
Proceedings of Machine Learning Research 304, 2025 ACML 2025

Multi-view Privileged Information-based Representation
Learning for Liver Cancer Diagnosis

Bangming Gong� gbm351shu@gmail.com
College of Science & Technology Ningbo University, Ningbo, 315300, China
Shanghai University, Shanghai, 200444, China

Yan Huo huoyenn@qq.com

Nanjing University, Nanjing, 210093, China

Editors: Hung-yi Lee and Tongliang Liu

Abstract

Privileged information (PI) provides additional knowledge to improve performance. Though
some efforts are carried out by learning using privileged information (LUPI), they mainly
focus on classifier-level LUPI and single-view PI tasks. Therefore, it is a challenge for
feature representation learning by transferring multi-view PI to improve the main view. In
this paper, we propose a novel feature-level LUPI for multi-view PI tasks, called the multi-
view privileged information-based representation learning (MPIRL) algorithm, in which
multi-view PI and main view are required at the training phase, but only the main view is
available at the testing phase. MPIRL consists of a feature-level LUPI module and a classifi-
cation module. The feature-level LUPI module of MPIRL designs a multi-branch structure
to transfer the multi-view privileged information to the main view, so that diversity and
discriminative representation can be generated. For the classification module, multi-view
deep SVM (MDSVM) is developed, which combines a multi-channel deep neural network
with SVM into a unified framework. MDSVM further learns the fusion representation and
classification simultaneously to improve the generalization performance. The experimen-
tal results on the dual-view PI tasks and multi-view PI tasks of the real-world multi-view
liver cancer dataset show that the proposed MPIRL achieves superior performance with an
accuracy of 86.92%, sensitivity of 89.58%, and specificity of 84.25%.

Keywords: Learning using privileged information, Multi-view representation learning,
Deep support vector machine, Knowledge transfer

1. Introduction

Privileged information (PI) has been successfully applied to different tasks, such as com-
puter vision and medical image analysis Chen et al. (2022); Jiao et al. (2023); Wang et al.
(2024). For example, the available imaging views of liver cancer diagnosis include B-mode
ultrasound (BUS) and contrast-enhanced ultrasound (CEUS) Bharti et al. (2017). More-
over, CEUS usually consists of three views, namely Arterial Phase (AP), Portal Venous
Phase (PVP), and Delayed Phase (DP) Dietrich et al. (2020). BUS is widely used for
the detection and diagnosis of liver cancer by mainly providing morphological information,
such as size, shape, boundary, and sonographic appearances. Due to the advancement of
ultrasound contrast agents, CEUS overcomes the limitations of conventional ultrasound
imaging and provides a unique approach to visualize and quantify dynamic blood perfu-
sion. However, CEUS also suffers from time-consumption, complexity, and expensiveness in
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clinical practice. Therefore, the BUS is still the main view in liver cancer diagnosis, while
multi-view CEUS can be taken as PI to improve the performance of BUS-based diagnostic
methods.

Learning using privileged information (LUPI) is a special paradigm of transfer learning
Vapnik and Izmailov (2015). LUPI aims to enhance the performance of the trained model
by transferring knowledge from the PI view to the main view, in which the PI view is
unavailable at the testing stage. Now, a variety of LUPI-based algorithms have been pro-
posed and utilized for PI tasks Shu et al. (2022); Wang et al. (2024). However, the existing
methods mainly focus on the classifier-level LUPI and single-view PI tasks. Therefore, the
unexplored challenge in these methods is representation learning by transferring multi-view
PI to improve the main view.

In recent years, deep canonical correlation analysis (DCCA) combining CCA with deep
neural network (DNN) learns a complex nonlinear mapping of multi-view data by maxi-
mizing correlation. Moreover, some efforts have taken DCCA as a feature-level LUPI to
successfully deal with PI-based tasks Li et al. (2019); Shaikh et al. (2020); Wang et al.
(2020). However, DCCA is an unsupervised method, which cannot make full use of label
information to improve representation learning based PI view. Further, Elmadany et al.
(2016) proposed a discriminative DCCA (DDCCA), which learns the correlation represen-
tation and optimizes the similarity of intra-class and inter-class under the guidance of label
information. Some researchers further designed a variety of supervised CCA algorithms and
successfully applied them to different fields Liu et al. (2017); Guo and Wu (2019); Moon
et al. (2022). Therefore, compared with unsupervised DCCA, the supervised DDCCA is a
more effective LUPI paradigm. However, it is a challenging task to design a DDCCA-based
LUPI to match the multi-view PI tasks.

In this work, we propose a novel feature-level LUPI algorithm based on multi-view PI,
called multi-view privileged information-based representation learning (MPIRL), which con-
sists of two modules, including a feature-level LUPI and a multi-view deep SVM (MDSVM)
module. First, the feature-level LUPI module designs a multi-branch structure based on
DDCCA, in which each branch is used to transfer the knowledge of one PI view to the main
view. The module will generate new multi-view features of the main view to present more
diversity and richer information. Meanwhile, DDCCA-based LUPI also improves the dis-
criminability of the main view. Secondly, the MDSVM module further maps the multi-view
features to the same space and learns the fusion representation to enhance the consistency
between the multi-view. In addition, by the supervised characteristic, MDSVM forces the
fusion representations to be located close to each other according to categories.

The main contribution of our proposal is shown as follows:

1) We propose a novel feature-level LUPI paradigm, which transfers multi-view privi-
leged information to the main view and then generates rich and diverse multi-view
representation. Meanwhile, it can enhance the intra-class similarity and reduce inter-
class similarity simultaneously.

2) We develop the MDSVM algorithm, which combines a multi-channel DNN with SVM
into a unified framework to enhance the performance of representation learning and
classification. In particular, MDSVM uses the fusion network to improve the consis-
tency of diverse features.
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3) The experiments verify the feasibility of the proposed MPIRL algorithm. Additionally,
the evaluation of a real-world liver cancer dataset confirms that the proposed method
outperforms several existing algorithms.

2. Related Work

Learning using privileged information (LUPI). LUPI is an effective transfer learning
paradigm in machine learning Vapnik and Izmailov (2015). The additional knowledge in
this framework comes in the form of privileged information, which is latent information
belonging to the training samples and is available at the training phase, but not at the
testing phase. Recently, many LUPI-based algorithms have been proposed, such as multi-
view SVM+ Tang et al. (2017), twin SVM with PI Che et al. (2021), V-SVR+ Shu et al.
(2022), and so on Xu et al. (2019); Liu et al. (2022); Yang et al. (2025). Besides, LUPI
has been widely used in many real-world applications, such as image recognition Smolyakov
et al. (2018), image reconstruction Gao et al. (2019); Li et al. (2023a), and computer-aided
diagnosis Shaikh et al. (2020); Wang et al. (2024). These studies show that LUPI effectively
transfers the knowledge of the PI view to improve performance, but they mainly focus on a
single-view PI. Therefore, a novel LUPI paradigm based on DDCCA is proposed to transfer
multi-view PI to the main view.

Deep canonical correlation analysis (DCCA). CCA-based algorithms aim to max-
imize the correlation representation of the multi-view data generated by a paired projection
matrix Yang et al. (2021). DCCA further combines CCA and DNN to learn a complex non-
linear mapping of multi-view data by maximizing correlation. Now, DCCA-based methods
have been used for different multi-view applications Deshmukh et al. (2022); Prabhakar et al.
(2023), since DCCA effectively achieves knowledge transferring between views and enhances
consistency across multiple views. In addition, DCCA is also explored as a feature-level
LUPI method Li et al. (2019); Shaikh et al. (2020); Wang et al. (2020).

The supervised DCCA can make full use of label information to learn discriminative
representation, which is a better paradigm for classification tasks on multi-view scenes Guo
and Wu (2019). Some supervised DCCA algorithms have been proposed Elmadany et al.
(2016) Liu et al. (2017); Moon et al. (2022), and successfully applied to different tasks, such
as video event analysis Li et al. (2023b), object recognition and document classification
Kumar and Maji (2024), and offline signature verification Zheng et al. (2025). Therefore,
we introduce a novel feature-level LUPI paradigm based on supervised DCCA, which aims
to generate rich and diverse representations by transferring multi-view PI to the main view.

Deep support vector machine (DSVM). A unified framework combining DNN with
SVM effectively improves the model performance by jointly learning representation and clas-
sification simultaneously. Li and Zhang (2017) proposed the deep neural mapping support
vector machine for representation and classification successfully by DNN explicit mapping
instead of traditional kernel mapping. Later, some variants have also been successfully pro-
posed to prove the effectiveness of the unified framework in different applications Okwuashi
and Ndehedehe (2020); Xie et al. (2023); Li and Xie (2025). These works indicate that
the unified framework is feasible to improve the representation learning and classification
performance.
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3. Method

Figure 1 shows the overall architecture of the multi-view privileged information-based repre-
sentation learning algorithm MPIRL, which consists of two modules, including feature-level
LUPI and multi-view DSVM. According to the LUPI paradigm, MPIRL training uses the
main view and the multi-view PI features, while MPIRL testing only requires the main
view. The process of MPIRL is as follows:

1) Feature-level LUPI module First, feature pairs will be built by the multi-view PI
features and the main view, namely MV&PV1, MV&PV2, and MV&PV3. Secondly,
each pair is fed into DDCCA to transfer PI to the main view, and the corresponding
PI network (PIN 1/2/3) and PI features (M P1/2/3) are extracted.

2) Multi-view DSVM module Due to LUPI, MDSVM requires different inputs during
training and testing. MDSVM aims at learning fusion representation and classification
based on the multi-view PI features. It is worth noting that the inputs of MDSVM
only require the main view at the testing phase.
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Figure 1: The overall architecture of multi-view privileged information-based representation
learning. Two modules are included: Feature-level LUPI module for training PI
network and generating PI features; And multi-view DSVM module for learning
high-level fusion representation and classification. Note that the main view is the
only requirement at the testing stage (blue dashed box).
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3.1. Feature-level LUPI Module

The feature-level LUPI module uses DDCCA as a privilege method to learn the multi-
view PI features. DDCCA consists of a two-channel DNN, in which one channel is for the
main view and another channel is for the PI view. For each channel, DNN provides the
capacity of learning high-level effective representations. Meanwhile, the correlation of the
main view and PI view is guaranteed by DDCCA, which maximizes the correlation of the
output. In addition, under the guidance of label information, DDCCA enlarges the intra-
class similarity and decreases inter-class similarity. For simplicity, the two-channel DNN
of DDCCA is denoted by X and Y, corresponding to the main view and PI view. Finally,
X-channel DNN will be used for the subsequent classification module, which is called the
privileged information network (PIN).

Let N samples dataset (X,Y) ∈ Rn1×N ×Rn2×N denote dual-view instance with dimen-
sion n1 and n2 respectively. The column vectors xi ∈ Rn1 and yi ∈ Rn2 are derived from an
unknown (underlying) distribution D1 and D2. For X and Y, their covariance matrices are∑

XX and
∑

Y Y , and cross-covariance matrix is
∑

XY . CCA finds linear projections of the
double-view instance to k -pairs of vector, which are reorganized as two matrices, namely(
AT1X,A

T
2 Y
)
, A1 ∈ Rn1×k, A2 ∈ Rn2×k that are maximally correlated for each pair of the

column vectors. The objective function of CCA is formulated as follows:

max tr(AT1
∑

XY
A2)

s.t. AT1
∑

XX
A1 = AT2

∑
Y Y

A2 = I
(1)

where symbol “I ”is an identity matrix with k -by-k.
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Figure 2: The feature-level LUPI flowchart by DDCCA. Three groups dual view features
are fed to privileged networks module respectively to generate the PI feature (
M P1, M P2, M P3) and PI network (PIN A, PIN P, and PIN D).

For classification problem, DDCCA reorganizes the training dataset X = [X1, X2],
Y = [Y 1, Y 2], in which Xc ∈ Rd1×nc , Y c ∈ Rd2×nc , c ∈ {1, 2}, n1 + n2 = N , Xc and Y c

share the same label. In DDCCA, the output layer uses Discriminative CCA to learn the
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correlation representation, and enlarge intra-class similarity and intre-class similarity. For
given feature X (main view), the outputs of the i -layer in the L-layer DNN is given by

fi(X) = σ(W f
i X + bfi ) (2)

where W f
i is a matrix of weights, bfi is the a vector of biases, and σ is a activation function.

The network for another feature Y (PI view) is built in the same way. In supervised manner,
DDCCA learns the correlation representation, which is given by

max
{θx,θy}

ωT1 fx(X)Mfy(Y )ω2

s.t. ωT1 fx(X)fx(X)Tω1 = ωT2 fy(Y )fy(Y )Tω2 = 1
(3)

where θx and θy are the set of DNN parameters. fx(·) and fy(·) denote the X and Y channel
network of DDCCA. M is a block diagonal matrix according to X = [X1, X2], Y = [Y 1, Y 2].
Let Inc×nc be a matrix with all 1 elements, and then M is written by

M =

[
In1×n1 0

0 In2×n2

]
(4)

After training, the LUPI module generates the PI network and PI feature based on the
X channel network (as shown in Figure 2).

3.2. Multi-view DSVM

The classifier module of MPIRL is designed by combining a multi-view DNN and SVM into
a unified framework, called multi-view deep SVM (MDSVM). The overall architecture of
MDSVM is shown in Figure 3. MDSVM consists of three subparts: multi-channel DNN,
fusion DNN, and SVM output. The subpart of the multi-channel DNN learns the high-level
representation based on the PI-based feature representation from different views. Mean-
while, the PI networks of the LUPI module (PIN 1, PIN 2, and PIN 3) are used to initialize
the multi-channel DNN to enhance training efficiency. The subpart of the fusion DNN is
capable of further extracting the fused representation. Finally, the subpart of the SVM
output is capable of conducting effective classification.

Given a dataset T = {(x1, y1), (x2, y2), ..., (xN , yN )}, where xi is the main view feature,
and yi ∈ {−1,+1} is the corresponding label, i = 1, ..., N . We further organize the input
and the corresponding output by X ∈ Rd×N and Y ∈ R1×N , respectively. By PIN 1/2/3,
the generated PI feature is denoted as Xv, where v ∈ {1, 2, 3} is the number of views.
By transferring the privileged network (PIN 1, PIN 2, PIN 3) to MDSVM network, the
procedure of learning is followed as:

The multi-channel DNN learns the different feature representations on PI feature. The
encoding function in the l-th layer of DNN for input view Xv is given by

Xv → hv,L : hv,l = σ((W v,l)Thv,l−1 + bv,l) (5)

where hv,0 = Xv, v = 1, ..., V , l = 1, ..., L (V = 3, L = 3 in Figure 3), σ is the activation
function 1/(1 + exp(−x)), and hv,l, W v,l and bv,l are the hidden vector, weight matrix and
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Figure 3: The architecture of our multi-view DSVM. Multi-channel DNN, fusion DNN, and
SVM are integrated into a unified framework, which jointly learns the high-level
fusion representation and classification.

bias, respectively. It is worth noting that the initial W v,l and bv,l come from the PIN
transferred networks.

The fusion DNN fuses the multi-view feature to generate the higher-level feature repre-
sentations. Firstly, the all learned features of multi-view DNNs are fed to the subpart of
fusion DNN,

h1,L, h2,L, h3,L → h1 : h1 = σ(
V∑
v=1

(W v,L+1)Thv,L + bv,L+1) (6)

where h1 is the first layer of fusion DNN. For others layer, it has the similar encoding
function by

h1 → hK : hk = σ((W k)Thk−1 + bk) (7)

where hk (k = 2, ...,K) is the feature in k-th layer fusion network.
In the top layer, the final generated feature representation is fed to L2-SVM that has

only one binary unit with the predictive value ŷ as

ŷ = (WK+1)ThK + bK+1 (8)

By introducing the L2-SVM, the final optimized function of MDSVM is formalized as

F : min
θ

1

2

∥∥WK+1
∥∥2 + C

∑
y

[1− yŷ]2+ (9)
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where [·]+ is the hinge function, θ is the parameter set including the all weights and biases
of MDSVM.

To improve the predictive accuracy, MDSVM is trained by a two-stage training strategy,
which includes the bottom-up DNN mapping by the layer-wise pre-training in an unsuper-
vised manner and the top-down fine-tuning in a supervised manner. The basic idea of
the two-stage is inspired by deep neural network learning, which is an effective training
method Hinton et al. (2006); Li and Zhang (2017). The whole procedure of the MPIRL is
summarized in Algorithm 1.

Algorithm 1 Multi-view privileged information-based representation learning (MPIRL)

Input: Dataset T with one main view and multi-view privileged information;
Output: MDSVM weights, denoted as θ.
(a) Feature-level LUPI module Train three group DDCCA to extract three privileged
networks, namely PIN A, PIN P, and PIN D;
(b) MDSVM
(Unsupervised pre-training)
Initiate the multi-channel DNN by PIN networks;
Initiate the fusion DNN by layer-wise RBM;
(Supervised fine-tuning)
for t from 1 to Max iter do

for i from 1 to N do

For given sample xi, its gradients are calculated, denoted as ∂Lv,li and ∂Lki according
to Eq. 6 – Eq. 9;

end
Update parameters θ;

end

Result: Return parameters θ̂.

4. Experiment Design

To validate the performance of the proposed MPIRL algorithm, a real-world multi-view
liver cancer dataset with the diagnostic label is used to conduct the experiments. After the
description of the dataset, we report and analyze the experimental results in detail.

Dataset. The dataset of liver cancer includes a total of 153 multi-view ultrasound data.
The dataset comes from a real-world hospital. Moreover, approval from the ethics committee
of the hospital was obtained, and all patients had signed informed consent. The dataset was
respectively sampled from 76 and 77 patients with benign liver tumors and malignant liver
tumors. The ultrasound data of each patient consists of two parts, namely BUS and CEUS.
Both BUS and CEUS images were simultaneously sampled by an experienced radiologist
by a LOGIQ E9 ultrasound scanner (GE Healthcare, Milwaukee, WI) with a 1-5M curved-
array transducer. Sonovue (Bracco, Milan, Italy) was administrated through an acubital
vein with a dose of 1.5ml. Note that CEUS includes three views, namely the Arterial Phase
(AP), Portal Venous Phase (PVP), and Delayed Phase (DP).
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Experiment Design. In order to demonstrate the effectiveness of our MPIRL, exten-
sive experiments are conducted on the following aspects.

Firstly, the dual-view PI tasks are used to compare MPIRL and several classical al-
gorithms, including: a) SVM and DSVM: the typical SVM Bottou and Lin (2007) and a
method Li and Zhang (2017) by combining DNN with SVM are used for classification on
the main view. b) SVM+: a classifier-level LUPI algorithm Vapnik and Izmailov (2015); c)
DDCCA + SVM/DSVM: a two-stage LUPI paradigm, in which DDCCA Elmadany et al.
(2016) is taken as a feature-level LUPI. Note that the experiments take BUS as the main
view, while dual-view privileged information is from the concatenated feature of AP&PVP,
AP&DP, and PVP&DP.

Secondly, the multi-view PI tasks are used to compare MPIRL and the state-of-the-art
algorithms, including: a) SVM/DSVM (Concatenation): the main view and the multi-view
privileged information are concatenated into a feature vector and then fed into classifier;
b) SVM+ (Concatenation): multi-view privileged information are concatenated into single-
view privileged information, and then transfer the information of the concatenate feature to
the main view; c) DDCCA+SVM/DSVM: multi-view privileged information are concate-
nated into single-view privileged information, and then only one branch DDCCA transfer
the privileged information to the main view and then SVM/DSVM are used for classifica-
tion.

Thirdly, we conduct an ablation experiment to verify the effectiveness of MPIRL by
comparing it with the following algorithm: 1) without supervised LUPI: the DDCCA will
be replaced by an unsupervised DCCA, denoted by DCCA+MDSVM, and then the exper-
iments of multi-view privileged information are conducted; 2) without MDSVM: the multi-
view DSVM module will be removed, so the multi-view PI features will be concatenated into
a single-view vector and classified by SVM and DSVM, denoted by DDCCA+SVM/DSVM
(Con).

Fourthly, the hyperparameter sensitivity analysis: MPIRL algorithm involves two im-
portant parameters, namely trade-off parameter C and the hidden nodes hid K0, in which
they are selected from the sets {0.01, 0.1, 1, 10, 100, 1000} and {50, 70, 100, 150, 200, 300,
500}, respectively. In each experiment, we only change one parameter while holding the
remaining parameters fixed.

Finally, in order to investigate the MPIRL for learning expressive representation, we
provide a more intuitive evaluation by representation visualization in a low-dimensional
embedding space. All feature representation is mapped to a 2-dimensional space by t-SNE.

Evaluation. A 5-fold cross-validation strategy is employed for performance evaluation
and comparison to avoid the sampling bias introduced by a random partitioning of the
dataset. The variety of indices is calculated to evaluate the comprehensive performance,
including classification accuracy (ACC), sensitivity (SEN), specificity (SPE), and Youden
index (YI). Moreover, the receiver operating characteristic (ROC) curve and the area under
the ROC curve (AUC) are also used for evaluation. Results were given by the format of the
mean ± SD (standard deviation) and the results in boldface are better than those of other
algorithms.
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5. Experimental Results

In this section, we demonstrate the experimental results to present the effectiveness of
MPIRL in the tasks of dual-view and multi-view privileged information.

5.1. Performance Comparison of Dual-view PI Tasks

Table 1 shows the classification results of different algorithms on the dual-view PI tasks, in
which the boldface means the best results. The experimental results show that, compared
with other algorithms, MPIRL achieves the best results on all evaluation indices. In addi-
tion, it can be observed that 1) our MPIRL outperforms the classifier-level LUPI method
SVM+, indicating that MPIRL benefits from expressive representation by the multi-branch
feature-level LUPI, which improves the main view by transferring the multi-view PI;2)
compared to two-stage LUPI methods (DDCCA+SVM/DSVM), our MPIRL exhibits bet-
ter results with the improvement of 1% at least for evaluation indices ACC and YI, which
suggests the effectiveness of representation and classification under a unified framework; 3)
MPIRL is also superior to the baseline SVM/DSVM with the improvement of 4% at least
for all indexes. Summarily, the competitive results of MPIRL are from two aspects: on
the feature-level LUPI effectively transfers the multi-view PI to the main view to generate
the diverse representation and MDSVM in a unified framework jointly learns representation
and classification.

Table 1: Classification results of the dual-view PI tasks. The best classification results are
highlight in boldface. (Unit: %)

Method PI ACC SEN SPE YI

SVM – 78.45 ± 5.32 79.33 ± 6.72 77.58 ± 6.12 56.91 ±10.78
DSVM – 79.12 ± 6.22 79.33 ± 4.80 78.92 ± 9.94 58.25 ±12.55
SVM+

AP&PVP

81.74 ± 4.14 81.83 ± 2.77 81.67 ± 6.87 63.50 ± 8.33
DDCCA+SVM 82.94 ± 4.57 81.75 ± 5.73 84.17 ± 3.82 65.92 ± 9.13
DDCCA+DSVM 83.67 ± 3.87 83.25 ± 6.99 84.25 ± 5.77 67.50 ± 7.76
MPIRL 84.95 ± 3.82 85.67 ± 5.45 84.25 ± 3.33 69.92 ± 7.55

SVM+

AP&DP

81.07 ± 4.09 81.91 ± 4.92 80.33 ± 9.15 62.25 ± 8.31
DDCCA+SVM 82.96 ± 3.82 83.08 ± 3.69 82.83 ± 6.11 65.91 ± 7.63
DDCCA+DSVM 83.03 ± 2.51 83.17 ± 5.47 83.00 ± 7.11 66.16 ± 4.84
MPIRL 84.32 ± 1.33 84.50 ± 2.96 84.25 ± 3.33 68.75 ± 2.62

SVM+

PVP&DP

81.05 ± 2.62 80.58 ± 4.16 81.67 ± 5.00 62.23 ± 5.23
DDCCA+SVM 82.36 ± 1.58 81.83 ± 2.77 83.00 ± 5.32 64.83 ± 3.12
DDCCA+DSVM 83.65 ± 2.30 83.08 ± 3.69 84.33 ± 5.22 67.41 ± 4.47
MPIRL 84.98 ± 1.53 84.50 ± 2.96 85.58 ± 2.42 70.08 ± 2.96

Figure 4 shows the ROC curves and AUC values of the MPIRL algorithm and other
algorithms on the dual-view PI tasks, in which the ROC of the MPIRL is drawn by the
solid red line. It can be found that the proposed MPIRL outperforms all the comparative
algorithms, and its AUC values on the different dual-view PI (AP&PVP, AP&DP, and
PVP&DP) are 0.8778, 0.8749, and 0.8858, respectively.
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Figure 4: ROC curves and AUC values of the dual-view PI tasks.

5.2. Performance Comparison of Multi-view PI Tasks

Table 2 shows the classification results of the proposed MPIRL and the compared algorithms
for multi-view PI tasks. It can be found that the MPIRL algorithm achieves the highest
results with ACC 86.92± 3.28%, SEN 89.58± 3.63%, SPE 84.25± 3.34%, and YI 73.83±
6.47%. Especially, compared with SVM+, which is a classifier-level LUPI method, MPIRL
achieves the improvement of 3.89%, 3.75%, 3.84%, and 7.59% on the ACC, SEN, SPE,
and YI, respectively. These results show that the MPIRL algorithm effectively transfers
the multi-view PI to the main view and learns the diverse representation to improve the
generalization performance.

Compared with single-branch DDCCA + SVM/DSVM, which transfers the concate-
nated PI vector to the main view, MPIRL achieves an improvement of at least 1.98%,
2.41%, 1.25%, and 3.66% on the ACC, SEN, SPE, and YI, respectively. Therefore, the
multi-branch LUPI paradigm in MPIRL learns the diverse representation and improves the
sample separability. In addition, MPIRL also outperforms SVM/DSVM classification based
on the concatenated features of the main view and multi-view PI, in which the accuracy
improvement is more than 3.9%. In one word, the multi-branch LUPI and MDSVM in a
unified framework effectively improve the performance of the MPIRL algorithm.

Table 2: Classification results of the multi-view PI tasks. The best classification results are
highlight in boldface. (Unit: %)

Method PI ACC SEN SPE YI

SVM – 81.07 ± 4.05 83.17 ± 3.23 78.91 ± 7.38 62.08 ± 8.32
DSVM – 82.98 ± 2.83 84.50 ± 5.56 81.58 ± 5.53 66.08 ± 5.83

SVM+

CEUS

83.03 ± 2.52 85.83 ± 4.99 80.41 ± 7.32 66.24 ± 4.88
DDCCA+SVM 83.67 ± 5.11 85.75 ± 5.35 81.58 ± 5.53 67.33 ± 4.45
DDCCA+DSVM 85.03 ± 5.27 87.17 ± 6.05 83.00 ± 7.11 70.17 ±10.47
MPIRL 86.92 ± 3.28 89.58 ± 3.63 84.25 ± 3.34 73.83 ± 6.47

Figure 5 shows the ROC curves and the corresponding values of AUC of the multi-
view PI tasks, in which the ROC curve of MPIRL is drawn by the solid red line, and the
corresponding AUC is exhibited on the bottom-right. It can be found that our proposed
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Figure 5: ROC curves and AUC values of the multi-view PI tasks.

MPIRL achieves the AUC value of 0.9029, which is superior to all the examined algorithms.
This shows that MPIRL is effective for the multi-view PI tasks.

5.3. Ablation Studies

Table 3 shows the classification results of ablation studies, including unsupervised DCCA
+ MDSVM and supervised DDCCA + SVM/DSVM (concatenation). The experimental
results illustrate the effectiveness of the proposed MPIRL from two aspects: supervised
LUPI and fusion representation. Firstly, benefiting from supervised LUPI to extract richer
and more diverse PI information, the classification performance of MPIRL is improved
compared with the DCCA+MDSVM, which learns the multi-view PI features in the manner
of the unsupervised LUPI. Secondly, compared with DDCCA+SVM/DSVM classified by the
concatenated PI features, our MPIRL obtains superior performance by MDSVM to further
learn the fusion representation in a unified framework. Therefore, by combining feature-
level LUPI in a supervised manner and multi-view DSVM, our MPIRL can generate the
more expressive representations and be trained better.

Table 3: Classification results of the ablation studies. (Unit: %)

Method ACC SEN SPE YI

DCCA+MDSVM 85.63 ± 4.31 88.16 ± 7.27 83.00 ± 7.11 71.16 ± 8.37
DDCCA+SVM(Con) 84.30 ± 3.59 85.83 ± 4.99 82.83 ± 3.89 68.66 ± 7.27
DDCCA+DSVM(Con) 85.59 ± 2.06 88.25 ± 5.63 82.92 ± 3.46 71.17 ± 4.11

MPIRL 86.92 ± 3.28 89.58 ± 3.63 84.25 ± 3.34 73.83 ± 6.47
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5.4. Parameter Analysis

Figure 6 shows the classification results of MPIRL with different values of C and hidden
nodes, in which it can be found that the classification results achieve the best value if C
equals 10−1 and hidden nodes are 70. Particularly, as the hyperparameter C increases,
the accuracy trends of first increasing and then decreasing (Figure 6 (a)). Meanwhile, the
difference between the best result and the lowest result is small, indicating that MPIRL
is low sensitive to parameter C. For parameter hidden nodes, Figure 6 (b) shows that
MPIRL can be trained well if nodes are selected from 70 to 100, indicating that the optimal
number of hidden nodes is easy to obtain. In one word, due to low sensitivity, the best
hyperparameter can be obtained quickly to train MPIRL well.
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Figure 6: The hyperparameter sensitivity analysis.

5.5. Visualization of Feature Representation

Figure 7 shows the visualization results of representation learning, in which t-SNE maps the
representation to 2D space. Figure 7 (a) is the original features mapping, which indicates
that the positive and negative instances are hardly separated on a 2D projection plane.

Positive

Negative

(a) Raw feature (b) Multi-channel DNN fea-
ture

(c) Fusion DNN feature

Figure 7: Visualization of representation learning is obtained by t-SNE. Subfigure (a) is
from the original multi-view features. Subfigure (b) and (c) present the t-SNE
projection of the multi-channel DNN and fusion DNN in our MPIRL.
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As shown in Figure 7 (b), in the multi-channel DNN, the mapping outputs with different
categories are pushed in the opposite direction, namely blue ‘ x ’ to up and red ‘ ∗ ’ to down.
Further, through the fusion DNN (Figure 7 (c)), the significant separability of representation
is achieved. These results demonstrate that MPIRL effectively enhances the expressiveness
of representation in the feature mapping space.

6. Conclusion

We propose a feature-level LUPI algorithm, namely MPIRL, which first uses multi-branch
DDCCA to transfer privileged information to the main view and then applies MDSVM
for representation learning and classification jointly. Especially, during training, DDCCA
is taken as the LUPI paradigm, and multi-branch DDCCA under the guidance of the la-
bel information transfers the multi-view PI to the main view, which learns the diverse
features, and increases/decreases the intra-class/inter-class similarity simultaneously. Fur-
ther, MDSVM in a unified framework learns the high-level fusion representation to enhance
classification performance. Moreover, during testing, the LUPI paradigm of MPIRL only
requires the main view as input, while it achieves a competitive generalization performance
compared with the methods used in the completed view. Experimental results show that
the proposed MPIRL outperforms all the comparative algorithms on the dual-view PI tasks
and multi-view PI tasks. It indicates that MPIRL has the potential for the scene of the
uncompleted view in testing.
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