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Abstract

In this work, we develop a new approach for learning a deep neural network for image
classification with noisy labels using ensemble diversified learning. We first partition the
training set into multiple subsets with diversified image characteristics. For each subset,
we train a separate deep neural network image classifier. These networks are then used to
encode the input image into different feature vectors, providing diversified observations
of the input image. The encoded features are then fused together and further analyzed by a
decision network to produce the final classification output. We study image classification
on noisy labels with and without the access to clean samples. Our extensive experimental
results on the CIFAR-10 and MNIST datasets demonstrate that our proposed method
outperforms existing methods by a large margin.
Keywords Noisy labels . Deep neural networks . Encoder networks . K-means clustering

1 Introduction
Deep neural networks have achieved excellent performance in various visual recognition tasks
such as image classification [41, 40], object detection [37], and speech recognition [15]. These
achievements rely on large-scale labeled datasets, such as the ImageNet [7]. It is often
expensive and time-consuming to obtain large datasets with high-quality annotations. An
alternative solution is to the annotation data available on the Internet, for example, image tags
from social networks or keywords from search engines. We can also resort to crowdsourcing
by non-professional volunteers [10, 34]. It should be noted that these labels are often unreliable
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with significant amounts of incorrect labels. These noisy labels will affect the classification
performance of the trained classifiers [33]. Therefore, it is important to develop robust learning
methods for image classification in the presence of label noise.
Approaches for learning effective image classifiers from noisy labels can be categorized
into two major groups. The first group learns from noisy labels directly. They focus on noiserobust learning algorithms [30, 4] and label noise cleansing to remove or correct the mislabeled
samples [5, 3, 32]. These approaches have the difficulty in identifying informative hard
training samples [6] from mislabeled samples. The second group assumes that an extra set
of clean samples with correct labels verified by human are available for guiding the training
process [48, 45]. For instance, Lee et al. [21] used the clean samples to train an additional
network to verify whether the label is correct. Clean samples have been used by Jiang et al.
[16], Ren et al. [38], and Han et al. [12] to determine weights on noisy samples. Sun et al. [43]
proposed a weakly supervised learning approach to learn a deep convolutional neural network
(DCNN) from unlabeled data using a small set of labeled data. Methods have also been
developed to estimate the noise transition matrix and adjust the loss function [35].
We observe that an important component in learning deep neural networks with noisy labels is
to exploit the consistency between the predictions by different networks and use this consistency
constraint to correct label errors. This requires that these networks participating the joint error
correction should have diversified observations. Otherwise, fusing their predictions together will
not be helpful for label error correction. To this end, we propose to partition the training set into
multiple subsets with diversified image characteristics. For each subset, we train a separate deep
neural network image classifier. These networks are then used to encode the input image into
different feature vectors, providing diversified observations of the input image. The encoded
features are then fused together and further analyzed by a decision network to produce the final
classification output. We study two different scenarios: learning the deep neural network classifier
with and without clean samples. Our extensive experimental results on the CIFAR-10 and MNIST
datasets demonstrate that our proposed method outperforms existing methods by a large margin.
The rest of the paper is organized as follows. Section 2 reviews the related work. Section 3
presents our method. Experimental results are provided in Section 4. Further discussions and
concluding remarks are provided in Section 5.

2 Related work and major contributions
Learning with noisy labels has emerged as an important research topic in machine learning and
computer vision. A number of methods have been developed to train convolutional neural
networks with noisy labels [2, 28, 39, 51]. Han et al. [12] proposed a co-teaching method which
learns two networks simultaneously. Each network teaches the other network using the most
useful samples for parameter updating. An improved coteaching method was developed by Yu
et al. [52] which explores the prediction disagreement between two networks to update parameters. Yuan et al. [53] proposed a method to improve the performance of neural networks with and
without a monitoring set. They used two independent networks to update the label during the
training process. Han et al. [13] presented a so-called pump-out method to squeeze out the impact
of noisy samples from the training model. Zhang and Sabuncu [54] proposed new loss functions
for training deep neural networks with noise. A noise-tolerant learning algorithm was proposed by
Li et al. [29], where meta-learning update is performed before the conventional gradient update.
The meta-learning method simulates actual training with label noise.
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Fig. 1 Overview of the proposed method with two phases

Another set of approaches combine noisy labels with a small set of clean samples for
training convolutional neural networks (CNNs). Xiao et al. [51] used two independents CNNs
to predict the class label and the noise type. Azadi et al. [2] proposed an auxiliary image
regularizer to actively select reliable images to improve noise robustness. The clean samples
are used to train a CNN feature extraction network. Vahdat [45] built an undirected graphical
model to model label noise in training datasets. Li et al. [28] proposed a unified distillation
method to learn from noisy labels using a small amount of clean samples. Hendrycks et al. [14]
presented a loss correlation method, which learns a label corruption matrix using trusted data
and then uses the corruption matrix to train a corrected classifier. Deep networks are able to
accommodate a certain level of label noise [49]. Fawzi et al. [9] studied the robustness of
neural networks against adversarial perturbations, geometric transformations, etc. Van et al.
[46] found that learning algorithms are robust to annotation errors and training data corruption
if the training set has sufficient samples. Rolnick et al. [39] demonstrated that convolutional
neural networks trained on large datasets are sufficiently robust to label noise. They demonstrated that larger batch sizes with lower learning rates are beneficial for learning with label
noise.
This work is also related to feature fusion networks [24]. The methods developed in [25]
and [27] explored distinctive patterns of various descriptors to improve the fusion performance. Multi-orientation score-level fusion has been developed in [23] and [22]. The multidirectional fusion method developed in [26] is able to fuse the matching score to improve
fusion performance. Tang et al. [44] have shown that the classification performance based on
fusion of electroencephalography (EEG) and electromyography (EMG) data is better than that
using the EEG features only.
Table 1 Performance (classification accuracy) evaluation with different groups of datasets on the CIFAR-10
dataset at different noise rates with clean network
Noise levels
Number of groups

Clusters per group

30%

50%

70%

2
3
4
5

6
4
3
2

77.94
77.60
77.10
76.48

73.82
72.56
72.06
71.32

69.16
68.40
67.54
66.02

The bold numbers represent the highest classification accuracies
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Accuracy (%)

80
75
70

77.88

77.94

73.02

73.82

67.86

69.16

76.82
72.14
68.46

75.58
70.74
66.98

74.72
69.48
66.4

65
60
Stage1
30% Noise

Stage2

Stage3
50% Noise

Stage4

Stage5

70% Noise

Fig. 2 Accuracy of five stages on CIFAR-10 dataset in different levels of noise with clean samples

Compared to the existing work, the main contributions of this work can be summarized as
follows: (1) we develop a new approach to learn deep neural network image classification from
noisy labels using ensemble diversified observations. (2) We learn a set of networks on
diversified training sets to encode the input image to provide diversified descriptions of the
image. These features will be fused together and further analyzed by a network to generate the
final classification output. (3) Our experimental results on benchmark datasets demonstrate
that our method outperforms existing methods by a large margin.

Fig. 3 Samples of CIFAR-10 and MNIST training sets diluted with noisy labels. a symmetric noise;
b asymmetric noise. The red box represents noisy label
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Table 2 Performance (classification accuracy) comparison on the CIFAR-10 dataset at different noise rates with
clean network
Method

30%

Base CNN
Base CNN Iterative cross learning (ICL) [53]
True noise [42]
Dropout [17]
Base CNN +ICL [53]
Dropout+ICL [53]
Ours (Phase1) [1]
Ours (Phase2)

50%

74.46
74.90
75.20
75.90
75.1 0
76.10
77.94
79.72

70.38
70.10
70.40
72.30
72.40
74.00
73.82
75.02

70%
63.30
62.90
63.80
65.60
68.00
70.00
69.16
70.40

The bold numbers represent the highest classification accuracies

3 Method
In this section, we present our proposed method to learn a deep neural network for image
classification with noisy labels.

3.1 Overview
The overall framework of the proposed method is illustrated in Fig. 1. We first use a pretrained deep convolution neural network (DCNN) to extract features for all images in the
training set. We then apply k-means clustering to their features and partition them into M  L
clusters. We then split these M  L clusters into M groups with each group having L clusters. In
this way, these M subsets of training images will have diversified image characteristics since
they consist of different clusters. Each group is then used to train the Encoder Network. We
concatenate the features extracted by the Encoder Networks and then train the fusion network
to generate the classification output. In the following sections, we explain these major
components in more details.

3.2 Image clustering and diversification
The objective of this task is to partition the input training samples based on the similarity of
extracted features into clusters with different characteristics using k -means clustering. We
randomly partition these clusters into Mgroups, which are then used to train different networks.
Table 3 Performance (classification accuracy) comparison on the MNIST dataset at different noise rates with
clean network
Method
Base CNN
Base CNN ICL [53]
True noise [42]
Dropout [17]
Base CNN +ICL [53]
Dropout+ICL [53]
Ours (Phase1) [1]
Ours (Phase2)

30%
97.93
97.83
98.70
98.75
98.34
98.93
98.38
99.18

The bold numbers represent the highest classification accuracies

50%
97.03
96.8
97.94
98.20
97.88
98.68
98.18
98.82

70%
95.60
94.25
96.69
96.99
97.46
98.22
98.08
98.64
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Table 4 Performance (classification accuracy) comparison on the CIFAR-10 dataset at different noise without
clean network
Method

30%

Base CNN
Base CNN ICL [53]
True noise [42]
Dropout [17]
Base CNN +ICL [53]
Dropout+ICL [53]
Ours (Phase 1) [1]
Ours (Phase 2)

50%

74.46
74.30
75.20
75.40
74.50
75.50
76.00
78.72

70%

70.38
69.40
70.40
71.40
71.90
73.20
72.12
74.68

63.30
59.60
63.80
64.70
66.20
69.40
66.38
67.30

The bold numbers represent the highest classification accuracies

In this case, each network is trained with different sets of samples. In this paper, we use the
pre-trained clean network to extract the features from the training set if clean samples are
available. Otherwise, we use the pretrained base model to extract the features. This approach is
more effective than random splitting of the training set since those groups obtained by the
clustering approach will have much more diversified image characteristics than those obtained
by random partitions [1]. The number of groups M is an important parameter in our algorithm.
Table 1 shows that two groups with 6 clusters for each achieve the best performance since each
group has a sufficient number of samples to train the Encoder Networks. Based on this
observation, in our experiments, we set the default value of M to be 2.

3.3 CNN-Based image encoding
We use the groups of training images obtained from k-means clustering to train the Encoder
Networks 1 and 2. The Encoder Network 3 is trained on a set of clean samples with verified
labels if it is available. Otherwise, if the clean samples are not available, we randomly select
90 % of the whole training set to train this network. We use these three Encoder Networks to
predict new labels in the next stage based on majority voting. The predicted labels will be used
to update the network in the next stage. If two or more networks predict the same label, the
original label will be updated to this label. Otherwise, we keep the original label. Once labels
are updated, we then come back to refine those two networks. This label update and network
refinement process is repeated for multiple times.

Table 5 Performance (classification accuracy) comparison on the MNIST dataset at different noise without clean
network
Method
Base CNN
Base CNN ICL [53]
True noise [42]
Dropout [17]
Base CNN +ICL [53]
Dropout+ICL [53]
Ours (Phase 1) [1]
Ours (Phase 2)

30%
97.93
97.71
98.70
98.71(98.80)
98.00
98.83
98.58
99.14

The bold numbers represent the highest classification accuracies

50%
97.03
96.24
97.94
97.88(98.08)
97.46
98.50
98.06
99.04

70%
95.60
93.40
96.69
96.04(96.88)
96.42
97.66
97.68
98.56
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3.4 Image feature fusion and classification
We concatenate the features obtained from the Encoder Networks. These networks have the
same structure, where Encoder Networks 1 and 2 have been trained on different subsets of
input training data and Encoder Network 3 is trained with and without clean samples. The
fusion network takes the input from the last fully connected layer of each Encoder Network
and concatenates them together. Finally, the fusion network is trained on the input training set
to evaluate the performance.

3.5 Algorithm summary and complexity analysis
In this section, we summarize the two phases of our algorithm in Algorithm 1 and Algorithm 2.
In Algorithm 1, we use the groups of samples obtained by the k-means clustering to train the
Encoder Networks 1 and 2. The Encoder Network 3 is trained on clean samples. If no clean
samples are available, it is trained with 90 % samples randomly selected from the whole
training set. The original label will be updated at each training stage. In Algorithm 2, we
connect these Encoder Networks with the fusion network which predicts the classification
output.
In this work, we use a multi-stage training process. At each stage, the fusion
network will update the label of each sample. Once the labels are updated, we will
come back to fine-tune the encoder and fusion networks. With a number of stages,
more and more error labels will be corrected. Figure 2 shows the best classification
accuracy is achieved at stage 2 for three different label noise levels 30 %, 50 %, and
70 %. When the number of stages is more than two, the continuous label updating
becomes less and less accurate and introduces additional noise into the labels, which
degrades the overall performance.
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4 Experimental results
In this section, we conduct extensive experiments on benchmark datasets to evaluate the
performance of our proposed image classification method with noisy labels.

4.1 Datasets
In this work, we use the CIFAR-10, MNIST, and 10-class ImageNet (ILSVRC2012)
datasets to evaluate our method. The MNIST dataset is a set of images of handwritten
digits [20]. It has 10 classes with 60,000 training images and 10,000 test images. Each
image has a size of 28 × 28 pixels. The CIFAR-10 dataset consists of 60,000 color
images with resolution 32 × 32 [18]. We use 50,000 training images and 10,000 images
for testing. In the ImageNet dataset [40], we use 10 classes of animals (Bulbul, Goose,
Gorilla, Hen, Ice bear, King penguin, Mud turtle, Ox, Red fox, and Sea Snake) with
size 227 × 227 to evaluate our method. For the training dataset, we apply data augmentation methods, including random reflection, random translation, and center
cropping. We corrupt the training datasets with two types of label noise: symmetric
and asymmetric label noise. In symmetric noise, we randomly generate different labels
for one class based on a uniform random distribution. In asymmetric noise, we
introduce label errors between similar classes. For example, in the CIFAR-10 dataset,
sample labels may be corrupted as follows: TRUCK → AUTOMOBILE, BIRD →
AIRPLANE, DEER → HORSE, CAT ↔ DOG. In the MNIST dataset, the sample
labels may be corrupted as: 2 → 7, 3 → 8, 5 → 6, 7 → 1. Figure 3 shows some
examples of training images with noisy labels.
80

Accuracy [%]

75
70

74.88
70.02

76
72.12
66.38

65
60

73.68
70.46

71.88

70.16

67.38
65.28

63.04

64.76
61.04

58.16

55
Stage1
30% Noise

Stage2

Stage3
50% Noise

Stage4

Stage5

70% Noise

Fig. 4 Accuracy of five stages on CIFAR-10 dataset in different levels of noise without clean samples
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Table 6 Classification accuracy of sampling different percentages of whole data on CIFAR-10 dataset at
different noise without clean network
Noise levels
Percentage

30%

50%

70%

50 %
70 %
90 %
100%

74.90
75.36
76.00
75.94

70.62
71.74
72.12
71.82

63.00
64.92
66.38
64.78

The bold numbers represent the highest classification accuracies

4.2 Results
In this section, we evaluate the performance of our method on the CIFAR-10, MNIST, and
ImageNet (ILSVRC2012) datasets with different levels of noise. We compare the performance of
our method with the baseline CNN and the methods developed by Yuan et al. [53], Ding et al. [8],
and Wang et al. [50]. We use the same model architecture as in these three methods during
performance comparisons.

4.2.1 Results on the CIFAR-10 and MNIST datasets with clean labels
In the following experiments, we use a set of clean samples to train the clean network. Following the
procedure in Yuan et al. [53], we divide the 10,000 images into 5,000 images for testing and 5,000
images for training the clean network. We use the same network architecture as in Yuan et al. [53] on
the CIFAR-10 and MNIST datasets with two convolutional layers and two fully connected layers.
Each convolutional layer is followed by a ReLU (Rectified Linear Unit) layer and a max-pooling
layer. The first fully connected layer (fc1) followed by ReLU activation is added to the second max-

Table 7 Performance (classification accuracy) comparison on CIFAR-10 and MNIST datasets at different noise
rates without clean network
CIFAR-10

MNIST

Method

20% Symmetric

20% Asymmetric

20% Symmetric

20% Asymmetric

Base CNN
cross-entropy [35]
unhinged (BN) [47]
sigmoid (BN) [11]
Savage [31]
bootstrap soft [36]
bootstrap hard [36]
Backward [35]
Forward [35]
cross-entropy [8]
improved baseline [8]
Semi-Supervised learning [8]
Ours (Phase 1) [1]
Ours (Phase 2)

83.66
83.70
84.10
66.60
77.40
84.30
83.60
80.40
83.40
82.40
83.60
84.50
85.11
87.16

84.92
85.00
83.80
71.80
76.00
84.60
84.70
83.80
87.00
85.50
85.20
85.60
86.47
87.54

97.68
96.9±0.1
96.9±0.1
93.1±0.1
96.9±0.0
96.9±0.0
96.8±0.0
96.9±0.0
96.9±0.0
97.1±0.1
97.1±0.1
97.70±0.4
97.99
99.06

98.20
97.5±0.0
97.0±0.1
96.7±0.1
97.0±0.1
97.5±0.0
97.4±0.0
96.7±0.1
97.7±0.0
97.6±0.2
97.7±0.1
97.80±0.1
98.40
99.01

The bold numbers represent the highest classification accuracies
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Table 8 Performance (classification accuracy) comparison on CIFAR-10 at different noise rates without clean
network
Noise levels
Method

20%

40%

Base CNN
Cross-entropy [50]
Backward [35]
Forward [35]
Bootstrapping [36]
CNN-CRF [45]
Iterative learning [50]
Ours (Phase 1) [1]
Ours (Phase 2)

81.23
74.17
76.27
79.25
74.39
80.15
81.36
82.38
83.86

77.00
62.38
75.18
77.81
69.50
78.69
78.15
78.94
81.19

The bold numbers represent the highest classification accuracies

pooling layer. Finally, a softmax layer is added after the second fully connected layer (fc2) for
classification.
In Tables 2 and 3, we can see that our method outperforms the baseline CNN by 5.26 %,
4.64 %, and 7.10 % for label noise levels of 30 %, 50 %, and 70 %, respectively on the CIFAR10 dataset, and by 1.25 %, 1.79 %, and 2.88 %, respectively on the MNIST dataset. Compared
to Yuan’s method, it has improved the classification accuracy by 3.62 %, 1.02 % and 0.4 %,
respectively on the CIFAR-10 dataset, and by 0.25 %, 0.14 %, and 0.26 % on MNIST. Our
method achieves the best performance when compared to the other two methods, the true noise
[42] and dropout regularization [17] methods, at all noise levels.

4.2.2 Results on the CIFAR-10 and MNIST datasets without clean labels
Here, we evaluate our method without clean samples. Tables 4 and 5 summarize the performance comparison results at different noise levels. We can see that our method outperforms
the base CNN by 4.26 %, 4.30 %, and 4.00 % for noise levels of 30 %, 50 %, and 70 %,
respectively on the CIFAR-10 dataset and by 1.31 %, 2.01 %, and 2.96 %, respectively on the
MNIST. Compared to Yuan’s method, it has improved the classification accuracy by 3.22 %
and 1.48 % at noisy levels 30 % and 50 %, respectively. But its accuracy dropped by 2.10 % at
noisy level 70 % on the CIFAR-10. On the MNIST dataset, our method improved the accuracy
by 0.41 %, 0.54 %, and 0.90 %, respectively. Without clean samples, our method also outperforms the true noise [42] and dropout regularization [17] methods at all noise levels.
Figure 4 shows the highest accuracy obtained at stage 2 for three different label noise
levels 30 %, 50 %, and 70 %. The classification accuracy drops after stage 2. In Table 6,
Table 9 Performance evaluation on 10 classes ImageNet dataset with clean network
Noise levels
Method
Base CNN
Ours (Phase 1) [1]
Ours (Phase 2)

30%
71.37
73.37
75.07

The bold numbers represent the highest classification accuracies

50%
63.52
67.30
67.89

70%
51.78
59.44
57.67
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Table 10 Performance evaluation on 10 classes ImageNet dataset without clean network
Noise levels
Method
Base CNN
Ours (Phase 1) [1]
Ours (Phase 2)

30%
71.37
72.67
74.89

50%
63.52
66.52
67.37

70%
51.78
55.93
56.52

The bold numbers represent the highest classification accuracies

we show the impact of different percentages of the training set used for training on the
final classification performance. We can see that the performance is optimized when we
randomly sample 90 % of the whole training set for training. In this work, we compare
our method with Ding [8] with symmetric and asymmetric label noise. For symmetric
label noise, we randomly generate different labels to replace the true label for each class
with 20 % of noise level. For asymmetric labels noise, we introduce label errors between
similar classes, for example TRUCK → AUTOMOBILE, BIRD → AIRPLANE, DEER
→ HORSE, CAT ↔ DOG and 2 → 7, 3 → 8, 5 → 6, 7 → 1. In Table 7, we can see that
our proposed method outperforms other methods and achieves a high accuracy at noise
level of 20 % with symmetric and asymmetric of noise. We also compare our method
with Wang [50] on the CIFAR-10 dataset. We use the same network architecture. Our
method outperforms the baseline CNN and Wang [50] with 20 % and 40 % noise levels
as shown in Table 8.

4.2.3 Results on the 10-class ImageNet (ILSVRC2012) dataset
To further evaluate the performance of our method, we choose a very large dataset, the 10-class
ImageNet. We randomly divide the entire dataset of 13,500 images into 70 % for training and
20 % for testing, and the remaining 10 % as cleaning samples. We use the AlexNet architecture
[19] to train the Encoder Networks. We train the Encoder Network 3 with clean samples and
then we use this pretrained network with Encoder Networks 1 and 2 to predict the label. The
results are summarized in Table 9. If clean samples are not available, we randomly select 90 %
of the training set to train Encoder Network 3 and then use this network with Encoder Networks
1 and 2 to predict the label in the next stage. The results are summarized in Table 10. We can see
that, in both cases, our method outperforms the base CNN method. We could not compare our
method against other methods since they did not provide results on this dataset.

5 Conclusions
We have successfully developed a new method to learn a deep neural network image classifier
from noisy labels. We have demonstrated that, by partitioning the training set into subset of
training image with diversified image characteristics, we can train separate networks to capture
different descriptions of the input images. Once these diversified descriptions are fused
together, they can correct error labels. We considered the network training process with and
without clean samples. Our experimental results show the proposed method is robust to label
noise and outperforms existing methods.
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