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Abstract

Learning with noisy labels is a common problem in weakly supervised learning,
where the transition matrix approach is a prevalent method for dealing with label
noise. It estimates the transition probabilities from a clean label distribution to a
noisy label distribution and has garnered continuous attention. However, existing
transition matrix methods predominantly focus on class-dependent noise, making
it challenging to incorporate feature information for learning instance-dependent
label noise. This paper proposes the idea of using diffusion models for estimating
transition matrix in the context of instance-dependent label noise. Specifically, we
first estimate grouped transition matrices through clustering. Then, we introduce
a process of adding noise and denoising with the transition matrix, incorporating
features extracted by unsupervised pre-trained models. The proposed method
enables the estimation of instance-dependent transition matrix and extends the
application of transition matrix method to a broader range of noisy label data.
Experimental results demonstrate the significant effectiveness of our approach on
both synthetic and real-world datasets with instance-dependent noise. The code
will be open sourced upon acceptance of the paper.

1 Introduction

For classification problems with given labels, deep neural networks have demonstrated significant
improvements compared to traditional methods in recent years [25]. The efficacy of deep neural
networks heavily relies on the accuracy of the labels. Directly incorporating polluted erroneous labels
into network learning can result in the network fitting the noise, potentially severely impacting the
predictive performance of the network [8]]. However, in reality, obtaining accurate annotated data can
be prohibitively expensive, and a substantial amount of data comes from the Internet or is annotated
by non-expert annotators, inevitably containing noisy labels. Therefore, researching and promoting
methods to mitigate the damage to models and make them more robust in the face of label noise data
is a highly worthwhile problem to investigate, known as the problem of learning with noisy labels
(23] 110} 341 [11].

Different approaches have been proposed to address the problem of label noise. One category
[311122]] involves the design of specialized loss functions or network structures to enhance the model’s
robustness against noisy labels. Another major category focuses on sample selection [2, 10, [14],
where samples are partitioned into a set of clean samples and a set of contaminated noisy samples
based on the magnitude of the loss or the similarity of extracted features. The labels of the noisy
samples are then modified or their weights are reduced, followed by learning using semi-supervised
methods. Sample selection methods are currently mainstream and have achieved promising results.
However, the selection process relies heavily on intuition and lacks theoretical support. Additionally,
the sample selection procedure is often complex and computationally intensive. In contrast, another
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Figure 1: Diffusion Model for Transition Matrix.

significant category of methods is the transition matrix method [34}[17}[12}/42], which estimates the
transition probabilities from the clean label distribution to the noisy label distribution. This class
of methods reveals the generation process of noisy labels and exhibits statistical consistency, often
accompanied by theoretical analyses as methodological support. As a result, they have garnered
continuous attention and occupy an important position in various algorithms for learning with noisy
labels.

In transition matrix methods, accurate estimation of the transition matrix is crucial. If an accurate
estimation of the transition matrix can be obtained, along with the observed data for estimating the
posterior distribution of the noisy labels, it is possible to infer the distribution of clean labels for
neural network learning. Previous transition matrix methods [34}|17,/39]] have mainly focused on
class-dependent label noise, where a single transition matrix is estimated for all samples, which is
typically straightforward. However, for instance-dependent label noise and complex real-world data,
the label transition probabilities for each sample are not entirely identical. The transition matrix often
depends on the specific features of individual samples, requiring the estimation of a separate transition
matrix for each sample. However, in most cases, a single observed label corresponds to each sample
in the dataset, making it an identifiability problem to estimate a separate transition matrix for each
sample [20]. Although some methods [33|41}[15] have utilized separate small networks to generate
the transition matrix or divided the data into groups to transform it into a grouped class-dependent
scenario, there still exist significant estimation errors and a lack of incorporating features effectively
into the estimation of the transition matrix.

To better incorporate the feature information of images into the estimation of the transition matrix,
this work employs conditional diffusion models. The diffusion model originates from generative
models and has been widely applied in various computer vision tasks in recent years [36\[7], showing
remarkable results. The proposed method revolves around the core idea of replacing image samples in
the original diffusion process with a transition matrix. The matrix undergoes a process of adding noise
and denoising, where the denoising step incorporates the sample features extracted by a pre-trained
model as conditions. This generates a feature-dependent transition matrix. The constructed diffusion
module is illustrated in Figure[I] Additionally, considering the assumption that instance-dependent
label noise is usually correlated with features [6], clustering methods are utilized at the feature level
to group samples. Preliminary estimations of the transition matrices are obtained for each group,
which are then incorporated into the diffusion module for learning. The overall framework of the
method is depicted in Figure 2]

The subsequent sections are organized as follows. Section 2 presents an in-depth review of the
relevant works. In Section 3, we introduce our proposed model framework. Section 4 outlines
the experimental analysis conducted on diverse synthetic and real-world noisy datasets, along with
comparisons against other existing methods. Finally, we provide concluding in Section 5. The
primary contributions of this paper can be summarized as follows:

* We propose a method that utilizes diffusion models to add noise and denoise on the transition
matrix, incorporating image features extracted through pre-trained encoder.

* By combining the transition matrix-based diffusion model with feature-based clustering, we
establish a framework capable of addressing instance-dependent label noise problems.
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Figure 2: The overall framework of DTM.

* Our method demonstrates significant improvements over other transition matrix methods on
both synthetic and real-world noisy datasets, and it achieves comparable performance to
state-of-the-art methods.

2 Related Works

2.1 Transition Matrix Methods

Most previous methods for estimating transition matrix in the presence of label noise have primarily
focused on class-dependent noise scenarios, simplifying the estimation process. Methods such as
[24. 134] assume the existence of anchor points to identify the transition matrix. [17] and [39]
introduce different regularization techniques to relax the anchor point assumption. Additionally,
[26} 38]] apply techniques such as meta-learning to estimate the transition matrix, but these approaches
may require more clean data and computational resources. While these methods are effective for
handling class-dependent label noise, they are not suitable for instance-dependent noise or real-world
noisy data.

However, estimating an individual transition matrix for each sample without additional assumptions
or multiple noisy labels is infeasible [20]. To approximate the estimation of the instance-dependent
transition matrix, [9] utilize an adaptation layer that estimates the transition matrix based on the
output of each sample. [37] employs a separate network to estimate the transition matrix based on
Bayesian labels. Some methods, such as [33} |30} 41]], employ clustering to learn part-dependent
or group-dependent matrices, which can be viewed as a compromise between instance-dependent
and class-dependent methods. Other approaches, including [6} [12], utilize the similarity in the
feature space to aid in learning the transition matrix. Although these instance-dependent transition
matrix methods achieve identifiability through specialized treatments, they have not effectively
utilized feature information in the learning process, resulting in errors in estimating feature-dependent
transition matrices.

2.2 Diffusion Models

Diffusion models, as generative models, have played a significant role in computer vision [36}[7]].
Prominent examples include DDPM [11]], DDIM [27]], score matching methods [28]], and methods
based on stochastic differential equations [29]. Diffusion models and their variants have been applied
to various computer vision tasks such as image generation, image-to-image translation, text-to-image
generation, among others. However, their application to the problem of label noise is relatively novel.
To the best of our knowledge, only one existing work [3] has utilized diffusion models for addressing
this problem. However, this work treats labels as the output of the diffusion model, which limits
their expressive power due to the low dimension of the labels. Moreover, it overly relies on directly
incorporating image features as conditions in the label generation process, which depends heavily on
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pre-trained models and may not be as reasonable as incorporating them into the transition matrix that
reveals the process of noise generation. Experimental results also support this perspective.

3 Method

In this section, we present the definitions of symbols and introduce our method of using Diffusion
models to construct the Transition Matrix (DTM).

3.1 Preliminaries

Let X C R? be the input image space, Y = {1,2,-- -, C'} be the label space, where C is the number

of classes. Random variables (X,Y), (X,Y) € & x ) denote the underlying data distributions
with true and noisy labels respectively. In general, we can not observe the latent true data samples

D = {(a;,y;)} Y ,. but can only obtain the corrupted data D = {(a;,5;)} Y |, where § €  is the
noisy label corrupted from the true label y, while denote corresponding one-hot label as y and y.
Transition matrix methods use a matrix T'(x) € [0,1]9* to represent the probability from clean

label to noisy label, where the ¢j-th entry of the transition matrix is the probability that the instance
x with the clean label ¢ corrupted to a noisy label j. The matrix satisfies the requirement that the

sum of each row 25:1 T;j(x) is 1, and usually has the requirement for T;;(x) > T;;(x),Vj # i.
Let P(Y|X =z) = [P(Y = 1|X ==x),---,P(Y = C|X = z)]" be the clean class-posterior
probability and P(Y|X = z) = [P(Y = 1|X = z),---,P(Y = C|X = z)|" be the noisy
class-posterior probability, the formula can be write as:

PY|X=x2)=T(z) P(Y|X = x). (1)

By estimating the transition matrix and the noisy class-posterior probability, the clean class-posterior
probability can be inferred by

PY|X=2)=T(z)" "P(Y|X = x), 2)
where the symbol — T denotes the transpose of the inverse matrix.

The majority of existing methods [24}[10}[17] focus on studying the class-dependent and instance-
independent transition matrix, i.e., T'(x) = T for Va. However, these methods are not applicable to
instance-dependent noise scenarios where the transition matrix T'(x) varies with respect to the input
X. The main focus of our work is to utilize the feature information from input images to construct a
instance-dependent transition matrix T'(x).

3.2 Diffusion Model for Transition Matrix

We adopt the classic DDPM model [11] from diffusion models as a reference to perform noise
addition and denoising on the transition matrix. The diagram is illustrated in Figure[I]

For the forward diffusion process beginning with transition matrix Ty ~ ¢(T'), the process of
gradually adding noise is obtained according to the following Markov process:

4(Ton | Trat) = N (T V1= BuTn1, Bl ) 3

form =1,2,--. , M, where we use M to replace 7', which is usually used in other diffusion models,
in above equation for distinguishing from the symbol of transition matrix 7.

We aim to make the distribution of ¢(T' ;) approach a standard normal distribution A/ (0, I) and
through T'j; to conduct the reverse denoising process by fitting a neural network p, to fit the
disttibution:

Do (Tm—l | Tm) = N (Tm—l; 127 (T7m Z, fp7 m) 7BmI> 5 (4)
where define 3, = 1;5‘5:1 Bms @ =1 — B, &m = [[1-; @i. The f, in equation (4) denotes the

pre-trained encoder for feature extraction.
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The diffusion model can be learned by optimizing the evidence lower bound:

M
Leso =Fg [Ly+ Y L1+ Lo, )

m>1
where
Lo = —logpy (To | Th),
Ly—1 =Dk (¢(Tim-1|Tm,To)llpe (Trn—1|Twm)), (6)
Ly = Dxr (q(Tar | To) l|po (Tar)) -
Similar to the derivation and simplification process of DDPM, when a pre-trained encoder f,, is

provided along with the training data incorporating the initial transition matrix 7, the learning
algorithm for the diffusion model is presented in Algorithm I]

Algorithm 1 Diffusion Model for Transition Matrix

Input: Training data {z;, T;}}¥ ,, pre-trained encoder f,,.
while not converged do

Sample (xq, T'y) from data

Sample m ~ {1,--- , M}

Sample noise € ~ N (0, 1)

Take gradient descent step on the loss:

V@ He — €p (\/ meO + v 1- @mea::co:fpam)“2

end while

Next, for each image x, we can sample the corresponding transition matrix T'(x) as shown in
Algorithm 2.

Algorithm 2 Sample for Transition Matrix
Sample T'; ~ N(0,1)
form=M,---,1do
z~N(0,1)ift > 1,else z =0
To1 = = (T — 229 (T, @, fpm) ) + 0z
end for
Output: T,

3.3 Feature-Dependent Framework

From Algorithm[I} it can be observed that there are two components of the diffusion process that
need to be provided in advance: the pre-trained encoder f, and the initial input T'(x).

The pre-trained encoder f, can be obtained through self-supervised learning or directly using the
large model like CLIP. In our experiments, we employ the commonly used SimCLR [4] method in
contrastive learning as the feature extraction model.

On the other hand, the part involving the transition matrix T'(x) used for learning the diffusion
model is also related to the pre-trained encoder f,,. Based on the assumption that the noise transition
probability depends on image features, we adopt a group-dependent transition matrix as the initial
input. We perform clustering algorithms at the feature extraction level f,(x), using the K-means
method in our experiments, to group the image data. Then, based on the method VolMinNet [17]], we
train class-dependent transition matrices for each group and obtain the initial transition matrix T"(x)
for each image «, which is then used as input in Algorithm It is worth to note that the initial T'(x)
used as input for the diffusion process does not require different for each . However, the denoising
process of the diffusion model will further incorporate the feature information into the learning of the
transition matrix.
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After obtaining the instance-dependent estimated transition matrix 7'(x), the neural network can be
learned to fit the clean label distribution by the loss function:

=¥ Zf ) fo(:).85) ™

where fg(-) : X — AL (A®~1 C [0,1]¢ is the C-dimensional simplex) is a differentiable
function represented by a neural network with parameters ¢ and £ is a loss function usually using
cross-entropy (CE) loss.

The schematic diagram of the proposed framework is shown in Figure 2] and the pseudocode is
presented in Algorithm [3]

Algorithm 3 A framework of DTM

Input: Training set {(x;, yi)}fil, pre-trained encoder f),, diffusion model €, classification neural
network f.
1: Utilize input data to train f,, or directly utilizing f,, to extract features.
2: Perform K-means on feature space and estimate the transition matrix for each group to get data
{@i, T}
3: Train the dlffusmn model €y with Algorlthml
4: Sample instance-dependent train matrix T'(x) for any input image x; with Algorlthml
5: Update the parameters of the classification network by incorporating the transition matrix T'(x;)
into equation (7).
Output: Network parameters ¢.

3.4 Matrix Transformation

Considering that the transition matrix typically require the sum of each row Zle T;;(x)is 1, and

for T;;(x) > T';;(x), V] # i, we employ a transformation during the update learning process in our
practical experiments.

We utilize a C' x C' weight matrix W = (w;;) to assist in the process. Denote matrix A as
A;i=140(wy)forallie {1,2,...,C} and Aij = o (w;;) for all ¢ # j where o is the sigmoid
ST, A,
Through this transformation, we ensure that the learned transition matrix has row sums equal to 1 and
that the diagonal elements are the largest in each row. In practical experiments, we apply the diffusion
modeling discussed in subsection [3.2)to the matrix W, and then transform it into the transition matrix
T for application. To simplify the notation, we uniformly use the term of transition matrix W to
represent it, unless it leads to singularity.

function. Then we do the normalization T';; = - to get the transition matrix 7T'.

4 Experiments

In this section, we present experimental findings to showcase the effectiveness of our proposed
method compared to other methods. We evaluate our approach on both synthetic instance-dependent
noisy datasets and real-world noisy datasets.

4.1 Datasets

We conduct experiments on following image classification datasets: CIFAR-10 and CIFAR-100 [13]],
CIFAR-10N and CIFAR-100N [32], ClothinglM [35]], Webvision and ILSVRC12 [16]. Among
them, CIFAR-10 and CIFAR-100 both have 32 x 32 x 3 color images including 50,000 training
images and 10,000 test images. CIFAR-10 has 10 classes while CIFAR-100 has 100 classes. We
generate instance-dependent noisy data on CIFAR-10 and CIFAR-100 with noise rates ranging from
10% to 50%, following the same generation method as in [33]. CIFAR-10N has three annotated
labels, namely Random1, Random 2 and Random 3. The "Aggregate" is the aggregation of three noisy
labels by majority voting, and the "Worst" is the dataset with the worst case. For CIFAR-100N, each
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image contains a coarse label and a fine label given by a human annotator. Clothing1M is a real-world
dataset consisting of 1 million training images, consisting of 14 categories. WebVision contains 2.4
million images crawled from the websites using the 1,000 concepts in ImageNet ILSVRC12, but only
the first 50 classes of the Google image subset are used in our experiments. For the validation set
selection in our BTR method, we randomly sampled 10 samples from each observed class for each
dataset to form the validation set, while the remaining samples were used for the training set.

4.2 Experimental Setup

For the pre-trained model, we employ the commonly used SimCLR model [4] from contrastive
learning, which directly performs self-supervised learning on input images without utilizing additional
datasets. For the diffusion model, we follow the setup similar to DDPM [11]] to set 51 = 1074, B =
0.02 and utilize a similar U-Net network architecture but we reduce the M from 1000 to 10 to
accelerate the learning process. As for the classification network, it may vary depending on the
specific dataset. More specifically, for CIFAR-10/10N, we use ResNet-18 as the backbone network
with batch size 128 and learning rate 0.05. For CIFAR-100/100N, we use ResNet-34 network
with batch size 128, learning rate 0.02. For clothinglM, we use a ResNet-50 pre-trained with 10
epochs, batch size 64, learning rate 0.002 for network and divided by 10 after the 5th epoch. We use
InceptionResNetV2 network on Webvision, with 100 epochs, batch size 32, learning rate 0.02 for
network and divided by 10 after the 30th and 60th epoch. For clustering, we utilize the K-means
method, where the number of clusters is set to 10 times the number of classes in the datasets. For
the initialization of transition matrix, the update method and setting are consistent with [17]. While
the updates for other parameters are performed using the stochastic gradient descent optimization
method.

Table 1: Test accuracy with instance-dependent noise on CIFAR-10/100.

CIFAR-10
IDN-10% IDN-20% IDN-30% IDN-40% IDN-50%
CE 88.86+£0.23  86.93+0.17 82.42+0.44 76.68+0.23 58.93+1.54

VolMinNet | 89.97+0.57 87.01+0.64 83.80+0.67 79.52+0.83 61.90+1.06
PeerLoss | 90.89+0.07 89.21+0.63 85.70+0.56 78.51+1.23 59.08+1.05
BLTM 90.45+0.72  88.14+0.66 84.55+0.48 79.71+£0.95 63.33+£2.75
PartT 90.32+0.15 89.33+0.70  85.33+1.86  80.59+0.41 64.58+2.86
MEIDTM | 92.91+0.07 92.26+0.25 90.73+0.34 85.94+0.92 73.77+0.82
SOP 93.58+0.31 93.07+£0.45 92.42+0.43 89.83+0.77 82.52+0.97
CcC 95.24+0.20 93.68+0.12 93.31+0.46 94.97+0.09 91.19+0.34
LRA 95.87+0.42  94.770+0.28 93.79+0.40 92.72+0.29 90.95+0.43
DTM 96.45+0.17 95.90+0.21 95.14+0.20 94.82+0.31 92.04+0.42

CIFAR-100
IDN-10% IDN-20% IDN-30% IDN-40% IDN-50%
CE 66.55+0.23  63.94+0.51 61.97+1.16 58.70+0.56 56.63+0.69

VolMinNet | 67.78+0.62 66.13+0.47 61.08£0.90 57.35£0.83 52.60+1.31
PeerLoss | 65.64+1.07 63.83£0.48 61.64+0.67 58.30+0.80 55.41+0.28
BLTM 68.42+0.42 66.62+0.85 64.72+0.64 59.38+0.65 55.68+1.43
PartT 67.33£0.33  65.33£0.59 64.56+1.55 59.73+0.76 56.80+1.32
MEIDTM | 69.88+0.45 69.16+0.16 66.76+0.30 63.46+0.48 59.18+0.16
SOP 74.09£0.52  73.13x0.46 72.14+0.46  68.98+0.58 64.24+0.86
CcC 80.52+0.22  79.61£0.19 77.34+0.31 76.58+0.25 72.68+0.36
LRA 81.20+0.16  80.53+0.29 78.22+0.19 76.55+0.31 72.97+0.51
DTM 82.96+0.25 82.04+0.32 80.87+0.45 78.56+0.60 74.85+0.56

4.3 Comparison Methods

In our experiments, we included the following common transition matrix and baseline methods as
comparison: (1) VolMinNet [17]], (2) PeerLoss [21] (3) BLTM [37]], (4) PartT [33], (5) MEIDTM
[6], as well as state-of-the-art methods for learning with noisy labels: (6) Co-teaching [10], (7) ELR+
[L8], (8) DivideMix [14], (9) SOP and SOP+ [19]], (10) PGDF [5], (11) CC [40], (12) LRA [3]
with SimCLR as encoder similarly.
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Table 2: Test accuracy on CIFAR-10N and CIFAR-100N.
CIFAR-10N CIFAR-100N
Aggregate Random 1 Random?2 Random 3 Worst Noisy
Co-teaching | 91.20£0.13 90.33+£0.13 90.30+0.17 90.15+0.18 83.83+0.13 | 60.37+0.27
ELR+ 94.83+0.10 94.43+0.41 94.20+0.24 94.34+0.22 91.09+1.60 | 66.72+0.07
DivideMix |95.01+0.71 95.16+0.19 94.89+0.23 95.03+0.20 92.56+0.42 | 71.13+0.48
SOP+ 95.61+0.13 95.28+0.13 95.31+£0.10 95.39+0.11 93.24+0.21 | 67.81+0.23
PGDF 95.35+0.12 94.95+0.21 94.78+0.34 94.92+0.28 94.22+0.29 | 67.76+0.35
CC 95.63+0.21 95.11+0.31 94.93+0.37 95.09+0.21 94.24+0.40 | 71.21+0.22
LRA 94.57£0.23 94.19+0.17 94.38+0.42 94.02+0.32 93.20+0.59 | 70.96+0.53
DTM 96.13+0.17 95.98+0.22 96.01+0.28 95.78+0.34 94.93+0.21 | 72.51+0.30

4.4 Experimental Results on Synthetic Datasets

We primarily validated our proposed method DTM against previous instance-based transition matrix
methods on synthetic CIFAR-10/100 noise datasets. These methods mainly focus on estimating the
transition matrix and some methods applicable to instance-dependent label noise. We performed 5
independent runs for each experimental configuration, and the average values and standard deviations
of each experiment are presented in Table [I]

The results demonstrate that our proposed DTR method outperforms other methods of the same
category across various noise rates. It is evident that traditional transition matrix methods for class-
dependent noise as VolMinNet exhibit subpar performance when handling instance-dependent noise.
While even advanced transition matrix methods for instance-dependent label noise such as BLTM,
ParT and MEIDTM, still show significant gaps compared to our method.

Furthermore, as the noise rates increase, the test accuracy of existing transition matrix methods
significantly decline. This is particularly pronounced in the case of CIFAR-100 with 50% instance-
dependent noise (IDN) data, where all transition matrix methods achieve test accuracy below 60%.
In contrast, our proposed DTR method achieves a remarkable test accuracy of 74.85%, showcasing
its exceptional performance. That demonstrates relatively robust performance of DTM with only a
slight decrease as the noise rate increases.

This experiment clearly demonstrates that there is a significant performance gap between previous
transition matrix methods and other advanced techniques, such as CC and LRA, when dealing with
instance-dependent noise problems. However, the experimental results indicate that our proposed
method DTM, which incorporates the diffusion model into the estimation of the transition matrix,
outperforms these advanced techniques, except for the case of 40% noise in CIFAR-100, where
our method slightly underperforms CC. It is evident that by leveraging the diffusion modeling to
estimate the transition matrix, we effectively incorporate the image’s feature information, leading to a
substantial improvement in the effectiveness of the transition matrix.

4.5 Experimental Results on Real-World Datasets

In addition to synthetic datasets, we also applied our method to real-world datasets and compared it
with other state-of-the-art techniques for handling label noise problems. The results are presented in
Table 2land Table Bl

Table 3: Test accuracy on Clothing]M, Webvision and ILSVRC12.

ClothinglM  Webvision ILSVRCI12

Co-teaching 69.2 63.6 61.5
ELR+ 74.81 77.78 70.29
DivideMix 74.76 77.32 75.20
SOP+ 74.98 77.60 75.29
PGDF 75.19 81.47 75.45
CcC 75.40 79.36 76.08
LRA 75.32 80.05 76.64
DTM 75.57 81.95 77.55
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The results demonstrate that regardless of the type of noise labels, whether it is aggregated, random,
or the worst-case scenario in CIFAR-10N, as well as in CIFAR-100N with more label categories,
our method consistently achieves the best results in handling real-world noise. When dealing with
large datasets like ClothinglM and complex image datasets like Webvision, DTM also performs
comparably to other state-of-the-art methods.

Through extensive experiments on five real-world datasets and the rusults on synthetic datasets above,
our method outperforms the LRA method, which also utilizes the diffusion model for label noise
problems. The LRA method models label diffusion with fewer dimensional information and lacks the
rationale of our method, which considers noise generation from a transfer probability distribution
perspective. The experiments demonstrate that our method achieves better learning performance by
effectively integrating the transition matrix with the diffusion model.

4.6 Ablation Study

Besides the aforementioned experiments, we conducted ablation studies on proposed DTM method
to assess the importance of each component. Table 4| presents the comparative results under 20%
and 40% instance-dependent noise rates, where "w/0" denotes "without". We conducted ablation
experiments on three components of our method, they are diffusion module, pre-trained encoder
module, and clustering module respectively. "w/o diffusion" indicates directly using the features
extracted by the pre-trained model for the classification task with the transition matrix. "w/o pre-train”
means not extracting features through self-supervised learning and directly utilizing the classification
network with the diffusion model. "w/o clustering" indicates that the initial transition matrix used for
the diffusion model is the same for all samples.

Table 4: Ablation study of DTR. The data in the table represents the test accuracy.

CIFAR-10 CIFAR-100
IDN-0.2 IDN-0.4 | IDN-0.2 IDN-0.4
w/o pre-train 90.52 83.61 66.17 61.79
w/o clustering 92.25 88.35 71.93 66.47
w/o diffusion 93.74 91.66 79.82 73.51

DTR 95.90 94.82 82.04 78.56

From the results in Table [ it can be observed that regardless of which component of diffusion
module, pre-trained encoder module and clustering module is missing, the performance is consistently
weaker compared to the original DTM. This indicates that each module plays a crucial role in our
method. Our approach effectively combines the transition matrix, diffusion model, and pre-trained
feature extraction, leading to significant improvements.

5 Conclusion

In this paper, we propose a method that models the transition matrix using diffusion models, incorpo-
rating the feature information extracted by a pre-trained encoder into the estimation of the transition
matrix. This approach enables the model to handle instance-dependent label noise with a wider range
of applicability. Experimental results on both synthetic and real-world noisy datasets demonstrate the
effectiveness of our proposed method.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main content and contributions of the work are reflected in the abstract
and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: In the experimental section, we analyze the applicability and limitations of our
method.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

13



462

463
464

465

466

467
468
469
470
471
472
473
474

475

476

477
478
479

480

481
482

484

485
486
487
488
489
490
491
492
493
494

496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514

515

Answer: [NA]

Justification: The focus of the work is on application and does not include a theoretical
proof component.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides a detailed description of the model construction and the
specifics of the experimental data.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Upon acceptance of our paper, we will provide open-source code. The data we
used is from commonly available open-source datasets.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The experimental section of the paper provides details of the model and data.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We conducted multiple repeated experiments to validate our approach and
performed ablation experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We list the relevant details in the experimental section.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We submitted the paper following the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss the positive implications of our work and ensure it does not have
any negative societal impact.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: There are no concerns in this regard regarding this work.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The data and code used in our work are all publicly available and open-source.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

17


paperswithcode.com/datasets

671
672

673
674
675

676
677

678

679

680

681

682
683

685
686

687
688
689

690
691
692

693
694
695
696
697
698
699
700
701
702

704
705

706
707
708
709

710
71
712
713
714
715
716
77
718
719
720
721
722

13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper currently does not include any new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
* Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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