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Background

Multi-view data

Color

HOG / \Text description
| Bow

An aircraft caxxier iz a warszhip that

a

. Block . Block

5 5

g S S S 5 E . . .
8 - s 3 S 3 equipped with a full-length flight de
| 5 5 : w1
> ) @0 arming, deploving, and recovering ailr
. 2, capital zhip of a fleet, a= it allows
(c) Single centre C-HOG JTh @™ JITh® ™ I he™
1 2 3 4

(a) R-HOG/SIFT (b) C-HOG

 In real world, data is often presented from various perspectives. For example, an

Image can be described by a variety of features
» Using a single view may miss some information, so that the semantic relationship

between images cannot be described accurately. Multi-view features can
complement each other, which should be used

« Multi-view learning is to effectively fuse information of different views and
represent different views in a unified way, so that different views can complement
each other and achieve better performance than using a single view
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Challenges
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Challenges in multi-view learning:

« There is a semantic gap between low-level multi-view
features and high-level semantics

 Different views have different physical meanings, and they
are difficult to fuse effectively

« The original multi-view high-dimensional features are
heterogeneous and they lack a consistent representation
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Related work

Classify by methods
Multi-view
learning
Multi-kernel il Multi-graph 8 Subspace Deep
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Related work

Multi-kernel Iearning

Weight 1\
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SIFT Weight N

« Supervised multi-kernel learning:
[Joachims et al. 2001, Lanckriet et al. 2002, Lin et al. 2007, Gonen et al. 2008,
Yang et al. 2012]

« Unsupervised multi-kernel learning:
[Zhao et al. 2009, Lin et al. 2011, Tzortzis et al. 2012, Huang et al. 2012, Lu et
al. 2014, Gonen et al. 2014]
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Related work

Multi-graph learning: Image clustering
Use graphs to represent different views of data, and use graph
learning method to fuse different views
« Based on co-training:
[Kumar et al. 2011(a), Kumar et al. 2011(b)]

« Based on weight learning to fuse graphs:
[Huang et al. 2012, Tzortzis et al. 2012, Wang et al. 2014, Gui et al. 2014]
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Related work

Multi-graph learning: Image annotation

« Using graphs to represent different views, and then the graphs
are merged into a unified graph which preserves the
relationship between data. Image annotation is conducted
based on the graph

Multiple Feature Graph
|

_

Optimal Graph

.Feafulest et
'Featuresz
.Featu!esv
O Labels

Partial Label Graph

Gao L, Song J, Nie F, et al. “Optimal graph learning with partial tags and multiple features for image and
video annotation”, CVPR 2015.
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Related work

Subspace learning
« Canonical Correlation Analysis (CCA) [Hotelling et al. 1936]
« Kernelized Canonical Correlation Analysis (KCCA) [Akaho et

al. 2006]
View 1 View 2
Multi-view 4,44 o5
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Related work

Subspace Learning: Dimension Reduction for
Multi-view data

]
I

« First, PCA is performed for
each view, and a unified
representation is formed by
concatenating them together

« Then, subspace learning is
performed to obtain the final

- low-dimensional

& {%x@%ﬂ ;@gﬁ@m « Sparse PCA learning is used

" [Cagami

Jieaisss ——ﬂ— ; iii Hi fff@ to learn the subspace

Low-dimensional representation Loa.dijz matrix P

Yahong Han, Fei Wu, Dacheng Tao, Jian Shao, Yueting Zhuang, Jianmin Jiang, "Sparse unsupervised
dimensionality reduction for multiple view data." TCSVT 2012
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Related work

Subspace learning: Image annotation
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 First, a multi-view matrix is constructed by searching K-nearest
neighbor images in the image database

« Then, image annotation for unlabeled data is achieved by
conducting joint matrix factorization on multiple matrices

Kalayeh M M, Idrees H, Shah M. Nmf-knn: Image annotation using weighted multi-view non-
negative matrix factorization, CVPR 2014
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Related work

Deep learning

«  Multi-view representation learning based on neural network
[Andrew et al. 2013, Wang et al. 2015, Kan et al. 2016]

«  Multi-view clustering based on deep matrix factorization
[Zhao, et al. 2017]

«  Multi-view feature fusion based on convolution neural
network CNN

[Su et al. 2015, Wang et al. 2015, Zhu et al. 2016]
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Related work

Deep learning: Multi-view representation learning
« Deep Canonical Correlation Analysis (DCCA) [Andrew et al. 2013]

[Canonical Correlation Analysis] . EXtend CCA to mU|t|p|e Iayers
and maximize the data
correlations at the top level

« More significant data

correlations are obtained than
CCA model

«  Multi-view classification model based on deep neural network(MvDN)
[Kan et al. 2016]

« Adding Fisher loss function at the
top level to utilize discriminant
information

« Multi-view data classification can
be achieved by this network
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Related work

Deep learning: RGBD scene recognition

RGB CNN
W1F1
V5
E
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96 4096 4096 Multi-modal
so o Feature Learnin,
FclFc2 F=D+C+R

SVM Classification

Office

W2F2

96

4096 4096

Depth CNN

« The color and depth features of images are used as input of the CNN
network

« The outputs of two CNN channels are mapped to a new space, where
class consistency and correlations of different views can be preserved

Hongyuan Zhu, Jean-Baptiste Weibel, Shijian Lu, Discriminative Multi-modal Feature Fusion for RGBD
Indoor Scene Recognition, CVPR 2016
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Related work

Summary

« Existing multi-view fusion methods usually adopt uniform
fusion weights for all data. However, different data have
different visual characteristics. Unified fusion weights
cannot learn appropriate fusion weights

« Because different views have different physical meanings,
they are not comparable. This problem is not considered
in the multi-view learning methods

« Multi-view representation learning and the follow-up
tasks are closely related. The existing methods conduct
the two tasks independently, and their correlations are
ignored
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Research works

3.1 Multi-view clustering

v" A group-aware multi-view fusion approach for image clustering
3.2 Multi-view dimensionality reduction

v" Bi-level multi-view latent space learning

3.3 Multi-view classification for complete data

v" Joint multi-view representation learning and image tagging

3.4 Multi-view semi-supervised classification for
Incomplete data

v Deep Correlated Predictive Subspace Learning for Incomplete

Multi-View Semi-Supervised Classification
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3.1 A group-aware multi-view fusion approach

for image clustering

Background
Clustering *\,I\ilfftzr_?_”fs_,,/ %, Stopsign
‘ /"f_——--Snoopy -~f:"‘--:""
‘\\‘?f S
Image dataset Clustering results

« Image clustering is to divide the unlabeled image data into
several image clusters. We expect the clustering results
keep Intra-class consistency and inter-class diversity

« Image clustering can help people better organize and
manage image data. It can automatically construct image
categories without labeled samples



3.1 A group-aware multi-view fusion approach

for image clustering

The procedure of traditional
multi-view clustering methods

- Extract various features from
Images and obtain multiple
views for describing images

Build a similarity graph for
each view

SIFT  LBP HOG GIST CENTRIST - Fuse multiple graphs into a
wl w2 w? wt WS new graph and conduct
\ ) image clustering on this

\f graph
w

A new graph
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3.1 A group-aware multi-view fusion approach

for image clustering

Motivation

Motorbikes Stop sign

f’b ﬁ

Snoopy - s ji\f; &

Unified fusion weights If the fusion weight can be adjusted
according to the characteristics of

cannot accurately capture the )
fusion results can be obtained

W =Yi_,a"wh Whg = Xh=1 a?j Wy

« An image clustering method based on group-aware
multi-view fusion (GOMES) is proposed
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3.1 A group-aware multi-view fusion approach

for image clustering
Key steps of GOMES

grouping
—

- The same group of Images share
J—— o similar visual properties
( ﬁ@f;g Veay (BB | - The fusion weight al’ reflects
fusion G G the importance of V|ew h when
— P2 oup] describing the similarity
i , (@jidhs between image group i and

:, _’ > Group k group j
""" - The key issue |s to solve the
fusion weight a . and obtain
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3.1 A group-aware multi-view fusion approach

for image clustering
Weight learning

e More accurate and reliable views should be assigned with higher fusion

weights

e For any two groups i and j, two criterions are proposed to learn the fusion

weights {a7’}}-1
The consensus criterion:
Con(h,i,j)
|FERE — FREM ||

T hWhT
n=1 [|1FiFf " — FF |12

Ff and F/* are cluster indicator
matrices of group i which are
obtained by conducting NNSC on
the fused graph and the h-th view

graph respectively

The view h with smaller value of
Con is more important
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The discrimination criterion:
Similarity of two groups 1 and j is
defined as:
Sim(h,i,j) = Z 43
- - .pEl - qE] - -
The most discriminative view d Is

found by:
{arg m}?xSim(h, i,j) if Ib(Q) = Ib(j)
d =

arg mhin Sim(h,i,j) otherwise

The cost function is defined as:

AP 0 ifh=4d
Dis(h,i,j) = .
s(h,1.J) { 1 otherwise

23



3.1 A group-aware multi-view fusion approach

for image clustering

Weight learning
The two criterions are integrated together and the final optimization
problem is formulized as:

mmyyy a;)" | BCon(h,i,j) + (1 — B)Dis(h,i,7)]

e=dl §=i h=1

H
Y ap=L1zdzi=8
h=1
gy Wy 1 GHE §< B B = Lyuoy ¥

e The parameter f € [0,1] provides a tradeoff between
the two criterions. r € [1, o] is the parameter to control

the sparseness of the solution

e The above problem could be effectively solved by

Lagrangian multiplier method
/m\ :u./.ép g’f\ o 24



3.1 A group-aware multi-view fusion approach

for image clustering

(7 N ) [ Clustering results
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3.1 A group-aware multi-view fusion approach

for image clustering
Experiments

We compare GOMES with the following methods:

e Single view spectral clustering (SC(#)): original spectral
clustering method using single view graph

e Equally combining affinity matrices spectral clustering (EASC)

e Multi-modal spectral clustering (MMSC)

» Xiao Cal, Feiping Nie, Heng Huang, and Farhad Kamangar,
“Heterogencous  image feature integration via multi-modal
spectral clustering,” in CVPR, 2011.

e Affinity aggregation spectral clustering (AASC)

» Hsin-Chien Huang, Yung-Yu Chuang, and Chu-Song Chen,

“Affinity aggregation for spectral clustering,” in CVPR, 2012.
e Multi-feature spectral clustering with minimax optimization

(MSCMO):

» Hongxing Wang, Chaoqun Weng, and Junsong Yuan,
“Multifeature spectral clustering with minimax optimization,”
in CVPR, 2014.

/m\ﬂ/ﬂgg’}-\‘ﬁ 26



3.1 A group-aware multi-view fusion approach

for image clustering

To be fair, we select four datasets that are adopted in MMSC, AASC
and MSCMO as our datasets: Caltech-101 (7 and 20 classes),
Microsoft Research Cambridge Wolume 1 (MSRC) and Oxford
Flowers.

Sample Class

|
|
|
|
|
|
Caltech- LBP/GIST/SIFT/ !
7 HOG/CENTRIST |
Caltech- LBP/GIST/SIFT/ |
20 1230 20 HOG/CENTRIST |
|
LBP/GIST/SIFT/ |
MSRC 210 ! HOG/CENTRIST !
|
Oxford 1360 17 Color/shape/ : . A 4
Flowers texture I — :
o ! MSRC dataset
Statistics of each dataset . :
Example images from two

A ﬂ/ 4? é’ f\ datasets
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3.1 A group-aware multi-view fusion approach

for image clustering

Clustering results on different datasets

Caltech-101 (7 classes) Caltech-101 (20 Clzlssés) MSRC Oxford Flowers
AMI NMI ARI AMI NMI ARI AMI NMI ARI AMI NMI ARI

Method

SC(1) 0.4583  0.4781 0.4020 | 0.4241 04743 0.2861 | 0.4466 0.4976  0.3546 | 0.3403  0.3658  0.1753
SC(2) 0.5601  0.5813  0.4448 | 0.5335 0.5651  0.3644 | 0.4888  0.5673  0.3478 | 0.3782 04121  0.1976
SC(3) 0.5112  0.5296  0.4416 | 0.5105  0.5427  0.3276 | 0.4909  0.5847  0.3078 | 0.1438 0.2049  0.0538
SC(4) 0.5397  0.5693  0.4372 | 0.4655 0.5048  0.2881 | 0.4554  0.5008  0.3529 - - -
SC(5) 0.4629  0.4869 0.3540 | 0.5101  0.5529  0.3529 | 0.5033  0.5404  0.4040 - - -
EASC 0.6355 0.6544  0.5551 | 0.5880  0.6220  0.4421 | 0.7332 0.7540  0.6585 | 0.3896  0.4145 0.2170
MMSC N/A 0.6792 N/A N/A 0.6329 N/A N/A 0.7745 N/A N/A 0.4270 N/A
AASC 0.6747  0.6853  0.6692 | 0.6202 0.6458  0.5110 | 0.7588  0.7806  0.7244 | 0.4031 0.4291  0.2363
MSCMO | 0.6825  0.6922  0.6428 | 0.5965  0.6331  0.4164 [ 0.6890  0.7166  0.6116 N/A 0.4840 N/A
GOMES | 0.7365 0.7456 0.6896 | 0.6852 0.7044 0.5713 | 0.8694 0.8770 0.8578 | 0.4870 0.5069 0.3351

e All the multi-view clustering methods achieve better clustering
performance than single view methods

e GOMES accurately learns the fusion weights and achieves the best
clustering performance on each dataset compared with all the
baseline methods

@)\*/4?@,’;" 28
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3.1 A group-aware multi-view fusion approach

for image clustering

Clustering results
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Some clustering results from Caltech-7 and MSRC. The images belonging
to the same group are put in the red box.

e The images belong to the same group share similar visual properties such as
background (Garfield and Snoopy) and viewpoints (Airplane and Car)

e GOMES can capture the intra-class variance and generate more accurate
description

This work has been published in /CME 2075 and

Information Sciences 2019
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3.2 Bi-level multi-view latent space learning

Background & Motivation

Objective: Learning low-dimensional and discriminative data
representation for high-dimensional multi-view data
Problem definition:

« Given N images with H views: {x® e RN*Mi}iL ~ we aim to learn
the low-dimensional representation for images: F € RN*R, where
R < M;
Motivation:
« Different views have different physical meanings, and they

cannot be compared directly. Therefore, it is necessary to learn
comparable representation

« The information of each view has share part and independent
part. Only considering the two parts of information, can we
accurately capture the information of each view

« The low-dimensional representation should preserve the
information of each view and robust to noise
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Merits: Based on the first level, the heterogeneous multi-view
features are made comparable with each other. In the second level,
our method can overcome the influence of noise in multi-view data,
making the learned low-dimensional representation more effective
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3.2 Bi-level multi-view latent space learning

The first level: Comparable representation learning

« Learning comparable representation U® € RV*X for each view,

both shared and private part of each view are considered

) < = (1% _ o bogon ool on e ) () _ o2
0,00V =iy (1x0 - kg (Ol + v, ) 20X ¥ o - v

~1
i=1 j

i=1

st. UD >0, VO >0, Vi=1,2,... H

H

H

=i+l

T
The shared parts of basis i
and coefficient matrix 1

The constraint imposed
on the private part

i The private parts of basis
1
1

and coefficient matrix

The consensus constraint
imposed on shared part
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3.2 Bi-level multi-view latent space learning

The second level: low-dimensional representation
learning

« Based on the learned comparable representation, the
low-dimensional representation F € RV*® is learned.
Considering the importance of different views and noise
in data, we propose the following objective function:

O (UD F, 20 ~)) —mmzfv Ju® =¥z, + BTr(F"LYF)]
i=1

H
st. F>02Z">07>0Vi=1_..,H) 7
i=1

The ultimate objective function:

OU(U'&}: AVACNS o) Z(i)j,-ﬁ) _ OEP{U“), V[f}) + Opt{U{ij, F,Z", ).
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3.2 Bi-level multi-view latent space learning

Experiments

 Dataset
v" NUS dataset and PASCAL VOC’07 dataset

« Experimental settings
v" 5 visual features are extracted: Color moments, SIFT, HOG, GIST, LBP

v' Compared methods: MSCMO (CVPR’14), GSMVPA (TIP’14), SSMVD
(TCSVT’12), CONMF (WWW*14), EMLSRA (PR’15)

v Based on the learned low-dimensional representation, we conduct image
classification to verify the effectiveness of each method
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3.2 Bi-level multi-view latent space learning

The classification results with 1000 training samples and
dimensionality is 100:

(a) Performance comparison on NUS dataset.

(b) Performance comparison on VOC dataset.

Method ACC Score AUC Score F1 Score Method ACC Score AUC Score F1 Score

sPCA 0.669 + 0.004 0.744 + 0.005 0.303 + 0.004 sPCA 0.816 = 0.011 0.754 £+ 0.007 0.224 4+ 0.005
mPCA 0.707 £ 0.007 0.791 + 0.003 0.345 + 0.003 mPCA 0.827 £ 0.006 0.786 £+ 0.003 0.247 £+ 0.004
MVSE 0.701 £0.012 0.749 £+ 0.003 0.317 £ 0.006 MVSE 0.823 £ 0.005 0.748 £ 0.004 0.223 £ 0.004
MSCMO 0.716 £0.010 0.758 £ 0.004 0.330 £0.003 MSCMO 0.830 £ 0.009 0.756 £+ 0.006 0.232 4+ 0.004
GSMVPA 0.696 £ 0.006 0.780 £ 0.003 0.336 £0.004 GSMVPA 0.845 £ 0.010 0.777 £ 0.007 0.251 £ 0.003
SSMVD 0.710 £ 0.005 0.793 £+ 0.003 0.348 £ 0.004 SSMVD 0.849 £ 0.006 0.794 £ 0.003 0.268 = 0.002
EMRSLRA 0.700 £ 0.006 0.792 £ 0.002 0.343 £0.004 EMRSLRA 0.840 £+ 0.005 0.793 £+ 0.004 0.263 £+ 0.005
CoNMF 0.699 £+ 0.014 0.793 £+ 0.008 0.343 = 0.005 CoNMF 0.859 £ 0.007 0.777 £ 0.003 0.254 + 0.003
BLMV_SL 0.724 £ 0.013 0.788 £+ 0.008 0.349 £ 0.007 BLMV_SL 0.871 £ 0.008 0.778 = 0.005 0.269 £+ 0.005
BLMV_F 0.717 £ 0.010 0.797 £ 0.006 0.354 £ 0.005 BLMV_F 0.873 £+ 0.006 0.786 = 0.003 0.277 4+ 0.006

BLMV 0.737 £ 0.007 0.803 +£0.006 0.363 +0.006 BLMYV 0.886 £+ 0.005 0.804 +0.004 0.297 £0.006

« Compared with other methods, the performance of our method
BLMV is better than the other methods

« BLMV SL is removing the first level of BLMV. This model cannot
accurately capture the shared and private components of each view,
so it cannot accurately encode the information of each view

« BLMV F uses F-norm instead of L,; norm in BLMV. This model
cannot handle the noise in data, so the performance is degraded

(HREHERS 35
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Classification results for different Classification results for different
dimensions R number of training samples

« Our method achieves better classification performance than
other methods for different dimensions, and our method i
Insensitive to the dimensions

 For different training samples, our method also achieves better
results. As the number of training samples increases, the
classification performance improves steadily
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3.2 Bi-level multi-view latent space learning

Parameter sensitivity
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« In general, our method is insensitive to parameters and it
can achieve good learning performance in a wide range

This work has been published in /EEF Transactions on

Circuits and Systems for Video Technology 2018




3.3 Joint multi-view representation learning

and image tagging
Motivation Directly predict tags

Semantic
Gap

n Image
“‘M SRl - representation ” whale, sea, water, sky

SIFT LBP HOG GIST

Tag

Representation prediction Image semantics
learning

« It is difficult to accurately predict the image tags based on the
original image features. We hope to learn a more suitable image
representation for image annotation tasks

- Image representation learning and image annotation are two
closely related tasks: proper image representation can predict
labels more accurately, and label prediction can guide the learning
of representation

- If we integrate image representation learning and label prediction,
and make two tasks promote each other, then the performance of

label predlctlon can be improved

Baibels ,

Image features



3.3 Joint multi-view representation learning

and image tagging

Image dataset
Visual g Consistent \

structure
& reserving subspace Z
S \
@ Learning
. —> S
H P—

/ Semantic preserving B
.\ subspace learning ) ng prediction based on SVI\y
Semantic

%

structure )
Multi-view feature i embedding Image-tag relation dicti
extraction Mflltl-wew.struct:re Tag prediction
\ information W' ) PR \
M| 1 0 o0 :
whale, sea, water 30 0o 1 0 * - I I z
£l ] i H o M L
g . ] 0 1 0 0 ‘Q&‘& & 9“@ S &
building, river
- 0 0 0 1 results
Semantic structure W* ® - /

Image-Tag matrix T

. ~ The proposed framework .
« Merits: By integrating multi-view representation learning and

label prediction into a unified framework and utilizing the
correlation between the two tasks, the discriminating power
of classifiers and the accuracy of image representation can be

Improved

@\J”{ F@f“g’ 39

- Beijing University of Posts and Telecommunications



3.3 Joint multi-view representation learning

and image tagging
The proposed method

* Subproblem 1: Semantic preserved multi-view subspace learning

: 1 d
min f(Z) :—Ilog{Zexp[;/H Z-(W" oW | }}+77 IT-2Z'T |1
/4 h=1

S.t. ZTZ‘Z/I/
Softmax function is used to

find the views with higher Semantic information — -
embedding losses, so that uided visual Semantic information
multi-view information can . gui@ _ preserving
be fully preserved information preserving

» Subproblem 2: Image tag prediction

Joint learning SVM and
Image representation Z

minmax §(Z,@,) = Y| ¢/ 1-05Tr (£Z Y, (Y:er)" )
% t=1

P
A

st. a'y,=0,0<q,<C,t=1..m

« Subproblem 3: Projection function learning The group sparsity

i _ 2 constraint is imposed
mlnh(Z!P) _” XP Z ”F +ﬂ | P”Z,l onPto Se]ect

discriminative features

+ The obJectlve function  O(Z, P,e,) = min max(f(Z)+ 149(Z, ) + wh(Z, P))
/m ;}/épé’f\ 40

7 Bei ijing Un nd Telecommunic



3.3 Joint multi-view representation learning

and image tagging

Experlments
Image annotation datasets Corel5k,
CorelSk 4500 ESP Game and NUS-WIDE are used
ore for image annotation experiments
ESP Game 7 18000 2000  Evaluation metrics: Precision (P),
NUS 6 10000 3000 Recall (R), F-measure (F1), MAP
id Compared methods

Fast Image Tagging (FastTag) [ ICML'13]

NMF-KNN: Image Annotation using Weighted Multi-view Non-negative Matrix Factorization (NMF-KNN) [ CVPR’14]

Tag Completion for Image Retrieval (TMC) [ TPAMI'13]

1
2
3 Image Tag Completion via Image-Specific and Tag-Specific Linear Sparse Reconstructions (LSR) [ CVPR'13]
4
5

Optimal Graph Learning with Partial Tags and Multiple Features for Image and Video Annotation (OGL) [CVPR’15]

6 Low-Rank Multi-View Learning in Matrix Completion for Multi-Label Image Classification (IrMVL) [ AAAI’'15]

7 A Closed Form Solution to Multi-View Low-Rank Regression (MVLR) [ AAAI'15]

8 The proposed method with equal weight of each view (OPSL-V)

HJ g Un nd Telecommunic




3.3 Joint multi-view representation learning

and image tagging

Experimental results

Corel5k ESP Game NUS

P R FI  MAP P R FI ~ MAP P R FI  MAP
FastTag 32.2 457 378 253 | 29.0 321 30.5 122 | 580 266 36.5 11.2
NMF-KNN [ 35.0 496 410 26.2 | 284 316 294 13.7 | 51.6 23.8 325 105
LSR 33.1 46.8 388 24.8 | 285 324 303 149 | 52.8 242 332 13.6

TMC 3.7 371 339 173 | 21.1 232 221 9.8 | 392 179 246 94
OGL 34.7 49.0 40.7 275 | 31.0 341 325 17.0 | 572 262 359 133

IrMVL 29.9 420 349 204 | 259 285 27.1 103 | 486 223 30.6 9.4

MVLR 259 372 305 169 | 245 272 258 95 | 37.7 173 237 7.9
OPSL-V 36.0 50.7 421 288 | 31.3 345 328 153 | 9.1 27.1 37.2 13.9
OPSL 370 521 433 296 |323 356 339 16.1 [ 609 28.0 384 145

Method

« Compared with other methods, our method OPSL achieves
better image annotation performance on all the datasets

« OPSL-V is a comparison method without using SoftMax
activation function, and its performance is decreased

« The proposed method OPSL can learn suitable image
representation for image annotation task, therefore, better
image annotation performance are obtained

DRiHhErS 42
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3.3 Joint multi-view representation learning

and image tagging
Some image annotation results

Veterinary 5 A >
red, logo, white, people, group, man, | sky, plane, airplane, circle, logo, blue, sky, sand, desert, green, tree, leaf,
letter, black crowd, woman red, fly round, black man, grass plant, sky
airplane, fly, plane, s g brown, desert, grass,
letter, red crowq, man, peopler ik, whesl music, sign, square Sy green, leaf, sky, tree

N

e 4 i p —
man, people, black, | graph, chart, map, coin, money, old, red, band, man, red, people, black, black space
party, white, line, green silver, round light, sing cartoon, drawmg star, white, free
black, chart, circle, coin, head, ; ;
. band, light, music, black, planet,

man, people, white graph, green, man, money, old, : hat, man, street :

A . sing space, star, white

line, map, red round, silver

sky, mountain, tree,
green, cloud

screen,black,drawing,| tree, house, building, green, leaf, tree, circle, yellow, green, |people, man, woman,

computer,logo sky, home plant, pink logo, round hat, group
building, grass : asian, blue, chinese, | .
black, computer faaanid flower, grass, green circle, green, logo & 4 ' |city, cloud, green, s
: PULEY, home, house, light, » Brass, g ! »8 » "0BO, group, man, people, v, tr'ege » sky,

leaf, pink, plant round, sign
PR i photo, woman

drawing, screen .
& sky, tree, window

Image annotation results on ESP GAME dataset. Green tags are
the labels that are accurately predicted, red tags are the labels
that are incorrectly predicted, and the ground truth tags are in

black
)AL HEAS 43
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3.3 Joint multi-view representation learning

and image tagging

Parameter sensitivity

05

05 . ‘ : . 05
0.45} R 045} B 045} 1
A A
& © ———0 M) A/‘_’o’_———o-\<>
Q 04r S} o 1 [0) 02— v v ]
[&] &) O
c c [
M 03 M 035+ 1 @ o035+ 8
£ £ £
S 8 03 ‘6
03 A 03- A A 4
5 5 s I — —
0O oost 4 O oos) 0O o) ]
02r i 02t ]
—A— MAP —A— MAP 02 — |\ AP
——F1 o1 . ‘ ‘ —0—F1 ——F1
01% 100 150 200 250 300 350 400 107 107 107 107" 10" 10 01 f0-4 16.3 15.2 16-. 160 10
r
Hy n

When the dimension r is greater than 100, the performance do not
change significantly

When increase the value of u; and 7, the discriminating power of
the learned representation improves

In general, the proposed method is insensitive to different
parameter settings

This work has been published in AAA/ 20176




3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

Incomplete multi-view data

=] |
e

"/ sample1 2 3 4 5 | \"/ sample 1 2 3 4 5

Complete multi-view data © il Incomplete multi-view data ®

* In real-world applications, some views may suffer from several
missing samples, resulting in partial multi-view data

HREHEAT 45



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

s Objective

s Given incomplete and partially labeled multi-view data, we
expect to predict the labels for unlabeled data

L ll J L l| ]
Y ' | Y

| |
| |
| |
Labeled : Unlabeled 1 Labeled . Unlabeled 1
data !  data | data !  data |

@)\*/4’?@* 46



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

The framework

___________________________________________________________________

XY | el ZE | (Z3 | e Hin [ [PTST | el W I A N
X2 tesi|z2) |z2 | |HE|P2S? | e W2 et | F
| ! 1 2 m ! : 4 1 : :
; o R [ L |
(XY b= ZY |\ ZY | Hy | PY ST e W P / ;
Input matrix Layer 1 Layer 2 Layerml'abe.I Correla_tion Private part Shared part Allgnment Class label
\ matrix matrp« N - \matrlx matrlx/
N N g
Incomplete Deep Correlated Multi-view Shared and Output
Multi-view Data Subspace Learning  Private Label Prediction

m The proposed method: Deep Correlated Predictive Subspace
Learning (DCPSL)
s Part 1: Deep Correlated Subspace Learning
s Part 2: Multi-view Shared and Private Label Prediction
Integrate Part 1 and Part 2 into a unified framework

@\*/4?@,’;“ 47



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

= Data representation

We have totally 7 samples with V'views

Incomplete multi-view data is represented by
(X) € RV n, is the number of samples in the v-th

view, d,, is the dimension of the v-th view
Due to the incomplete problem, n,< n

Given / labeled samples, Y € R°*! is the label matrix and ¢

is the number of classes

If x; belongs to class i, then Y;;=0, otherwise, Y;=1

DHTHEAT 48



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

(1) Deep Correlated Subspace Learning: J,
min J,(Z",H{?,SM)

V
=S XV -z0ZW ZOHOPW |2 || HOPW - HOPWSM |2 4a || SO,

V=1 \_ J J
Y Y

Label constrained deep Low-rank subspace learning
matrix factorization

st.HY >0, SV >0
s 1N deep matrix factorization, Z; ) is the basis matrix of the k-th
Iayer H" is the coefficient matrlx

= P(") is the label constraint matrix of the v-th view. If xf’) and
2" belong to class 1, x§ ") and x{"’ belong to class 2, then P™is

defined as:
pv) — (

00 0
1 1 0
0 0 0 0 In_4

7N\ = v Unlabeled
L]\\ ﬂ 4?@’/’\ X X3 X3 Xy samples 49



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

(2) Multi-view Shared and Private Label Prediction:
min J, W, W) F)

p

Vv
= > LI W, +WNHYPYSY —FQM™ |12 + B W ||, +8, W, |[2}
v=1l \ J \\§ J

Y Y

Label prediction Parameter regularization

st.F, =Y

» The classifier for the v-th view is W®) = W, + Wp(”). W, is the
shared part of classifier, Wp(”) is the private part for view v

s F € R¢*"is the label matrix of all samples to be learned. The

labeled samples F are made to be consistent with ground
truth Y

= How to establish the relationship between HVPMSM) and F?

TN »
GIPTE: =
() %% :
(R)) %% 50
R ///
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3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

(2) Multi-view Shared and Private Label Prediction: J,

. Q(") € R™ ™ s the alignment matrix of the v-th view.

= If the first three sample in P 5™ correspond to the 2nd, 3rd,
5th sample in £, then 0 is deﬁned as:

0 0 0 1]
= 1 0 0 1 ——
| H Y pP @) »_|0 1 0 ... }3! g op
S ! =10 0 o 4 L
n, samples in \0 0 1 5 All the n
the v-th view -~
A | samples

Q™ is the alignment matrix between H’Ps™ and £
@\ #% HEAZ -



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

(3) Ultimate Objective Function

* We propose the objective function to jointly conduct deep
correlated subspace learning and multi-view shared and private

label prediction:

minJ(Z", Hy', s W, , W F)
— Z{” )((V) -Zl(V)ZZ(V)"'Zr(nV)Hr(nV)P(V) |||2: + ” Hr(nV)P(V) _ Hr(nV)P(V)S(V) |||2:
v=1

+ AW, + WP YHEPYSY —FQM L + (S, W7, W)}
st HV >0, S¥ >0,F, =Y,
where ®(S™ W W) = || S™ || + 4, [IW," ||, +5, [IW, |I?

2SN
N

% o =z @ o
&\),/j/‘ k l:fl\' fE(s and Iclﬁm:rﬁnnnx 52
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3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

Datasets

m  We select four famous image datasets as our datasets: NUS, SUN,
Caltech, and Flowers

= Different visual features are extracted to yepresent image

Statistics of each dataset Exaénlil"e Ir:nc?ges from
#EBERE altech dataset

|

Sample Class NO. of &
:
|

3100 i

|

SUN 3000 30 5 :
|

Caltech 1230 20 5 ;
|

|

Flowers 1360 17 3 :
|

|

|



3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

-%-AMGL —+—MVAR
MLAN -iMVWL
~+MLHR —4~DCPSL

"
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<015 ............

04 ™

005T
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Percentage of labeled samples
(a) NUS
0.7

~-AMGL —“—MVAR
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~+MLHR —&—DCPSL

>05 e 3

[ I P B - errrri9 . St
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3045 =
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0.2

S

0.05 0.1 015 02 025 0.z
Percentage of labeled samples

o g:) Cal20
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sity of Posts and Telecommunic

go.s ______________________
8 .................. 4
Q = ]
< 0.2
0L
0 L L 1 L
0.05 0.1 015 02 025
Percentage of labeled samples
(b) SUN
031 o-AMGL — MVAR
0457 MLAN --p-iMVWL
04| “*"MLHR —-DCPSL
- GLCC
035 e
03} A R
F e L T
0.25 { e —
02! ¥
015‘Tr ‘ ‘ ' :
005 01 015 02 0.25

-%--AMGL —4—MVAR
MLAN -+ iMVWL

| +-MLHR ——DCPSL
GLCC

0.3

Percentage of labeled samples

(d) Flowers

0.3

Fix the incomplete rate
to 0.5, and test the
classification accuracy
with different number
of labeled samples

We can see that DCPSL
achieves better
classification accuracy
compared to all the
other methods on each
dataset

The largest
performance
improvements on the
four datasets are: 2:9%,
3:3%, 3:7% and 3:4%,
respectively
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3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

0.5}

yO

Accurac

o
—

o

=N
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y
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»

9
w

o
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o
o

o
n

I AvVGL I MVAR

BEEMLAN iMVWL |
[ IMLHR -DCPSL
BElGLcc

0 0.1 0.3 0.5 0.7
Incomplete Rate

(a) NUS

B AvVGL MVAR

I MLAN [iMVWL
[ IMLHR I DCPSL
Bl GLCC

0 0.1 0.3

0.5
Incomplete Rate

(c) Cal20

0.7

B AVGL EEMVAR
B MLAN IiMVWL
[IMLHR -DCPSL
ElGLcC

0 0.1 0.3 0.5 0.7
Incomplete Rate
(b) SUN
B AVGL EMVAR
B MLAN [iMvwL
[ IMLHR [DCPSL |
BElGLCC

0 0.1
Incomplete Rate

(d) Flowers

0.3 0.5 0.7

Fix the number of labeled
samples to 0.3, and test
the classification accuracy
with different incomplete
rates

Due to the influence of
incomplete views, the
performance of all the
methods are declined with
the increase of incomplete
rate

DCPSL achieves better
performance than the
others by leveraging both
data correlation and multi-
view complementary
information
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3.4 Deep Correlated Predictive Subspace Learning for

Incomplete Multi-View Semi-Supervised Classification

Parameter analysis

(a) Sensitivity analysis of Bl, B2 on NUS.

06" -1 -layer model _
E2-layer model
. [__13-layer model
Bl 4-layer model

Accuracy
e 9
~ &)

o
w

o
N

0.1 — —
NUS SUN Cal20 Flowers

(b) Sensitivity analysis of m on each dataset

@41k

This work has been published in LJCA/ 2079

DCPSL is not sensitive w.r.t
different parameter settings. It
obtains competitive
performance when B, =
{0.05,...,5}, and B, = {0.1,...,10}

Better classification results can
be obtained when m = {2, 3}
for most of the datasets. The
shallow model (m = 1) fails to
learn the discriminative
subspace representation, so its
classification performance is
limited
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Summary

Four multi-view fusion and representation methods
for image analysis are introduced:

« A group-aware multi-view fusion approach for image
clustering is proposed
v The problem of inaccurate multi-view fusion caused by
global fusion method is solved
« A bi-level multi-view latent space learning method is
proposed
v It overcomes the incomparability of multi-view data and
the influence of noise. More compact and discriminative
multi-view representation can be obtained
« Two classification methods for complete multi-view data
and incomplete multi-view data are proposed
v' By jointly learning multi-view representation and image
classification, the accuracy of multi-view representation
and the discriminating power of classifiers are improved
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