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Abstract
In recent years, multi-view learning has aroused extensive re-
search passion. Most existing multi-view learning methods
often rely on well-annotations to improve decision accuracy.
However, noise labels are ubiquitous in multi-view data due
to imperfect annotations. To deal with this problem, we pro-
pose a novel noisy label calibration method (NLC) for multi-
view classification to resist the negative impact of noisy labels.
Specifically, to capture consensus information from multiple
views, we employ max-margin rank loss to reduce the hetero-
geneous gap. Subsequently, we evaluate the confidence scores
to enrich predictions associated with noise instances accord-
ing to all reliable neighbors. Further, we propose Label Noise
Detection (LND) to separate multi-view data into a clean or
noisy subset, and propose Label Calibration Learning (LCL)
to correct noisy instances. Finally, we adopt the cross-entropy
loss to achieve multi-view classification. Extensive experi-
ments on six datasets validate that our method outperforms
eight state-of-the-art methods.

Code — https://github.com/sstaree/NLC

Introduction
With the continuous development of multimedia technology,
multi-view data collected and stored from various sources
or feature extractors has exploded (Li et al. 2023c; Xu et al.
2022; Ren et al. 2021). In real-world scenarios, multi-view
data shows a variety of heterogeneous properties (Xu et al.
2024a; Sun et al. 2024d; Tan et al. 2024). For example, a
single news story can be represented in multiple formats,
including video, audio, and text, and reported in various lan-
guages across different countries, such as Chinese, English,
and Russian. A more comprehensive description of multi-
view data can be obtained by mining the consistent and com-
plementary information from different views, which could
be used for various tasks, including clustering (Sun et al.
2024c; Jin et al. 2023; Dong et al. 2023; He et al. 2024; Li
et al. 2023a, 2022b), retrieval (Sun et al. 2024a; Yan et al.
2020; Feng et al. 2023; Sun et al. 2024b), and classification
(Sun et al. 2023; Liu et al. 2023a,b; Sun et al. 2022).

In recent years, a large number of multi-view learning
methods (Qin, Pu, and Wu 2024; Qin and Qian 2024; Qin
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et al. 2024; Li et al. 2020, 2023b) have been proposed, which
have achieved promising performance. For instance, TMC
(Han et al. 2020) proposes a trusted multi-view classifica-
tion paradigm that dynamically integrates different views
by estimating the uncertainty. To capture the consistent and
complementary information from different views, PDMF
(Xu et al. 2023) presents a progressive multi-view com-
prehensive learning strategy. However, in real-world sce-
narios, low-quality multi-view data could contain conflic-
tive instances in different views, which is the so-called Con-
flictive Multi-view Learning (CML) problem. To deal with
such multi-view data, ECML (Xu et al. 2024a) presents an
evidential conflictive multi-view learning framework to im-
prove the reliability of decisions for conflictive instances.
Due to unstable or damaged sensors, the collected multi-
view data are usually incomplete, thereby leading to the In-
complete Multi-view Learning (IML) problem. Based on in-
formation theory, DCP (Lin et al. 2022) proposes dual con-
trastive learning and dual prediction to achieve consistency
learning and data inference, respectively. To improve the ef-
fectiveness and trustworthiness, UIMC (Xie et al. 2023) fur-
ther explores and exploits the uncertainty of missing data.
Unfortunately, these methods are highly dependent on well-
annotated label information. Due to time-consuming and ex-
pensive manual annotation, the collected data are often im-
perfect, where noisy labels are ubiquitous. Inevitably, noisy
labels could mislead the model to overfit the noise, thus
weakening the performance.

To address the problem, a few multi-view learning meth-
ods (Liang et al. 2023; Xu et al. 2024b) have been pro-
posed, which achieve promising performance. Among them,
LNRMC (Liang et al. 2023) proposes a multi-view least
squares regression model against label noise. To mitigate
the impact of low-quality features and noisy labels, TMNR
(Xu et al. 2024b) proposes a trusted multi-view noise refin-
ing method to estimate both feature and model uncertainty.
Although these methods provide several robust losses, they
lack the ability to separate noisy labels and clean labels dur-
ing the training process. As shown in Fig.1, due to the over-
memorization of noisy labels, existing methods could cause
the model to overfit noise, thus making the model produce
unreliable label predictions. Therefore, there is an urgent
need for a robust multi-view classification method to achieve
noisy label calibration, thus improving the classification per-
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Figure 1: The classification accuracies with different epochs
on the Scene15 dataset with 0.5 noise rate.

formance.
In this paper, we propose a new Noisy Label Calibration

(NLC) method for multi-view classification to eliminate the
interference of noisy labels. The pipeline of our NLC is illus-
trated in Fig.2, which consists of Cross-view Ranking Learn-
ing (CRL), Label Noise Detection (LND), Label Calibra-
tion Learning (LCL), and multi-view classification module.
Specifically, we first adopt the MixUp operation to improve
generalization to unknown data. Then, CRL is proposed to
reduce the heterogeneity gap and enhance cross-view con-
sistency. In the LND stage, we consider the selected instance
to be noise data when there is a low confidence evaluation
score between its given label and the predicted label distribu-
tions of its neighbors. In the LCL stage, we relabel the noise
instance by all reliable neighbors when there is a large confi-
dence evaluation score between the predicted label distribu-
tions and the given label of its neighbors. Finally, we adopt
the multi-view classification loss to evaluate the differences
between prediction and corrected labels. The contributions
of our paper are summarized as follows:

• We propose a new Noisy Label Calibration method for
multiview classification with noisy labels, which utilizes
the neighbors to obtain richer and unbiased predictions,
thereby achieving noisy label detection and calibration.
To the best of our knowledge, our NLC is the first work
that leverages reliable neighbors to detect and correct
noisy labels in multi-view classification tasks.

• To reduce sharp transitions between instance features by
mixing inputs and labels, we adopt the MixUp operation
to mix multi-view data and further propose a cross-view
ranking learning strategy to improve cross-view consis-
tency.

• Extensive experiments are performed on six widely used
datasets, and the results show the robustness of the pro-
posed NLC against noisy labels compared with eight
state-of-the-art baselines.

Related Work
Recently, a large number of multi-view learning methods
(Zhang et al. 2018, 2024) have been proposed to utilize com-
plementary information from multiple views, which have

proven effective in various downstream tasks, such as multi-
view classification. DCCAE (Wang et al. 2015) proposes
correlation-based representation learning that maximizes the
correlation between multi-view data to learn a unified rep-
resentation. To explore common and exclusive information
between multi-view data, HM3L (Zhang, Patel, and Chel-
lappa 2017) and AE2Nets (Zhang et al. 2019) explicitly and
implicitly learn view-specific and common representation to
achieve the classification task, respectively. To enhance the
credibility of predictions, TMC (Han et al. 2020) dynami-
cally integrates different views by uncertainty estimations,
thereby improving both classification reliability and robust-
ness. However, due to sensor damage and transmission com-
plexity, the collected multi-view data could be incomplete.
To overcome this challenge, DCP (Lin et al. 2022) constructs
an information theoretical framework, which proposes dual
contrastive learning and dual prediction to explore informa-
tion consistency and recover missing data, respectively. In
addition, multi-view data could contain some conflictive in-
stances between different views. To this end, ECML (Xu
et al. 2024a) develops an evidential conflictive multi-view
learning framework, which proposes a new opinion aggrega-
tion strategy to model the multi-view reliabilities. However,
these methods rely heavily on the availability of high-quality
ground-truth labels. Almost all of them implicitly assume
that all multi-view data is labeled correctly. Due to the sub-
jectivity or expensive cost of manual annotation, multi-view
data inevitably contains noisy labels.

The problem of noisy labels (Li et al. 2022a) can gener-
ally be divided into two categories, i.e., Class-Conditional
Noise (CCN) and Instance-Dependent Noise (IDN). CCN
represents that the labeled errors are independent of the data
features. In other words, instances from the same class are
mislabeled as other classes with a certain probability. On the
contrary, IDN represents that the classes of the instances are
assigned incorrectly according to the data features. Since
IDN is very similar to real-world noise, we pay more at-
tention to IDN. To overcome this issue, a few multi-view
methods with noisy labels have also been proposed to pre-
vent overfitting to noisy labels. For example, TMNR (Xu
et al. 2024b) refines the noise labels while estimating the
uncertainty caused by noisy labels, thereby mitigating the
negative impact of noisy labels. However, most multi-view
learning methods cannot resist noisy labels, while the ma-
jority of methods designed to handle noisy labels do not
support multi-modal data. Our method can take into account
both multi-view learning and learning with noisy labels si-
multaneously. Different from the methods mentioned above,
we rely on the labels of reliable neighbors to calibrate noisy
labels, which can effectively avoid training bias caused by
model prediction errors for an individual instance.

Method
Problem Formulation
For convenience, we denote i-th instance from a multi-view
dataset as

{
Xv ∈ RN×dv

}V
v=1

, where N , V and dv are the
number of instances, the number of views and the feature
dimensionality of v-th view, respectively. And we define the
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Figure 2: The framework of the proposed NLC. NLC is mainly composed of four parts, i.e., Cross-view Ranking Learning
(CRL), Label Noise Detection (LND), Label Calibration Learning (LCL), and multi-view classification loss. Specifically, we
first adopt the MixUp operation to make the decision boundary of the model smoother. Then, we propose CRL to capture the
consitency between multi-view data. Moreover, to eliminate the influence of noisy labels, we propose LND and LCL to detect
and relabel noise data. Finally, we adopt the multi-view classification loss to evaluate the differences between prediction label
distributions and the corrected labels.

one-hot vector yi ∈ {0, 1}C as the class label of the i-th
instance, where C denotes the number of all classes. Note
here that {yi}Ni=1 could have been corrupted, i.e., noisy la-
bels. Our goal is to learn a reliable classification model from
noisy sample instances, thus accurately predicting the class
of the unlabeled test instance.

Cross-view Ranking Learning
As we all know, raw data inevitably contains noise labels
and redundant information, which is not conducive to learn-
ing semantic content. Inspired by (Zhang et al. 2017), to
overcome the negative impact of the memorization effect of
DNNs on noisy labels, we introduce the MixUp operation to
construct augmented multi-view instances, thereby improv-
ing generalization to unknown data through the mixed data.
Specifically, we can obtain the mixed data by the following
formula,

λ ∼ Beta(0.5, 0.5),

λ
′
= max(λ, 1− λ),

xv
i = λ

′
xv
i + (1− λ

′
)xv

j ,

yi = λ
′
yi + (1− λ

′
)yj ,

(1)

where λ
′ ∈ (0.5, 1) is a mixup ratio, which ensures the

mixed data (xv
i , y

v
i ) is more similar to (xv

i , y
v
i ). Overall,

the MixUp operation can make the decision boundary of
the model smoother and reduce sharp transitions between
instance features by mixing inputs and labels, thereby re-
ducing the predicted errors in the decision process. After-
wards, we adopt an encoder for each view to learn high-
level feature representation, thereby independently mining
the view-specific discriminative information. Specifically,

for v-th view, we can obtain d-dimension high-level repre-
sentation zvi = fV (xv

i ;ϕ
v) ∈ RN×d of i-th instance, where

fv(·) and ϕv are the encoder and network parameters, re-
spectively.

To reduce the heterogeneity gap between multi-view data
with noisy labels, we propose a cross-view ranking learning
scheme to encourage the similarity of positive multi-view
instances to be larger than that of negative ones. Specifi-
cally, we first use cosine similarity to measure the distance
of cross-view features, i.e.,

S
(
zvi , z

u
j

)
=

zvi (z
u
j )

⊤

∥zvi ∥
∥∥zuj ∥∥ . (2)

Then, we define the sample pair of the same instances from
different views as positive pairs, and others as negative pairs.
Thus, we can obtain the following cross-view max-margin
ranking loss (CRL) between u view and v view,

Lvu
r =

1

N2

N∑
i=1

N∑
j ̸=i

max
(
0,m+ S

(
zvi , z

u
j

)
− S (zvi , z

u
i )
)
,

(3)
where m is the margin value. Intuitively, the ranking loss is
zero if positive pairs are closer than any negative pairs by
the margin m. Finally, the overall CRL is as follow:

Lr =
V∑

v=1

V∑
u=v+1

Lvu
r , (4)

To fully exploit the complementary information between
different views to obtain fused instance representations,
some existing methods consider concatenating or accumu-
lating the view-specific representations of all views. How-
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ever, multi-view data collected from different sensors or fea-
ture extractors could have different qualities. To obtain a
more comprehensive and accurate data representation, we
use a weighted fusion strategy to combine complementary
information from different views. Mathematically, we can
obtain the following fused representation wi =

1
V

∑V
v=1 z

v
i .

Label Noise Detection
The existing MVC methods usually suffer from training bias
when dealing with the problem of noisy labels. To allevi-
ate such bias, we propose a label noise detection scheme
(LND) to divide clean multi-view data and noise ones. To
accurately identify and calibrate noise instances with noisy
labels, we input the unmixed data in the same way to ob-
tain the fused representation wi. Afterwards, we construct
a confidence evaluation function to compute the degree of
consistency between the label distributions of the selected
sample and its candidate neighbors. In other words, if an in-
stance corresponding to a cat is mislabeled as a dog, but most
similar instances are regarded as cats, we have some confi-
dence that the label is wrong. Specifically, we first measure
the cosine similarity between any two unmixed fused repre-
sentations as follows:

D(wi, wj) =
wi(wj)

⊤

∥wi∥ ∥wj∥
. (5)

Then, we perform k-nearest neighbor selection for each in-
stance according to the obtained similarity relationships.
Thus, we can obtain the following candidate subset, i.e.,

N (wi) =
{
w

(k)
i , y

(k)
i

}K

k=1
, (6)

where w
(k)
i and y

(k)
i represent the fused representation and

labels corresponding to k-th neighbor of i-th instance, re-
spectively. Our goal is to determine whether the label is cor-
rect by assessing the confidence evaluation scores between
the label of the selected instance and the predicted labels
of its K-nearest neighbors. Thus, we define the confidence
evaluation scores of the candidate subset as follows:

Sdet(wi, yi) = 1− 1

K

K∑
k=1

J
(
p(w

(k)
i ), yi

)
(7)

where p(w
(k)
i ) is the probabilistic distribution of K-nearest

neighbor of i-th instance after inputting the classifier and
softmax. J represents the Jensen-Shannon (JS) divergence
(Menéndez et al. 1997), which could be formulated as

J(p(w
(k)
i ), yi) =

1

2
KL

(
p(w

(k)
i )∥p(w

(k)
i ) + yi
2

)

+
1

2
KL

(
yi∥

p(w
(k)
i ) + yi
2

)
,

(8)

where KL(·∥·) denotes the Kullback-Leibler (KL) diver-
gence. Overall, the larger the confidence score Sdet(wi, yi)
(more than the threshold θ), the greater the probability that
the i-th instance is a clean instance. On the contrary (less

than the threshold θ), it could be a noise instance. There-
fore, we can obtain noise instances Nnoise by the following
formula:

Nnoise : {(xi, yi), if Sdet(wi, yi) < θ}. (9)

Label Calibration Learning
To prevent the classification model from overfitting noisy la-
bels, we propose label calibration learning (LCL) to relabel
the noise instances Nnoise. In other words, for a noisy in-
stance, we infer its true label through the given labels of its
neighbors. Specifically, we adopt the confidence evaluation
between each noise instance and its neighbors to judge la-
bel consistency. Thus, the confidence score of each instance
could be represented as:

h
(k)
i = 1− J

(
p(wi), y

(k)
i

)
. (10)

The average confidence score of all candidate neighbors is

Scal(wi, yi) =
1

K

K∑
k=1

h
(k)
i

= 1− 1

K

K∑
k=1

J
(
p(wi), y

(k)
i

)
.

(11)

The higher the confidence score (more than the threshold θ
′
),

the closer the overall label distribution given by its neigh-
bors is to the true label distribution of the i-th instance. If
Scal(wi, yi) > θ

′
, we can utilize the labels of these neigh-

bors to relabel noise instances. Intuitively, we rely on all re-
liable neighbors to correct noisy labels, thus obtaining the
following unbiased label evaluation, i.e.,

ŷi = argmax
K∑

k=1

(h
(k)
i · y(k)i ). (12)

Then we further transform ŷi into one-hot label form yi.

Multi-view Classification
To smooth the decision boundary of the classifier, we use the
mixup features and labels to train the classification model.
Once we obtain the calibrated labels of noise instances, we
use Eq.1 to update the mixed labels. Then, to evaluate the
difference between prediction and the mixed labels, we use
the cross-entropy loss as the multi-view classification loss
lc, i.e.,

Lc = − 1

N

N∑
i=1

yi log p (wi) , (13)

where p(wi) is the prediction probabilistic distribution of the
fused representations.

To prevent the model from being overconfident in certain
categories, we calculate the penalty term. The penalty term
is defined as follows:

Lp =
C∑

j=1

1

ej
log

(
1
ej

Qj

)
(14)

where ej = 1
C and Q = 1

N

∑N
i=1 p(wi) are the uniform

prior distributions and the average predicted distributions,
respectively.
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Overall Loss
By combining the above losses, we can formulate the overall
loss of the proposed NLC as follows:

L = Lc + αLp + βLr (15)

where α and β are the balance parameters. Our training pro-
cess consists of two stages, i.e., warm-up and fine-tuning. It
is worth noting that we do not perform label noise detection
and label calibration in the warm-up stage.
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Figure 3: The classification performance (%) on the UCI and
Scene15 datasets with different noise rates.
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Figure 4: Calibration results on the UCI and Scene15
datasets with 0.5 noise rate with.

Experiments
Datasets
We comprehensively evaluate the classification performance
of the proposed NLC on six widely used datasets, i.e., UCI,
Caltech101, Leaves100, Scene15, LandUse21, and ALOI-
100. Specifically, UCI consists of 2000 handwritten dig-
its from 10 classes, which contain 3 views, i.e., the aver-
age of pixels in 240 windows, 47 Zernike moments, and 6
morphological features. Caltech101 has 8677 images be-
longing to 101 categories. In our experiments, we select the
first 20 categories for training. Further, we extract 6 views
by Gabor, Wavelet Moments, CENTRIST, HOG, GIST, and
LBP. Leaves100 contains 1600 leaves of 100 plant species.
We use descriptors, fine-scale edges, and texture histograms
to obtain 3 views. Scene15 comprises 4485 pictures from
15 scene categories. We adopt three types of feature ex-
tractors (i.e., GIST, PHOG, and LBP) to extract features.
LandUse21 includes 2100 satellite pictures with 21 classes.
Each instance contains three views extracted by GIST,
PHOG, and LBP. ALOI-100 is a 4-view dataset (i.e., HSB,

RGB, COLORSIM, and HARALICK) from 1000 small ob-
jects, which contains 10800 images. For all datasets, we ran-
domly split 80% of the data into the training set and 20%
into the testing set. In our experiments, we follow (Xu et al.
2024b) to generate different proportions of IDN noise labels
(i.e., 0, 0.1, 0.2, 0.3, 0.4, and 0.5).

Compared Methods
In our experiments, we compare the proposed NLC with
eight state-of-the-art methods, including DCCAE (Wang
et al. 2015), TMC (Han et al. 2020), TMDLO (Liu et al.
2022), ETMC (Han et al. 2022), DCP (Lin et al. 2022),
UIMC (Xie et al. 2023), ECML (Xu et al. 2024a), and
TMNR (Xu et al. 2024b). Since DCCAE is the bi-view
method, we select the highest scores of the two views for
the performance comparison. For a fair comparison, all com-
pared methods use the parameters mentioned in the original
papers. If there is no relevant recommendation, we carefully
tune them.

Implementation Details
The proposed NLC is implemented on a 4080 GPU with
PyTorch 2.2.2. We adopt fully connected networks with
a ReLU layer to extract the view-specific representation,
where the dimension of the v-th encoder is dv − 0.8dv −
0.8dv − d (d = 1500). The SGD optimizer is used for opti-
mizing our model and the batch size is 128. In the warm-up
stage, the number of epochs is set to 20. The learning rates
are set to 0.001 and 0.05 on the first two datasets and the
last four datasets, respectively. In the fine-tuning stage, the
maximum epoch is 100. The learning rate is set to 0.001 on
all datasets. In our experiments, the number of neighbors is
fixed at 20. The thresholds (θ and θ

′
) are set to 0.45 and 0.6

for all datasets. Note here that we adjust θ and θ
′

to 0.2 for
the higher noise rate (more than 0.5). According to the pa-
rameter analysis, we set α to 0.7 on all datasets, and fix β to
0.01 and 0.1 on Caltech101 and other datasets, respectively.
In addition, we perform 5-times experiments to record the
mean accuracy and standard deviations.

Experimental Results and Analysis
We evaluate the proposed NLC with eight advanced multi-
view classification methods. The experimental results on all
datasets with different noise rates are reported in Tab.1. In
addition, as shown in Fig.3, we plot the performance curves
on the UCI and Scene15 datasets with different noise rates
(from 0 to 0.9). From these results, one could observe that:

• For the clean datasets, our NLC achieves the best classifi-
cation performance compared to all state-of-the-art meth-
ods. This indicates the LCL module could mitigate the
negative impact on the classification model.

• As the noise rate increases, the classification accuracies
of all methods decrease. This is because more noisy
labels will increase the learning difficulty and mislead
the classification model, thereby leading to performance
degradation. Moreover, under different noise rates, NLC
achieves the best classification performance.
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Dataset Noise DCCAE TMC TMDLO ETMC DCP UIMC ECML TMNR NLC
Year ICML’15 ICLR’20 AAAI’22 TPAMI’22 TPAMI’22 CVPR’23 AAAI’24 IJCAI’24 Ours

0% 91.35±1.91 96.55±0.46 94.55±0.70 96.45±0.40 98.30±0.37 97.40±0.34 84.55±1.43 96.90±0.65 98.45±0.62
10% 90.70±2.02 93.50±0.57 93.25±1.10 95.15±0.51 86.50±1.06 95.95±1.13 83.30±1.51 95.95±0.37 97.60±0.83
20% 91.20±2.01 93.35±0.77 91.75±1.82 94.40±0.85 72.55±1.08 92.40±0.75 82.50±1.35 95.90±0.84 97.30±0.33
30% 90.25±2.48 88.05±1.03 89.65±0.87 90.40±0.68 58.90±1.08 85.35±0.56 77.85±1.71 94.00±1.46 96.60±0.75
40% 90.75±1.97 82.55±2.80 88.35±1.33 86.35±2.94 49.60±1.01 73.05±0.71 74.45±1.62 94.65±1.35 94.15±3.19

UCI

50% 89.00±2.51 71.00±1.47 80.35±2.82 76.65±1.25 44.75±2.07 64.00±1.06 66.50±2.79 88.90±0.49 92.15±3.67
0% 66.32±1.24 91.30±1.63 68.33±3.46 90.71±1.04 87.78±1.13 93.12±0.31 89.87±2.08 91.84±1.08 93.12±1.19
10% 64.27±1.25 90.54±1.99 66.11±2.87 89.62±1.99 76.44±1.33 89.43±0.83 87.87±1.85 91.09±0.59 92.33±1.25
20% 59.29±1.46 85.61±2.10 61.42±2.13 85.65±1.17 62.80±1.86 84.49±0.91 80.75±0.95 87.78±1.26 89.48±0.49
30% 60.54±1.58 83.51±2.15 61.88±1.87 83.72±2.29 59.92±2.96 82.47±0.43 76.19±2.72 86.82±0.83 87.42±1.32
40% 52.05±2.58 74.94±2.06 59.04±3.18 74.35±2.09 50.29±1.71 71.11±1.57 70.59±3.09 81.59±0.96 83.27±1.99

Caltech101

50% 43.39±2.56 63.39±2.86 54.56±3.75 65.69±2.76 45.31±1.24 57.02±1.36 58.62±1.90 72.89±1.97 75.85±2.66
0% 62.00±4.17 94.19±0.32 50.81±4.14 90.56±1.29 97.25±0.67 97.06±0.47 73.19±1.46 73.75±2.55 98.50±0.46
10% 61.31±2.50 93.25±0.61 43.50±2.61 89.25±1.20 84.56±1.50 92.06±0.51 73.00±2.15 68.88±2.17 96.69±0.61
20% 56.88±3.55 89.56±1.23 44.88±3.68 86.00±2.01 72.75±2.53 87.00±1.49 72.06±1.08 64.19±2.03 93.25±1.93
30% 55.19±2.69 85.38±1.65 42.31±5.31 81.56±2.30 59.25±3.54 80.44±1.56 67.88±1.50 60.94±2.04 87.25±1.93
40% 53.00±2.58 81.56±2.41 39.75±2.59 76.44±2.91 48.00±1.35 71.06±2.16 65.38±2.52 57.75±2.12 82.25±2.64

Leaves100

50% 50.19±2.18 73.81±3.61 32.81±1.03 68.50±2.47 39.75±2.14 65.50±1.02 59.25±1.46 55.63±2.91 75.19±3.23
0% 49.50±1.54 72.11±1.14 42.76±3.49 70.30±1.31 74.52±2.41 75.25±0.33 59.49±1.39 63.84±1.40 80.13±1.20
10% 48.23±1.76 72.02±1.28 42.83±2.94 69.99±1.25 53.07±2.24 74.18±1.51 58.66±0.97 63.34±1.20 77.99±1.00
20% 48.32±1.68 72.06±1.13 42.36±3.78 69.65±0.81 42.63±1.10 71.42±1.12 60.13±0.74 62.74±1.85 76.54±1.00
30% 47.42±1.34 71.82±1.09 41.92±5.05 69.21±1.48 33.89±1.27 69.94±1.44 59.26±1.30 59.40±1.96 73.76±1.10
40% 47.76±1.32 68.83±0.38 37.64±5.59 66.47±1.29 25.71±0.53 67.89±0.82 57.64±1.16 53.13±2.07 70.77±1.87

Scene15

50% 46.58±2.23 65.15±1.72 39.98±4.37 63.63±2.27 19.60±1.60 63.61±2.34 54.49±0.94 52.13±3.53 68.61±1.74
0% 32.62±1.74 49.62±3.26 26.52±0.94 45.00±3.04 71.38±2.29 68.00±1.58 37.95±1.94 41.71±2.46 75.19±1.19
10% 30.48±1.23 48.71±4.10 24.86±2.62 43.33±3.92 55.10±0.82 54.10±1.10 34.10±2.43 39.00±2.91 70.14±1.92
20% 29.33±1.53 46.48±2.49 26.00±1.75 41.33±2.75 44.67±2.39 47.24±1.27 31.52±1.92 35.95±2.27 65.52±1.75
30% 29.24±1.92 43.24±3.54 26.76±2.66 39.76±2.76 34.00±1.94 40.14±1.45 30.43±1.39 36.71±2.28 57.76±3.00
40% 26.00±1.59 40.10±1.76 24.48±1.08 37.19±2.89 27.90±1.14 28.62±1.03 26.19±1.68 33.10±1.70 52.24±2.48

LandUse21

50% 26.29±0.98 36.57±2.34 17.24±3.09 35.24±2.45 21.86±1.75 25.48±0.77 25.43±1.60 29.38±3.07 48.29±2.41
0% 56.71±1.81 85.42±0.94 65.15±1.41 43.53±1.77 96.56±0.65 97.88±0.09 63.46±0.99 61.91±1.31 99.25±0.17
10% 55.78±1.03 85.69±0.81 60.81±1.77 40.31±1.77 84.28±1.51 95.94±0.41 60.41±1.23 59.71±1.35 97.94±0.37
20% 54.11±1.43 85.79±0.63 52.12±0.94 36.76±1.88 71.98±0.75 94.33±0.54 56.01±0.31 53.13±1.51 97.37±0.39
30% 53.59±0.85 85.49±0.96 42.48±1.10 35.08±2.18 59.74±1.02 93.32±0.54 53.25±0.22 52.56±1.46 96.83±0.73
40% 53.06±1.18 84.06±1.25 32.98±0.77 29.50±1.03 48.10±1.52 91.64±0.67 48.54±1.25 47.10±2.21 95.85±0.13

ALOI-100

50% 48.58±1.55 81.51±1.19 23.29±0.98 23.61±0.71 33.06±1.80 88.64±0.96 41.77±1.18 41.67±1.54 94.76±0.71

Table 1: Classification accuracy (%) of our NLC and eight compared methods on all datasets with different noise rates. The
best and second scores are highlighted by bold and underline, respectively.

• Under the high noise rate, NLC significantly outperforms
all the compared methods. This is because the label cal-
ibration module can effectively relabel the noisy labels,
thereby alleviating the negative effects of noise.

• According to the performance curves, when the noise rate
is low (less than 0.5), we have more reliable neighbors
to guide the relabeling of noise instances, thus achieving
very stable high accuracy. When the noise rate exceeds
0.7, the classification accuracy of almost all methods
drops rapidly. In particular, when the noise rate reaches
0.9, our NLC method also performs poorly, which could
be because the neighbor instances contain too much noise
to effectively achieve label calibration.

Calibration Estimation
To analyze the label calibration behavior of our NLC, we
plot the density with different epochs on the UCI and
Scene15 datasets with 0.5 noise rate. As shown in Fig.4, we

could observe a significant improvement in the label calibra-
tion process as the iteration epoch increases. Obviously, the
density of correct labels steadily increases, while the density
of incorrect labels decreases, which indicates the effective-
ness of our method in accurately calibrating noisy labels.
When the training of our model is finished, most of the false
labeled instances have been corrected, which shows the ro-
bustness and reliability of our approach to handling noisy
data.

Parameter Analysis
Our NLC contains two parameters α and β. Although NLC
has shown promising performance by fixing these parame-
ters, it is necessary to explore the parameter sensitivity to
explore the potential of our method. To this end, we conduct
parameter analysis experiments to evaluate the influence of
α and β on the UCI and Scene15 datasets with different
noise rates (i.e., 0%, 20%, and 50%). As shown in Fig.5, we
set the values of α and β to be in the range of {0.1, 0.3, 0.5,
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Figure 5: Paramenter analyse for α and β on the UCI and Scene15 datasets.

(a) UIMC (0.5 noise) (b) ECML (0.5 noise) (c) TMNR (0.5 noise) (d) Ours (0.5 noise) (e) Ours (0 noise)

Figure 6: t-SNE visualization on the UCI dataset.

0.7, 0.9} and {1e-5, 1e-4, 1e-3, 1e-2, 1e-1, 1}, respectively.
According to these experimental results, we can observe that
NLC is not sensitive to α when α > 0.5. Moreover, we can
choose a suitable value of β (i.e., 1e-2 or 1e-1) to improve
the classification performance.

Visualization Analysis
To show the effectiveness of the representation learned by
our NLC and several advanced methods (i.e., UIMC, ECML,
and TMNR), we adopt t-SNE to visualize it on the UCI
dataset with 0.5 noise rate. As shown in Fig.6, the class
structures of UIMC and ECML are mixed since they cannot
deal with the problem of noisy labels very well. However,
our NLC has large inter-class scatters and small intra-class
scatters, which are important for classification tasks. When
the labels are completely correct, we can see that NLC ob-
tains clearer class structures on clean data than on noisy data.
This indicates that NLC can resist the effect of noisy labels,
thereby improving classification performance.

UCI Caltech101 Leaves Scene15 LandUse21 ALOI-100
NLC-1 79.80 50.23 72.56 67.83 44.81 95.54
NLC-2 90.70 75.60 73.12 67.29 48.43 93.94
NLC-3 78.75 60.17 74.88 63.79 44.81 89.81
NLC-4 91.95 73.75 72.62 60.07 43.81 90.94
NLC 92.15 75.85 75.19 68.61 49.10 94.76

Table 2: Ablation study on all datasets with 0.5 noise rate,
where the highest score is shown in bold.

Ablation Study
To study the effectiveness of each component of the
proposed NLC, we conduct ablation studies. Our NLC

mainly has four variants, including NLC-1, NLC-2, NLC-
3, and NLC-4. Specifically, NLC-1 represents removing
the penalty term Lp. NLC-2 removes cross-view ranking
learning. The variant NLC-3 removes the label calibration
scheme. And NLC-4 denotes that the MixUp operation is re-
moved. Table 2 shows the experimental results of our NLC
and different variants. From the results, we can obtain the
conclusion: The performance of NLC-1 has been signifi-
cantly reduced, which indicates the penalty term can prevent
the model from being overconfident in certain categories,
thereby improving the classification accuracies. Cross-view
ranking learning can mine multi-view consistency, and the
introduction of the label calibration module can further al-
leviate the negative impact of noisy labels. In addition, the
MixUp operation can enhance the generalization of multi-
view data with noisy labels.

Conclusion
In this paper, we propose a novel multi-view classification
approach named Noisy Label Calibration (NLC) to deal with
the problem of learning from noisy labels. NLC is equipped
with four parts, including Cross-view Ranking Learning
(CRL), Label Noise Detection (LND), Label Calibration
Learning (LCL), and the multi-view classification module.
To capture the consistency between multi-view data, CRL
encourages the similarity of positive multi-view instances to
be larger than that of negative ones. Then, we propose LND
and LCL to estimate the predictive reliability for a candi-
date instance, thereby accurately detecting clean instances
and relabeling noisy ones, respectively. Finally, we adopt the
cross-entropy loss to achieve multi-view classification. Ex-
tensive experiments on six datasets with noisy labels show
the superiority and robustness of our NLC compared with
existing state-of-the-art methods.
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