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Abstract

In image classification, the label quality of training data
critically influences model generalization, especially for
deep neural networks (DNNs). Traditionally, learning from
noisy labels (LNL) can improve the generalization of DNNs
through complex architectures or a series of robust tech-
niques, but its performance improvement is limited by the
discriminative paradigm. Unlike traditional ways, we re-
solve the LNL problems from the perspective of robust label
generation, based on diffusion models within the genera-
tive paradigm. To expand the diffusion model into a robust
classifier that explicitly accommodates more noise knowl-
edge, we propose a Directional Label Diffusion (DLD)
model. It disentangles the diffusion process into two paths,
i.e., directional diffusion and random diffusion. Specifi-
cally, directional diffusion simulates the corruption of true
labels into a directed noise distribution, prioritizing the
removal of likely noise, whereas random diffusion intro-
duces inherent randomness to support label recovery. This
architecture enable DLD to gradually infer labels from
an initial random state, interpretably diverging from the
specified noise distribution. To adapt the model to di-
verse noisy environments, we design a low-cost label pre-
correction method that automatically supplies more accu-
rate label information to the diffusion model, without re-
quiring manual intervention or additional iterations. Our
approach outperforms state-of-the-art methods on both sim-
ulated and real-world noisy datasets. Code is available at
https://github.com/SenyuHou/DLD.

1. Introduction

Deep neural networks (DNNs) have achieved notable suc-
cess across key areas of machine learning, driven by the
growth of datasets and the increase in model parameters.

*Corresponding author.

These models are primarily trained using supervised learn-
ing, which relies heavily on large volumes of labeled data
[5]. However, real-world data often suffer from low-quality
labels due to subjective errors like indistinguishable sam-
ples or objective errors such as incorrect label recording,
making noisy labels a widespread issue [13, 55]. Studies
have shown that the generalization capability of deep neu-
ral networks is adversely affected when trained with noisy
labels [1, 59]. Consequently, it is crucial to develop meth-
ods for learning from noisy labels (LNL) on large-scale but
low-quality datasets.

Due to the varied distribution of label noise, histori-
cal research has classified it into class-conditional noise
(CCN) and instance-dependent noise (IDN) [57]. Recent
studies indicate that label noise in real datasets predom-
inantly aligns with the IDN assumption, wherein noise is
unevenly distributed and more likely in samples with sim-
ilar features [2, 6, 10-12, 51]. To tackle these complex
noise patterns, mainstream LNL methods employ strategies
combining filtering and training approaches. Some studies
demonstrate a phenomenon known as the memorization ef-
fect [1, 3, 29, 56], i.e., DNNs first learn from simple data
before fitting to noisy samples. Based on this observation,
sample selection strategies utilize confidence levels or pre-
diction loss during training intervals to identify noisy sam-
ples [17, 24, 28, 58]. However, this strategy is inherently
risky, as the timing of noise memorization varies across
datasets and noise distributions, complicating the selec-
tion criteria [6, 39]. Consequently, mainline LNL methods
can often be integrated with training strategies to enhance
model robustness, employing techniques like label filtering
[17, 36, 50, 58], label correction [47, 60, 64], robust loss
[16, 48, 61], and semi-supervised learning [28]. Among
these techniques, semi-supervised learning, by combining
multiple approaches [34, 37, 49], often outperforms other
LNL methods but is still constrained by the discriminative
framework. Although some researches attempt to combine
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variational autoencoders (VAE) [25] with DivideMix [28]
to address label noise [15], most methods remain focused
on discriminative models.

In this paper, we shifts away from the traditional LNL
perspective, proposing robust classification models using
label diffusion models that focus on the generative model-
ing and deeply explores the generative relationship between
features and labels. Under this paradigm, labels are gen-
erated by gradually refining an initial random guess. The
uncertainty modeling in diffusion models inherently meets
some robustness requirements, as random label generation
can offset some noise interference [4, 18]. However, this
type of diffusion process lacks information about noisy la-
bels. Intrinsic uncertainty alone is insufficient to handle
complex noisy environments. Inspired by the residual dif-
fusion denoising models (RDDM) [32], we explore a novel
Directional Label Diffusion (DLD) model that incorporates
noisy label information into the diffusion process. In DLD,
we decouple the diffusion process into two channels: direc-
tional diffusion and random diffusion (see Figure 1). The
directional diffusion guides the initial label towards a more
probable noise direction (e.g., a green automobile may be
misclassified as a frog or other classes, as indicated by the
probability distribution in the third column in Figure 1),
while random diffusion retains the original diffusion mech-
anism. This approach injects information about which cat-
egories should not be generated into the label generation
paradigm, enhancing the interpretability of the diffusion
model’s robust inference. Unlike conventional label diffu-
sion, our diffusion process concludes with an endpoint that
includes the potential noise distribution of the sample (i.e.,
yr = Yn + €) and employs two independent coefficient
schedules to control the diffusion speed of both channels.

One challenge is that only noisy labels are available in
practice for training, so neither y nor y,, can be obtained
directly. Few researchers employed neighborhood detec-
tion techniques like KNN to re-estimate yq [4]. However,
under the IDN assumption, neighborhood labels of noisy
samples often contain similar errors, making naive label es-
timation methods unreliable and potentially causing y( to
deviate from the ground truth (see Figure 3). To address
these issues, we further propose a straightforward and ef-
ficient label pre-correction method that automatically pro-
vides diverse label information for diffusion model train-
ing. This framework employs feature extractors to iden-
tify the neighborhood label distribution of samples. Note
that these extractors are either trained with self-supervised
methods [7, 19, 65], which require few additional training
iterations, or use pre-trained models without further train-
ing, thus remaining unaffected by label noise. Additionally,
this pre-correction strategy allows the seamless integration
of pre-trained large-scale models such as Sim-CLR [7] and
vision transformer (ViT) [40] into our framework to further
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boost the performance. The main contributions of this work
are summarized as follows:

* We propose a novel Directional Label Diffusion (DLD)
model that explicitly introduces interpretable noise infor-
mation through a dual diffusion architecture, enabling ro-
bust learning of label generation patterns from noisy data.
We design a fast label pre-correction method that auto-
matically provides more accurate label information for
the diffusion process and richer feature conditions for the
generation process. By leveraging the consistency princi-
ple, this method pre-estimates the label distribution in a
single iteration without incurring additional costs.

We refine the paradigm for introducing feature conditions
with rigorous theoretical deduction and provide comple-
mentary training strategies to enhance robustness further.
We experimentally show that our model surpasses the
state-of-the-art (SOTA) methods on both simulated and
real-world noisy datasets, e.g., 6%~21% accuracy im-
provement on the CIFAR-100 dataset with IDN.

2. Related Work
2.1. Learning from Noisy Labels

Screening and training strategies are central to LNL meth-
ods, aiming to distinguish noisy from clean samples and to
optimize model learning under noisy conditions. Screen-
ing strategies, like Co-teaching [17], select low-loss sam-
ples as clean, while DivideMix [28] uses a Gaussian mix-
ture model to automatically identify clean samples during
training. Confidence-based methods like CC [62] and DISC
[31] classify samples with unreliable predictions as noisy,
whereas neighbor consistency regularization (NCR) [22]
promotes learning from samples with high neighbor con-
sistency. Our pre-correction method is based on similarity
constraints across multi-view label distributions and lever-
ages a feature extractor to provide high-quality information
to the diffusion model without requiring additional iterative
training. For training, models such as SEAL [6] iteratively
correct noisy labels, but this often risks worsening outcomes
[23]. Robust loss functions, like mean absolute error (MAE)
[16] and generalized cross entropy (GCE) [61], enhance re-
silience to noisy labels, while DAC [45] and DMI [54] of-
fer advanced mutual information-based losses. Approaches
like DivideMix [28] treat LNL as semi-supervised learning,
supported by methods like CC [62], C2D [63], and ELR
[33] to refine the process. Without complex iterations or
loss design, our method utilizes a lightweight diffusion net-
work and a simple L2 loss to quickly learn the feature-label
generation relationship.

2.2. Label Denoising Diffusion Models

Diffusion models were initially designed for image gen-
eration tasks and can be understood through the lenses of
score matching and dynamics. Ho et al. [21] introduced a
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Figure 1. The proposed Directional Label Diffusion (DLD) model includes diagrams illustrating both the forward and reverse processes.
In the forward process, diffusion is decoupled into two channels: random diffusion and directional diffusion. Random diffusion represents
the transformation of y into random Gaussian noise €, while directional diffusion describes the transformation of y¢ into a specific sample
noise label distribution y,,. Ultimately, yo diffuses to the endpoint yr = yo + €. Notably, the features of the samples serve as control
conditions, guiding the generation of labels only during the reverse process.

more classical interpretative framework known as denoising
diffusion probabilistic models (DDPM), which have been
widely applied across diverse domains. RDDM expands the
denoising-based diffusion models, initially uninterpretable
for image restoration, into a unified and interpretable model
for both image generation and restoration by introducing
residuals. Classification and regression diffusion models
(CARD) [18] reconstruct the classification as a conditional
generative task, generating labels from dimensionally re-
duced image features via a pre-trained encoder. Building on
CARD, label-retrieval-augmented (LRA) diffusion model
[4] re-estimates the generation targets through neighbor la-
bel retrieval, improving label accuracy. Our model disen-
tangles the diffusion process into directional and random
diffusion channels, enhancing diffusion quality through pre-
correction, which leads to train a more robust label diffusion
model.

3. Preliminary

In this section, we primarily introduce the label denoising
diffusion models (LDDM), which is constructed based on
the theoretical framework of the DDPM [21]. We start by
defining the data distribution y ~ ¢ (yo) and a Markovian
forward (diffusion) process q, which progressively adds
Gaussian noise € ~ A (0,I) to the labels based on diffu-
sion strength 3;, diffusing label y to y:

qye | yi—1) =N (Yﬁ v1- 5th—175tI) , (D

Under Bayes’ theorem, one finds that the posterior distribu-
tion of the forward process can be represented as a Gaussian
distribution with mean fi; (y¢, yo) and variance 53; :

q(Yi-1 | e, y0) ZN(yH;ﬂt (Yt7YO)aBtI), 2)

where fi; (y¢,y0) = @Btyo + ﬁga—&azt_l)

> -
By = gtl B¢, In the reverse process, we naturally em-

y: and

1—
ploy a neural network to perform Markovian inference

from ¢(yr), fitting the posterior distribution ¢ (y:—1 | y¢)
through to yg. Since the variance of the posterior Gaussian
distribution depends only on the diffusion strength corre-
sponding to time ¢, the neural network focuses primarily on
predicting and learning the mean:

po (Yeo1 | ye) =N (Yt—1§,u9 (ye,t) 7Bt1) .3

To train this model such that py (yo) closely approximates
q (yo), we can optimize the variational lower bound (VLB),
however, research [7] found that directly predicting the
mean was not effective, so they reparameterized the esti-
mation target, constraining the neural network to estimate
the actual noise of the diffusion process and simplified the
loss function:

2
17

“)
During inference, we utilize the label noise estimated by
the model, restoring the mean of the label at time ¢ — 1 to

retrieve its distribution form, and then gradually performing
random sampling until generating the label y:

Lgmple = Ei1,7],y0~a(yo),e~N01) ||| € = €0 (¥i,1)

1 1-0[15

= \/70[7 (yt - \/17—76@60 (}’tyt)> + \/Eza )

where z ~ A (0,I). Unfortunately, this label generation
process lacks any conditional information, resulting in ran-
dom label generation for images with identical features,
which fails to achieve classification. To address this, we

Yi-1
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analyze the foundational paradigm of conditional label dif-
fusion models in Appendix A and simplify the method of
feature conditioning.

4. Directional Label Diffusion Model

Based on LDDM, our goal is to develop a directional diffu-
sion process on labels to introduce more knowledge about
noise. We modify the representation of yr = € in LDDM
to yr = yn + € in our DLD, where y,, is an estimation
of noisy label distribution. The improved forward process
is no longer a simple random noise diffusion but is disen-
tangled into two paths of directional diffusion and random
diffusion, as shown in Figure 1.

In the following subsections, we first outline the over-
all framework of our model in Section 4.1. Next, in Sec-
tion 4.2, we present the foundational theory of the DLD
diffusion process and analyze the method of conditional
control. In Section 4.3, we describe the reverse process
and training method, including optimizations for introduc-
ing feature conditions and an adapted accelerated inference
method. Finally, in Section 4.4, we describe the rapid label
pre-correction method within the DLD framework.

4.1. Model Overview

We propose the Directional Label Diffusion (DLD) frame-
work, with the overall process illustrated in Figure 2. The
framework contains two main stages: label pre-correction
(Stage 1) and the directional label diffusion model (Stage
2). In stage 1, we first use two different data augmentation
methods to provide two views for each sample, then use
a pre-trained feature extractor f.,; to observe the neigh-
borhood label distribution p,, and ps of the same sample
in two feature spaces. Based on similarity constraints and
the principle of neighborhood consistency, we divide the
dataset into clean, noisy, and hard sets. Then, The label pre-
corrector and noise distribution estimator prepare y, and
yn» based on the sample partitioning results, using yq as the
initial diffusion label and y,, as part of the diffusion end-
point for the next stage of model training. Otherwise, we
introduce both augmented image features and high-quality
features extracted by f., into the training process to jointly
guide the learning of the robust diffusion model.

4.2. Forward Process of DLD

To model the random diffusion of labels and the addition of
directional noise information, we define the single forward
(diffusion) process step in our DLD as follows:

Yi =Yi—1 + aya + B, (6)

where y, is the deviation between y,, and yq (i.e., yq =
Yn — Yo), representing the directional shift contained in the
diffusion from y;_; to y;. Two independent coefficients,c

and (; control the degrees of directional and random dif-
fusion, respectively. Based on the additivity of Gaussian
noise, we derive the jump diffusion formula from yg to y;
without requiring single-step continuous diffusion (see Ap-
pendix B for the proof):

Yt = Yo + &ya + Bre, (N

where &, = 32! o and By = />'_ B2 Whent = T,
we hope yr = yn + € = Yo + Ya + € so we usually set
ar = BT = 1. This implies that the two coefficients o
and [3; are not arbitrary transformations; rather, they should
satisfy a specific sum constraint. Then, we redefine the con-
ditional Markov diffusion process similar to the directional
label forward distribution ¢ without condition (detailed the-
oretical framework in Appendix C), assuming that when
conditioned on features x, the prior distribution of § is the
same as q:

4 (yelyt—1,¥a,%) = ¢ (¥e|ye-1,¥a)

®)
=N (Yt;}’t—l + atYdaBEI) )
T
i (yir | yo.ya:x) = [[d(y: | yi-1,¥a,%)
=1 ©)

=N (Yt7}’0 + @tyd78t21) )

which means that the diffusion process of the labels is not
influenced by any image features.

In Appendix C, using Bayes’ rule and Taylor expansion,
we derive the conditional posterior distribution during the
forward process:

G(ye-1 Y6, ¥0,¥a,X) = N (yi-1; i, 0¢1) (10)

2
where iy = y; — ayq — %6 +0¢Vy,_, log ¢ (x|y:—1,ya)

252
and 6; = 6‘?3’1

. The last term in fi; can be considered
a deviation to tthe unconditional distribution mean, guided
by the first derivative of G (x|y:—1,ya), indicating that the
decoding information from y;_; to x should be introduced
in training.

4.3. Reverse and Training Process of DLD

Reverse Process and Training. In the reverse (generation)
process, as indicated by Eq. 6, we need to simultaneously
predict y; and e to progressively recover yr to yo. There-
fore, we can train two independent networks to estimate yfll
and €y, , respectively, to compute the reverse posterior dis-
tribution. Furthermore, we directly use feature information
as input for two networks:

po (yi—1 |y, %) =N (yi—1; 9. 671) . (11)
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Figure 2. Overview of the DLD framework. During Stage 1, the noisy dataset is quickly divided into three subsets. Then, we estimate yo
and y,, for each samples based on Eq. 14 and Eq. 15. In Stage 2, the label information and augmented features from Stage 1 are jointly
used to train a directional diffusion model (blue bars represent random diffusion and gray bars represent directional diffusion).

Based on the analysis of the forward process, we adopt a
straightforward approach which naturally integrates the de-
coding process into the diffusion model architecture by a
fixed decoding layer L; to map y into the feature space of
x. Detailed information about the specific diffusion model
network structure is shown in Appendix Figure C.1.
By optimizing the VLB and reparameterization [21], we
derive the following simplified loss function for training:
0 2
Ed:Hyd_ydl (}’taYn»Xat) || ) (12)

I (13)

Ee = H € — €p, (Yu}’n,X,t)
where € ~ N (0,1), and the training input y; is synthesized
using Eq. 7. Algorithm 1 describes the training procedure.
Inference. Since the classification diffusion model is de-
terministic in inference and the dimensionality of the la-
bel vector is much lower than that of images, we mimic
the inference process of DDIM [44] to generate labels in as
few steps as possible without affecting the generated cate-
gories. We can gradually sample labels step-by-step follow-
ingyi—1 =yt — (@ — du—1)yy — (B — Bi—1)eq,, Where
the transition from ¢ — 1 to ¢ is discrete rather than contin-
uous in time. Appendix D provides a detailed explanation
of the de-Markovization process, the accelerated sampling
algorithm and the visual demonstration of the sampling pro-
cess. In experiments, we use 5 steps for DLD’s inference,
which is on the same order of magnitude as the speed of
traditional classification models.

4.4. Label Pre-correction Method

Although diffusion models are powerful, under the guid-
ance of incorrect yo and y,,, they can easily fit the wrong
conditional distributions. Therefore, we propose a one-step
label pre-correction method that automatically provides ac-
curate label information and feature conditions for the DLD
model, requiring no additional parameter training, making
it simple, straightforward, and efficient.

Label Pre-correction for y,. Inspired by the concepts
of multi-view[42, 53] and neighbor consistency regulariza-
tion [22], our primary assumption is that the same sample
should have similar neighborhood label distributions in dif-
ferent feature spaces. We define the original noisy dataset as
D = {(.Tz,gl) | x; € Rd,gi eR™ i = 1,...,”}. To ob-
tain different feature spaces by a shared feature extractor
fext, we first apply two different data augmentation meth-
ods and map them into R™ and R®, with the augmented
datasets respectively denoted as D" and D®. Then, we
use Euclidean or Cosine similarity to obtain the nearest K
neighborhood labels y/<_; and feature space distances v/,
then we can get two weighted label distributions p,, and

-1
Ds by p(yi) (Zszl W * 1(yk = yz)> : (Zle wk) s
where wy, = 5=, where ¢ is a small constant to prevent
division by zero. Next, we calculate the divergence be-
tween the two distributions using the Kullback-Leibler di-
vergence and a via Gaussian mixture model (GMM) [38] to
re-partitioning three types of samples: Samples with high
means are reassigned to the hard set Dy, which represents
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samples whose correctness is hard to determine and typi-
cally lie at the boundaries of classes. Samples with low
means indicate that similar neighborhood distributions un-
der both views. Using the principle of neighborhood consis-
tency, we compare argmazx (p,,,) with the original label 7,
where pys = %. If the class with the highest frequency
in the average neighborhood distribution matches the orig-
inal label, then the sample is assigned to the clean set D¢;
otherwise, it is assigned to the noisy set Dy .

Based on the repartitioned sample subsets and the orig-
inal noisy labels ¢, we define a label pre-corrector, which
functions similarly to a transition matrix. It can automati-
cally perform label flipping or refinement:

i if 2 € Do,
argmax (pys) if x € Dy, (14)
Pws ifx € Dy.

P(yolgw%') =

According to Eq. 14, for samples with deterministic neigh-
borhood label distributions, we use hard labels to mini-
mize the interference of redundant information on yy. For
samples with more contentious neighborhood label distribu-
tions, we adopt a soft strategy for label refinement. Instead
of point estimation, we estimate through a label vector, re-
taining most of the neighborhood information. This strategy
enhances the accuracy of the yo while preserving as much
robust information as possible.

Estimate Noise distribution for y,,. Similar to obtaining
Yo, we use the subset of divided samples to estimate the
noise distribution of the samples. According to Eq. 15,
when a sample is identified as clean, the directed diffu-
sion term is used to gradually fade out yo (yg = —Yo),
allowing the model to learn to recover a label closer to the
ground truth from an uninformed e. When the sample con-
tains noise, the endpoint of diffusion should include a clear
representation of noise, enabling the model to strictly avoid
recovering such noisy vector values during reverse genera-
tion. For uncertain samples, we simulate potential noise dis-
tributions by retaining the difference in label distributions
between two views. The greater the difference in the dis-
tribution values for a particular class in the two views, the
more likely the sample is incorrectly labeled as that class.

0 if z € De,
Py, | g,2) =< ¥ ifz € Dy, (15)
72‘1";1:5; 'S‘ ifz € Dy.

The complete training process is outlined in Algorithm 1,
consisting of the following phases: Steps 1 ~ 3 for sample
re-partitioning, Steps 4 ~ 9 for diffusion model training,
with Step 6 dedicated to y( pre-correction and y,, estima-
tion. Notably, in Step 5, instead of sampling features from
the original noisy set D, we use a mixture of sample fea-
tures from D" and D? as the training input for the diffusion

Algorithm 1 DLD Training

Input: Noisy training set D = {X,Y}, feature extractor
fext> two network parameters 6; and 05
Output: 6; and 6,
1: Obtain two augmented features D" and D? using the
feature extractor fey.
Calculate K-nearest label distributions p,, and p;.
Re-partitioning samples into D¢, Dy and Dy
while not converged do
Sample data (xy5,y) ~ {Dv¥, D}, time slice ¢ ~
{1,...,T}; and noise € ~ N(0,I).
6:  Pre-estimate y, and y,, based on Eq. 14 and Eq. 15,
respectively.
7: Accumulate losses through Eq. 12 and Eq. 13.
8:  Take gradient descent step on the losses to update
network parameters.
9: end while

model, where x,,s = (1 — ) X +7Xs, Withy = % rep-

resenting the proportion of uncertain samples, which means
that the more difficult the sample classification, the richer
the feature conditions the model automatically introduces.
This reflects an implicit regularization method that miti-
gates the issue of the diffusion model being overly confident
when still learning incorrect information.

5. Experimental Results and Analysis

In this section, we first evaluate the DLD’s effectiveness on
CIFAR datasets with varying levels of IDN in Section 5.1.
Then, We conduct ablation studies in Section 5.2 to ana-
lyze the contributions of the pre-trained feature extractor,
the label pre-correction technology, and other components.
In Section 5.3, we compare the DLD to the SOTA methods
across four real-world noisy datasets. Appendix E provides
more details about our experiments.

5.1. Results on Simulated Noisy Datasets

We conduct experiments on the CIFAR-10 and CIFAR-100
datasets [27] with simulated IDN [6]. Details of the IDN
generation algorithm and examples are provided in Ap-
pendix E.1. In our experiments, we generate noise levels
of 20%, 40%, and 60%. To obtain the feature space for
label pre-correction, we provide multiple configurations of
feature extractors, including DLD+ResNet, DLD+SimCLR
and DLD+ViT (see Appendix F.2 for detailed settings).

As shown in Table 1, the DLD+ResNet configuration
outperforms the baseline across most noise levels on CI-
FAR, especially in high-noise environments. We analyze
that the main factor affecting its performance in low noise
environment is the introduction of too much robust informa-
tion, which leads to the interference of the model. When us-
ing the DLD+ViT configuration, its performance surpasses
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Table 1. Classification accuracies (%) of CIFAR datasets under different levels of IDN.

CIFAR-10 CIFAR-100
Method
20% 40% 60% 20% 40% 60%

Co-teaching [17] 87.28+£0.20 78.724+0.47 62.51+1.98 69.26+0.39 59.53+0.57 46.80+0.51
GCE [61] 86.4440.23 76.71£0.39 60.76+3.08 68.244+0.27 55.76+1.18 46.75+2.46
DAC [45] 86.164+0.13 74.80+0.32 59.97+0.90 68.704+0.78 55.71£1.01 46.29+3.35
DMI [54] 86.57+£0.16 77.814£0.85 69.944+1.31 68.71+£1.21 57.99+0.92 50.96+2.08
SEAL [6] 87.7940.09 82.98+0.05 70.07+1.54 70.61+0.19 61.18+0.35 51.86+1.32
NCR [22] 87.744+0.15 83.03+£0.21 69.44+1.01 70.684+0.37 61.93+0.54 49.13+2.77
CC+DivideMix [62] 88.36+0.11 84.184+0.40 71.524+1.73 70.09+0.19 64.35+0.35 53.2040.66
DISC [31] 90.68+0.10 85.61+0.32 73.5941.13 71.49+0.13 64.46+0.29 53.624+0.51
LRA-diffusion+ResNet [4] 89.944+0.15 86.734+0.37 74.664+1.02 72.35+£0.14 65.55+0.30 54.4340.53
DLD+ResNet (Ours) 90.434+0.12 87.174+0.29 76.07+£1.10 72.60+0.15 66.59+0.31 55.724+0.24
EPL+ViT [26] 95.954+0.17 93.014+0.33 76.16£1.18 72.24+0.12 67.204+0.20 55.5940.13
LRA-diffusion+ViT [4] 96.65+0.18 93.68+0.34 78.12+1.17 73.59+0.13 67.674+0.21 57.21+0.12
DLD+VIiT (Ours) 96.98+0.12 96.49+0.07 83.14+0.81 78.62+0.11 76.03+0.14 69.57+0.17

EPL+ViT and LRA-diffusion+ViT. This implies that DLD
more effectively utilizes the provided prior knowledge with-
out requiring additional training conditions. Across various
datasets, DLD’s superiority is more pronounced on CIFAR-
100, indicating that the more complex IDN on CIFAR-
100 severely impacts the performance of other methods,
whereas our model maintains robust learning.

Additionally, we conducted experiments on the simu-
lated CCN dataset. The results (see Appendix E.2) show
that CCN is easier to handle than IDN, which aligns with
our expectations. Compared to other methods, DLD still
achieves the highest classification accuracy. Due to the
lightweight architecture of the diffusion model and the
single-step pre-correction process, DLD outperforms tradi-
tional LNL methods without incurring significant computa-
tional overhead. A detailed analysis of training time over-
head and model parameters is provided in Appendix E.3.

5.2. Ablation Studies

Power of label pre-correction. We validate the effective-
ness of label pre-correction by freezing the diffusion model.
As shown in Figure 3, our pre-correction method consis-
tently outperforms in various noisy environments, while
Figure 3b demonstrates that the LRA estimation method
disrupts originally correct labels. Then, we unfroze the
diffusion model to verify that DLD does not fully depend
on the pre-correction method. Results show that DLD fur-
ther enhances generalization performance based on pre-
correction, indicating that the two methods complement
each other effectively. Additionally, we design more com-
prehensive cross-ablation experiments, e.g., replacing the
LRA technique in LRA-diffusion with the pre-correction
module to demonstrate the necessity of directional diffu-
sion. See Appendix F.1 for more details.

Contribution of different pre-trained features and other

Table 2. Classification accuracies (%) on Animal-10N.

Method Accuracy
CE [35] 80.6
GCE [61] 81.5
NCT [8] 84.1
DISC [31] 87.3
SSR [14] 88.5
LRA-diffusion [4] 88.6
J-ViT [9] 89.0
DLD (Ours) 89.4

training components. We explore the impact of various
feature extractors, including ResNet34 [20], SimCLR [7]
and ViT-L/14 [40], and conduct ablation studies comparing
our method with CARD and LRA-diffusion. Here, DISC
[31] served as a baseline that does not require any pre-
trained models. Detailed results and analyses are provided
in Appendix F.2. Our findings reveal that DLD outperforms
other diffusion models when combined with different pre-
trained models, achieving optimal performance when inte-
grated with ViT-L/14. This underscores ViT-L/14’s effec-
tiveness in enhancing label pre-correction and facilitating
diffusion model learning. Furthermore, Appendix F.3 de-
tails additional ablation studies on various hyperparameter
settings. We validate the optimal training strategy for the
DLD method and recommend this combination.

5.3. Results on Real-world Noisy Datasets

We select four real-world noisy datasets for our experi-
ments to demonstrate the superior performance of DLD:
Animal10N [43], ClothinglM [52], WebVision [30], and
ImageNet ILSVRC2012 [41]. Comprehensive descriptions
of these datasets and detailed experimental setups can be
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Figure 3. Comparison of different label correction strategies’ accuracies, where Baseline represents the proportion of clean labels.

Table 3. Classification accuracies (%) on Clothing1 M.

Method Accuracy
Co-teaching [17] 69.21
DMI [54] 72.46
DivideMix [28] 74.76
CC [62] 75.40
DISC [31] 74.79
EPL [26] 75.21
LRA-diffusion [4] 74.46
SANM [46] 75.63
DLD (Ours) 75.69

Table 4. Classification accuracies (%) on WebVision and
ILSVRC2012 datasets.

Method WebVision ILSVRC12
Co-teaching [17] 63.58 61.48
DivideMix [28] 77.32 75.20

ELR [33] 77.78 70.29

EPL [26] 78.77 76.51

C2D [63] 79.42 78.57

CC [62] 79.36 76.08

DISC [31] 80.28 77.44
LRA-diffusion [4] 84.16 82.56
DLD (Ours) 84.51 83.74

found in Appendix E.4 and Appendix E.5, respectively. As
demonstrated in Table 2, Table 3, and Table 4, DLD out-
performs all SOTA methods across these datasets. Note
that DLD’s relative classification performance improved by
7.26% and 0.44% over J-ViT [9] and EPL [26], respec-
tively, both employing the ViT architecture. Compared to
LRA-diffusion, which also employs ViT and label diffu-
sion models, DLD achieves varying degrees of performance
improvement, demonstrating a more effective and reason-

able use of prior knowledge and diffusion models. Besides,
while ViT-L/14 improved performance on Clothing1 M, Ap-
pendix G shows that other extractors like CC can be even
more effective, highlighting our method’s versatility with
different LNL methods. Besides, DLD’s performance ad-
vantage partly stems from the pre-correction method. In fu-
ture work, we aim to integrate discriminative and generative
paradigms, using diffusion models to refine pre-correction,
generate label information, and enhance representational
power and multimodal generalization. Appendix H dis-
cusses additional limitations and future directions.

6. Conclusion

This paper proposes DLD, a diffusion model specifically
designed to learn effectively from noisy labels for robust
classification. Our main idea is to decouple the label dif-
fusion process into two channels: directional diffusion and
random diffusion. This approach explicitly introduces noisy
label information into the diffusion model for the first time,
enabling the model to interpretably mitigate the generation
of incorrect labels, thereby enhancing its ability to general-
ize from noisy to clean data. By incorporating our low-cost
label pre-correction method, DLD can automatically select
label diffusion information for each sample in diverse noisy
environments, without requiring additional adjustments or
iterations. Additionally, our model synergizes with various
pre-trained large-scale models, like ViT, leveraging their
prior knowledge more effectively than other methods. Ex-
periments on simulated and real-world noisy datasets show
that DLD surpasses conventional LNL methods in both ac-
curacy and efficiency. By framing LNL within a generative
model, our method bridges LNL with other learning frame-
works. We believe this work will reduce the workload for
practitioners handling large-scale, low-quality labeled data,
benefiting the development of the image recognition field.
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