers samples with large loss as unlabeled samples
and solve the noisy-labelled dataset problems utilizing semi-supervised learning techniques, giving
the noisy-labelled samples pseudo-labels. Zheng et al. (2020) calculates the likelihood ratio between
the classi er's con dence on noisy label and its con dence on its (assumed) true label prediction as
its threshold to con gure clean labeled dataset, and corrects the label into the prediction for samples
with low likelihood ratio iteratively. Wang et al. (2021) analyzes several types of label modi cation
approaches and suggests label correction regularization hyperparameter depending both on learning
time stage and con dence of a sample.

Studies modeling the loss function which is more robust to noisy label include Zhang & Sabuncu
(2018), which combine the advantages of the mean absolute loss (MAE) and the cross entropy loss
(CE) and Wang et al. (2019), which adds the original cross entropy and reverse cross entropy. Apart
from that, studies like Liu et al. (2020) relies on the fact that the deep neural networks memorize the
noisy labels slowly, and they regularize the network not to memaorize the noisy labels by maximizing
the inner product between the model output and the weighted outputs of previous epochs.

Although these studies would show good performances empirically, these studies cannot ensure
statistical consistency of (1) classi er or (2) the risk function to the true one Yao et al. (2020).
Therefore, we now focus on the studies which utilize

B.2 PREVIOUSRESEARCHES ONI ESTIMATION

In this section, we explain more details of the previous studies considering

T estimation under Class-Conditional Noise (CCN) setting stems from Patrini et al. (2017). It de-
nes T as the matrix of the transition probability from clean label to noisy label. It also suggest two
loss structures, Forward loss and Backward loss, which ensures statistical consistency of classi er
and statistical consistency of risk, respectively. Since these two loss structures ensure theoretical
success of learning with noisy label utiliziig studies have focused on the estimation process of

T, sinceT is actually unknown information.

Patrini et al. (2017) estimate with anchor points, yet nding the explicit anchor points in dataset
may be unrealistic and dif cult. Therefore, Yao et al. (2020) decomposes the objective of estimation
as 2 easily learnable matrices: 1) a transition matrix from noisy label to bayes optimal label and 2) a
transition matrix from bayes label to true label. Since bayes optimal label is one-hot label, 1) can be
estimated by summing up the samples with speci ¢ noisy label and the speci ¢ bayes optimal label,
and 2) estimation would be easier than the origihaistimation. Zhang et al. (2021b) points out the
overcon dence issue foF estimation, and nd a way to estimate optinfaby maximizing the total
variation distance between clean label posterior probabilities. However, it has theoretical assumption
of having anchor points and requires ensuring the multiplication of two matNces@U) should
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be equal to trud@ . Li etal. (2021) is a research studied at similar time as Zhang et al. (2021b), and it
nds the optimalT by minimizing the volume of simplex enclosed by the column$ oft relieves

the anchor point assumption, yet it is still vulnerable to overcon dence issue reported at Zhang et al.
(2021b). Motivated by this error gap of estimation, Cheng et al. (2022) suggests a comprehensive
loss of utilizing both Forward and Backward loss structure. It shows good performance empirically,
but the optimall' learned by Cheng et al. (2022) would be an identity matrix by its modeling, since

bothT andT’, which is an approximation of !, are modeled as diagonally dominant and all cells
are nonnegative.

Apart from these directions, Zhu et al. (2021) calculafeby solving the optimization problem

with constraints. These constraints stems fl@lsterability, which assumes samples with similar
features would have same true label. As an effort to re ect the feature information to transition
probability, T estimation processes under IDN condition have been studied. For example, Xia et al.
(2020) assumes weighted sum of transition matrices of parts can explain instance-dependent transi-
tion matrix. Berthon et al. (2021) assumes accessibilitg(to= ijy = i;x) for every sample and

calculate(YjY; X). Yang et al. (2022) parameteriZgX ) and trains a new deep neural network
which gives instance-dependent transition matrix as its output using distilled dataset, which is the
subset of the original training dataset with its maximum softmax output is large enough. Although
modeling instance dependent transition matrix may be more realistic, estimdfihpis far more

dif cult because its domain space becomes much bigger thamodeling. Therefore, its estima-

tion is impossible without additional assumptions or information (Liu et al., 2023), since the true
C C matrix cell values per every single samples would have unbounded solutions per each sample,
making it harder to analyze the properties of estimatéq ).

Please note that to write @Y jx) = T(X)p(Yjx), the de nition of T(x) notation should be as
Tik (X) = p(Y = jjY = k;x) 8:k =1;::;C. Take a 2-dimension example. It should be as:
p(Y =1jx) _ p(Y=1jY =1;x) p(Y =1jY =2;x) p(Y =1jx)

p(Y = 2jx) p(Y =2jY =1;x) p(Y =2jY =2;x) P(Y =2jx) ©

meaning that théj; k) th element ofT (x) should bep(Y = jjY = k;x).

C DISCUSSIONS FORPREVIOUS TRANSITION MATRIX UTILIZATION

We assume thak is invertible, which has been generally assumed in the previous researches.

First we discus$§orward utilization. As we de ned in the main paper, letbep(Yjx) p(Yjx),
wherep(Yjx) is noisy label probability vector estimated from the classi er trained with noisy labels.
Then,p(Yjx) becomeg(Yjx) , Which meansT p(Yjx) = p(Yjx) = p(Yjx) . Therefore,
p(Yjx) becomed (p(¥jx) )=T p(Y¥jx) T !.

Following Eq. 2 on the main papdr, (x) will be equal top(Yjx) if and only if Tf (x) = p(Yjx)

for all (Xi;w)iL; . It means that (x) = p(Yjx) , Ri.r =0 andp(Yjx) is required for train-
ing f . However,p(Yjx) should approximated by the noisy labels from the dataset since the ex-
act value o[p(?’jx) is unknown and it makes the gap. In other words, wefgdaby minimizing

RIEP = i NI(TE (xi); ), and if we minimizeR7E, f (x) will be T 1p(¥jx) so that the

gap betweef (x) andf (x) will becomeT 1! .

The dif culty of estimatingp(Yjx) from learning a moderl f (x) with D' has already been denoted
before. Remark C.1 is one of those proposals.

Remark C.1. (Zhang et al., 2021b) The estimation error of the noisy label posterior distribution,
p(Yjx), from neural networks trained witlh could be high. This con dence calibration might
be more dif cult thanp(YjX) estimation, becausg(Yjx) should be within the convex hull of
transition matrixT, Con\(T), i.e.,p(Yjx) 2 ConyT) C landConyT)6 C 'ifTé6I.

Remark C.1 claims the dif culty of estimating(Y'jx) from D7, because the value pf(Yjx) does
not achieve the full range ¢0; 1]. Intuitively, p('jx) would not be represented as one-hot because
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the noisy label generation process would not be deterministic, which is also claimed by previous
works Yao et al. (2020); Zhang et al. (2021b); Yao et al. (2021).

This failure of p(Y'jx) estimation is a crucial issue considering the statistical consistency tof

f sincef (x) = p(Yjx)ifandonly if Tf (x) = p(Yjx). Therefore, the gap betwe@{Yjx)
andp(Yjx) make the inevitable gap for estimatipgY jx). It means that a classi er trained with
empiricalForward risk may not be able to estimapé€Y jx) accurately even with tru€.

We also propose trained withRff"F1p can memorize all noisy label under the following assumption.

Assumption C.2. Given a noisy training datasBt = f(x;;y)g, , letx; 6 x; foralli 6 j, and
Tj >T forallj 6 kof T, andf has enough capacity to memorize all labels.

P
For the each term of the risk functid®r" , we havel (Tf (x;);y;) = log J.Czl Ty fi (Xi)
log Ty.y, fy, (). Itisfrom = Ty (xi) 21 (max Ty ) fj(xi) = Tyy,. Note that
fx(x) Oforallk and Ezl fr(x) = 1. Also(max Ty k) = Ty y by the assumption C.2.
P
J-Czl Ty ifi(Xi) = Tyy whenfj(x;) = 1 forj = ¥; and0 otherwise. Thereford, that mini-
mizesRy't" can result irf Femp (x;) =+ foralli = 1;:::;n;.
Figure 10 supports the above
proposal empirically. It de-
picts the train accuracies with
noisy labels (left), train accu-
racies with the original true la-
bels (center) and test accuracies
(right) of various methods with
Forward, where each method
is trained on the noisy-labelled
dataset. As training iterations
progress, all methods utilizing
Forward eventually memorize
the noisy label, which leads to
the degradation on the test ac-
curacy. Note that the learning
with trueT (denoted as Tru&)

X . Figure 10: Training accuracies with regard to the noisy labels
also memorizes the noisy label

In contrast, methods equippe left), the clean labelénter), and test_accurqciesigﬂht)oqur-
with RENT alleviate noisy label ous methods on CIFAR10 (symmetric2Moise). We applied
memorization: they also ShOWForward and our method, RENT, to variodsestimation Patrini
the correct iﬁference capabili-et al. (2017); Zhang et al. (2021b); Li et al. (2021). We. express
ties for the clean labels of noisythe re;ult ofForward a}nd t'he result of RENT as dotted line and
bold line, for each estimation respectively. CE is the result of the

training instances, which is an . o 'trained with Cross Entropy loss,
evidence of non-memorization.

We also discusBackward brie y. Please note that (withas Cross Entropy loss)

1 x 1
Y = Tk;y- Iog(f (X)k) (10)
k=1 k=1

x
10T 1 = LTy

If T =1,thensincel =1, Eq. 10 becomes logf (X)y.
If T 6 I, we rstthink of C =2 case, whed ! has a simple form.

Asf (X)key =1 f (X)y, the derivative of the empirical backward risk over(x), becomes

T : : Tkél ; 1 — 1 T22 T12 i
- * T g5, Note thatT * = Ty Tut . AssumingTy; > T »; and

T2z > T1p, both Ty, and T,,* become negative. It means thBt. . is negative, making the
derivative wherf (x)y near 0 or 1 goes td
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For C > 2 case, the direct analysis is impossible because there is no explicit form for the inverse
matrix. However, sinc& 2 [0;1]° €, the inverse of the transition matrix can easily be negative if
it is not an identity matrix so the same issue may happen.

D DERIVATION AND PROOF

D.1 DERIVATION OF EQ. 6

Here, we show the derivation of Eq. 6 fully. Notations are same as the main paper, which means,

. P
wl 2 RN isj-th sample following Dif ). Letw; := jM:l V,\VT: i = I(f (x;);y) for all
i =1;::; N for convenience. 0 1
emp IR i oo i )(“@)(" W{AI X | )
Ribws = wili= = wli= o= wili 11
M j=1 i=1 i M j=1 i=1 =1 M i=1
Sincew?; :::;W{ isi.i.d. for same, we can apply Central Limit Theorem; N i H
emp X
R\ bws = wil; = (w; it i)l
i=1 i=1 (12)
= X\I I(l i)

ili + (wi )l with (wi ) N O;W

D.2 EXPLANATION FOR THE CATEGORICAL DISTRIBUTION PARAMETER OFRENT

Here, we explain how the per-sample weights can be formulat%%% = %.

Following the derivation from Liu & Tao (2015), The likelihood ratio betwggX; Y ) andp(X; Y)

will be same as the likelihood ratio betwep(Y jX) andp(YjX). It is becausg(X) does not
change for noisy label classi cation task.
Py =)

Ri(f )= Exy) poxy ) I(F (XY= By pox vy 1(F (X)59) o0 ¥ = y)

p(Y = ¥ix)p(x) p(Y = ¥ix)

= By pocvy 10 (X)5y) = By poxvy 1T (X)5¥)

p(Y = ¥jx)p(x) p(Y = ¥jx)
_ p(Y = ¥jx) .
= Ban o) gy sy OO0
(13)

Following the concept of Sampling-Importance-Resampling (SIR) (Rubin, 1988; Smith & Gelfand,
1992), this importance sampling is transformed as algorithm 1.

D.3 PRrROOF OFPROPOSITION3.1

Proposition D.1. If s accessibleR['RE\is statistically consistent t&.

Note that the trug,mean of weight vectors,, is assumed to be accessible for this part. In other
f(Xi)y

words, we assumer—t—; 111} P isequalto ,with ~ = GRCO)™ for alli.
=1 T'h =1 "I i i)y,
— p(Y=vyijxi) — ~i - H H
~ = =2 gnd = Pgl—;nn P as in the main paper.
! p(Y =vijxi) L1~ L~ pap

Proof. We rst start by rewriting the risk function of RENT (Same as the main paper).Diet=
f(xi;y)d\, isthe training dataset, which comes fraX; Y) = Tp(X;Y ), with sizeN .
X

1 .
Ry RENT = o nil(f (x);y):; where[ng;inn]  MUlti(M; Pt PN ) (14)
i=1 1=1 = 1=1 "
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Then,
h i hh i LR "
E Rirent = E E RipeniiDn - = E E o nil(f (xi);¥i) Dn
" =1 "
LX h | # X #
=B &  Enil(f xi)iy)iDn = E Pr—I(f (xi);w) (15)
i=1 i=1 k=1 “k

By the assumption above,

~ X ~
Py I (i) = Pl (i)

i=1 k=1 i=1 k=1 Tk
X X — aix.
:PNl— ~ 1 (Xi);w) = P—Nl Ml(f (Xi); %)
k=1 Tk i=1 k=1 ~k i=x P(Y = ¥ixi)
1 X p(Y = yijxi)p(a) 1 R p(Y = yixi)
=P : I(f (xi)iy)= Pg—— o I(f (xi)w
k=1 k1= P(Y = ¥iixi)p(xi) (- Ga)iw) ket = i1 POY = ¥i5%i) (F Ga)iz)
1 1 X p(Y = yi;x)
=1P =" N oo (F(Xi)ys 16
N -1 Sglztiiii N p(Y = ¥i5xi) (0 (16)

P

k=1 ~ works as a constant term with regard t@hen,R ey converges tyx.y ) [Ri] by the

strong law of large number a&¢ goes to in nity. (Note thaDy comes fromp(X; Y).) Therefore,

Ry RenT IS statistically consistent to the true risk. O

E ALGORITHM FORDIRICHLET BASED SAMPLING

Here, we show the algorithm of dirichlet based per-sample weight sampling process.

Algorithm 2: Dirichlet distribution-based per-sampleéight Sampling (DWS)
Input: Noisy dataseD = fx;;y g\, , classierf , Transition matrixT , concentration
parameter , the number of sampliniy!
Output: Updatedf
while f not convlgrgedo
Get | =~ szl ~; where~ = f (Xi)y, (Tf (Xi))y foralli
forj =1;::;M do
Independently sample! from Dir(; )
end
Updatef b et P i o)
p a Yy M j=1 i=1 i ( ( I):yi)
end

F EXPERIMENT

F.1 IMPLEMENTATION DETAILS

Network Architecture and Optimization We utilized ResNet34(He et al., 2016) for CIFAR10

and ResNet50(He et al., 2016) for CIFAR100. We used Adam Optimizer (Kingma & Ba, 2014)
with learning rate 0.001 for training. No learning rate decay was applied. We trained total 200
epochs for all benchmark datasets and no validation dataset was utilized for early stopping. We
utilized batch size of 128 and as augmentation, HorizontalFlip and RandomCrop were applied.
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Considering ClothinglM, we used ResNet50 pretrained with ImageNet (Deng et al., 2009). As
a same condition with benchmark dataset setting, we utilized Adam Optimizer with learning rate
0.001 with no learning rate decay. We trained 10 epochs and set batch size as 100. RandomCrop,
RandomHorizontal ip and Normalization was applied during training, and only Centercrop and
Normalization was applied at testing. For experiments over ClothinglM, we do not use a clean
validation dataset in training.

Unless being speci ed, we keep this experimental settings for other experiments.

Synthetic noisy label generation Considering CIFAR10 and CIFAR100, all samples from these
benchmark dataset are assumed to have clean labels. Therefore, we arbitrarily inject noisy labels
following the rules below. Let % a noisy label ratio.

(1) Symmetric ipping SN) Yao et al. (2020); Zhang et al. (2021b); Li et al. (2021); Bae et al.
(2022) ips labels uniformly to all other classes. We §kt )% samples of each class unchanged.

(2) Asymmetric ipping (ASN) Li et al. (2020); Liu et al. (2020); Cheng et al. (2022); Bae et al.
(2022) ips labels to pre-de ned similar class. For CIFAR10, we ipped label class as Tjuck
Automobile, Bird) Airplane, Deer) Horse, Cat Dog following the previous researches. For
CIFAR100, we ipped between sub-classes within each super-class.

Dataset description CIFAR-10N (Wei et al., 2022) contains real-world noisy-labels of CIFAR10
images from Amazon Mechanical Turk. The label noise includes 5 types; Aggrégagee], Ran-

doml Ranl), Random2 Ran2), Random3 Ran3) andWorse. For detailed descriptions of how

the noisy labels of each noise type are created, please refer to the original paper. According to the
original paper, the noise ratio 803% 17:23%, 18:12% 17:64%and40:21%, respectively.

Clothing 1M (Xiao et al., 2015) is real-world noisy-labelled dataset collected from online shopping
websites. The dataset includes 1 million images with 14 classes. Noise ratio is estinz®ét as

Baseline description Here, we explain methods that we used in experiments to estimate

Forward Patrini et al. (2017) identi es anchor points based on the calculated noisy class posterior
probabilities. Following the customs of the original paper, we chose the%opd® dent sample
for each class as anchor points.

DualT Yao et al. (2020) decompos@sinto 1) a transition from noisy label to intermediate class;
and 2) a transition from intermediate to true class to reduce the estimation gap of

TV Zhang et al. (2021b) estimat&sby maximizing the total variation distance between clean label
probabilities of samples. Although it requires an anchor point assumption theoretically, it does not
need to nd anchor points explicitly.

VoIMinNet Li et al. (2021) estimates the optimBlby minimizing the volume of the simplex formed
by the column vectors df . The volume is measured as log of the determinaiit a$ original paper.

Cycle Cheng et al. (2022) develops an alternative method, which minimizes volumgweithout
estimating the noisy class posterior probabilities as VolMinNet. It minimizes the comprehensive
loss which takes the form of forward plus backward plus the regularization term which obligates the

multiplication of T andT’ to be an identity.

PDN (Xia et al., 2020) assumes weighted sum of transition matrices of parts can explain instance-
dependent transition matrix. Therefore it rst calculates the transition matrix for anchor parts and
get instance-wise weights to multiply to each part matrix.

BLTM (Yang et al., 2022) parameteriZzg X ) and trains a new deep neural network which gives
instance-dependent transition matrix as its output using distilled dataset, which is the subset of the
original training dataset with its maximum softmax output is large enough.

We did not conside€SIDN (Berthon et al., 2021) as our baselines because they requires the infor-
mation ofp(Y = ¥ijY = ¥;), although we do not have those kind of information basically.
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Techniques used to hinder memorization in previous researchesWe report regularization tech-
nigues in previous researches used to hinder memorization as table 3. Settings are reported based on
CIFAR10 experiment conditions.

Table 3: Regularizations to hinder noisy label memorization used in previous researches (CIFAR10)

Method Dropout Early Stopping Lrdecay W decay Augmentation
Forward Patrini et al. (2017) X (0] (0] 10 4 HorizontalFlip, RandomCrop
DualT Yao et al. (2020) X O o} 10 4 HorizontalFlip, RandomCrop, Normalization
TV Zhang et al. (2021b) X X* X 10 4 HorizontalFlip, RandomCrop, Normalization
VolMinNet Li et al. (2021) X (0] O 10 3 HorizontalFlip, RandomCrop
Cycle Cheng et al. (2022) X (0] (0] 10 3 Not reported

Ours X X X X HorizontalFlip, RandomCrop

We marked the asterisk on the early stopping of TV Zhang et al. (2021b) since the number of
epoch is different (40) from our setting (200). As reported in table 3, we conducted experiments
removing several techniques without augmentation. We show the difference between the reported
performance in the original paper and the reproduced performance following their condition, the
reproduced performance under our experiment settings in the following section.

F.2 MORERESULTS FORCLASSIFICATION ACCURACY

Performance with regard to the noise ratio Figure 11 shows the performance comparison of
FL, RW and RENT changing the noise ratio for seva@rastimation methods. As we can see in the
gure, the gaps between red lines and others become larger with higher noise ratio.

(a) Forward (b) DualT (c)TV

(d) VolMinNet (e) Cycle (f) TrueT

Figure 11. Performance comparison when using diffefienitilization methods over several
estimation methods. Subscripts of each gure represEmstimation baselines and colored regions
mean standard deviation. X-axis and Y-axis of each gure represents noisy label ratio and the test
accuracy, respectively. CE means training with Cross Entropy loss.

Experimental results are based on CIFAR10 datasets with symmetric noise, and replicated over 5
times. Please note that when the noise ratio beconmé#si®theans nothing but random label status,
so it is natural the test accuracy is equal t&4L0

True T is NOT the best? One of the interesting ndings we can see in Table 1 is that the model
performance is not the best when it is trained with the true transition matrix (denoted a$)True
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To check what happens, we rst report the performances of RENT with several T estimation meth-
ods over the differences between the resulting estimated T and true T. Furthermore, to check any
performance pattern over T estimation gap is unique for RENT or not, we also report results for the
performances of Forward loss as T utilization (the conventional).

w/ FL

w/ RENT

(a) SN 2®% (b) SN 50% (c) ASN 20% (d) ASN 40%

Figure 12: Performances with several transition matrix estimation methods oestimation gap

( T, calculated as 12 norm). Sub captions mean noise settings and each color represents different T
estimation methods. Figures on upper lines are performances of Forward (the conventional utiliza-
tion), and that on lower lines are performances of RENT as T utilization. X axes mean T estimation
error (calculated as 12 norm) and y axes mean the respective performances. Dots mean different
seeds. We do not report Cycle SN 88)(cases in the gure because its test accuracy i%aD (

Table 4: Pearson Correlation coef cient with regard t& and model performances.

w/ FL w/ RENT
SN20% SN50% ASN20% ASN40% SN20% SN50% ASN20% ASN40%
Pearson Correlation  0.2234  0.1448 0.2355 -0.2601 0.4648 -0.1590 -0.0644 -0.5597

Figure 12 shows the results. Interestingly, not only can we nd out that the performance is not the
best when T is equal to0, but we can also check that the relation betweeh and the model
performance is not linear. Check Pearson Correlation also in Table 4.

At rst, we conjecture that this failure of nding the correlation betweem and the model per-
formance is due to two reasons: (1) considering TV, VolMinNet and Cycle includes regularization
terms for updating a classi er, those terms may have affected the classi er training process and (2)
For TV, VolMinNet and Cycle, the transition matrix changes during training procedure, so the tran-
sition matrix estimation gap would have reduced while training (according to their original paper,
the estimation error seems to decrease with training process). Therefore, the transition matrix gap
of those algorithms would have been larger than the reported transition matrix estimation gap.

To analyze the impact of T estimation error to the model performance, comparing performances un-
der same risk function (including no regularization terms) and other learning procedures is required.
Therefore, we subtracted to diagonal terms and addeg (the number of classes-1) to others.
Figure 13 shows the model performance ovér.

Figure 13 shows the performance oveT. For SN 20 %), we set + =[0.0, 0.05, 0.1, 0.2, 0.3,

0.4, 0.5, 0.6] and for SN 50%), we set + =[0.0, 0.05, 0.1, 0.2, 0.3], since 0.7 and 0.4 would
mean same as total random label ipping respectively. Lines represent performances with arbitrary
corrupted transition matrix and small dots is mean performance of gadbhagain shows that the
performance is not the best when the transition matrix estimation error is O.

Considering Forward, DualT and True, their performances are within the colored region, possibly
supporting the explainability of this arbitrary transition matrix corruption experiment.
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(a) SN 20 06) (b) SN 50 g6)

Figure 13: Performance overT. Dots are same as 12. Colored regions are standard deviation over
5 seeds. For SN 20%4), we set 1+ = [0;0:05; 0:1; 0:2; 0:3; 0:4; 0:5; 0:6] and for SN 50 %), we

set 1 = [0;0:05; 0:1; 0:2; 0:3], since 0.7 and 0.4 would mean same as total random label ipping
respectively.

Performance with Lin et al. (2022) We compare the performance of RENT and Lin et al. (2022),
whose method name is VRNL. We also report the performances with Forward utilization (w/ FL)
again as baselines, following VRNL.

Table 5: Test accuracies on CIFAR10 and CIFAR100 with various label noise settings including
VRNL. represents the training failure cagald is the best accuracy for each setting.

CIFAR10 CIFAR100
Base Risk SN20% SN50% ASN20% ASN40% SN20% SN50% ASN20% ASN40%
w/ FL 73.8 03 58803 79.2 06 742 05 30.7 28 15504 34.2 12 25.8 14

Forward w/VRNL 76.9 04 64.8 23 54.2 92 59.3 127 34134 18428 35524 27.2 16
w/RENT  78.7 03 69.0 01 82.005 778 05 38912 28911 38407 30.4 o3

w/ FL 799 05 71.803 82902 777 06 35204 23410 38304 28.4 26
DualT w/VRNL 81.2 03 73.708 83501 78.1 22 38214 25237 400 12 34.4 13
w/RENT 82.0 02 74.6 04 83301 80.009 39809 27.119 39.807 34.0 04

w/ FL 740 05 50406 78.113 716 03 34514 21014 33.9 36 28.7 o8
TV w/VRNL 76.0 06 51.307 78803 58592 28512 22928 29.9 10 26.4 23
w/RENT 78.8 08 62518 81.0 04 74005 34.009 20006 34.002 25.5 04
w/ FL 741 02 46.1 27 78.8 05 69.503 29.115 25408 226 13 14.0 o9

VoIMinNet w/VRNL 76.3 09 50314 72390 67453 28106 26.6 22 19537 14.7 1.4
w/RENT  79.4 03 62.6 1.3 80.8 05 74.0 04 35809 29305 36.107 31.0 o8

w/ FL 81.6 o5 82.8 04 54.3 03 39.9 238 39.4 02 31.3 12
Cycle w/VRNL  82.4 o6 83.0 04 543 04 41921 42.1 16 325 12
w/RENT 82502 70403 81501 70.2 07  40.7 04 32404 40.7 07 32.2 06
w/ FL 76.7 02 57.4 13 75.0 119 70.7 86 34305 22015 35805 31.9 10

TrueT wW/VRNL 79.3 06 63.8 1.3 49.2 44 47.7 62 36.6 11 25507 26.2 33 225 57
w/RENT 79.8 02 66.8 06 824 04 78.4 03 36.111 24003 34409 27.2 06

One step further from the original paper, we also report experimental results with DualT (Yao et al.,
2020), TV (Zhang et al., 2021b), Cycle (Cheng et al., 2022) and Trusince it can be applied to
various transition matrix estimation methods orthogonally. We reported these performances follow-
ing Work with VolMinNet in Practical Implementation part of Lin et al. (2022). In other words,

we added the variance of the risk function (not including another regularization terms) for imple-
menting VRNL with DualT, TV, Cycle and Tru&. Performances in table 5 consistently shows
VRNL improves the originall estimation methods, and RENT tends to show better performances
than VRNL. We demonstrate that RENT can increase the variance of the risk function enough with-
out the need to choose the hyper-parameter for variance regularization term (denotédlas

et al. (2022)).

For the hyper-parameter, we followed settings from their paper.
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Table 6: Performance comparison with regard to variance of the risk function over variess
timation. Bold means the better accuracy between VRNL and RENT for each data settifig and
estimation. If the performance of the integrated method is better than the original both methods, we
underlinethe performances.

CIFAR10 CIFAR100
SN ASN SN ASN
Base Regularizer  20% 50% 20% 40% 20% 50% 20% 40%
VRNL 76.9 04 64.8 23 54292 593127 34134 184 28 35524 27.2 16
RENT 78.7 03 69.001 82005 77.805 38912 28911 38407 30403

Forward 0.0001 78.008 68315 81010 76.812 36916 25421 38507 299 15
0.001 77913 68503 8l.005 72589 38.015 25814 38.901 28.2 40
0.01 77509 68907 80911 76810 37605 27120 37914 30320
0.05 78909 71.1 04 527 349 520329 37717 26929 38506 30.815

VRNL 812 03 73.708 83501 78122 38214 25237 40012 34413
RENT 82.002 74604 83301 80009 39809 27119 39807 34.004

DualT 0.0001 81604 74207 82905 79403 39.004 26748 38506 33507
0.001 81405 74.012 83503 79313 38521 26.753 40.104 32.7 09
0.01 81105 73407 82803 78708 39312 26267 38708 330 14
0.05 81805 71815 82607 80.304 40012 27028 37111 334 14

VRNL 76.0 06 51.307 78803 585092 28512 22928 29910 26.4 23
RENT 788 08 62518 81004 74005 34009 20006 34.002 25504

v 0.0001 77.703 61542 78243 74308 33.222 19706 34805 254 14
0.001 78.207 60415 80008 73111 31040 20.705 33516 26.505
0.01 78211 62628 81109 74111 32829 20007 33410 25609
0.05 80.310 68814 80712 73709 35218 21604 34.023 23.2 44

VRNL 76.3 09 50.3 14 72390 67453 281lo6 26.6 22 19537 14.7 14
RENT 79.4 03 62613 80805 74004 35809 29305 36.107 31.00s

VoIMinNet "9 0001 78.110 60.4 23 80.7 05 72.0 10 36.3 08 27.8 07 32113 29.1 12
0.001 77.807 626 32 78445 72213 31.840 28217 35025 29507

0.01 78305 64226 80105 73.022 35907 27419 347 11 294 19

0.05 80.107 69.710 80502 72311 37017 30808 33.069 31.3 19

VRNL 82.4 06 83.004 54304 41921 42.1 16 325 12

RENT 82502 70403 81501 70207 40.7 04 32404 40.7 07 32206

Cycle 0.0001 82.105 70410 80808 69111 40912 31309 40514 31412
0.001 81504 69.8 13 80509 68409 37953 30907 35947 31905

0.01 81507 70510 80608 69104 42001 32109 35936 30409

0.05 82106 71.6 10 80910 69910 42208 31403 40804 29.1 01

VRNL 79.3 06 63.8 13 49244 47762 36.6 11 25507 26.233 22557
RENT 79.8 02 66.806 82404 78403 36111 24003 34409 27.206

TrueT 0.0001 79.105 66.907 82004 77205 33922 23112 33807 25412
0.001 79.506 66.6 1.5 81.006 77.209 35416 23304 32516 26.302
0.01 79.109 67409 81507 77712 32227 23802 33124 25819
0.05 80.505 70.2 06 98 04 35012 24909 2000 6.6 31

Then, the next question arises: would integrating RENT and VRNL enhance model performance?,
since both methods can be orthogonally applied to the original transition matrix estimation methods.
It could show improved performance by increasing the variance of the risk function ef ciently,
hindering over tting to noisy labels. It might also lead to worse performance if it prevents training
process too much, e.g. when the variance increasing is too much.

Table 6 shows the performance comparison with VRNL, RENT and RENT+variance increasing
regularizer. Numbers in front of each row represents the hyperparameter representing the variance (
in Lin et al. (2022)). We report all results with various hyperparameter values to show its sensitivity.

There are cases when the resulting performance is even better than the original both methods, show-
ing its possibility of future development. However, it should be noted that there is no "good-for-all”
hyperparameter, indicating its possible limitation of applying it robustly to diverse settings.
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Table 7: Test accuracies on CIFAR10 and CIFAR100 with various label noise settings for other
baselinesBold is the best accuracy for each setting.

CIFAR10 CIFAR100

Terminology Base SN20% SN50% ASN20% ASN40% SN20% SN50% ASN20% ASN40%
- ELR 75509 47705 79507 708 11 34708 184 13 37.0 09 27.7 12
Regularization g\ "2 0:1) 717 05 46.9 05 80511 72712 30215 17.30s 33415 265 os
Robust loss SCE 79.506 54.8 05 79.5 08 69509 34312 18306 36.2 11 27.6 o5
APL 793 12 61530 76.9 17 64.1 10 33520 18355 35.9 20 24.0 41

LRT 749 05 46.5 12 77.7 19 69.2 06 33.818 20.104 359038 25.4 38

Coteaching 78.714 76.431 817 o5 73905 37.840 12513 39.7 20 26.9 3.2

Data cleaning Jocor 834 16 62956 80.1 11 65934 27549 7914 34725 26.9 23
DKNN 55510 30.808 62311 54.1 o7 5.1 os 2.9 04 5.3 01 4.3 04

CORES 747 50 26341 71323 60.7 55 37.823 6.5 21 37.8 17 27.2 13

RENT (DualT) 82.002 74.6 04 83301 80.0 09 39809 27.119 39807 34.0 04

Performance with other baselines In the main paper, we compared our method with Transition
matrix based methods to demonstrate the improvement effect of RENT with regard to the transition
matrix utilization. In this section, we compare other baselines for the learning with noisy label task
itself for a wider range of comparison. Baselines included in this section are:

ELR Liu et al. (2020) suggests early learning regularization. Based on the nding that simple pat-
terns are learned fast, they use the output of a learning classi er in early time iterations to regularize
over tting to noisy labels.

SCE Wang et al. (2019suggests a reverse cross entropy as robust loss.

APL Ma et al. (2020) theoretically shows any loss with normalization can be made robust to noisy
labels and suggests to use two types of robust loss, active loss and passive loss.

LRT Zheng et al. (2020)calculate the likelihood ratio between noisy label and the possible pseudo-
label, which can be de ned as the dimension whose output is the maximum. Based on this criterion,
it arbitrary sets a threshold and corrects the label into pseudo label or not.

Please refer to Section 4.4 or Appendix F.4 also for SNL Chen et al. (2020), and Section F.7 for
sample selection based methods.

Again, RENT shows best or second best performance.

25



Published as a conference paper at ICLR 2024

More results on real dataset Due to the space constraints, we reported the accuracies from only
some of the baselines in the main paper. In this part, we present results for more baselines. As
shown in table 8, RENT consistently outperforms otfentilization (FL and RW). Similar to the

results for CIFAR10 and CIFAR100 presented in Table 1 in the main paper, the performance gap
between RENT and previous utilization widens as the noise ratio increases (please refer to the
dataset description section for details on the noise ratio). When estimfaasgCycle, RENT does

not always exhibit the best performance. We believe this may be due to the substantial gap between
the estimated per-sample weights during training and the true per-sample weights, a hypothesis
supported by the consistently poor performance of the RW case. Please also note that although
there is the case of PDN CIFAR-10N Aggre when utilizih@s RW yields the best results, the gap
between RW and RENT is marginal.

Table 8: Whole test accuracies on CIFAR-10N and ClothingBbld is the best.

CIFAR-10N ClothinglM

Base Risk Aggre Ranl Ran2 Ran3 Worse -
CE 7 80.8 04 75603 75304 75606 60404 66.9 0.8
w/ FL 79.6 18 76.108 76.404 76.002 645 10 67.1 01
Forward w/ RW 80.705 75803 76.005 75806 63.9 07 66.8 1.1
w/RENT 80.8 08 77.704 77504 77206 68.0 09 68.2 06
w/ FL 81902 79404 79310 79404 72109 68.2 1.0
DualT w/ RW 81.804 79802 79406 79604 714 10 68.5 0.4
w/RENT 82012 80505 80407 80506 73507 69.9 0.7
w/ FL 80507 76.404 76.205 76.101 60.252 66.7 0.3
TV w/ RW 80.7 04 75806 75211 75415 62329 67.4 05
w/RENT 81.0 04 77406 77.810 76.7 04 66.9 31 68.1 0.4
w/ FL 80903 76305 75907 75906 61.8 13 65.0 0.1
VolMinNet  w/ RW 80.706 76.205 75508 75502 63.032 66.6 0.1
w/RENT 813 04 77610 77703 77207 66.9 05 67.7 03
w/ FL 83.302 81004 8l607 8l204 516 10 67.1 0.2
Cycle w/ RW 81.708 79.104 78404 78217 66.009 67.3 12
w/RENT 82.008 80.003 81.008 80.404 70504 68.0 04
w/ FL 79.8 06 74504 74505 74303 57513 64.9 04

PDN w/ RW 80.6 08 74907 73907 74408 587 05
w/RENT 80.206 75207 75011 75704 61.6 16 67.2 0.2

w/ FL 81507 78l1lo03 77506 77805 65810 67.2 0.8
BLTM w/ RW 54.0 339 64.4 270 50.9 329 38.0 324 43.5 281 67.0 04
w/RENT 80.821 79109 78911 79.606 69.7 20 70.0 0.4
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Performance reproduce & comparison Table 9: Test accuracies for CIFAR10. [1] means the
with our experiment setting Table 9 reported performance at the original paper. [2] means
shows [1] the reported performance at thge reproduced performance using our code. [3] is
original paper, [2] the reproduced perthe model performance under our experiment settings
formance using our code, and [3] th¢same as the performance reported in the main paper as
model performance under our experimem®orward (FL)). is not-reported or training failure.
settings for eachl' estimation methods.

Comparing three rows for eadh estima- CIFAR10

tion method, note that (1) we reproduced SN ASN

the original performance enou_gh .and (2}t estimation 1] @ 20% 50% 20% 10%
the model performance drops signi cantly

: ) [1] 83.4 87.0
under our eXperlment Settlng. We Propose Forward 2] 82.6 03 67.410 87902 82904
again that Forward may not be enough to [3] 73.8 03 58803 79206 74205
regularize noisy label memorization. [1] 78.4 03 70.0 07
] ] DualT [2] 85.6 02 74201 87.807 81907
Please note that there was high variance to [81 79905 71803 82902 77.706
the test accuracy with regard to the seed [1 82.6 04
for TV (Zhang et al., 2021b), so better TV [2] 87502 76.6 02 806 74 750 133
K [3] 74.0 o5 50406 78113 71.603
performances could be reproduced if we ol 5.6 532
. .0 03 .4 03
have explored more times (Currently, We \qyinnet 2] 91401 79201 94901 88.0 45
reported best 5 results over 10 times for [2] 3] 741 02 46.1 27 78.8 05 69.5 03
considering TV). Also since there is no of- 1] 90.4 02 90.6 0o 87.3 0o
cial code for Cycle (Cheng et al., 2022),  Cycle [2] 904 o4 86.5 01 66.4 04

we reproduced it only with the paper and if Bl 816 0s 828 04 543 03

some settings are not reported in the paper

(e.g. augmentation), we followed settings

from Li et al. (2021). Also note that the resnet structure used in TV (Zhang et al., 2021b) and
VoIMinNet (Li et al., 2021) did not include maxpooling layer unlike the standard structure (He
et al., 2016), and it made the difference in model performance. Although there are cases when ex-
cluding the maxpooling layer increased the test accuracy ugtopvie report the test accuracy with

the maxpooling layer following Yao et al. (2020) and Yao et al. (2021) to show the performance
utilizing the original resnet structure.

RENT utilizes T better robustly over Experimental Settings We conducted a total of 180 ex-
periments under various settings and this number is from the multiplication of below settings.

» T estimation (6): Forward, DualT, TV, VolMinNet, Cycle, True T
» Optimizer (2): SGD, Adam

» Network Architecture (3): ResNet 18, 34, 50

» Seed (5)

Table 10: Beating number (Total 180 times) and average ¢Yaf RENT over Forward loss (FL).
Perf. gap is the abbreviation of the performance gap.

CIFAR10 CIFAR100
SN ASN SN ASN
Metric 20% 50% 20% 40% 20% 50% 20% 40%
Number 162 (996) 172 (98%) 117 (63%) 148 (82%) 143 (8®k) 146 (8R6) 110 (6B6) 101 (56%)
Perf.gap  3.% 16.0% 1.0% 3. 7% 2.2% 5.4% 1.0% 1.2%

Table 10 demonstrates the general improvement of RENT over Forward IoBaufdization. Note

that the average performance gap between RENT and Forward loss is larger when the noise ratio is
higher, indicating the increased dif culty of noisy label distribution matching with higher levels of
noise. Another interesting point is the superiority of RENT for CIFAR100 since RENT resamples
dataset in a mini-batch, meaning it will be harder to get samples from all classes when the number
of class becomes more. Therefore, the gradient from the resampled samples could be biased to the
classes of the selected samples. Nevertheless, it still utilizestter than Forward (FL).
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F.3 MORE RESULTS FOR THE IMPACT OF TO DWS

We show the additional results including other noisy label setting of CIFAR10 and CIFAR100,
with colored-lines in each gure reporting all estimation methods we experimented. Note that
the interval of value in x-axis are drawn in log-scale, meaning that we assigned more space for
smaller region (Same in the gure 3). For experimental details, we used the same experimental
settings that we explained earlier.

() C10 SN 286 (b) C10 SN 506 (c) C10 ASN 206 (d) C10 ASN 486

(e) C100 SN 206 (f) C100 SN 586 (g) C100 ASN 206 (h) C100 ASN 466

Figure 14: Test accuracy with regard to variousalues for CIFAR10 and CIFAR100. Similar to
the main papeiStar (?) andcross (x)represents the performancesRENT andRW respectively.

As shown in the gure 14, performances tend to be higher with smallfr most of the cases of
CIFAR10. However, there are a few cases when the smalleay not be the answer considering
CIFAR100, showing higher lines than the star potrieaning RENT). Intuitively, it implies that

larger variance may not always be the answer and there could exist optifioaleach dataset
representing the dif culty and noisy property of the dataset, which could be the direction of further
research. Yet, please note that still the Stars are higher than the Crosses (x, meaning RW) except
only one case (please refer to table 1 for their exact values).
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F.4 MORE RESULTS FOR NOISE INJECTION IMPACT ORENT

Table 11: Noise injection impact comparison over varidusstimation.Bold means best accuracy
for each data setting aridestimation. CE, RW and RENT is the same as the one in the main paper.
w.0./T andw/T means withouT and withT, respectively.

CIFAR10 CIFAR100
SN ASN SN ASN

Loss Base 20% 50% 20% 4% 20% 50% 20% 40%
CE(0.0) 73.404 46.607 78402 69713 33712 18507 36911 27304
wolT SNL =0:1 71703 46903 80511 72712 30215 17303 33415 26508
e =0:2 74211 45910 79613 74806 35824 25510 36510 30543
=0:3 75214 46815 78613 72015 31731 22622 31711 27.109
RW (0.0) 74508 62.6 10 79.6 11 731 17 37.2 26 235 113 27.2 132 27.3 13
=0:1 77815 64861 740115 77510 26139 1201 299 24 11.0 86

Forward =0:2 75941 65933 76.735 76336 20 10 1.1 o2 9.1 73 3.1 20

=0:3 77516 455123 76429 74528 16 04 1.0 01 2.3 15 1.3 04

RENT  78.7 03 69.001 82005 77805 38912 28911 38407 30403

RW (0.0) 80.6 06 741 07 825 02 779 o4 385 10 120 135 385 16 24.0 116

=0:1 74736 48297 78411 72247 18572 1.9 os 31.7 a1 11.8 91

DualT =0:2 66492 31650 76607 69451 2213 1.4 o7 7.9 a2 3.5 22
=0:3 59.7 117 26.2 108 69.6 28 64227 1507 1.2 01 4.9 30 1.4 o6

RENT 82002 74604 83301 80.009 39809 27119 39807 34.004
RW (0.0) 73.709 485 41 773 20 702 10 323 10 17.8 20 320 15 23.2 09

= 0:.1 70.7 101 49.0 106 76.2 47 69.8 31 1.4 03 1.8 10 15.0 119 5.6 79
TV =0:2 576165 15678 38.6 204 439 183 1.4 02 1.1 01 1.4 04 1.7 09

w/ T =0:3 30.3233 15.6 49 305226 195114 1.0 01 1.1 02 1.2 03 1.2 04
RENT 788 08 62518 81004 74005 34009 20006 34.002 25504

RW (0.0) 74205 50.6 64 78.6 o5 70.4 o8 36.9 12 244 30 349 13 26.5 09

=0:1 77120 56.620 79.023 71.2023 1.9 o7 1.2 01 2.5 09 2.3 08

VolMinNet =0:2 67770 258121 75324 59939 1201 1.1 01 1.2 02 1.2 03
=0:3 218103 15642 399 222 32.8 184 1.1 03 1.2 02 1.2 02 1.2 02

RENT 79.4 03 626 13 80805 74004 35809 29305 36.107 31008

RW (0.0) 80.202 57.0 34 78109 70.6 11 378 27 30.2 06 381 16 293 06

=0:1 77913 71125 75927 74414 79 111 2518 2.0 13 5.2 33

Cycle =0:2 610238 64156 69.729 66815 1.7 03 1.3 04 1.9 o5 2.7 14
=0:3 63.026 61254 58447 427 111 1202 1.4 02 1.2 01 1.4 02

RENT 82502 70403 81501 70207 40.704 32404 40707 32206

RW (0.0) 76.2 03 58.6 12 35.0 o8 21.8 08 21.3 166 21.6 104
=0:1 79908 68806 81306 78007 30.733 24105 34519 27.1 24
True T =0:2 76521 67323 81704 77811 25734 12484 32527 27224

=0:3 75713 593115 78815 75527 14347 1.5 04 25926 23.6 29
RENT 798 02 66.806 82404 78403 36111 24003 34409 27206

Table 11 shows model performance comparison with regard to CIFAR10 and CIFAR100 under
various label noise settings. In the table, we report the results under theTvbestanation baselines
that we experimented in the table 1.

Interestingly, label perturbation to either (1) the naive cross entropy loss (SNL row in the table) or
(2) the reweighting loss with tru& (True T row in the table) generally improves the model per-
formance compared to the baselines, which refer to the model performances achieved when trained
solely with the basic loss itself without any random label noise. On the other hand, there are cases
where the model performance become worse when the random label noise injection technique is
utilized with the reweighting loss from the estimafedinder the same. Also note that integrating

the label perturbation technique directly to varidusstimation methods can easily lead to training
failure, especially for CIFAR100. These failure could be attributed to both the inaccurate objective
function resulting from the inaccurate per-sample weights, which are calculated based on the esti-
matedT, and the injected label noise. These could also imply that application of the label noise
injection technique to the reweighting loss might be more sensitive to the paranmeierpared to

its original application, which is the application to the naive cross entropy loss. This sensitivity can
be problematic in term of its applicability. In contrast, RENT tends to exhibit better performance
than RW, further highlighting its robust adaptability to diverse situations.
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Figure 15 shows additional results for CIFAR10 over gure 4. Similarto gure 4, RENT consistently
outperforms SNL and RW also under ASN settings. In the gure, we removed= 0:0 case,
which is RW, for ASN plots because the training failed considering both cases. Also note that
RWH+ is highly sensitive to the value of and tuning the parameter is required for adequate model
performances.

(a) SN 286 (b) SN 50% (c) ASN 20% (d) ASN 40%

Figure 15: Test accuracies over variougor CIFAR10. Same with gure 4, RW+denotes the
integration of RW and the label noise perturbation technique.

We present the model performances using differer2 [0:0; 0:1; 0:2; 0:3; 0:4; 0:5; 1:0] for both

gure 4 and gure 15. We utilized the true transition matffxfor getting the model performances

in the gures, because we wanted to ensure fhagstimation gap does not have impact on the
performance gap between SNL and others. All other experimental details remain consistent with the
settings described in the earlier section.

F.5 MORE RESULTS FOROUTCOME ANALYSES

(a) C10 SN 206 (b) C10 SN 506 (c) C10 ASN 206

(d) C100 SN 206 (e) C100 SN 5 (f) C100 ASN 2046

Figure 16: Histogram ofv; of RENT on CIFAR10 and CIFAR100. Same as gure 5, we utilized
Cycle (Cheng et al., 2022) & estimation method for this plot. Blue and orange represents the
number of samples with clean and noisy labels, respectively. Vertical dotted line ddn@es
Samples withw;  1=B would likely be less sampled than i.i.d..

w; value Figure 16 shows the additional results of the gure 5 over CIFAR10 and CIFAR100.
Percentages reported in both gures are calculated as the ratio between the number of samples
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whosew; is within each range and the total number of samples whose labels as data insgances (
are same with (clean) or different from (noisy) the original class lapel®0%). Similar to gure

5, it consistently shows high ratio of clean samples in oversampling region and high ratio of noisy
samples near zero.

With the results reported in Figure 5 and gure 18, value can be divided easily with threshold,
1=B. However, Table 12 shows it is not true.

Table 12: Test accuracies on CIFAR10 and CIFAR100 with various label noise settings comparing
RENT vs. thresholding tev; + random samplingBold is the best accuracy for each setting.

CIFAR10 CIFAR100
Base Criterion  SN20% SN50% ASN20% ASN40% SN20% SN50% ASN20% ASN40%
w+random 74.00s 45.7 16 80.0 o8 71320 30818 16.111 30.6 22 24.6 o5

Forward '\ RENT 787 0s 69.0 01 82005 77805 38912 28911 38407 304 03
DualT w+random 74.806 48.2 12 80.1 06 72409 31909 16511 34.7 18 25.1 o7
W/ RENT 82002 74604 83301 80.0 09 39809 27119 39.807 34.0 04

TV w+random 70.718 45516 78.7 09 719 17 28228 16.109 28.8 20 21.6 19

w/ RENT 78.8 08 62518 81.0 04 74005 34009 20006 34.002 25.5 04

VolMinNet w+random 71.404 45323 76.8 29 71.7 17 28715 17.215 30.4 20 23.9 22
w/RENT 79.4 03 62.6 13 80.805 740 04 35809 29305 36.107 31.0 o8

Cycle w+random 70.8122 44.7 o8 78.1 07 69.2 12 31508 16.314 33.216 245 23

W/ RENT 82502 70403 81501 70.2 07 40.7 04 324 04 40.7 07 32.2 06

Here,w+random means when if we just set a thresholdviceind randomly sampling again from

the selected samples. This gap happens because during training, especially in the earlier learning
iterations,w of clean samples and noisy samples may be more mixed, since the model parameter
is yet more similar to the random assignment. Therefore, sorting with an arbitrary threshold may
be riskier. However, Dirichlet-based resampling and RENT may be safer to this problem since
the sampling probability of the samples below threshold is not 0.This would result in the overall
performance differences.

Also, choosing a good threshold may be dif cult and some training iteration and noise condition
adaptive strategy could be needed. Figure 17 shows this need.

(a) SN 20% (b) SN 50%

Figure 17: The number of samples whosgevalue is larger thari=B over time iterations. We
visualize clean labels and noisy labels as blue and orange. Dataset is CIFAR10. Note that 40,000
and 25,000 samples are total number of clean labels fur &@d 50%, respectively.

It shows the number of samples whagevalue is larger thad=B over time iterations, with clean
labels and noisy labels, respectively, while training the classi er with RENT. Result shows that clean
label samples whose; is larger thanl=B is not as many as the nal iteration (which is natural),
which underlines the training process adaptive strategy for threshold value.

Con dence of wrong labelled samples We show additional results over gure 6 in gure 18 for
CIFAR10 and CIFAR100. The model trained with RENT consistently reports lower con dence
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(a) C10 SN 200 (b) C10 SN 506 (c) C10 ASN 206

(d) C100 SN 206 (e) C100 SN 506 (f) C100 ASN 20%

Figure 18: Training data with incorrect labels divided by the con dence (threshold=0.5). Cycle
(Cheng et al., 2022) fof estimation, on CIFAR10 and CIFAR100.

values for noisy-labelled samples across different datasets compared to RW. This observation again
supports less memorization of RENT over RW.

(a) C10, SN 206 (b) C10, SN 506 (c) C10, ASN 206

(d) C100, SN 206 (e) C100, SN 5 (f) C100, ASN 20%

Figure 19: Evaluation based on the selected metrics for CIFAR10 and CIFAR100. We adopted
Cycle (Cheng et al., 2022) fdr estimation.

Resampled dataset quality Here, we show additional results over gure 7 in gure 19 for Cl-
FAR10 and CIFAR100. We show that RENT consistently surpasses the baselines in F1 score, im-
plying the good quality of the resampled dataset. We provide details about the baselines that were
used in our experiments as follows.

MCD Lee et al. (2019) assumes features of samples with noisy label will be far away from that of
samples with clean label. In this sense, they assume feature distribution as normal distribution and
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filter out noisy-labelled data using the Mahalanobis distance as the metric to discriminate whether
a sample is clean or noisy. Following the original paper, we select to use 50% samples of the data
with smallest distances.

FINE Kim et al. (2021) filters out noisy-labelled samples by eigenvector. Following the original
paper, we use the hyperparameter of clean probability of GMM as 0.5.

Considering FINE, there are cases when it shows unimaginably bad performance. We conjecture
these bad performances can be from two factors. First, please note that there are differences in
experimental settings. In the original paper, FINE utilizes ResNet 34 network, without max pooling
layer, with SGD optimizer. We utilize ResNet 34 for CIFAR10 and ResNet 50 for CIFAR100 with
Adam optimizer. Considering the dataset condition, we did not normalize input data following
Zhang et al. (2021b); Li et al. (2021) but FINE did and it would make differences in performance.
Second, since there is no reported result on the original paper when applying the FINE algorithm
to the model trained with transition matrix based loss functions, comparing this performance to
the performance from the original paper is impossible. With lower recall values, we assume eigen
decomposition of feature vectors would not discriminate clean samples efficiently.

F.6 ABLATION OVER THE SAMPLING STRATEGIES

Table 13: Ablation over the sampling strategies.

CIFAR10 CIFAR100
Base Sampling SN 20% SN50% ASN20% SN20% SNS50% ASN 20%
Batch 78.7 03 69.0 o.1 82.0 o5 389 12 289 11 384 o7

Forward Global 81.8 05 72.6 09 83.2 o6 323 22 44 19 33.3 21
Global.C  81.8 05 759 o4 83.5 03 373 o8 233 25 36.7 27

Batch 82.0 02 74.6 04 83.3 o1 39.8 09 27.1 19 39.8 07
DualT Global 81.7 o6 746 07 83.0 04 39.1 14 269 23 36.4 19
Global.C 813 07 74.1 o7 82.7 o6 389 13 273 30 38.7 16

RENT utilizes the resampling from the mini-batch as a default setting. However, sampling from the
mini-batch could also be changed to the dataset-level. As another ablation study on the sampling
strategies of RENT, we conduct sampling from the whole dataset level, which could be divided into
two; 1) global sampling from whole dataset, which we denote as Global, and 2) class-wise sampling
from whole dataset, which we denote as Global.C. Table 13 shows that each strategy shows robust
performances over the different experimental settings.

F.7 RENT vSs. SAMPLE-SELECTION

Apart from transition matrix based methods, sample selection methods dynamically select a subset
of training dataset during the classifier training, by filtering out the incorrectly-labelled instances
from the noisy dataset Han et al. (2018); Yu et al. (2019); Wei et al. (2020); Bahri et al. (2020);
Cheng et al. (2020). Our method, RENT, shares the same property with sample selection methods
by recognizing the resampling of RENT as noise-filtering procedure. Therefore, we compare the
performances of RENT with Coteaching Han et al. (2018), Jocor Wei et al. (2020), DKNN Bahri
et al. (2020) and CORES? Cheng et al. (2020). We report the details of the baselines as follows.

Coteaching Han et al. (2018) assumes samples with large loss are assumed to be noisy-labelled.
However, selecting samples based on the output of the trained classifier may cause the problem
of sampling only already-trained samples again. Therefore, it utilizes two networks with same
structures from different initialization point. It selects data with small loss from other network and
train model parameter with the selected data.

Jocor Wei et al. (2020) also considers the loss value as a metric to discriminate noisy-labelled data
and they utilize two networks with same structures, but they optimize two network at one time.

DKNN Bahri et al. (2020) considers data whose labels are different from the K-Nearest Neighbor
algorithm result as noisy-labelled data. We utilize k = 500 as reported in the original paper.
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CORES |Cheng et al.|(2020) select samples based on its output confidence with regularization term
making the model be more confident, since a classifier can be uncertain for clean labels when training
with noisy-labelled dataset. We set = 2 following the original paper.

For training Coteaching and Jocor, noisy label ratio is required as input information to decide the
sample selection portion. However, since we do not know this information, we followed the same
way as DualT |Yao et al.| (2020) for noisy ratio estimation, i.e. get the average of the diagonal term
of T as 1-noisy ratio. For T estimation, we utilize the algorithm of [Yao et al.|(2020).

Table 14: Comparison with Sample selection methods - ClothinglM. We did not report results on
DKNN because of too much computation.

Methods Coteaching  Jocor ~CORES? DKNN RENT
Accuracy (%) 67.2 04 68.4 01 664 07 — 69.9 o7

Table [7] and table [I4] compares test accuracies over the baselines and RENT. Our method shows
competitive performances over the baselines. It should be noted that Coteaching and Jocor requires
the training of two different classifiers, which requires more memory space and computation than
other methods.

F.8 WHEN NOISY DATASET IS CLASS IMBALANCED

Solving class imbalanced dataset with noisy label can be important (Koziarski et al., |2020; |Chen
et al., 2021; [Huang et al., |2022). Therefore, we experimented to show which T utilization would
work well under class imbalance. Following studies that solves class imbalanced learning |Cao
et al. (2019); Zhang et al.| (2023), we first make the imbalanced dataset with (the maximum number
of samples in class) (the minimum number of samples in class) is defined as imbalance ratio and
between two classes the number of samples in each class should increase in exponential order. Then,
we flipped the label to be noisy as we did previously.

Figure [20] shows the performance comparison of FL, FW and RENT with several T estimation
baselines. As we can see in the figure, again, RENT shows consistently good result over FL. and
RW. However, since there is no treatment to solve class imbalance issue in all of FL., RW and RENT,
the model performances decrease with higher class imbalance ration. This direction could be an
interesting future study.
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