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Abstract

Label noise learning (LNL), a practical challenge in real-
world applications, has recently attracted significant at-
tention. While demonstrating promising effectiveness, ex-
isting LNL approaches typically rely on various forms of
prior knowledge, such as noise rates or thresholds, to sus-
tain performance. This dependence limits their adaptabil-
ity and practicality in real-world scenarios where such pri-
ors are usually unavailable. To this end, we propose a
novel LNL approach, termed CA2C (Combined Asymmetric
Co-learning and Co-training), which alleviates the reliance
on prior knowledge through an integration of complemen-
tary learning paradigms. Specifically, we first introduce an
asymmetric co-learning strategy with paradigm deconstruc-
tion. This strategy trains two models simultaneously un-
der distinct learning paradigms, harnessing their comple-
mentary strengths to enhance robustness against noisy la-
bels. Then, we propose an asymmetric co-training strategy
with cross-guidance label generation, wherein knowledge
exchange is facilitated between the twin models to mitigate
error accumulation. Moreover, we design a confidence-
based re-weighting approach for label disambiguation, en-
hancing robustness against potential disambiguation fail-
ures. Extensive experiments on synthetic and real-world
noisy datasets demonstrate the effectiveness and superi-
ority of CA2C. Our source code has been made avail-
able at https://github.com/NUST—-Machine -
Intelligence-Laboratory/CA2C.

1. Introduction

In the past decade, deep neural networks (DNN5s) have gar-
nered substantial attention due to their remarkable perfor-
mance in various applications, including image recognition
[17, 20, 33, 35, 68], semantic segmentation [5, 6, 51, 67],
and object detection [4, 28, 37, 39]. Among all factors
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Figure 1. (a) Label noise learning primarily aims to mitigate
the negative effects of noisy labels on model training, a chal-
lenge that is inevitable in real-world scenarios. (b) Existing LNL
methods (e.g., sample selection, label correction, and sample re-
weighting) often face challenges in real-world applications due to
their strong dependence on prior knowledge (e.g., noise rates, pre-
defined thresholds, or additional clean subsets) to sustain perfor-
mance. (c) Contrarily, our CA2C deconstructs the LNL problem
using a combined asymmetric co-learning and co-training frame-
work, eliminating the demand for strong prior knowledge.

contributing to these successes, the availability of large-
scale, high-quality human-labeled datasets (e.g., ImageNet
[9]) serves as one of the most pivotal catalysts for these ad-
vancements. However, in real-world applications, acquiring
accurately annotated data is time-consuming and expensive
[59]. Accordingly, methods such as web crawlers, question-
naires, and crowd-sourcing have become widely adopted
strategies for collecting large volumes of labeled data [57].
Nevertheless, these strategies often introduce varying de-
grees of mislabeled data (i.e., label noise), which pose sig-
nificant challenges for training deep learning models [70].
Label noise can severely degrade model performance, as
deep neural networks (DNNs) possess remarkable capacity
that empowers them to memorize and fit even incorrectly
labeled samples [58], as shown in Fig. 1(a). Consequently,



developing robust methods for learning with noisy labels
has become crucial in enhancing model generalization and
ensuring reliable performance in real-world applications.

Driven by the memorization effect [2] (i.e., DNNs tend
to first fit clean samples and progressively memorize noisy
ones), existing LNL approaches have evolved in three main
categories: sample selection, label correction, and sample
re-weighting. Sample selection methods aim to establish
effective criteria for selecting a more precise “clean” subset
to train the model while discarding “noisy” samples (e.g.,
Co-teaching [14] and JoCoR [55]). Label correction ap-
proaches generally seek to rectify sample labels using noise
transition matrices [12] or model predictions (e.g., Jo-SRC
[63] and PENCIL [66]). Sample re-weighting methods in-
volve assigning larger weights to samples with higher con-
fidence of being clean and smaller weights to those with
lower confidence (e.g., L2ZRW [38] and L2B [76]). How-
ever, existing approaches tend to demand various forms of
prior knowledge, such as pre-defined drop rates, thresholds,
or access to a clean validation subset. Consequently, these
methods struggle to effectively handle real-world noisy sce-
narios where such prior knowledge is typically unavailable,
as illustrated in Fig. 1(b).

Recently, researchers have explored various novel train-
ing and learning strategies [13, 4042, 48]. For example,
the symmetric co-training (SCT) strategy is proposed to en-
hance clean sample selection [14, 22, 31, 49, 55, 69]. Typ-
ical SCT methods train two models simultaneously with
identical architectures but different initializations, enabling
them to extract diverse knowledge from the training data
and provide mutual guidance. However, these methods still
require prior knowledge. Furthermore, the additional infor-
mation gained from SCT is limited, as differences in the ca-
pabilities of the twin models primarily stem from their dis-
tinct initializations. The asymmetric co-training (ACT) [42]
strategy is another attempt aimed at enhancing clean sample
selection through asymmetrically training twin models with
different strategies. However, ACT [42] is still limited in
extracting diverse learning information between models, as
the distinctions between the twin models depend solely on
differences in their training data volumes.

To address the aforementioned issues, we propose a
prior-knowledge-free LNL approach termed CA2C. Our
CA2C deconstructs the traditional LNL paradigm with
a Combined Asymmetric Co-learning and Co-training
framework, as shown in Fig. 1(c). Firstly, we propose an
asymmetric co-learning strategy with paradigm deconstruc-
tion, where twin models (i.e., P-model and N-model) with
identical architectures are trained simultaneously in differ-
ent manners. The P-model follows a partial label learn-
ing paradigm, while the N-model is trained using negative
learning. As such, our method enables better exploration of
different learning capabilities between twin models while
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mitigating direct exposure to noisy labels during training.
Then, to alleviate error accumulations, we introduce an
asymmetric co-training strategy with cross-guidance label
generation to facilitate mutual reinforcement between twin
models through their distinct learning capabilities. Further-
more, we design a confidence-based re-weighting strategy
for label disambiguation to improve P-model’s tolerance to
disambiguation failures. Comprehensive experimental re-
sults and extensive ablation studies validate the effective-
ness and superiority of our CA2C on both synthetical and
real-world benchmarks. The main contributions are sum-
marized as follows:

* We propose a novel approach for learning with noisy
labels, termed CA2C. This method introduces a com-
bined asymmetric co-learning and co-training framework
that eliminates demands for strong prior knowledge.
Our CA2C trains twin models simultaneously using dis-
tinct learning paradigms, leveraging their complementary
strengths to improve robustness against noisy labels.

* We design an asymmetric co-training strategy that incor-
porates cross-guidance label generation. This strategy
promotes knowledge exchange between twin models with
distinct learning capabilities while reducing error accu-
mulations within each network. Moreover, we introduce
a confidence-based re-weighting strategy to enhance the
effectiveness of partial label learning.

» Comprehensive experiments and ablation studies on both
synthetically corrupted and real-world datasets demon-
strate that CA2C exhibits remarkable robustness across
various noise settings.

2. Related Work
2.1. Label Noise Learning

Existing methods for learning with noisy labels can be pri-
marily categorized into three groups: sample selection, la-
bel correction, and sample re-weighting [7, 8, 11, 16, 23—
25,29, 32, 38, 53, 56, 62, 71, 73-75].

Sample Selection. Sample selection is a primary direction
in label noise learning, aimed at designing robust criteria to
identify clean samples for model training while discarding
noisy ones [3, 27, 42, 60, 61]. Inspired by the memorization
effect of DNNs, early researchers propose the small-loss cri-
terion based on the observation that correctly labeled sam-
ples typically exhibit lower loss values. For example, Co-
teaching [14] trains two networks simultaneously, guiding
each other in selecting small-loss samples for training. Di-
videMix [22] utilizes Gaussian Mixture Models to fit the
loss distributions of clean and noisy samples, thereby par-
titioning the dataset. However, these methods usually rely
on prior knowledge (e.g., a pre-defined drop rate or thresh-
old) to assist in determining the proportion of clean sam-
ples, which limits their practicality in real-world scenarios.
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Figure 2. The overall framework of our proposed CA2C. In our CA2C, twin models (i.e., 0 p and 6 y) with identical architectures are trained
simultaneously but employ distinct learning paradigms: partial label learning and negative learning. To promote knowledge exchange be-
tween O p and 0, we exploit the paradigm independence inherent in our asymmetric co-learning strategy by using each model’s predictions
to cross-generate label spaces. For the P-model, we implement a memory bank to track the frequency of ) and design a confidence-based
re-weighting strategy for label disambiguation, enhancing 6p’s robustness against disambiguation failures. For the N-model, we use the
complementary labels ) generated from the P-model for negative learning.

Label Correction. Another effective approach for learn-
ing with noisy labels is to correct them before feeding them
into networks [1, 50, 63, 65, 66]. Existing works often
seek to correct corrupted labels by estimating noise transi-
tion matrices [ 12, 34] or using model predictions to generate
pseudo-labels [48, 63]. For instance, Goldberger et al. [12]
proposes to estimate the noise transition matrix with an ad-
ditional layer. Jo-SRC [63] attempts to generate pseudo la-
bels for noisy samples using a temporally averaged model.
However, estimating noise transition matrices is challeng-
ing in real-world tasks, while unreliable pseudo-label esti-
mation can lead to harmful error accumulations.

Sample Re-weighting. Some researchers have explored re-
weighting training instances to mitigate the negative impact
of noisy labels [10, 38, 43, 52, 54]. The idea behind sam-
ple re-weighting is straightforward: assign higher weights
to clean samples and lower weights to noisy ones, thereby
mitigating the model’s tendency to overfit noisy data. For
instance, L2RW [38] introduces a method for assigning
sample weights using meta-learning. Similarly, L2B [76]
dynamically adjusts importance weights between observed
and generated labels. However, they rely heavily on dataset-
specific prior knowledge, such as a clean validation subset.
This limits their practicality in real-world scenarios.

2.2. Symmetric and Asymmetric Co-training

The symmetric co-training strategy has been widely used in
existing sample selection methods [14, 22, 31, 55, 63, 69].
These approaches train two models simultaneously to ex-
tract additional information by enabling them to guide each
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other during the learning process, thereby enhancing the ac-
curacy of clean sample selection. Unfortunately, as training
progresses, models using SCT strategies tend to converge,
ultimately causing the additional learning benefits to vanish,
because their differences arise solely from random initial-
ization. In contrast, ACT [42] introduces an asymmetric co-
training strategy, where one model is trained on a selected
clean subset, while the other is trained on the entire noisy
dataset. However, ACT struggles to effectively capture di-
verse learning representations between models, as its design
primarily hinges on varying the training data volumes as-
signed to each model. Moreover, it cannot guarantee that all
samples in the selected “clean” subset are genuinely clean
during training. In this paper, we propose to address the
LNL problem by employing a combined asymmetric co-
learning and co-training framework, which is more suitable
for challenging real-world noisy scenarios.

3. Methods
3.1. Problem Statement

Considering a multi-class classification problem, let the fea-
ture space be denoted as X € R? with d dimensions and
Y ={1,2,...,C} represents the label space with C distinct
classes. In label noise learning, we are given a training set
D = {(zn,yn)})_, with N instances, where each sample
r, € X and its one-hot noisy label v, € {0,1}¢. We
assume that y represents the true label of ,. Diest =
{(zn,y})|n = 1,..., M} is defined as the test set with M
clean samples. Our goal is to train a robust classification



model F (-, 8) on the noisy training set D to achieve higher
prediction accuracy on the clean test set Dy, Where 6 de-
notes model parameters. However, the presence of noisy
labels will misguide the optimization of the cross-entropy
loss used in conventional classification problems:

1 N
Ece = *N;yn IOg(p(xnvo))a (1)

where p(z,,0) denotes the prediction of the classifier for
the n-th training sample z,,.

3.2. Asymmetric Co-learning with Paradigm De-
construction

We propose an asymmetric co-learning strategy with para-
digm deconstruction. This strategy eliminates the require-
ment for strong prior knowledge, such as noise rates or
selection thresholds, thereby enhancing its applicability in
real-world scenarios. Specifically, two models with iden-
tical architectures (i.e., P-model 0p and N-model 0y) are
trained simultaneously but employ distinct training strate-
gies. Unlike ACT [42], which differentiates the twin mod-
els solely by varying the volume of training data provided
to each model, our approach employs different learning
paradigms to fully exploit their unique learning capabili-
ties. As demonstrated in NPN [40], the LNL problem can
be decomposed into a combination of partial label learning
(PLL) and negative learning (NL). Inspired by this insight,
we apply partial label learning to the P-model, using candi-
date labels ) to guide its training. Contrarily, we employ
complementary labels ) to train the N-model through neg-
ative learning. Losses used for optimizing 6p and 0 are:

1 N

L()P = 7ﬁ Zyn log(p(ITUGP))’ (2)
n:l
1

Loy =~ > Ynlog(l = p(an, On)). )

n=1

Notably, to achieve paradigm deconstruction and enable
the learning of the twin models via Egs. (2) and (3), we
first decompose the given (noisy) label space Y into candi-
date labels ) and complementary labels ). Specifically, the
Top-K categories with the highest confidence are selected
to construct candidate labels ) for PLL, while the remain-
ing reliable non-candidate labels are utilized to generate the
complementary labels Y for NL. Accordingly, our method
avoids direct exposure to noisy labels, which is an inherent
issue in typical LNL approaches. The candidate labels ),
used in Eq. (2) is defined as follows:

yn = {g}wagg}a

Un = Lee{Top-K({p! (2n,0),--pC (zn,0)})}-

“4)
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Ty denotes the indicator function. Conversely, the com-
plementary labels Y, used in Eq. (3) is obtained as follows:

yn:_‘yn:I_yn-

T represents the entire label space.

Discussion: Although our method and NPN [40] both de-
compose the LNL problem into a combination of PLL and
NL, they differ fundamentally. NPN is prone to error ac-
cumulations as it relies on a single model optimized using
a joint loss. Moreover, NPN faces limitations in achiev-
ing performance improvements during the later stages of
training. In contrast, our method introduces an asymmet-
ric co-learning strategy, training two models using PLL and
NL separately. This design mitigates the knowledge conver-
gence issue that inherently arises from the mixed-paradigm
learning in the single-model framework of NPN.

®)

3.3. Asymmetric Co-training with Cross-guidance
Label Generation

To enhance the performance of the P-model and N-model,
we further propose an asymmetric co-training strategy with
cross-guidance label generation. Each model facilitates the
generation of supervision for its peer model based on the
peer model’s training mechanism. This cross-guidance-
based label generation process facilitates knowledge ex-
change between the twin models trained under distinct
paradigms, thereby mitigating error accumulation and im-
proving overall model performance. Specifically, for the
N-model, we construct its required complementary labels
V* by selecting the categories with the Lowest-(C-K) pre-
dicted probabilities according to the prediction of the P-
model. These categories are considered more confidently
incorrect, thereby benefiting the reliability of the negative
learning process. Accordingly, * and L5, become:

Vo = {95 3
Un = Leg{Top-K({p" (@0.00) . (@n,00) D)} (0)
and
1L
Ly :‘N; “log(1 — p(zn,0n)). ()

Similarly, N-model generates candidate labels for the P-
model to facilitate its partial label learning.

To improve the robustness of the P-model against dis-
ambiguation failures, we propose a confidence-based re-
weighting approach for label disambiguation. Specifically,
we maintain a memory bank (M) to track the frequency
of candidate labels generated from N-model for each sam-
ple. This memory bank M not only aids in the selection of
reliable candidate labels for label disambiguation but also



serves as a proxy for confidence measurement, thereby mit-
igating the adverse effects of incorrect disambiguation. In
the t-th epoch, M is updated as follows:

0 ift=0
Mi(zp) =1 ’ 8
- {Mt—lm) vy ifezr O
in which,
y; = {:grrlp 7@5}7
Un = ]lce{Top'K({Pl(xn,91\7)w-mc(xm91\’)})}' ©)

To further leverage the memory bank to ensure the reliabil-
ity of label disambiguation for the P-model, we calculate
the confidence coefficient YW(n) for the n-th sample’s can-
didate labels as follows:

o
max(M*(z,))

Hard disambiguation (i.e., Y"*"? = arg max{M*(z)})
often encounters stability issues, whereas soft disambigua-

t

tion (i.e., Y50/t = %) is susceptible to underfit-
ting. To the end, we propose a joint loss, which integrates
hard disambiguation and soft disambiguation, for the train-

ing of the P-model. The loss function is as follows:

W(n) = (M (2,)). (10)

Ly, = ACherd 4 (1—\)L50!

W
N Z W(n) Y1 log(p(zn, 0p))
n=1

1-A z soft
N Z W(n) Y log(p(zy, 0p)). (11

n=1

A denotes a hyper-parameter that balances the weights of
the hard and soft loss terms. By optimizing the P-model
with this joint loss, we achieve complementary advantages
from both hard and soft disambiguation, effectively mitigat-
ing their inherent limitations when applied independently.
Discussion: Our method and ACT [42] share a fundamen-
tal idea, wherein twin models undergo distinct training pro-
cesses to develop asymmetric learning capabilities. How-
ever, ACT [42] achieves this differentiation by solely vary-
ing the amount of training data fed to each model, which im-
poses an inherent limitation on model performance. In con-
trast, our method introduces a novel approach to cultivate
twin models with divergent capabilities by independently
employing partial label learning and negative learning. This
strategy effectively maximizes the utilization of all available
training data, ultimately enhancing model performance. Re-
sorting to Egs. (6) and (9) for generating (candidate / com-
plementary) labels under cross-guidance, our P-model and
N-model exchange knowledge characterized by significant
disparities arising from their divergent training processes,
effectively guiding them toward optimal optimization.
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Algorithm 1 The proposed CA2C

Input: Training dataset D, test dataset Dyqg, twin
networks 6 p and 6, the number of warm-up epochs T,
and whole epochs T},14:, the batch size bs.

1: for epoch = 1,2,...,Tiorq do
2:  # Warmup Training.
3 if epoch < T, then
4 for iteration = 1,2,...do
5: Fetch B = {(z,, yn)}}* from D ;
6 Calculate £y, = — 225:1 ynlogp(zn,0p) ;
7 Calculate L, = — 20, ynlogp(an, On).
8 Update 6p, 6 by optimizing Lg,., Lo, -
9 end for
10:  end if
11:  # Robust Training.
12:  if T, < epoch < Tiorar then
13: for iteration = 1,2,...do
14: Fetch B = {(,, yn)}}* from D
15: # Cross-guidance Label Generation.
16: Generate 37* for NL based on Eq. (6);
17: Obtain M for PLL based on Eq. (8);
18: Generate V* for PLL based on Eq. (9);
19: # Confidence-based Re-weighting Strategy.
20: Obtain W for PLL based on Eq. (10);
21: # Asymmetric Co-learning and Co-training.
22: Calculate £ = based on Eq. (7);
23: Calculate £, based on Eq. (11);
24: Update 6p, 6 by optimizing L3, L5 .
25: end for
26:  end if
27: end for

Output: The updated robust networks 6p and 6.

3.4. The Overall Framework

In summary, we propose CA2C, a novel framework for
learning with noisy labels, which integrates a combined
asymmetric co-learning and co-training process. Unlike
many existing LNL approaches, CA2C eliminates reliance
on strong prior knowledge, such as predefined noise rates or
selection thresholds, making it significantly more adaptable
for real-world noisy scenarios where such prior information
is often unavailable. First, we introduce the asymmetric co-
learning strategy with paradigm deconstruction, where twin
models are trained simultaneously under distinct learning
paradigms. This design maximizes their divergence while
exploiting their complementary strengths, thereby enhanc-
ing robustness against noisy labels. Then, we propose the
asymmetric co-training strategy with cross-guidance label
generation, which facilitates mutual guidance between twin
models to mitigate error accumulations. Furthermore, we



Methods Publication CRRININ CIEDRSON Average
Sym-20% | Sym-80% [ Asym-40% Sym-20% Sym-80% | Asym-40%
Standard \ - 35.14 4.41 27.29 2937 ] 420 2225 [ 2044
Decoupling NeurIPS 2017 33.10 3.89 26.11 43.49 10.1 33.74 25.07
Co-teaching || NeurIPS 2018 43.73 15.15 28.35 6038 | 16.59 42.42 | 3444
Co-teaching+ ICML 2019 49.27 13.44 33.62 53.97 12.29 43.01 3427
JoCoR | CVPR2020 53.01 15.49 32.70 5999 | 1285 39.37 | 3557
DivideMix ICLR 2020 57.76 28.98 43.75 57.47 21.18 37.47 41.10
Jo-SRC | CVPR2021 58.15 23.80 38.52 6583 |  29.76 53.03 | 4485
Co-LDL TMM 2022 59.73 25.12 52.28 58.81 24.22 50.69 45.14
UNICON | CVPR2022 55.10 31.49 49.90 5450 | 3675 51.50 | 46.54
SOP ICML 2022 58.63 34.23 49.87 60.17 34.05 53.34 48.38
AGCE | TPAMI 2023 59.38 2741 43.04 6024 | 2539 44.06 | 4325
DISC CVPR 2023 60.28 33.90 50.56 50.33 38.23 47.63 46.82
ANL | NeurIPS 2023 60.20 2339 44.15 6135 | 2074 4731 | 4286
NPN AAAI 2024 62.76 31.69 57.11 63.78 25.25 58.50 49.85
ACT |  MM2024 65.51 40.74 63.48 6709 | 3858 64.40 | 56.63
SED ECCV 2024 66.50 38.15 58.29 69.10 42.57 60.87 55.91
Ours \ - [ 6864 | 4097 ] 65.59 [ 70.06 4047 | 65.71 | 5857

Table 1. Average test accuracy (%) on CIFAR100N and CIFARSON over the last ten epochs. Experiments are conducted under various
noise conditions (“Sym” and “Asym” denote the symmetric and asymmetric label noise, respectively).

design a confidence-based re-weighting strategy for PLL,
enhancing the robustness of the P-model against disam-
biguation failures. The overall architecture of our method
is depicted in Algorithm | and Fig. 2, providing a compre-
hensive illustration of its entire pipeline.

4. Experiments

In this section, we validate the effectiveness of our proposed
method through experiments conducted on synthetic and
real-world noisy datasets. Moreover, we extensively per-
form ablation studies to investigate the contribution of each
component and to analyze the impact of hyper-parameters.

4.1. Experiment Setup

Synthetic Noisy Datasets: Following [40], we evaluate our
CA2C approach using two synthetic noisy datasets (i.e., CI-
FAR100N and CIFAR8SON), both of which are derived from
the CIFAR100 dataset [19]. They are specifically designed
to simulate closed-set and open-set noisy scenarios, respec-
tively. Adhering to [40], we designate the last 20 categories
from CIFAR100 as out-of-distribution ones in CIFAR8S0ON.
We generate noisy labels by randomly corrupting the sam-
ple labels, changing them from their ground-truth categories
to other categories based on a predefined noise rate 7, using
two types of synthetic label noise: symmetric (Sym.) and
asymmetric (Asym.). Symmetric noise is generated by ran-
domly replacing the original labels with all other possible
classes. Asymmetric noise is a more realistic setting where
labels are replaced by similar classes.

Real-World Noisy Datasets: We also evaluate the perfor-
mance of our CA2C on three widely used real-world noisy
benchmarks: Web-Aircraft, Web-Bird, and Web-Car [46],
whose images are sourced from web image search engines.

These three web datasets are subsets of the web-image-
based fine-grained image dataset WebFG-496 [46]. Food-
101N [21] is another real-world benchmark dataset and its
estimated noise rate is about 20%. In contrast to the control-
lable noise settings in synthetic noisy datasets, real-world
noisy datasets present greater challenges due to their com-
plex and unknown noise patterns.

Experiment Settings: Following previous works [40-
42, 48], we employ a seven-layer CNN as the backbone
when evaluating on synthetic datasets. The models are
trained using SGD with a momentum of 0.9, and the learn-
ing rates decay in a cosine annealing schedule. The batch
size and the learning rate are set to 128 and 0.01. For bench-
marks on real-world datasets, we leverage ResNet50 [15]
pre-trained on ImageNet-1K as our backbone. More details
about the settings are in our supplementary material.

Baselines: We compare our method with the following
state-of-the-art (SOTA) LNL algorithms on synthetic noisy
datasets: Decoupling [31], Co-teaching [14], Co-teaching+
[69], JoCoR [55], DivideMix [22], Jo-SRC [63], Co-LDL
[47], UNICON [18], SOP [30], AGCE [75], DISC [26],
ANL [64], NPN [40], ACT [42], and SED [41]. (“Stan-
dard” refers to the conventional training on the entire noisy
dataset.) When evaluating on real-world noisy datasets,
we additionally include the following methods into com-
parison: PENCIL [66], AFM [36], PLC [72], WarPI [44],
CoDis [61], and VRI [45]. The results of these competing
SOTAs in Tables 1, 2, and 3 are primarily obtained from
SED and VRI. We report the mean for each case based on
five independent runs with different random seeds. The best
performances in these tables are bolded.
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Performances(%)

Methods Publication Backbone Web-Aircraft | Web-Bird | Web-Car ||  Average
Standard \ - ResNet50 60.80 64.40 60.60 61.93
Decoupling NeurIPS 2017 ResNet50 75.91 71.61 79.41 75.64
Co-teaching | NeurIPS 2018 ResNet50 79.54 76.68 84.95 80.39
Co-teaching+ ICML 2019 ResNet50 74.80 70.12 76.77 73.90
PENCIL | CVPR 2019 ResNet50 78.82 75.09 81.68 78.53
JoCoR CVPR 2020 ResNet50 80.11 79.19 85.10 81.47
AFM | ECCV 2020 ResNet50 81.04 76.35 83.48 80.29
DivideMix ICLR 2020 ResNet50 82.48 74.40 84.27 80.38
Jo-SRC | CVPR 2021 ResNet50 82.73 81.22 88.13 84.03
Co-LDL TMM 2022 ResNet50 81.97 80.11 86.95 83.01
UNICON | CVPR 2022 ResNet50 85.18 81.20 88.15 84.84
sop ICML 2022 ResNet50 84.06 79.40 85.71 83.06
AGCE |  TPAMI 2023 ResNet50 84.22 75.60 85.16 81.66
DISC CVPR 2023 ResNet50 85.27 81.08 88.31 84.89
ANL | NeurIPS 2023 ResNet50 81.78 79.46 86.47 82.57
NPN AAAI 2024 ResNet50 83.65 79.36 85.46 82.82
ACT | MM 2024 ResNet50 86.56 81.43 88.75 85.58
SED ECCV 2024 ResNet50 86.62 82.00 88.88 85.83
Ours \ - [ ResNet50 | 87.70 | 82.48 | 89.11 I 86.43

Table 2. The comparison with SOTA approaches in test accuracy (%) on real-world noisy datasets: Web-Aircraft, Web-Bird, Web-Car.

8.72%, 1.94%, and 2.66% over the latest competing meth-
ods, namely NPN, ACT, and SED, respectively. These re-
sults highlight that our proposed CA2C is remarkably effec-
tive in addressing both closed-set and open-set noisy labels.

4.3. Results on Real-World Noisy Datasets

Tables 2 and 3 report the comparison between our CA2C

Methods H Publication H Backbone H Acc (%)
Standard - ResNet50 84.50
Decoupling NeurIPS 2017 ResNet50 85.53
Co-teaching NeurIPS 2018 ResNet50 61.91
Co-teaching+ ICML 2019 ResNet50 81.61
JoCoR CVPR 2020 ResNet50 77.94
DivideMix ICLR 2020 ResNet50 85.88
PLC ICML 2021 ResNet50 85.28
WarPI PR 2022 ResNet50 85.91
CoDis ICCV 2023 ResNet50 86.13
VRI 1ICV 2024 ResNet50 86.24
Ours [ - | ResNet50 [ 86.83

Table 3. The comparison with SOTA approaches in test accu-
racy(%) on the large-scale, real-world noisy dataset Food101N.

4.2. Results on Synthetic Noisy Datasets

We compare our proposed CA2C with existing SOTA meth-
ods on synthetic noisy datasets under various noise types
(i.e., symmetric and asymmetric) and noise rates (i.e., 20%,
40%, and 80%). Table | provides the detailed results of
comparison, including the average test accuracy achieved
by each method across all noise settings. As shown in Ta-
ble 1, our CA2C achieves state-of-the-art (or at least com-
petitive) performance across various noise settings, particu-
larly in challenging scenarios such as Asym-40%. Specif-
ically, our CA2C achieves an accuracy of 65.59% on CI-
FAR100N (Asym-40%) and 65.71% on CIFARSON (Asym-
40%), demonstrating its remarkable robustness against la-
bel noise. Although CA2C achieves the second-best per-
formance on CIFAR80ON (Sym-80%), it surpasses all coun-
terparts in terms of average accuracy. Notably, our CA2C
establishes a new benchmark, achieving improvements of
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and existing SOTA methods on real-world noisy datasets
(i.e., Web-Aircraft, Web-Bird, Web-Car, and Food101N).
These four datasets are tailored for fine-grained image clas-
sification tasks, posing more challenges when handling
noisy labels. As shown in Table 2, while both our CA2C
and the competing methods exhibit robustness against real-
world label noise, CA2C consistently outperforms its coun-
terparts across datasets, achieving an average accuracy im-
provement of 0.60% over the second-best performer (i.e.,
SED). Specifically, our CA2C achieves 87.70%, 82.48%,
and 88.93% test accuracy on Web-Aircraft, Web-Bird, and
Web-Car, respectively. Moreover, as shown in Table 3, the
test accuracy of our CA2C exceeds that of the second-best
performance (i.e., VRI) by 0.59% on Food101N. Notably,
our method consistently achieves optimal results without
relying on any prior knowledge across these real-world
benchmarks, underscoring its exceptional practicality and
effectiveness in addressing real-world applications.

4.4. Ablation Studies

This section investigates the effectiveness of our key com-
ponents: Asymmetric Co-learning with Paradigm Decon-
struction (ACPD), Asymmetric Co-training with Cross-
guidance Label Generation (ACLG), and Confidence-based
Re-weighting for label disambiguation (CBRW) The de-
tailed results are presented in Table 4.



aceD || X |V aclG || X [V cBRW | X || V
Sym-20% 35.14 65.22 Sym-20% 65.22 67.37 Sym-20% 67.37 68.64
Sym-80% 441 28.53 Sym-80% 2853 35.90 Sym-80% 35.90 40.97

Asym-40% 27.29 62.02 Asym-40% 62.02 65.06 Asym-40% 65.06 65.59
acp || X ||/ acLg | X ||V cBRW || X |V
Sym-20% 29.37 64.81 Sym-20% 64.81 68.46 Sym-20% 68.46 70.06
Sym-80% 420 28.01 Sym-80% 28.01 36.46 Sym-80% 36.46 40.47
Asym-40% 2225 60.39 Asym-40% 6039 64.63 Asym-40% 64.63 65.71

Table 4. Effect of key components (i.e., ACPD, ACLG and CBRW) in our CA2C on CIFAR100N (top) and CIFAR8SON (bottom). Test
accuracy (%) of our CA2C with (/ ) and without (X ) the different components is compared under different settings.
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Figure 3. Sensitivity of Hyper-parameters: K (left) and A (right).
Experiments are conducted on CIFAR100N with Sym-20%.

Effects of the Asymmetric Co-learning Strategy with
Paradigm Deconstruction: As described in Section 3.2,
our CA2C deconstructs the LNL problem into a combined
asymmetric co-learning and co-training framework, elim-
inating the demand for any strong prior knowledge. To
achieve this, we propose the asymmetric co-learning strat-
egy with paradigm deconstruction (ACPD), where twin
models with identical architectures are trained using differ-
ent learning paradigms to maximize their distinct learning
capacities. The results in Table 4 (the left column) indicate
that ACPD remarkably boosts model performance in vari-
ous noise settings, firmly demonstrating its effectiveness.
Effects of Asymmetric Co-training Strategy with Cross-
guidance Label Generation: To mitigate the error ac-
cumulation, we propose the asymmetric co-training strat-
egy with cross-guidance label generation (ACLG) in Sec-
tion 3.3. Specifically, without compromising the distinct
learning capabilities, ACLG enables each model to lever-
age its peer to enhance its learning, facilitating knowledge
exchange between models with diverse capabilities and thus
preventing error accumulation. The results in Table 4 (the
middle column) demonstrate that ACLG brings significant
benefits to our model performance.

Effects of the Confidence-based Re-weighting: To en-
hance the tolerance of the P-model to inevitable dis-
ambiguation failures, we propose a confidence-based re-
weighting strategy. By maintaining a memory bank that
tracks the frequencies of candidate labels, CBRW generates
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re-weighting coefficients to enhance the reliability of label
disambiguation. As shown in Table 3 (the right column),
the incorporation of CBRW enables our CA2C to achieve
additional performance improvements.

Sensitivity of Hyper-parameters: We study the sensitiv-
ity of two key hyper-parameters: K and A. K is used to
control the number of labels in the candidate label set. As
shown in Fig. 3 (left), the highest performance is achieved
when K = 2, which minimizes the difficulty of label dis-
ambiguation in partial label learning while avoiding direct
estimation of the ground-truth labels for noisy samples. A
is the hyper-parameter that controls the weights of the hard
and soft disambiguation losses in Eq. (11). Fig. 3 (right)
shows the results of employing different values of A\. When
A is set to 0.99, our CA2C attains the highest test accuracy
throughout the robust training process.

5. Conclusion

In this paper, we proposed a novel noisy label learning
(LNL) approach, termed CA2C. The method integrated
asymmetric co-learning and co-training strategies to miti-
gate performance degradation in real-world noisy scenarios.
Notably, our CA2C method eliminated requirements for
strong prior knowledge, making it more adaptable in var-
ious real-world cases. Specifically, we trained two models
simultaneously but employed distinct learning paradigms,
aiming to maximize the twin models’ disparities in learning
capabilities and leverage their complementary strengths to
improve robustness against noisy labels. Next, we designed
an asymmetric co-training strategy with cross-guidance la-
bel generation to facilitate knowledge exchange between
these twin models with distinct capabilities, effectively mit-
igating error accumulations. Furthermore, we introduced a
confidence-based re-weighting strategy to improve the ro-
bustness of the P-model against disambiguation failures.
Comprehensive experimental results on synthetic and real-
world noisy datasets demonstrated the effectiveness and ro-
bustness of our CA2C in handling noisy labels.
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