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Abstract: Multi-vie¥r learning attempts to generate a model with a better performance § eSploiting the consensus
and/or complementarif among multi-vie¥r data. Hoever, in terms of complementarif , most eSisting approaches on

cany nd representations “ith single complementari{ rather than complementag information ‘ith diversi{ . In this paper,
to utilize both complementari{ and consisten% simultaneous] , give free rein to the potential of deep learning in grasping
diversi{ -promoting complementari{ for multi-view representation learning, *e propose a novel supervised multi-vie'
representation learning algorithm, called Self-Attention Multi-Vie¥r net*ork “with Diversi{ -Promoting Complementar-
it (SAMVDPC), which eSploits the consisten a group of encoders, uses self-attention to ¥ nd complementa

information entailing diversit . EStensive eSpefiments conducted on eight real-*orld datasets have demonstrated the
effectiveness of our proposed method, and sho¥r its superiorig over several baseline methods, *hich on% consider single

complementag information.
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1 INTRODUCTION

Aiming to make good use of the information from multi-
view data and improve the generalization performance,
multi-vie¥ learning algorithms have made great progress in
different tasks, such as classiy cation, regression, and clus-
tering, I% utilizing conventional machine learning or deep
learning to ful% considering the relationships among mul-
tiple views [1, 2, 3, 4]. And recent% , [5] ana% zes these
various algorithms, comes to the coriclusion that there are
two fundamental assumptions ensuring their success: con-
sisten¢ and complementari{ principles. The consisten
assumption suggests there is consistent information sharéd
all vie¥rs, ¥hile the complementarif assumption states
€ach view of multi-data mg contain some kno%ledge that
other vie¥rs do not have. Based on these t*o assumptions,
we review the literature of multi-view learning in recent
ears, and observe that there are still to dra¥backs in
mag state-of-the-art multi-view learning algorithms.

First, at present, multi-view algorithms can be general

categorized into to % pes: the ¥ rst categog aims to e

ploit the consisteng , the second one aims to leverage the
complementarif among multiple vie'rs, and each catego

on] focuses on consensus or complementarig . In detail,
the ¥ rst catego usual% tries to eStract the ‘common la-
tent representation on “hich all views have minimum dis-
agreement, such as canonical correlation ana]E sis (CCA)
class algorithms [6, 7, 8, 9, 10], ¥hich project t*o or more
viewrs into latent subspaces % maSimizing the correlations
among projected vie's, matri§ factorization based meth-
ods [11, 12, 13], which joint] factorize multi-view data
into one common centroid reépresentation l% minimizing
the overall reconstruction loss of different views. And the

second categoy is to eSplicit% preserve complementar in-
formation of different vievrs,’such as co-training st le algo-
rithms [14, 15, 16, 17], which iterative% train t¥vo classi-
¥ ers on two different views, and each Classiy er generates
its complementay information to help the other classiy er
to train in the negt iteration.

Hoever, both consisten% and complementarif of multi-
views data are meaningful, the neglect of each’aspect “ill
result in the loss of valuable information. In order to ad-
dress this dravback, multi-vier algorithms recent%l began
to develop the third categogr algorithm, *hich eSploits the
consisten¢ and complementariy , simultaneous% , such as
matri§ factorization based metglods [18, 19], ¥hich ¥ nd
latent representations composed of common latent factors
shared h multiple views and the speciy ¢ latent factor of
each viéw. But [18, 19] also inherit the shortcomings of
matri§ factorization, guch as th¢ on] learn a linear map
relationships, can’t re ect the non-linéar relationship in the
multi-vie¥r dataset, and require feed all data in one time,
lack the abilig of dealing “ith large scale data.

Second, in terms of complementari{ , most of eSisting
multi-vie¥r learning algorithms on] “can ¥ nd representa-
tions ‘with single complementari{ rather than complemen-
tar information ‘rith diversi\tj .” Srivastava and Salakhut-
dinov [20] propose a deep multi-modal RBM to capture



single and compact representation ly a viev-pooling lg er,
which performs element-*ise maSimum operation across
the views. In general, all the above algorithms focus on
one { pe of complementarif among multiple views, and
th¢ don’t consider mining t?)e complementay3 information
with diversif .
To ¥ ght against the above mentioned serious dey cien-
cies, in this paper, e propose a ne%w multi-view learn-
ing paradigm based on self-attention net¥rork, called Self-
Attention Multi-View network ‘with Diversi{ -Promoting
Complementarif (SAMVDPC). Special% , "SAMVDPC
¥ rst encodes edch view’s data into a ¥ Séd-length vector
representation to eSploit the consisteng , and then eSplores
complementar information entailing diversif ‘ith multi-
ple combination forms iy self-attention mechanism, ¥ nal
concatenates all complémentar information into a vector
representation, ¥hich further ge used to make prediction.
€ illustrate this idea using an eSample from a face
recognition problem ‘ith t'wo vie*s. Given a group of peo-
ple, e have collected the face information for each per-
son to form t¥o-vier dataset. To make classi cation, § rst,
building a unique encoder for each view, SAMVDPC
éncodes each vie’s data into a ¥ Sed-length vector repre-
sentation and outputs H = [hy;hy] € R2*H. Second,
SAMVDPC inputs H to self-attention mechanism to pro-
duce weight matri$ W = [wy;W,] € 2%2, then outputs
two vectors: wiH, and wyH, ¥hich can utilize to com-
bine t¥ro-view data ) different wq s for subsequent fusion
stage. Final] , SAMVDPC incorporates the concatenated
representation [wiH, woH] as input and processes these
inputs b a forward net*ork to make prediction.
In summag , our contributions e summarize are sho%n as
follo¥rs:
(1) EWesvelop a supervised multi-vie'r deep learning algo-
rithm, “hich utilizes both consisten% and complementar-
it of multiple views, ¥where multipl€ views’ encoders con-
sider the consisten% , and self-attention mechanism consid-
ers the complementarif |
(2) Compared to [18, 19], encoders in SAMVDPC can
learn nonlinear and hierarchical abstract feature represen-
tation for multi-vie¥r data, “hich capture the non-linear
relationship and real under% ing properties in multi-vie'r
dataset.
(3) SAMVDPC can ¥ nd representations “ith complemen-
tay information possessing diversis, rather than single
complementari% , and sufy cient% re” ect the complemen-
tarig under% ing multi-vievr data.
(4)” Have compared SAMVDPC with other state-of-
the-art multi-view learning algorithms and demonstrated
its effectiveness, ¥hat’s more, ¥e also build other base-
lines deep networks to further ana] ze SAMVDPC’s per-
formance, ¥hich eSplore single complementag 1;3 mean-
pooling, maS-pooling and weighted summation.

2 Attention mechanism

In deep neural netvorks, attention mechanism [24] has
been developed in the conte§t of encoder-decoder archi-
tectures for Neural Machine Translation (NMT) [22, 25],
and rapid% applied to numerous application domains and

achieved promising results on several challenging tasks,
such as image captioning [26], and summarization [27].

Besides, “ith the development of deep learning9(de)-4l2233(l% er)4372



Fig. 1(a), the architecture of SAMVDPC is made up
of Encoder-Block, self-attention mapping, and ful] con-
nected 13 er, and the detailed self-attention mapping pro-
cesses afe shown in Fig. 1(b). E%escribe each of the
constituents in the following subsections.

Encoder-Block: As shovn in Fig. 1(a), Encoder-Block
is composed “ith V same encoders to eStract each viev’s
feature. The initial model parameters of each encoder
are initialized l% the encoder of a corresponding auto-
encoder, “hich ™ will be eSplained more detailed in sec-
tion 4.4. From these encoders, V hidden features (z" €
RA*1 y = 1,.-.,V) can be obtained and the¢ ‘will be
stacked horizontal% and combined into a feature matri$:
Z=[z',---2"],"z" € RFX! \where H is the number of
dimension of hidden feature vector z".

Self-attention mapping: The self-attention mechanism
takes the whole hidden states matri§ Z as input, outputs
amatri§ A, and each ro of A is a vector of “eights a;:

A= {alfadc} = softmax (W, tanh (W Z")),

2
‘rvhere, A € Rd,ch’ Wsl c Rd,st’ Ws2 c Rd,cxd,s’
d_sisaly per parameter ¥e can set arbitrari] , and the soft-
maX() is’operated along the second dimension of its input.
Inspired § [30], Equation (2) also can be deemed as a 2-
la er MLP without bias, ¥hose hidden unit numbers are
d-s, and parameters are {W 2, Wg1}. Finall , we com-
pute the d_s “eighted sums L} multip% ing A and Z:

M = AZT, M e R&-*H, 3)

It is ¥orth noting that each ro¥ of M is a unique nonlinear
combinations of multiple viers data, and the self-attention
mechanism outputs formulate d_s kinds of nonlinear com-
bination of multiple vie¥rs data. In our eSperiment part, the
value of d_sis set to V.

MLP: €%encatenate each ro¥ of to produce a multi-vie'r
representation containing multiple combinations of multi-
view data to eStract complementay information entailing
diversit . Then ¥re input this representation to 2-1% er MLP,
and mz;jke prediction.

3.3 Objective Function and Regularization

The embedding matriS M alwg s suffer from redundan
problems because the self-atterition mechanism often pro-
vides similar summation ¥eights for all the d_s hops. In-
spired  [?], ¥e also add regularization to encourage the
diversit® of summation ‘eights vectors across different
hops 0¥ attention. Thus, in this paper, our objective func-
tion is consist of cross entroI% loss and regularization, and
can be formulated as follows:

L = cross_entropy(y,y) + A |AAT — IH?P . @

where A is regularization parameters, and | is a unit diago-
nal matriS.

4  Experiment

In this section, “re eSperimental% evaluate SAMVDPC in
classiy cation task on eight real ¥orld multi-vie data sets
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Table 1: Characteristics of the datasets

Characteristics

Data Set . _
Instances Dimension
vV K
numbers numbers
Leaves 96 3 6 64 for all
Reuters 1200 5 6 2000 for all
AleFace 256 2 8 2016 for all
'BBC 685 4 5  4659/4633/4665/4684
Cornell 195 2 5 1703/585
TeSas 187 2 5 1703/561
a¥ngton 230 2 5 1703/690
T¥eensin 265 2 8 1703/795

comparing it to other baseline algorithms, and design
a set of eSplorator eSperiments to validate properties of
the self-attention mechanism in SAMVDPC, ¥ nal% anal-

y S€ the convergence of our proposed algorithm.

4.1 Datasets

In this paper, we use eight real-¥rorld multi-vie¥r data
sets to verif the performance of SAMVDPC, including
Leaves, Reuters, _aleFace, BBC, Cornell, TeSas, A¥ming-
ton, and T¥eensih datasets. Leaves and .AleFace are t¥o
image dataset, Reuters and BBC are t*o teSt dataset, Cor-
nell, TeSas, a%mngton, and Tdeensin dataset are four
subset of data sets selected from cH&B data sets, and
bKB are webpage dataset. The properties of data sets are
summarized in Table 1.

4.2 Comparison Algorithms and Baseline Models

E¥ewaluate the SAMVDPC performance in classis cation
tasks comparing it ‘with several state-of-the-art multi-
view learning algorithms based on matri§ factorization,
such as GMVNMF [32], multiNMF [12], MVCC [13],
DICS [18], and some our designed deep neural net*ork
baseline models with three sorts of fusion strategies re-
placing ‘ith our self-attention mechanism, including ma$-
pooling model, mean-pooling model, and ‘eighted sum-
mation model. For fair comparison, in terms of matri$ fac-
torization algorithms, %e choose the parameters “ithin the
range that author suggested to obtain good latent represen-
tations, and input these representations to KNN(K = 1)
for classiy cation, in terms of deep neural network base-
line models, e instead of the self-attention mechanism
vith maS-pooling, mean-pooling, or weighted summation
fusion, maintain the remaining structure unchanged, and
remove the regularization in our objective function.
GMVNMF is an NMF-based algorithm § merging local
geometrical structure information of each’vie¥ in a multi-
view feature eStraction frameork. The eStracted feature
considered the inner-vie¥ relatedness between data, and
further can be used to complete various tasks.  c¥welect
parameters Ay, L to 0.01, and 10 as author suggested, re-
spective
MultiNMF is an NMF-based multi-vie¥ algorithm, in
terms of matri§ factorization, it requires coefy cient ma-
trices learnt from different views to be soft% wegularized
to'rards a common consensus matriS, ¥hichre ect the in-
formation of multi-vie¥ data and can be used to make clas-
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Figure 1: MVCapsNet Architecture. Fig. 1: (a) is the architecture of SAMVDPC. (b) is concrete self-attention mapping
implementation processes.

Table 2: Pg perparameters on each data set

Units number Diversity of .
. Size of
Data Set of each encoder layer complementarity o
mini-batch
l1 lg 13 d,(:
Leaves 64 32 16 3 4
Reuters 2048 1024 512 2 16
.AleFace 1024 512 512 2 32
“BBC 1024 512 512 4 32
Cornell 1024 512 128 2 16
TeSas 1024 512 128 2 16
ABkington 1024 512 128 2 16
Teonsin 1024 512 128 2 16
Table 3: Accura% of different methods
Method ACC(%) - - -
Leaves  YaleFace  Reuters BBC Cornell Texas Washington  Wisconsin
GNMF 95.0+0  50.0+2.5 40.8+1.2 38.0+1.5 41.0£1.8 57.9+1.8 69.6+2.2 52.8+1.4
MultiNMF 95.0+0  64.244.2 52.74£0.2 73.1+£0.2 49.7£7.7 68.7+3.4 59.3+2.6 50.3+3.5
MVCC 100+ 333469 544+19 958426 60.8+5.0 64.7+5.5 62.84+3.8 64.3+2.7
DICS 979425 89.1£3.2 70.3+4.0 90.24+24 72.8+6.1 81.6+4.0 77.446.0 85.14+4.5
MAX-Pooling 100£0 90.0+4.6 712434 80.5+7.6 71.3+8.7 T74.7+£5.2 67.5+8.2 86.2+7.7
MEAN-Pooling 100£0 90.6+5.3 712443 83.3+6.7 709+55 76.6£4.0 70.0+£4.9 84.8+5.2
Weighted Sum 100£0 92.94+4.8 728447 87.2+45 72.5+13  76.3+4.9 66.91+7.8 86.3+4.3
AMVDPC 100+0 94.0+2.2 70.0£52 935424 722449 85.3+4.0 75.0+6.1 84.01+5.2
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siv cation.  SYedect the values of regularization parameter
Aare 1073,1072,107%, and 1.

MVCC is a novel multi-vie¥r method based on concept fac-
torization ‘with local manifold regularization, “hich also
drives a common consensus representation for multiple
views. E%et parameter o to 100, and both select the val-
ues of parameters 3 and y are 50, 100, 200, 500, and 1000.
DICS is an NMF-based multi-vie¥ learning algorithm,
eSploring the discriminative and nondiscriminating infot-
mation eSisting in common and vie'r-speciy ¢ parts among
different vie¥s via joint non-negative matri§ factorization,
and produce discriminative and non-discriminative feature
from all subspaces. And then, discriminative and nondis-
criminative features are further used to produce classiy ca-
tion results.  E%elect parameters A and (3 ‘ithin a small
range of [0, 1], and set parameter y to 1.

Due to no public] available multi-view clustering algo-
rithm based on deep neural netvwork, ‘e generate three
baseline models based on deep neural network. These
baseline models are eSploratoy models to validate prop-
erties of the self-attention mecf’lanism in SAMVDPC, thg
separate] use ma$ pooling, mean pooling, and ‘weightéd
summation to fusion all multiple vie¥s representations pro-
duced i Encoder-Block, ¥ nd a fusion representation ‘vith
single complementari{ , and then input the fusion repre-
sentation to ful% conriected I3 er to make prediction. And
for fair comparison, ¥e use the same settings for baseline
models as *hat we did in SAMVDPC.

4.3 Configuration and Tricks

In this subsection, “e specif the comy guration of
SAMVDPC. In Encoder-Block, structures of all encoders
are the same, each encoder has one input 13 er and three
hidden la ers |y, |2, and |3, the number of nimber in each
hidden lg er decrease as the 1% ers of encoder deepens, and
the activation function of all hidden 13 ers is ReLU. In self-
attention mapping, self-attention MLP has a hidden 13 er
with 300 units d_s, and e alwa s choose the matri§ em-
bedding to have V ro%s (d_c). In MLP, we use a 2-l3 er
ReLU output MLP with 512 hidden states to output the
classiy cation result. For objective function, e usual] set
A to 0.0001. For the cony guration of three baseline mod-
els, e use maS-pooling, mean-pooling, or *eighted sum-
mation to take replace of the self-attention mechanism in
SAMVDPC, and set A in objective function to 0. The ly -
per parameters on each data sets are summarized in Table
2.

Tlesegard to the initialization of SAMVDPC “eights, In
Encoder-Block, “e pre-train V auto-encoders through min-
imizing the reconstruction error of each vie, and then use
the pre-trained parameters of auto-encoders to initialize the
corresponding encoder’s ¥eight of Encoder-Block. In self-
attention MLP and MLP, Xavier is used as the ‘weight ini-
tialization method [?].

In training process, the optimizer algorithm ‘e used is
Adam, the learning rate is al'g s initialized to 1073, 104,
107°, and ‘will decreases gracaiual vith the development
of training process. To avoid over y tting, all Ig ers in
Encoder-Block and MLP are regularized l% dropout reg-
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ularization in training process, and dropout rate ‘vas set to
0.5.

4.4 Result

All datasets divided into training, veris cation and testing
data in a ratio of 0.6:0.2:0.2. For SAMVDPC comparison
algorithms, and baseline models, e ¥ rst run each model
on each dataset to select iy per parameters that has the best
accurag¢ and generalization performance. And then based
on these ) per parameters, ¥e run all algorithms 10 times
on each dataset and report the mean values and standard
deviation of accuracies.

All the classis cation results of eight multi-vie¥ datasets are
summarized in Table 3, and the best result on each dataset
is highlighted in boldface. As e can see, the proposed
SAMVDPC achieves best accurag on TeSas and _ale-
Face datasets, and are comparablé with other algorithms
on the else datasets. The promising result mg reason from
four aspects: (1) DICS, baseline models, and SAMVDPC
are all algorithms eSploiting the consisten% and comple-
mentari{ , simultaneous] , and compared t6 GNMF, mult-
iNMF, and MVCC, th¢ all achieve better performance
on all datasets, (2) compared to matri§ factorization al-
gorithms, the Encoder-Block in both baseline models and
SAMVDPC can eStract features in a %g of effective%

fetching consistent information and grasping the under]” -
ing common properties of multi-vie¥ datasets, (3) coin-
pared to baseline models, the complementag ‘ith diversit

eSploited self-attention mechanism contains more in-
formation than maS-pooling, mean-pooling, and “eighted
summation.

4.5 Convergence Analysis of Training Process

In order to empirical% investigate the convergence prop-
ert of SAMVDPC, %e plot the iterative curves of objec-
tive function and the corresponding classiy cation accura-
cies on three { pical data sets, Leaves, BBC, and TeSas in
Fig. 2. From Fig. 2, e can observe that: (1) the objective
function values drop sharp] and mean“rhile the classiy ca-
tion accuracies increase rapid] ‘ithin the previous rounds
of iterative process, and then the objective function and the
accurag  curves begij to decrease/gro* mild] ,# nal] con-
verge to a value or uctuate around a constant, (2) “rith
respect to convergence speed, the objective function val-
ues of SAMVDPC converge in the least iterations, in con-
trast, maS-pooling corresponds to the most iterations, be-
cause may-pooling operation is 105@ compression process
and the backpropagation process doesn’t make full use of
information from multiple vie'rs data, (3) in respect of con-
vergence result, the objective function of SAMVDPC can
¥ nal] converge to ay Sed value on eveg dataset, ut the
objective function of baseline models al%g sy nal]  uctu-
ate around a constant, *hat’s more, compared to baseline
models, *e cany nd that the classiy cation accurag - curves
of SAMVDPC often uctuate “ithin a narro¥ range. In
conclusion, compared to baseline models, SAMVDPC get
a better performance on the iterative curves of objective
function and the corresponding classiy cation accurag .
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5 Conclusion and Future Work

In this paper, we propose a novel multi-vie¥r net*ork,
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