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Abstract

Recently, multi-view multi-label classification (MvMLC) has
received a significant amount of research interest and many
methods have been proposed based on the assumptions of
view completion and label completion. However, in real-
world scenarios, multi-view multi-label data tends to be in-
complete due to various uncertainties involved in data col-
lection and manual annotation. As a result, the conventional
MvMLC methods fail. In this paper, we propose a new two-
stage MVMLC network to solve this incomplete MVMLC is-
sue with partial missing views and missing labels. Differ-
ent from the existing works, our method attempts to lever-
age the diverse information from the partially missing data
based on the information theory. Specifically, our method
aims to minimize task-irrelevant information while maximiz-
ing task-relevant information through the principles of in-
formation bottleneck theory and mutual information extrac-
tion. The first stage of our network involves training view-
specific classifiers to concentrate the task-relevant informa-
tion. Subsequently, in the second stage, the hidden states of
these classifiers serve as input for an alignment model, an
autoencoder-based mutual information extraction framework,
and a weighted fusion classifier to make the final prediction.
Extensive experiments performed on five datasets validate
that our method outperforms other state-of-the-art methods.
Code is available at https://github.com/KevinTan10/TSIEN.

Introduction

An object can be characterized by multiple data from dif-
ferent views, which means these multi-view data may share
some instance information while also potentially possess-
ing unique information (Xu et al. 2022; Jiang et al. 2022).
Moreover, an object or image may contain rich information,
leading to the assignment of multiple labels. For example, a
natural landscape image can be described by various feature
descriptors such as SIFT, Gist, and HSV, and it may be anno-
tated with multiple labels such as sky, tree, bird, etc. In order
to effectively exploit the multi-view multi-label data, multi-
view multi-label classification emerges and many methods
have been proposed based on the assumption of view com-
pletion and label completion in the past years (Zhu et al.
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2018; Zhang et al. 2018; Wu et al. 2019). However, in recent
years, many reserchers have observed that in real-world ap-
plications, the multi-view multi-label data are often incom-
plete due to various uncertainties involved in data collection
and manual annotation (Li, Wan, and He 2021; Xu et al.
2021; Wang et al. 2021). The absence of views and labels
has a significant impact on MVMLC (Xu, Tao, and Xu 2015;
Liu et al. 2021). Consequently, the investigation of incom-
plete multi-view multi-label classification (iMvMLC) is im-
perative.

For iMvMLC, traditional methods such as iMvWL (Tan
et al. 2018) and NAIML (Li and Chen 2021) have been pro-
posed. iMvWL performs simultaneous mapping of multi-
view features and multi-label information into a discrim-
inative shared subspace. NAIML effectively leverages the
consensus of multiple views and the structures of multi-
ple labels. Despite achieving certain outcomes, these meth-
ods have some drawbacks. For example, the two traditional
methods are all shallow machine learning methods, which
cannot capture the underlying discriminative information of
data and are all computationally inefficient. Moreover, the
methods based on matrix factorization like iMvWL can-
not handle the new-coming test samples with the trained
model. More recently, methods based on deep neural net-
works (DNN), such as LMVCAT (Liu et al. 2023b) and
DICNet (Liu et al. 2023a), have demonstrated remarkable
advantages in this task. Compared to traditional methods
such as matrix factorization, DNN are better at capturing
high-level semantic information and are more suitable for
complex iMvVMLC tasks (Wen et al. 2020; Liu et al. 2023a).

Focusing on DNN architectures for iMvMLC, in addi-
tion to the widely adopted autoencoder, contrastive learning
is a promising approach to improve the performance (Liu
et al. 2023a). However, existing iMvMLC methods have not
delved into the essence of contrastive learning, specifically
increasing cross-view mutual information (MI) to extract
task-relevant information. This limitation also results in their
models not being able to fully extract useful information. To
overcome this bottleneck, in this paper, we propose an infor-
mation extraction network for incomplete multi-view multi-
label classification from an information-theoretic perspec-
tive. Different from the existing works, the proposed model
seeks to integrate the information bottleneck (IB) and mu-
tual information extraction to address the iMvMLC prob-
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lem. Our main contributions are outlined as follows:

e This is the first deep neural network architecture de-
signed entirely from an information-theoretic perspective
to address the iIMVMLC problem. Our work demonstrates
the promising prospects of information theory for solving
the iMvMLC problem.

In this paper, we propose a new information theory based
framework to balance the trade-off of cross-view MI and
view-specific information. Very different from the exist-
ing works, the proposed method can extract the task-
relevant information from each single view and at the
same time sufficiently consider the shared and comple-
mentary information across multiple views in a joint
framework.

Preliminaries

In this section, we mainly introduce the definition of
iMvMLC and some notations used throuth the paper. In ad-
dition, some related works about two basic information the-
ories used in our method are analyzed.

Problem Definition and Notation Introduction
Definition of IMVMLC A given dataset includes m views
and n samples can be denoted as: {V(k) € R m b1

where d\(, ) is the feature dimension of the k-th view. And
we define Y € {0,1}"*! as the label matrix, where [ is the
number of categories. Y, ; = 1 indicates that the i-th sam-
ple is marked with the j-th category, otherwise Y; ; = 0.
Considering the compatibility for missing views and miss-
ing labels, we define two key prior matrices, the missing-
view indicator M € {0,1}™*™ and the missing-label indi-
cator G € {0, 1}7*!. Taking the i-th sample as an exam-
ple M; ; = 1 means its j-th view is available, otherwise
M; ; = 0. G; ; = 0 indicates that we are not sure whether
the i-th sample has the j-th label, otherwise G; ; = 1. For
simplicity, we fill random values for the missing views in
the original data and set ‘0’ for unknown labels. The task of
iMvMLC is to train a discriminative model on such partially
labeled incomplete multi-view data to perform inference on
unlabeled test samples with complete or incomplete views.

Representative notations Some representative notations
are given in Table 1. Please note that v(%), x(®) 7(¥) and
y represent vectors, while V(®) | X(®) 7(*) "and Y represent
data matrices. p(x(*)) and ¢(x(¥)) are used to denote the real
distribution and the approximate distribution of x(*), respec-
tively. p(x(*)|z(*)) is a conditional distribution.

Related Works

Information Bottleneck Theory The information bottle-
neck (IB) theory (Tishby, Pereira, and Bialek 2000) is an
appealing method for representation learning. It provides a
formula to balance the trade-off between prediction accu-
racy and information capacity to obtain the representation
with reduced task-irrelevant information. To apply the 1B
theory to DNN, different computationally feasible bounds
of MI have been derived (Alemi et al. 2017; Belghazi et al.
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number of samples, views, and
n,m, 1 categories, respectively
d\(,k), d,((’“l d;k) different dimensions
v ¢ ]Rd‘('k) the original instance from k-th view, r.v.
x®) ¢ Rd§<k) first-stage representation, r.v.
PALN= Rdik) second-stage representation, r.v.
y € {0, 1} label, r.v.
vk X““), AR data matrices
Xk ¢ R"Xd’(‘u) reconstruction of X(*) from Z*)
Y € {0,1}™*! label matrix
Y, Y* €[0,1]"" | prediction of Y
M e {0,1}™*™ missing-view indicator matrix
G e {01} missing-label indicator matrix
PE, Pp encoder and decoder, respectively
Ue, U classifier

Table 1: Notations

2018). However, these works are all specific to a single view.
Recently, some works have extended the IB theory into a
multi-view form (Wang et al. 2019; Zhang et al. 2022). One
study has also tackled the challenge of missing views (Lee
and Van der Schaar 2021). However, these methods do not
fully consider the shared and complementary information of
the multi-view data.

Information Theory in Contrastive Learning For con-
trastive learning, numerous researchers have endeavored to
analyze its mechanisms (Wu et al. 2018; Oord, Li, and
Vinyals 2018; Tian et al. 2020). Oord et al. found that
the Noise-Contrastive Estimation (NCE) loss (Gutmann and
Hyvirinen 2010) optimized in contrastive learning is a lower
bound of cross-view MI, so they call it InfoNCE loss (Oord,
Li, and Vinyals 2018). This provides an insight that the ef-
fectiveness of contrastive learning may be attributed to the
increase in cross-view MI. Subsequently, by leveraging in-
formation theory, a rigorous proof was provided (Tsai et al.
2020). In the context of the multi-view assumption (Srid-
haran and Kakade 2008), the non-shared information be-
tween views is considered approximately redundant, there-
fore increasing cross-view MI implies the extraction of task-
relevant information. However, not all domains’ data con-
form to this assumption, such as the multi-view data, as the
data is not obtained through data augmentation. In this case,
it is necessary to increase the MI between the representation
and the input (Wang et al. 2022). This indicates that the opti-
mal representation lies in finding a balance between increas-
ing cross-view MI and preserving the original information.

Methodology

Inspired by the analysis of information bottleneck theory
and constrastive learning, in this paper, we propose a new in-
formation theory driven incomplete multi-view multi-label
classification network, whose main structure is shown in
Figure 1. Taking into account the incomplete nature of la-
bels and views, and considering the diverse characteristics
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of multi-views, during training, we not only prioritize clas-
sification performance but also emphasize the importance of
representation quality. To this end, we design a two-stage
network for the iMvMLC task: enhanced representations
generation network and incomplete multi-view classification
network with mutual prediction.

First Stage: Enhanced Representations Generation
Network

Many works have shown that a better representation should
contain more task-relevant information while less task-
irrelevant information, i.e., the minimal sufficient statistic
(Soatto and Chiuso 2014). Generally speaking, in multi-
view multi-label classification task, the raw data often has
much task-irrelevant (redundant) information, which will
degrade the performance of the main classification network.

To address this issue, inspired by (Tishby, Pereira, and
Bialek 2000), we propose to learn a better task-relevant rep-
resentation x(*) that satisfies the following IB principle to
replace the low purity instance v(*):

min —I(x®;y) + R I(x*);v(k))

x (k)

ey

where %) > 0is a hyper-parameter. I(x(*);y) indicates the
MI between x(*) and label y, which can be approximated as
reducing the common cross-entropy loss (Achille and Soatto
2018; Amjad and Geiger 2019). I(x(¥); v(k)) is the MI be-
tween x(¥) and instance V(k), which can be regarded as a
constraint that ensures x(*) to contain less task-irrelevant
information. However, it appears to pose computational in-
tractability. In our research, we employ a variational approx-
imation technique to mitigate this challenge, as outlined in
the work of Alemi et al. (Alemi et al. 2017). Concretely, we
deduce the subsequent upper bound:

E)
q(x(®)

where [E represents expectation, and q(x("’)) repre-
sents an approximate distribution to marginal distribu-
tion p(x(®)). Focusing on this upper bound, we can ar-
bitrarily set ¢(x*)) = N(x(®]0,T) and p(x*|v(k) =
N (x®|u*) $(*)) for computational expedience, where

I(x®;v)) < B vooy flog @

both mean p*) € R%" and diagonal covariance £(*) €
RA % are correlated with v(®). Specifically, we utilize a
special MLP %) to derive ;%) and $(*). When the input
of @gf) is the data matrix V(®) ¢ R”Xd(vk), let we use two

new symbols to represent its output, namely U*) ¢ Rrx Y
and S®) e Rrxdd respectively. So X(®¥) = U®F) 1
¢ ® S (Kingma and Welling 2014), where ¢ € R?*4"
is a standard Gaussian distribution matrix, and ® denotes
the Hadamard product. By substituting the two Gaussians
p(x®)|v*)) and ¢(x®)) into formula (2), decomposing
them into multiple one-dimensional Gaussians, and approx-
imating the marginal distribution p(v(k)) using an empirical
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distribution, formula (2) can be transformed into the equiva-
Q) 2 2
lent problem min m Dy Z?;l (—log SEZ) +U§Z) +

SE?Q —1).

Eventually, with incorporating missing indicator matrices
M and G to exclude the negative influences of the unavail-
able views and labels to the model training, the objective
function of the network in the first stage becomes:

k
Ly

n l
! (K
ol Z Z M; £ Gi [(1 =Y ;) log(1 — Yl()j)) +

i=1 j=1
(k)
k) %
o (k p )2
Yij IOg(YE,j))] T ZZMi,k(—logSg’j) +
2ndx” =1 521
2 2
Ul sl -

3)
where Y®) is the output of module \Ilg€ ). The first term
is a cross-entropy term allowing for the extraction of
task-relevant information, corresponding to —1I(x(*);y).
The second term can be regarded as an information term
aimed at compressing the information, corresponding to
I(x(®); v (k)

Clearly, the training in the first stage actually involves sep-
arately utilizing data from each view to predict the label. As
shown in Figure 1, the raw data V(*) directly pass through

the two MLPs @gf) and \Ilgf ) to predict the label Y in the first

stage. \I/(C]f) is used solely for training <I>§f) and will be dis-

carded after training. After the first-stage training, we obtain

several MLPs {@gf) }7, that can enhance the concentration
of task-relevant information.

Second Stage: Incomplete Multi-view Classification
Network with Mutual Prediction

Mutual Prediction To further exploit the useful informa-
tion, one way is contrastive learning that optimizes an orig-
inal InfoNCE loss (Liu et al. 2023a), but it faces the risk of
pushing the positive samples away. Supervised contrastive
learning (Khosla et al. 2020) is a superior approach, yet is
hard to be adopted in iMvMLC due to the incomplete label.
Inspired by (Tsai et al. 2020; Wang et al. 2022), we propose
an autoencoder-based mutual information extraction frame-
work, which can perform mutual prediction between views.

Inspired by former works, for multi-view learning, we
seek to increase the cross-view MI while preserving some
of the original information based on the information theory

as follows:
Z z Iz xW)y 4

k=1 u#k
A S 10 x0)
m b

k=1

where A > 0 is a combination factor, z(¥) is the second-stage
representation. According to the definition of MI (Shannon

1
max I —
2® k=1,..m m(m —1)

4)
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Figure 1: An overview of our two-stage network.

1948), we have I(z*);x®)) = H(x™) — H(x®|z*)),
where H (x(*)) represents the entropy and H (x(*)|z(*)) rep-
resents the conditional entropy. Since the m trained MLPs
{@g)}?:l are fixed in the second stage, we can ignore
H (x™). So our goal is to maximize — H (x(")|z(F)). By em-
ploying variational approximation, we have

— H(xM[z®) > B,y 0 [log g(x[z7))] ®)

Similarly, we can also set ¢(x(*) |z(%)) = N/ (x(®)| (%) oT)
with a fixed ¢ € R, and the mean value p(“* ¢
RAY s dependent on z*). In this case, maximizing
Ep(x(u))z(m)[logq(x(“)|z(k))] is equivalent to minimizing

E, (s oy [||x™ = u(uvk)H;]. In our work, we employ a

decoder 1% to generate ("), i.e., (k) = ®W(4(k))
Xk = ) (7(k))). With the same treatment applied to
I(z%);x(*)) by introducing M, we can obtain the follow-
ing information theory based loss for incomplete multi-view
learning:

Leor
N Mz uMzk (u) (u,k) 2
1 ZZZ B CE HX Xi. Hz
i=1 k=1 u#k
ZZ zkH (k) X(kk”
1 k1 dx
=L0L1+/\L0L2
(6)

where Lo, represents the first term, which is used to in-
crease the cross-view MI. AL 1,5 corresponds to the second
term, representing the preservation of the original informa-
tion. Note that minimizing loss (6) can further enhance the
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cross-view MI in the network of the second stage similar
to the contrastive learning, but it adopts a non-instance dis-
crimination perspective different from InfoNCE loss.

Now we are discussing the structure of the new au-

toencoder network in this stage. Each encoder q)%c) com-
prises two parts. The first part is a view-specific module

@gk) mapping X*) to a joint semantic space and the sec-
ond part is a shared module ®5. Therefore @g) (X*)) =

) (@gk) (X)), where <I>(1k) and ®, are both MLP. Further-

more, we utilize one specific @g) in conjunction with differ-

ent representations {Z*)}7 | to reconstruct specific X(*),

so that X(w*) = @g‘)(Z(k)). In this way, we use the same
set of decoders and part of the same encoder @5 to implicitly
align the representations.

One thing that needs to be pointed out is that we re-
duce the MI between x(*) and v(*) in the first stage while
increasing the MI between z(*) and x(*) in the second stage.
This may appear contradictory, but we provide a valid justifi-
cation why the method works. When utilizing autoencoder,
z(*) strives to preserve as much information from x(*) as
possible, making the efficiency of x(*) highly significant. So,
for high-noise/redundant original instance v(¥), it is neces-
sary to perform an initial step of information concentration
especially the target task-relevant information extraction be-
fore preserving the original information, then perform the
reconstruction of x(*) rather than v(*), In practice, this is
contingent upon the quality of v(*),

Final Prediction and Overall Objective Loss Now that
we have obtained the informative representations {Z(*)}7" |
from different views, to make the final prediction, we need to
fuse these representations. While concatenation is unavail-
able for the incompleteness, one simple method is to aver-
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age, but it does not take into account the varying importance
of each view. Hence, we adopt a commonly used method for
handling missing views in multi-view fusion as (Wen et al.
2020; Trosten et al. 2021):

Zw 2 M ™
DusU
which is a weighted average of the Z( % {w®}ym  are

learnable weights that have been processed through softmax

For the final classifier ¥7,, we employ MLPs. And we
utilize the cross-entropy loss function, which is showed as
follows:

no 1
]_ Cr
I R
n =1 j=1 (8)
Y jlog(Y; )]
where the final prediction Y* = Ve (Z) € [0,1]™<L,

By combining (6) and (8) through a hyper-parameter o,
we can obtain the final objective loss for the network in the
second stage:

Lscr = Leg +a(Lery + ALcro)

)]
= Lcg +aLery +7vLeors

Experiments
Datasets and Evaluation Metrics

Following the datasets selection by (Tan et al. 2018; Li
and Chen 2021; Wen et al. 2023), we conduct experi-
ments on five commonly used datasets, namely CorelSk
(Duygulu et al. 2002), Pascal07 (Everingham et al. 2010),
ESPGame (Von Ahn and Dabbish 2004), IAPRTC12 (Grub-
inger et al. 2006), and Mirflickr (Huiskes and Lew 2008).
These datasets all encompass six distinct views or perspec-
tives, including GIST, HSV, Hue, Sift, RGB, and LAB. To
simulate the real-world scenario of missing views, we ran-
domly remove 50% of the data in each view under the
condition that each sample contains at least one available
view. Then we randomly select 70% of samples as training
data. In addition, for the training data, 50% of positive tags
and 50% of negative tags within each class are randomly
masked/deleted.

We evaluate the models using six multi-label classifica-
tion related metrics: Average Precision (AP), Hamming Loss
(HL), Ranking Loss (RL), adapted area under curve (AUC),
OneError (OE), and Coverage (Cov) in our experiments. For
more details, one can refer to (Zhang and Zhou 2013). For
convenience, 1—HL and 1—RL are used as substitutes for
HL and RL, respectively, so that higher values indicate bet-
ter performance of the model.

Method Comparison and Implementation Details

We compare our proposed method with six competitive
methods in the field. The first category involves traditional
non-DNN iMvMLC models iMvWL (Tan et al. 2018) and
NAIML (Li and Chen 2021), which have been introduced
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Algorithm 1: Training Process

Input: Incomplete multi-view data {V®}™  with
missing-view indicator matrix M, and corresponding multi-
label matrix Y with missing-label indicator matrix G; batch
size B; Hyper-parameters {3*)}™_  « and ~
Output: The trained model

procedure STAGE 1

Initialize MLPs {®{*)}m | classifiers {UF}m

for k=1 to m do

while not converged do

compute X(¥) = %) (v v = ¢F) (x k),

update ‘bgf), \IJ(C’f)
end while
end for
Save {‘P%C)}le;
end procedure
procedure STAGE 2
Initialize MLPs {®{*)}m
classifier W% and {w®}m .
while not converged do
for k=1 to m do
compute Z(*)
end for
for u=1 to m do
for k=1 to m do
compute X (k) = () (7(k));

k
Lyg:

®,, decoders {@%“)}km:l,

= D(0{" (@} (VV)));

end for
end for ~
compute Z, Y* = ¥k (Z), and Lgcy;
update {@gk),cbg), (k)17 7, UE, and ®y;

end while
Save @y, {® ) Wx, and {w® )}
end procedure

in the introduction section. The second category consists of
DNN-based models CDMM (Zhao et al. 2021) and Deep-
IMV (Lee and Van der Schaar 2021). CDMM employs DNN
to solve the problem of consistency and diversity among
views. The latter method DeepIMV employs IB framework
to derive marginal and joint representations from the given
data with the product-of-experts strategy. However, these
two methods are unable to handle missing views or mut-
liple labels. Hence, we will apply mean imputation or ap-
propriately modify them. The final category includes DNN-
based iMVvMLC models LMVCAT (Liu et al. 2023b) and
DICNet (Liu et al. 2023a). Among them, LMVCAT is a
transformer-based method; DICNet is a simple contrastive
learning framework with InfoNCE loss.

For the aforementioned methods, all settings adhere to
their optimal configurations or undergo only necessary ad-
justments. For our proposed method, one notable drawback
is that as the number of views increases, adjusting the hyper-
parameters {3(*) }i_, becomes more challenging. In our ex-
periments, {4} will be set to be equal, ie., f(1) =
B2 =... = (M = 3. Similar to other DNN-based meth-
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DATASET ‘ METRIC iMvWL NAIML CDMM DeepIMV LMVCAT DICNet OURS
AP T 0.2830.008 0.3090.004 0.3540.004 0.3760.011 0.3820.004 0.3810.004 0.4360.007
CorelSk 1-RL T 0.8650.005 0.8780.002 0.8840.003 0.8630.005 0.8800.002 0.8820.004 0.917¢.002
AUC 1 0.8680.005 0.8810.002 0.8880.003 0.8660.005 0.8830.002 0.8840.004 0.9200 002
OE | 0.6890.015  0.6500.009  0.5900.007  0.5390.015  0.5470.006 =~ 0.5320.007  0.4870.015
Cov l, 0.2980_008 0.275()‘005 0.2770007 0.2980_010 0-2730006 0.2730011 0-1940006
AP 1 0.4370.018 0.4880.003 0.5080.005 0.5480.008 0.5190.006 0.5050.012 0.5810.009
1—-HL T 0.8820.004 0.9280.001 0.9310.001 0.9300.001 0.9240.003 0.929¢.001 0.934¢.001
Pascal07 1-RL 1 0.7360.015 0.7830.001 0.8120.004 0.8150.008 0.8110.004 0.7830.008 0.849¢ 005
AUC 1t 0.7670.015 0.8110.001 0.8380.003 0.8350.009 0.8340.004 0.8090.006 0.8680.004
OE i, 0.6380.023 0.5790.006 0.5810.008 0.5370.014 0.5790.006 0.5730.015 0.5090.011
Cov l, 0.3230_015 0.2730,002 0.2410,003 0.2320_009 0.2370,005 0.2690,006 0.1970,005
AP 7T 0.2440.005 0.2460.002 0.2890.003 0.2940.004 0.2940.004 0.2970.002 0.319¢.004
1-HL 1 0.9720.000 0.9830.000 0.9830.000 0.9820.000 0.982¢.000 0.9830.000 0.9830.000
ESPGame 1-RL 1 0.8080.002 0.8180.002 0.8320.001 0.8320.002 0.8280.002 0.8320.001 0.8590.002
AUC 1t 0.8130.002 0.8240.002 0.8360.001 0.8350.002 0.8330.002 0.8360.001 0.8630.002
OE | 0.6570.013 0.6610.003 0.6040.005 0.5670.00s 0.5660.009 0.5610.007 0.546¢.007
AP 7T 0.2370.003 0.261¢.001 0.3050.004 0.3250.004 0.3170.003 0.3230.001 0.3610.004
1-HL 1 0.9690.000 0.9800.000 0.9810.000 0.9800.000 0.9800.000 0.9810.000 0.981¢.000
IAPRTC12 1-RL 1 0.8330.002 0.8480.001 0.8620.002 0.8730.004 0.8700.001 0.8730.001 0.8980.003
AUC 1t 0.8350.001 0.8500.001 0.8640.002 0.8750.004 0.8720.001 0.8740.000 0.899¢.002
OE | 0.6480.008 0.6100.005 0.5680.008 0.5430.008 0.5570.005 0.5320.002 0.505¢.007
Cov | 0.4360.005 0.4080.004 0.4030.004 0.3350.007 0.3520.003 0.3510.001 0.2910.006
AP 1 0.4900.012  0.551g.002  0.5700.002  0.6120.005  0.5940.005  0.589%.005  0.6310.003
1-HL 1 0.8390.002 0.882¢.001 0.8860.001 0.8870.001 0.882¢.002 0.8880.002 0.8950.001
Mirflickr 1-RL 1t 0.8030.008 0.8440.001 0.8560.001 0.8710.002 0.8650.003 0.8630.004 0.8870.001
OE | 0.4890.022 0.4150.003 0.3690.004 0.3310.007 0.3580.008 0.3630.007 0.3210.006
Cov \L 0.4280.013 0.3690.002 0.3600.001 0.3230.003 0.3330.003 0.3480.007 0.3050.003

Table 2: The performance of different methods on various datasets. The best results are highlighted in bold.

ods (Lee and Van der Schaar 2021; Liu et al. 2023b), we in-
troduce dropout layers in our MLPs. Furthermore, the final

layer of @gk) and @, is augmented with batch normalization.
Our training process is illustrated in Algorithm 1.

Experimental Results and Analysis

Table 2 presents the performance of each method on the six
datasets, indicating the mean and variance for different met-
rics. Part of the experimental results are from (Liu et al.
2023c). All experiments were conducted with 10 repetitions
to ensure accuracy and statistical significance. From the ta-
ble, it is evident that:

e Compared to other methods, our proposed information
theory-based method demonstrates superior classifica-
tion performance across all datasets and ranks first in all
metrics. This indicates that information theory is an ef-
fective approach for the iMvMLC task. In terms of the
most representative metric, AP, our method exhibits im-
provements ranging from 2% to 5%. Even in the most
challenging dataset ESPGame, the improvement of our
method remains significant.

e Compared with the traditional non-DNN methods, DNN-
based methods have greater advantages in this area.
Moreover, in models based on DNN, the latter four meth-
ods in Table 2 that can address the challenge of miss-
ing views demonstrate more significant advantages. This
further corroborates the necessity of designing dedicated
methods specifically for incomplete data.

To investigate the impact of missing data, we conducted
performance comparisons on CorelSk dataset at different
missing percentages for views or labels, shown in Figure 2.

Hyper-parameter Analysis

In our tow-stage model, there are three hyper-parameters,
i.e., a, 3, and ~y that need to be set before training. In or-
der to study the sensitivity of our model to the three hyper-
parameters, we experiment on the Corel5k dataset and Pas-
cal07 dataset with 50% available instances for each view,
50% missing labels, and 70% training samples. Figures
3a and 3b depict the AP values in relation to the hyper-
parameters « and ~y, while Figures 3c and 3d illustrate the
AP curves concerning the selection of 3. To ensure exper-
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(a) missing-view study (b) missing-label study
Figure 2: Experimental results on the Corel5k dataset: (a)
different missing-view rates combined with a 50% missing-
label rate; (b) different missing-label rates combined with a
50% missing-view rate.

iment validity, irrelevant hyper-parameters were fixed. Ob-
viously, when both of a and ~y are correspondingly selected
from the rages of [1,100] for Corel5k dataset and [5, 500)
of Pascal07 dataset, our model demonstrated consistent and
satisfactory performance. As for 3, Figures 3c and 3d reveal
that our model’s sensitivity to this parameter is not signifi-
cant. We opted to set § within the range of [le — 3, 1e — 1].

Ablation Study

To validate the efficacy of our approach, we conducted abla-
tion experiments on the Corel5k and Pascal(07 datasets, uti-
lizing 50% of instances of each view, 50% with missing la-
bels, and training with 70% of samples. We alter our loss
function in several ways to test the necessity of each term

of loss, namely Lyg, Lery, and Lepo. The best results for
each altered loss function, including the backbone Lo g, are
presented in Table 3. Our observations are as follows: (i)
The introduction of each loss component resulted in a en-
hancement in performance metrics. (ii) The most substantial
improvement was associated with the inclusion of Loy q.
Clearly, our two-stage model can be consolidated into

a one-stage model by multiplying each L(Ilg in the first
stage by a common hyper-parameter and adding it to the
second-stage loss Lgcr. However, we observed a perfor-
mance degradation, shown in Tabel 3. We provide an intu-

Corel5k Pascal07

Backbone Ly Lowr Levz| op™ auc | ap - AUC
v 0.375 0.882| 0.547 0.847
v v 0.383 0.882| 0.547 0.848
v v 0.389 0.906 | 0.559 0.855
v v 0.376 0.885| 0.551 0.847
v v v 0.409 0.912| 0.564 0.858
v v v 0.395 0.907| 0.549 0.848
v v v 0.419 0.915| 0.572 0.865
v v v v 0.436 0.920| 0.581 0.868
one stage 0.422 0.916 | 0.570 0.863

Table 3: The ablation experiment and one-stage experiment

15255

(a) Corel5k (b) Pascal07
1 1
0.8 0.8
0.6 0.6
0.4 0.4
0.2 H H H 0.2
0 0
1e-3 5e-3 1e-2 b5e-2 1e-1 1e-3 5e-3 1e-2 b5e-2 1e-1
B
(c) Corel5k (d) Pascal07

Figure 3: AP values under different hyper-parameters: Dif-
ferent o and ~y on the (a) CorelSk and (b) Pascal07 datasets,
and different 5 on the (c) CorelSk and (d) Pascal07 datasets.

itive explanation: When using the same hyper-parameter, the
model fails to fully extract information from each view. For

example, if Lng), is larger, the model tends to prioritize opti-

mizing L%, resulting in insufficient extraction of informa-

tion from other views. One solution is to use m different
hyper-parameters, but this also makes hyper-parameter tun-
ing extremely challenging.

Conclusion

In this paper, we proposed a novel two-stage information
extraction network to address the problem of iMvMLC.
Unlike previous methods, the proposed method adopts
an information-theoretic perspective to extract informa-
tion from incomplete data. Extensive experimental evidence
demonstrates the superiority of our method over exist-
ing state-of-the-art techniques, showcasing the promising
prospects of utilizing information theory in addressing the
iMVvMLC problem.
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