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Abstract

Due to the efficiency of integrating semantic consensus and
complementary information across different views, multi-
view classification methods have attracted much attention in
recent years. However, multi-view data often suffers from
both the miss of view features and insufficient label informa-
tion, which significantly decrease the performance of tradi-
tional multi-view classification methods in practice. Learning
for such simultaneous lack of feature and label is crucial but
rarely studied. To tackle these problems, we propose a novel
Deep Incomplete Multi-view Learning Network (DIMvLN)
by incorporating graph networks and semi-supervised learn-
ing in this paper. Specifically, DIMVLN firstly designs the
deep graph networks to effectively recover missing data with
assigning pseudo-labels of large amounts of unlabeled in-
stances and refine the incomplete feature information. Mean-
while, to enhance the label information, a novel pseudo-label
generation strategy with the similarity constraints of unla-
beled instances is proposed to exploit additional supervi-
sory information and guide the completion module to pre-
serve more semantic information of absent multi-view data.
Besides, we design view-specific representation extractors
with the autoencoder structure and contrastive loss to learn
high-level semantic representations for each view, promote
cross-view consistencies and augment the separability be-
tween different categories. Finally, extensive experimental re-
sults demonstrate the effectiveness of our DIMVLN, attaining
noteworthy performance improvements compared to state-
of-the-art competitors on several public benchmark datasets.
Code will be available at GitHub.

Introduction

For the potential to improve classification performance by
exploiting the relevant information from multiple views,
multi-view classification (MvC) (Zhao et al. 2017) has
been widely applied in real-world applications, such as au-
tonomous driving (Chen et al. 2017) and computational
medicine (Gray et al. 2013). Generally, the target of MvC
methods (Andrew et al. 2013; Kan, Shan, and Chen 2016;
Wang et al. 2020) is to learn the view shared latent sub-
space and a discriminative classifier by exploring the con-
sistency information from multi-view data. The traditional
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MvC methods can successfully learn the consistency infor-
mation of multi-view data and typically depend on an as-
sumption that all of the training instances are with complete
features in all views and sufficient labels.

Unfortunately, in many real-world applications, multi-
view data often simultaneously exhibit the view missing and
label scarcity issues. For example, in the disease diagnos-
tic system, only a small subset of patients receive a definite
diagnosis of the specific disease (or label), while the ma-
jority of patients fall into the unknown state in the hospital
database. Besides, not all of patients undergo the exact same
and all physical examinations, where items not performed
by the patient are regarded as missing views. To analyze this
kind of data, there are at least two challenges: (1) lack of
labeled data and (2) missing the view features. Due to the
double missing of labels and features, it will dramatically
decrease the classification performance and limit their wide
application of the existing MvC methods. How to design a
model for such incomplete multi-view semi-supervised clas-
sification (IMvSSC) problem is crucial but rarely studied. In
this paper, we will propose a novel deep method to tackle
these problems.

In literature, several methods have been proposed to ad-
dress the two mentioned issues individually. To solve the
multi-view semi-supervised classification (MvSSC) prob-
lem, there are many MvSSC approaches proposed and can
be roughly divided into three major categories, i.e., co-
training based methods (Cheng et al. 2016; Xia et al. 2020),
alignment-based methods (Jing et al. 2017; Wu et al. 2019),
and graph-based methods (Cai et al. 2013; Gong et al.
2016). These MvSSC methods concentrate on making full
use of the extrinsic information contained in unlabeled data
to enhance the classification performance, nonetheless, they
neglect the view missing issue. For the incomplete issue,
(Zhang et al. 2019; Liu et al. 2021; Lin et al. 2022; Wang
et al. 2022b) have proposed many shallow and deep incom-
plete multi-view learning (IMvL) methods. These methods
can effectively learn informative representations from data
with missing views. However, these methods are unsuper-
vised or fully supervised, and not suitable to the insufficient
label scenarios. As far as we know, only a few works with
the shallow model can tackle the double missing issues of
the IMvSSC problem. Yang et al. (2018) proposed a semi-
supervised multi-modal learning with incomplete modali-
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ties (SLIM) by learning view-specific projection and a com-
mon label matrix simultaneously based on the reconstruction
of the incomplete similarity. Besides, Zhuge et al. (2023)
proposed the absent multi-view semi-supervised classifica-
tion (AMSC) method to jointly learn the view-specific and
shared label indicator matrices, and classify the unlabeled
data through a label propagation mechanism by combining
the extra-view and intra-view similarity loss. However, both
SLIM and AMSC employ traditional shallow methods to
learn the information of features and labels, which are diffi-
cult to capture high-level semantic information hidden in all
views. Moreover, these methods are limited by their training
manner, which only enables them to predict the labels during
the learning process and are unable to handle new incoming
data without re-training.

To these problems, we propose a novel deep IMvSSC
model based on the deep graph neural network (GNN)
named as DIMVLN in this paper. The framework of
DIMVLN consists of three major components, i.e., GNN-
based completion module, multi-view representation learn-
ing module and semi-supervised learning module. Specifi-
cally, to leverage the hidden information from incomplete
data to mitigate the negative influence of missing views,
DIMVLN employs the view-specific GNN to recover the
missing data based on the existing similarity relations, which
also guarantees that the following modules can learn essen-
tial information. Based on the autoencoder structures, multi-
view representation module is devised to learn the high-level
semantic and complementary information from the recov-
ered multi-view data. Moreover, to preserve the cross-view
consensus and enhance the separability between different
categories, DIMVLN employs the contrastive loss on both
instance-level and category-level. In semi-supervised learn-
ing module, we establish a pseudo-label generation strategy
to explore the additional supervisory information contained
in ample unlabeled data by assigning pseudo-labels for the
confident classified unlabeled instances. In addition, we de-
velop the end-to-end training strategy to make our DIMVLN
predict the labels of new coming data and handle the large-
scale problem. Our main contributions are listed as follows:

* We propose the DIMVLN method to solve this crucial,
but rarely studied problem that has arisen from many real
applications. To our knowledge, this may be the first at-
tempt concerning deep classification model in this simul-
taneous miss of feature and label scenario.

DIMVLN is a unified framework of IMvSSC and de-
signed to recover the absent information, preserve the
high-level semantic representation and enlarge the ex-
trinsic supervisory information of unlabeled instances,
simultaneously.

Extensive experimental results indicate that our DIMVLN
outperforms other compared approaches in almost all
cases and demonstrate its superiority and effectiveness.

Related Work
Incomplete Multi-view Learning

In literature, there are various methods proposed to solve
IMVL, which can be split into the following groups. Ma-
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trix factorization-based methods (Li, Jiang, and Zhou 2014;
Shao, He, and Yu 2015; Zhao, Liu, and Fu 2016; Hu and
Chen 2018) are one group of them, which aim to learn a
common latent representation that satisfies the low-rankness
constraint. Another group is kernel learning and spectral
clustering based methods. Liu et al. (2021) proposed effi-
cient and effective incomplete multi-view clustering (EE-
IMVC) to impute missing values and learn a consensus clus-
tering matrix. Besides, Wen, Xu, and Liu (2020) combined
spectral clustering and graph learning to jointly learn the
low-dimensional common representations and view-specific
similarity graphs. However, these IMvVL methods are based
on the shallow model and difficult to mine complex struc-
tured information of multi-view data. Recently, since deep
neural networks are able to capture complex semantic in-
formation effectively, some deep learning based methods
(Zhang et al. 2019; Lin et al. 2022; Wang et al. 2022b) have
been proposed and achieved promising performance.

Multi-view Semi-supervised Classification

Semi-supervised learning (SSL) is a promising learning
paradigm, which aims to tackle the scarcity of labeled data
by leveraging a large amount of unlabeled data. To solve
the MvSSC problem, several MvSSC methods have been
proposed in literature. Cheng et al. (2016) proposed a di-
versity preserving co-training MvSSC algorithm by train-
ing two individual classifiers with initial labeled data to ex-
ploit the complementary information. To seek the optimal
correlation between different views, Chen et al. (2012) and
Jiang and Li (2017) proposed the alignment-based canon-
ical correlation analysis and cross-modal hashing methods
with correlation constraints. Then, to preserve the similarity
information of instances, Cai et al. (2013) proposed a graph-
based MvSSC method named as AMMSS, which learns a
common label matrix and weights for each modality simul-
taneously. Meanwhile, to enhance the label information of
unlabeled instances, Nie et al. (2018) proposed the multi-
view learning with adaptive neighbors (MLAN) by learning
a shared similarity graph with local structure learning and al-
locating weights for each view automatically. Recently, Jia
et al. (2021) proposed a semi-supervised multi-view deep
discriminant representation learning framework, which em-
ploys the orthogonality and similarity constraints to reduce
the redundancy of learned representations.

Methodology

Notations and Problem Formulation. Suppose an incom-
plete multi-view dataset with IV instances and V' views, i.e.,
X = {X®}V_ where X = {g{"}N € REXN jg
d, dimensional feature matrix of the v-th view. Let M €
RN >V pe the indicator matrix, where M; , = 1 means the i-
th instance has its feature of v-th view; otherwise M , = 0,
that its feature is missing and set as ‘NaN’. To be concise, let
C™) and U be the index of the complete instances in the v-th
view and the unlabeled instances, respectively. The ground
truth of the labeled instances is Y = {y; € {1,...,C}1 <
i < N,i ¢ U}, where C is the number of classes.
Definition 1: (Incomplete Multi-view Semi-supervise
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Figure 1: The main framework of our proposed DIMVLN, which is composed of three modules: (a) GNN-based completion
module; (b) Multi-view representation learning module and (c) Semi-supervised learning module.

Learning). Given a training incomplete multi-view dataset
Xain = {X (”)}X:l with its partial labels Yiain
{1, ,Yn, }» where n; < N and its corresponding indi-
cator matrix M,in. The goal of our DIMVLN is to learn a
discriminative multi-view classification model that can pre-
dict the label of the new instances Xje.

Obviously, both the absence of view features and the
scarcity of labeled data seriously decrease the multi-view
classification performance and limit the practical applica-
tion. The features missing of the instances will weaken the
cross-view semantic consensus and degrade the generaliza-
tion capability of the models. Besides, the scarcity of la-
bels further degrades the performance of the models. To
remedy this, we propose a novel deep learning framework
named DIMVLN to address the simultaneous miss of fea-
ture and label. The main framework of our DIMVLN is illus-
trated in Fig. 1. Specifically, DIMVLN consists of three main
modules:(a) GNN-based completion module for refining the
incomplete feature information; (b) Multi-view representa-
tion learning module for capturing the high-level semantic
consensus and complementary information in all views; (c)
Semi-supervised learning module for extracting extrinsic su-
pervisory information from unlabeled data. The concrete de-
tails are provided in the following.

GNN-based Completion Module

Data augmentation is a powerful technique to improve the
performance and generalization capabilities of deep learn-
ing models (Shorten and Khoshgoftaar 2019). And data re-
covery can be considered as a variant of data augmentation
tailored for handling incomplete multi-view data. Recently,
GNN-based methods have gained popularity in data recov-
ery due to their ability to mine the geometric information
of data (Wang et al. 2022b; Liang et al. 2023). Sato (2023)
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further provides theoretical evidence supporting the effec-
tiveness of GNNs in recovering hidden features. Therefore,
we utilize the GNNss to recover the missing data based on the
similarity relations between existing data for augmenting the
incomplete data against the influence of view missing.
Firstly, DIMVLN constructs the view-specific graph
S® e RNXN to the existing data through k-nearest

neighbors (k-NN) algorithm, where Si(fj)
M; ,M;, =1 and :1:(.”) is the neighbor of w(-v)' otherwise,
s = . Inspired by (Wang et al. 2022b), we then trans-

i,j
fer the known graph relations to find the available instances
related to the missing ones in each view, and the transferred

k-NN graph can be obtained by:

1 means

\%4
GV = Y S®diag(M.y), 1)

k=1,k#v

where operator diag(-) creates a diagonal matrix, and M. j
denotes the k-th column of matrix M.
Next, we feed G(*) as the adjacency matrix and the ex-

isting instance features z'") s.t. j € C) as the attributes
of nodes into the view-specific GNN to recover the missing
data. After message propagation over G*) in the first layer
of GNN, the initially reconstructed data can be obtained by:

~(v) _ U( Z G(v) ) )

;
)
G{")>1
where b, and w, are the bias and transformation matrix of
the v-th view, respectively; o represents an activation func-
tion, which is set as rectified linear unit (ReLU) activation
function in our experiments. In the remaining structure of
GNN, instead of using the transferred relations, we adopt
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two stacked fully-connected layers with ReLU activation
function to further adapt the referred data. Finally, the recon-
structed missing data is combined with the available data to
obtain the recovered matrices { X (")}V_, .

To improve the reconstruction performance and maintain
the stability of the subsequent modules, we pre-train the
view-specific GNNs by minimizing the rebuilding loss L.
For a mini-batch, we denote the index of instances in a batch
as B and the rebuilding loss can be written as:

1%
Le=>" Y 51X — 22,

v=lieB\C™) g() >1
b P

3

Multi-view Representation Learning Module

In our framework, we devise view-specific extractors in
the autoencoder structures with contrastive learning, aim-
ing to learn high-level discriminative representations from
{X (”)}le rather than focusing on shallow-level features
as commonly done in traditional approaches. For conve-
nience, let £(*)(-) and D(*)(-) be the encoder and decoder
for the v-th view, respectively. The representation matrix
Z®) = E®)(X) € R™*N can be learned by minimizing:

\4
L= > IX5 = D253,
i=1keB

“

where m denotes the dimension of representations. Then,
we concatenate the view-specific representation matrices to
obtain a common representation matrix Z € R™V >N,

Furthermore, to enhance the discriminative of the learned
representations, we employ the instance-level and category-
level contrastive loss introduced in (Lin et al. 2022) to en-
courage the cross-view consistencies and bolster the separa-
bility between distinct categories. Specifically, the instance-
level contrastive loss L. utilizes both labeled and unlabeled
instances to maximize the mutual information between the
representations of different views. To calculate the mutual
information, z,gv) is treated as a distribution probability vec-
tor over m classes (Ji, Henriques, and Vedaldi 2019), by em-
ploying a Softmax activation function at the last layer of the
encoder, and the loss L; can be defined as below:

* N A
PO = 2320 (20) ®)
1Bl ‘5
m m ( *) P(U;”*)
o == > PO 1n< e )
=i t,t (Pt( )) +1(Pt(/ )) +1
(6)
1
L= Y Lo, )
1<v<v* <V

where P(":?") € R™*™ represents the joint probability dis-
tribution over the v-th and v*-th views; P(*) and P(*") are
the marginal probability distribution of the v-th and v*-th
view, respectively; « is a balance parameter. In our experi-
ments, we simply fix the o to 9.
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For the category-level contrastive loss L, the available
label information is used to make the decision boundaries
between categories clearer by pushing the misclassified in-
stances closer to the real within-class instances in the com-
mon latent representation space. We adopt a classification
method based on cosine similarity metric to predict the la-
bels of labeled instances and penalize the misclassification
according to the ground truth ) and prediction ). The pre-
dicted labels can be obtained by:

Ypi = argmax z;] Z;Hdiag(1H)™*, (8)

Yp,i€{1,2,...,C}

where z; and y,, ; are the common representation and the
predicted label of the ¢-th instance, respectively; Z; denotes
the matrix {Z. ;|i € B\U}; H € RIB\UIXC denotes the real
label indicator matrix of ) in mini-batch (i.e., H;, ,, =
1, the other elements are zero); 1 is an all-one row vector.
Similarly to H, let F" be the predicted label indicator matrix
of labeled instances and then the L. can be written as:

Lea= Y Ai(F,.— Hi.)" +1(ypi # ygr.),
ieB\U

where A; = z!'Z,Hdiag(1H)~! and I(-) is the indicator
function which guarantees the summand is positive.

©))

Semi-supervised Learning Module

Due to the capability to supply new labeled data for training,
pseudo-label style methods have gained significant promi-
nence in deep semi-supervised classification tasks in recent
years (Jia et al. 2021). In our work, we establish the pseudo-
labeling mechanism with a deep classification network to
annotate pseudo-labels for unlabeled data. The common rep-
resentations are first fed into the deep classification network
to predict soft labels of instances. However, during the early
training stage, deep learning based classifiers usually exhibit
low classification confidence. Hence, we employ the same
similarity-based classification method, used in multi-view
representation module, to re-check the predictions. Specif-
ically, we assign pseudo-labels to the unlabeled instances
where the two predictions agree with each other. Finally,
the newly labeled instances are added to the labeled train-
ing data. In addition, to improve accuracy, the cross-entropy
loss L is applied to train the classifier.

Training Strategy

The training strategy employed in DIMVLN comprises two
phases: pre-training and alternate optimization. In the pre-
training phase, we only use the rebuilding loss £, to warm-
up the view-specific GNNs. During the alternate optimiza-
tion phase, the three modules of the proposed framework
mutually complement each other and simultaneously en-
hance the classification performance. The overall loss of the
alternate optimization is defined as:

L= ch + )\1(Licl + Lccl) + >\2Lcela (10)

where the parameters A; and A, trade-off the importance of
the contrastive loss (Li; + L¢c) and the classification loss
L1 In our experiments, these two parameters are fixed to
1. The training strategy is summarized in Algorithm 1.
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Algorithm 1: Training Strategy of DIMVLN
Input: Training data Xj.,;, with partial training label Viin;
parameters of the whole framework © and batch size |B].

Initialization: Init {.S't(rzi)n V_, by k-NN graphs and the
transferred graphs {Gt(:;i)n Y byEq. (1).

I: ytemp < Viain- Z/{temp < Urain;
2. for epoch < 1to MaxIter do

3:  Obtain the recovered matrices { X" }V_, by Eq. (2);
4:  Learn its features { Z\") }V_, by {E(-)")}V_;
5:  Obtain the common representation matrix Zy,i, by
concatenating { Z\") }V_,:
6:  Compute the soft labels Y of Z.i, by Eq. (8);
7:  Predict the labels Y,, of Z,.,;, by deep neural network;
8:  Compute overall loss £ by Eq. (10);
9:  foralli € Uyep,p do
10: if }/;,i =Ypi then
11: ytemp — ytempU{sz,i}sutemp — utemp\{i};
12: end if
13:  end for
14:  Update © < Optimizer(L, O);
15:  Stop training when the model converges.

16: end for

Experiments
Experimental Setup

Datasets. We conduct experiments on six public multi-
view datasets as follows. Caltech101-20 : It contains 2,386
images of 20 objects. Following (Lin et al. 2022), we se-
lect HOG and GIST features as two views. CUB : It in-
cludes 11,788 samples belonging to 200 bird species. Fol-
lowing (Zhang et al. 2019), we select the top 10 bird species
with two views. Wikipedia : It contains image and text fea-
tures from 2,866 documents on 29 topics. Following (Wang,
Yang, and Li 2016), the top 10 most popular topics are se-
lected for our experiment. ALOI : It collects 110,250 images
for 1,000 small objects. Following (Huang, Wang, and Lai
2023), we use a subset that contains 10,800 images of 100
objects with four views. Out-Scene : It contains 4,485 im-
ages of 15 scene categories. Following (Huang, Wang, and
Lai 2023), we select 8 outdoor categories with total 2,688
images with four views. Animal ! : It contains 50 animals
of 30,475 images and we use the subset of 11,673 images
from the first 20 animals with four views.

Comparison Methods. To validate the effectiveness of
DIMVLN, we compare it with six state-of-the-art ap-
proaches, which can be categorized into two groups: tradi-
tional methods and deep methods. Traditional methods in-
clude SLIM (Yang et al. 2018), AMSC (Zhuge et al. 2023),
AMMSS (Cai et al. 2013), while deep methods include
CPM-Nets (Zhang et al. 2019), DCP (Lin et al. 2022) and
TMC (Han et al. 2023). Similar to (Zhuge et al. 2023), we
introduce a grid search strategy to determine the optimal
parameter within the recommended range for all compared

"https://cvml.ista.ac.at/ AwA/
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methods and adopt the recommended network structures as
their baselines. Note that CPM-Nets, DCP and TMC are su-
pervised methods. Thus we train these methods using only
labeled instances. Besides, for AMMSS and TMC, which
can only handle complete multi-view data, we use its mean
value to fill the missing data in each view.

Data Preparation. Each data can be split into training,
validation, and test sets in the ratio of 7:1:2. Besides, to sim-
ulate the partial view setting, we randomly remove some
view of samples from each set. Concretely, according to
the pre-set partial example ratio (PER), PER% instances are
randomly selected as incomplete instances, which randomly
missing 1 ~ V-1 views. To mimic the SSL situation, accord-
ing to the pre-set labeled example ratio (LER), we randomly
select LER% instances in training set as labeled instances.

Implementation Details. Adam optimizer with the ini-
tial learning rate of 0.0001 is used for optimization of all
datasets. The k-NN graphs are constructed using k-NN al-
gorithm with Euclidean distance metric, where the neighbor
number k is fixed to 10 for all datasets. In addition, Accu-
racy (ACC), Fl-score (F1), Precision (PREC), and AUC are
adopted as the evaluation metrics. Due to the limit of space,
we only present ACC results. The results of other three met-
rics are shown in the supplementary file. All the experimen-
tal results are obtained by independently running the meth-
ods ten times, and the final average results with standard de-
viations are reported. Our model is implemented by PyTorch
on one NVIDIA Geforce A100 with GPU of 40GB memory.

Experimental Results

Performance Evaluation. To verify the effectiveness of
our DIMVLN comprehensively, we compare it with six
state-of-the-art competitive methods from two aspects: 1)
view missing and ii) label insufficient. For view miss-
ing, we fix LER to 10%, while PER is selected in
{0%,10%,30%,50%,70%,90%}. The results of ACC are
listed in Table 1 and we have the following observations:
1) When PER=0%, the proposed method achieves the high-
est performance on all datasets, validating that DIMVLN is
also stable and effective for SSMvC task. 2) With PER in-
creasing from 10% to 90%, DIMVLN outperforms the other
six competitors on all datasets. 3) Our method is robust to
incomplete multi-view data since DIMVLN consistently ex-
hibits relatively promising performance with highly PER.
For example, DIMVLN and the most competitive method
DCP achieve ACC of 39.82% and 34.88% when PER=0%
on Animal. As PER=90%, the performance of DIMVLN is
28.11% and remarkably superior to 17.46% of DCP.

For label insufficient, we fix PER to 50%, while varying
LER from 5% to 35% with a gap of 5%. The results of all
compared methods are shown in Fig. 2 and we could ob-
serve that: 1) Our method achieves the highest performance
among all compared methods in almost all cases. 2) With de-
creasing LER, the performance degradation of the compared
methods is much larger than that of ours. For example, on
ALOI and Out-Scene, as LER is reduced from 30% to 5%,
the performance decline of DIMVLN is less than 1%, while
the decreases of other compared methods are more than 5%.
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PER (%)
Datasets | Methods 0% 0% 0% 50% T0% 0%

SLIM | 66.82(1.73) 65.13(291) 6094 (134) 57.15(231) 54.69(2.00) 5036 (1.22)

S AMSC | 7079 (1.70) 7134 (235) 6956 (1.73) 67.72(1.76) 67.78(328) 63.60 (1.78)

a AMMSS | 7923 (149) 7592 (2.13) 75.52(175) 72.85(2.37) 70.08 (3.45) 65.46 (5.16)

S | CPMNets | 8294(353) 8176(203) 7863(372) 61.74(406) 6642(5.28) 60.83(6.79)

5 DCP | 8199 (2.74) 8337(1.98) 82.89(1.52) 7939 (3.44) 79.00(1.92) 73.85 (3.26)

= TMC | 80.63(143) 7941(143) 76.63(2.09) 76.28(2.80) 73.51(246) 73.12(2.81)

O DIMVLN | 91.28 (1L11) 90.40 (1.38)  88.49 (1.03) 87.32(1.96) 83.89 (2.17) 85.23 (1.77)

SLIM | 4858 (7.89) 43.00(725) 4142(6.72) 3883 (602) 37.92(3.75) 3692 (4.27)

AMSC | 5842 (652) 63.17(6.63) 58.50(6.36) 60.50 (6.72) 5342 (4.93) 49.92(541)

AMMSS | 6533 (9.11) 62.50 (8.14) 52.83(5.76) 54.00(5.98) 49.67(8.77) 43.50(5.06)

B | CPM-Nets | 85.25(3.03) 8175(3.02) 70.17 (244) 57.08(6.16) 56.75(5.22) 56.58 (3.49)

0 DCP | 7950 (4.79) 77.92(646) 74.17(5.65) 5325(8.17) 57.33(476) 36,50 (6.32)

TMC | 7325(3.85) 7150 (5.94) 6525(6.68) 59.25(539) 57.33(4.77) 4692 (8.86)

DIMVLN | 89.17 (2.84) 87.25(2.94) 83.08(2.84) 79.67(2.67) 77.25(3.78) 72.58 (4.49)

SLIM | 50.86(522) 48.99 (2.85) 47.05(4.14) 4482(509) 39.57 (4.18) 35.18 (4.59)

AMSC | 5748(536) 55.83(274) S1.15(439) 4561 (4.10) 4086 (541) 3511 (5.59)

g AMMSS | 60.43 (541) 5647 (1.80) 3921 (13.13) 4532 (7.11) 39.86(7.91) 3525 (4.15)

S | CPM-Nets | 63.85(3.89) 5979 (475) 4839 (421) 3839 (400) 3874 (3.13) 38.74 (3.33)

i DCP | 55.90(6.00) 55.11(327) 4849 (3.63) 44.82(3.90) 4201(552) 3647 (441

= TMC | 21.80(670) 22.23(520) 2129 (477) 21.22(439) 1835(329) 16.69 (3.54)

DIMVLN | 69.78 (2.86) 67.27 (2.41) 6036 (4.29) 55.25(2.63) 48.92(3.95) 44.60 (5.47)

SLIM | 54.04(3.92) 5133(202) 4729(337) 44.13(322) 4007 (3.26) 34.62(1.03)

AMSC | 75.87(123) 7245(1.84) 69.19 (1.65) 6454 (1.91) 60.00 (1.96) 5449 (1.17)

_ AMMSS | 8536 (1.11) 84.04 (0.79) 8127 (1.05) 77.83(0.65) 74.41(0.90) 69.52(1.03)

S | CPM-Nets | 5400(236) 4789(3.69) 36.65(338) 2477(148) 1536(089) 12.17(L04)

. DCP | 38.00(7.25) 37.15(4.08) 34.00(3.05) 26.14(3.87) 2320(345) 19.00(1.81)

TMC | 1610 (2.68) 1578 (1.61) 12.90(0.86) 10.93(1.65) 8.76 (1.54)  6.43 (1.68)

DIMVLN | 97.44 (0.41) 93.91(0.54) 8970 (123) 8597 (129) 81.96 (1.04) 76.96 (1.38)

SLIM | 6327(3.10) 61.90(281) 5983 (211) 5638 (2.04) 51.15(231) 4550 (3.00)

AMSC | 65.67(2.68) 6234(5.61) 59.65(549) 58.36(5.15) 59.26(2.29) 53.66 (2.98)

2 AMMSS | 67.90 (345) 66,08 (5.10) 6409 (448) 63.12(3.80) 59.70(2.25) 56.80 (2.14)

3 | CPM-Nets | 6391 (7.11) 6281 (3.87) 61.57(5.06) 57.06(3.95) 4320(345) 3350 (3.25)

% DCP | 77.04 (221) 7535(2.30) 73.62(0.97) 68.62(2.84) 59.67(178) 5279 (2.51)

S TMC | 61.86 @47) 5773 (6.73) 5470(5.12) 5232(420) 47.29(2.65) 41.99 (1.61)

DIMVLN | 8431 (0.72) 82.53(1.37) 80.61(1.47) 76,78 (1.59) 7414 (L57) 7175 (1.79)

SLIM | 2824 (1.18) 2692(1.97) 2563 (1.53) 27.57(0.94) 21.19(1.38) 18.64(0.89)

AMSC | 2044 (257) 2123(242) 2043 (1.17) 1952(1.39) 19.34(1.29) 17.47 (1.39)

- AMMSS | 2090 (1.74) 1850 (1.34)  17.65(0.99) 1673 (1.01) 16.00 (1.34)  14.66 (0.66)

£ | CPMNets | 2387(125) 2431(111) 1972(378) 21.39(3.06) 17.06(2.82) 10.09 (121)

Z DCP | 3488 (0.67) 33.61(1.02) 3073 (1.10) 2648 (1.54) 21.50(2.55) 17.46(131)

TMC | 2788 (1.46) 27.77(096) 24.10(153) 2338(0.72) 22.09(1.35) 20.93 (1.50)

DIMVLN | 39.82 (5.28) 4036 (2.11) 38.12(2.70) 34.61 (3.19) 32.67(2.97) 28.11(5.30)

Table 1: ACC (%) comparisons on six datasets while PER is selected in {0%,10%,30%,50%,70%,90%} and LER is fixed to
10%. Standard deviation (%) is in parentheses. The best/second-best results are marked in bold/underline, respectively.

Ablation Study and Parameter Sensitivity. The abla-
tion experiments on ALOI and Animal are conducted to
deeply investigate the effect of the two crucial modules of
DIMVLN, i.e., GNN-based completion module and semi-
supervised learning module. Note that we retain the multi-
view representation module since representation extraction
is an integral part of multi-view learning. When the comple-
tion module is removed, we use the average strategy to fill
the missing data. And the semi-supervised learning module
is removed by excluding the pseudo-labeling mechanism.
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The ablation results are listed in Table 2. We can observe
that: 1) When both modules are used, the model can ob-
tain the highest performance, verifying the effectiveness of
DIMVLN. 2) The semi-supervised module plays a crucial
role in performance improvement, which indicates that it can
guide the completion module of DIMVLN to exploit the ex-
trinsic semantic information effectively.

Besides, we have two parameters in our DIMVLN, i.e.,
A1 and A2. We conduct experiments on Caltech101-20 and
Out-Scene, where PER and LER are fixed to 50% and 10%,
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Figure 2: ACC (%) comparisons on six datasets with LER varying from 5% to 35% with a gap of 5% while PER=50%.

GNN Semi- \ ALOI \ Animal
Completion  supervised \ ACC F1 \ ACC F1
X X 53.08 5298 | 1922 16.04
v X 5544  54.81 | 2037 17.15
X v 82.04 82.82 | 31.50 27.23
v v 8374 83.89 | 33.86 28.23

Table 2: Ablation study on the ALOI and Animal datasets

with PER=60% and LER=10%. ‘v and ‘X" represent the
used and not used module, respectively.

to analyze the sensitivity of these two parameters. To show
the parameter influence more previously, we select two pa-
rameters both from the range of {0.01,0.1,1,10,100}. The
results are reported in Fig. 3, and we can observe that
DIMVLN performs well if these two parameters are se-
lected from the predefined ranges. It means that our pro-
posed DIMVLN is not so sensitive to both parameters.

Conclusions

In this paper, to solve the dual incomplete problem, we
propose a novel deep absent multi-view semi-supervised
method named DIMVLN. DIMVLN simultaneously incorpo-
rates the GNN-based completion and semi-supervised learn-
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Figure 3: Parameter analysis of the trade-off parameters \;
and A\, on Caltech101-20 and Out-Scene.

ing to recover the missing feature information and exploit
the extrinsic label information. Therefore, our method is
able to eliminate the negative influence caused by the in-
complete data and insufficient labels and enhance its per-
formance. Finally, extensive experimental results on six
popular datasets show the effectiveness and superiority of
DIMVLN. In the future, the meta-learning approach can
be introduced to adaptively determine the optimal hyper-
parameters in DIMVLN. Besides, we will further extend our
DIMVLN to solve the problems of the incomplete multi-
view semi-supervised classification scenario, such as class-
imbalance, noisy labels, and novel class discovery.
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