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Semi-Supervised Multi-Modal Multi-Instance

Multi-Label Deep Network with Optimal Transport

Yang Yang"“, Zhao-Yang Fu*, De-Chuan Zhan", Zhi-Bin Liu, and Yuan Jiang

Abstract—Complex objects are usually with multiple labels, and can be represented by multiple modal representations, e.g., the
complex articles contain text and image information as well as multiple annotations. Previous methods assume that the homogeneous
multi-modal data are consistent, while in real applications, the raw data are disordered, e.g., the article constitutes with variable number
of inconsistent text and image instances. Therefore, Multi-modal Multi-instance Multi-label (M3) learning provides a framework for
handling such task and has exhibited excellent performance. However, M3 learning is facing two main challenges: 1) how to effectively
utilize label correlation and 2) how to take advantage of multi-modal learning to process unlabeled instances. To solve these problems,
we first propose a novel Multi-modal Multi-instance Multi-label Deep Network (M3DN), which considers M3 learning in an end-to-end
multi-modal deep network and utilizes consistency principle among different modal bag-level predictions. Based on the M3DN, we learn

the latent ground label metric with the optimal transport. Moreover, we introduce the extrinsic unlabeled multi-modal multi-instance
data, and propose the M3DNS, which considers the instance-level auto-encoder for single modality and modified bag-level optimal
transport to strengthen the consistency among modalities. Thereby M3DNS can better predict label and exploit label correlation
simultaneously. Experiments on benchmark datasets and real world WKG Game-Hub dataset validate the effectiveness of the

proposed methods.

Index Terms—Semi-supervised learning, multi-modal multi-instance multi-label learning, modal consistency, optimal transport

1 INTRODUCTION

WITH the development of data collection techniques,
objects can always be represented by multiple modal
features, e.g., in the forum of famous mobile game “ Strike of
Kings”, the articles are with image and content information,
and they belong to multiple categories if they are observed
from different aspects, e.g., an article belongs to “Wukong
Sun” (Game Heroes) as well as “golden cudgel” (Game
Equipment) from the images, while it can be categorized as
“game strategy”, “producer name” from contents and so on.
The major challenge for addressing such problem is how to
jointly model multiple types of heterogeneities in a mutually
beneficial way. To solve this problem, multi-modal multi-
label learning approaches utilize multiple modal informa-
tion, and require modal-based classifiers to generate similar
predictions, e.g., Huang et al. proposed a multi-label condi-
tional restricted boltzmann machine, which uses multiple
modalities to obtain shared representations under the super-
vision [1]; Yang et al. learned a novel graph-based model to
learn both label and feature heterogeneities [2]. However, a
real-world object may contain variable number of inconsis-
tent multi-modal instances, e.g., the article usually contains
multiple images and content paragraphs, in which each
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image or content paragraph can be regarded as an instance,
yet the relationships between the images and contents have
not been marked as shown in Fig. 1.

Therefore, several Multi-modal Multi-instance Multi-label
methods have been proposed. Nguyen et al. proposed
MB3LDA with a visual-label part, a textual-label part, and a
label topic part, in which the topic decided by visual informa-
tion and the topic decided by textual information should be
consistent [3]; Nguyen et al. developed a multi-modal MIML
framework based on hierarchical Bayesian network [4].
Nevertheless, there are two drawbacks of the existing M3
models. In detail, previous approaches rarely consider the
correlations among labels, besides, M3 methods are all super-
vised methods, which violate the intuition of multi-modal
learning using unsupervised data.

Thus, considering the label correlation, Yang and He stud-
ied a hierarchical multi-latent space, which can leverage the
task relatedness, modal consistency and the label correlation
simultaneously to improve the learning performance [5];
Huang and Zhou proposed the ML-LOC approach which
allows label correlation to be exploited locally [6]; Frogner
etal. developed a loss function with ground metric for multi-
label learning, which is based on the wasserstein distance [7].
Previous works mainly assumed that there exists some prior
knowledge such as label similarity matrix or the ground met-
ric [7], [8]. In reality, semantic information among labels is
indirect or complicated, thus the confidence of the label simi-
larity matrix or ground metric is weak. On the other hand,
considering the labeling cost, there are many unlabeled
instances. The most important advantage of multi-modal
methods is that they use unlabeled data, e.g., co-training [9]
style methods utilized the complementary principle to label
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Fig. 1. An illustration of the M3 (Multi-Modal Multi-instance Multi-label)
Data in an article of WKG Game-Hub. Each article is with context bag
and image bag, each bag contains variable number of instances (context
paragraphs/images), while each article has multiple label representa-
tions. It is notable that different modalities are heterogeneous, i.e., there
have no congruent relationships between the articles and images.

unlabeled data for each other; co-regularize [10] style meth-
ods exploited unlabeled multi-modal data with consistency
principle. Meanwhile, it is notable that previous proposed
M3 based methods are hard to adopt the unlabeled instances.
Therefore, another issue is how to bypass the limitation of
M3 style methods by using unlabeled multi-modal instances.

In this work, aiming at learning the label prediction and
exploring label correlation with semi-supervised M3 data
simultaneously, we proposed a novel general Multi-modal
Multi-instance Multi-label Deep Network, which models the
independent deep network for each modality, and imposes
the modal consistency on bag-level prediction. To better con-
sider the label correlation, M3DN first adopts Optimal Trans-
port (OT) [11] distance to measure the quality of prediction.
The adoption provides a more meaningful measure in multi-
label tasks by capturing the geometric information of the
underlying label space. The raw data may not calculate the
raw ground metric confidently, thus we cast the label corre-
lation exploration as a latent ground metric learning prob-
lem. Moreover, considering the unlabeled data information,
we propose the semi-supervised M3DN (M3DNS). M3DNS
utilizes the instance-level auto-encoder to build the single
modal network, and considers the bag-level consistency
among different unlabeled modal predictions with the modi-
fied OT theory. Consequently, M3DNS could automatically
learn the predictors from different modalities and the latent
shared ground metric.

The main contributions of this paper are summarized in
the following points:

We propose a novel Multi-modal Multi-instance Multi-
label Deep Network (M3DN), which models the deep
independent network for each modality, and imposes
the modal consistency on bag-level prediction;

We consider label correlation exploration as a latent
ground metric learning problem between different
modalities, rather than a fix ground metric using prior
raw knowledge;

We utilize the extrinsic unlabeled data, by consider-
ing instance-level auto-encoder, and the bag-level
consistency among different unlabeled modal predic-
tions with the modified OT metric;

We achieve superior performances on real-world
applications, comprehensively evaluate on the per-
formance and obtain consistently superior perform-
ances stably.
Section 2 summarizes related work, our approaches are
presented in Section 3. Section 4 reports our experiments.
Finally, Section 5 gives the conclusion.

2 RELATED WORK

The exploitation of multi-modal multi-instance multi-label
learning has attracted much attention recently. In this paper,
our method concentrates on deep multi-label classification
for semi-supervised inconsistent multi-modal multi-instance
data, and considers the label correlation using optimal trans-
port technique. Therefore, our work is related to M3 learning
and the optimal transport.

Multi-modal learning deals with data from multiple
modalities, i.e., multiple feature sets. The goals are to improve
performance and reduce the sample complexity. Meanwhile,
multi-modal multi-label learning has been well studied, e.g.,
Fang and Zhang proposed a multi-modal multi-label learning
method based on the large margin framework [12]. Yang et al.
modeled both the modal consistency and the label correlation
in a graph-based framework [13]. The basic assumption
behind these methods is that multi-modal data is consistent.
However, in real applications, the multi-modal data are
always heterogeneous on the instance-level, e.g., articles have
variable number of inconsistent images and text paragraphs,
videos have variable length of inconsistent audio and image
frames. Articles and videos only have consistency on the bag
level, rather than instance level. Thus, multi-modal multi-
instance multi-label learning is proposed recently. Nguyen
et al. developed a multi-modal MIML framework based on
hierarchical Bayesian network [4]; Feng and Zhou exploited
deep neural network to generate instance representation for
MIML and it can be extended to multi-modal scenario. Never-
theless, previous approaches rarely consider the confidence
of label correlation. More importantly, the current M3
approaches are supervised, which obviously lose the advan-
tage of multi-modal learning for processing unlabeled data.

Considering the label correlation, several multi-label
learning methods are proposed [15], [16], [17]. Recently,
Optimal Transport (OT) [11] is developed to measure the
difference between two distributions based on given
ground metric, and it has been widely used in computer
vision and image processing fields, e.g., Qian et al. proposed
a novel method that exploits knowledge in both data mani-
fold and feature correlation [18]; Courty et al. proposed a
regularized unsupervised optimal transportation model to
perform the alignment of the representations [19]. However,
previous works mainly assumed that prior knowledge for
cost matrix already exists, and ignored deficiency of infor-
mation or domain knowledge. Thus, Cuturi and Avis, Zhao
and Zhou suggested to formulate the cost metric learning
problem with the side information [20], [21]. On the other
hand, existing M3 methods are almost supervised methods,
while multi-modal methods aim to utilize the complemen-
tary [9] or consistency [10] principle using the unlabeled
instance. Thereby how to take unlabeled data into consider-
ation becomes a challenge.
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Fig. 2. The flowchart of the M3DN, the raw articles can be divided into
two homogeneous modal bag with variable number of heterogeneous
instances, i.e., the image bag with four images and content bag with five
text paragraphs. The instances of different modalities can be calculated
with different deep networks, and finally represented as xj or i, the
output features are fully connected with the labels, and we can get the
bag-concept layer for different modalities. Eventually, we can acquire
the final prediction by mean-max pooling the bag-concept layer of differ-
ent modalities.

3 PROPOSED METHOD

3.1 Notation
In the multi-instance extension of the multi-modal multi-
label framework, we are given N bags of instances, let Y %
fy1;¥,: ... ;YN0 denotes the label set, y; 2 R" is the label
vector of i th bag, where y;;j ¥% 1 denotes positive class, and
Yi;j % 0 otherwise. On the other hand, suppose we are given
K modalities, without any loss of generality, we consider
two modalities in our paper, i.e., images and contents. Let
021/4 fanxt; X3 ;yllb; X3, z<§ TV X XK YN P _av»_(lNlpl;
Xiypt P -+ -3 08X, prg s XN g P9 Tepresents the training data-
set, where N,=N, denotes the number of labelled/unla-
belled instances. X} ¥ x};;x},;...;x},, g denotes the bag
representation of m; instances of Xj, similarly, X? 2 fx2,;
X2,;...: X2, 0 is the bag representation of n; instances of X,
it is notable that bags of different modalities may contain
variable number of instances.

The goal is to generate a learner to annotate new bags
based on its inputs X*; X?, e.g., annotate a new complex arti-
cle with its images and contents.

3.2 Optimal Transport

Traditionally, several measurements such as Kullback-Lei-
bler divergences, Hellinger and total variation, have been
utilized to measure the similarity between two distribu-
tions. However, these measurements play little effect when
the probability space has geometrical structures. On the
other hand, Optimal transport [11], also known as Wasser-
stein distance or earth mover distance [22], defines a reason-
able distance between two probability distribution over the
metric space. Intuitively, the Wasserstein distance is the
minimum cost of transporting the pile of one distribution
into the pile of another distribution, which formulates the
problem of learning the ground metric as minimizing the
difference between two polyhedral convex functions over a
convex set of distance matrices. Therefore, the Wasserstein
distance is more powerful in such situations by considering
the pairwise cost.

Definition 1 (Transport Ifglytope). For two probability vec-
tors rand c in the simplex = |, Udr; cb is the transport polytope
of r and ¢, namely the polyhedral set of L L matrices,

Udr;ce % fP 2 Ry SjP 1L Yar P71 Yacg:

Definition 2 (Optimal Transport). Givena L L cost matrix
M, the total cost of mapping from r to ¢ using a transport
matrix (or coupling probability) P can be quantified as hP; M.
The optimal transport (OT) problem is defined as,

dmor;ch % min hP; Mi:

P2Udr;ch
When M belongs to the cone of metric matrices M, the

value of dy0r; ch is a distance [11] between r and ¢, parame-

terized by M. In that case, assuming implicitly that M is fixed
and only r and c vary, we will refer to the optimal transport
distance between r and c. It is notable that dy,0r; cb is the cost
of the optimal plan for transporting the predicted mass dis-
tribution r to match the target distribution c. The penalty
increases when more mass is transported over longer distan-
ces, according to the ground metric M.

P
Theorem 1. dy defined in Definition 2 is a distance on |
whenever M is a metric matrix [11].

3.3 Multi-Modal Multi-Instance Multi-Label Deep
Network (M3DN)

Multi-modal Multi-instance Multi-label (M3) learning pro-
vides a framework for handling the complex objects, and we
propose a novel M3 based parallel deep network (M3DN).
Based on the M3DN, we can bypass the limitation of initial
label correlation metric using the Optimal Transport (OT)
theory, and further take advantage of unlabeled data consid-
ering the modal consistency. In this section, we propose the
Multi-Modal Multi-instance Multi-label Deep Network
(M3DN) framework. M3DN models deep networks for dif-
ferent modalities and imposes the modal consistency.

The raw articles contain variable number of heteroge-
neous multi-modal information, i.e., when no correspond-
ing relationships exist among each the contents and images,
it is difficult to utilize the consistency principle with previ-
ous multi-modal methods. Thus, we turn to utilize the con-
sistency among the bags of different modalities, rather than
the instance-level. Specifically, raw articles can be divided
into two modal bags of heterogeneous instances, i.e., the
image bag with 4 images and content bag with 5 text para-
graphs as shown in Fig. 2, while only the homogeneous
bags share the same multiple labels. Each instance xdx?b in
different modal bag can be calculated among several layers
and can be finally represented as x; , i, P.

Without any loss of generality, we use the convolutional
neural network for images and the fully connected net-
works for text. Then, the output features are fully connected
with the bag-concept layer. All parameters including deep
network facts and fully connected weights can be organized
as Qi ¥afu;uy,; ... Uty 1 W100Q2 ¥ fu s u,; .. . Uty 15 WagP.
Concretely, once the label predictions of the instances for a
bag X{ are obtained, we propose a fully connected 2D layer
(bag-concept layer) with the size of mjdnijp L as shown
in Fig. 3, in which each column represents corresponding
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Fig. 3. The schematic of the bag-concept layer. We can acquire the
bag-concept layer with the output feature representations of a bag of
instances, in which each column represents corresponding prediction
of each instance. Eventually, the final label prediction is calculated by
row-wise max pooling.

prediction of each instance in the image/content bag. For-
mally, for a given bag of instances X}, the ok; jbth node in
the 2D bag-concept layer represents the prediction score

between the instance xj; and the k th label. Therefore, the
j-column has the following form of activation:

9} Ya gOWuXi; P byP: (1)

Here, gd b can be any convex activation function, and we use
softmax function here. In the bag-concept layer, we utilize the
row-wise max pooling: f,8iP ¥4 maxd9;. b. The final prediction
value is:f ¥4 @

3.4 Explore Label Correlation

However, fully connection to the label output rarely consid-
ers the relationship among labels. Recently, Optimal Trans-
port (OT) theory [11] is used in multi-label learning, which
captures geometric information of the underlying label space.
According to the Definitions 2 and 1, the loss function
implied in the parallel network structure can be formulated
without any loss of generality as:

) = )
min, hPy; Mi
Py2UBFEXYBYiP 1 i

sitt UsFoXip;y;p v Py 2 Ry SjPy 1L % FOX(P P71 Y y,g;
)

where M is the shared latent cost matrix. However, this
method requires prior knowledge to construct the cost matrix
M. However, in reality, indirect or incomplete information
among labels leads to weak cost matrix M and poor classifica-
tion performance.

Therefore, we can define the process of learning cost met-
ric as an optimization problem. Optimizing the cost metric
directly is difficult and it consumes O3L2b constraints. Thus,
[20], [21] proposed to formulate the cost metric learning
problem with the side information, i.e., the label similarity
matrix S as [21], and [20] has proved that the cost metric
matrix M, which computes corresponding optimal transport
distance dy between pairs of labels, agrees with the side
information. More precisely, this criterion favors matrix M,
in which the distance dydr;cb is small for pairs of similar

histograms r and c (corresponding Sdr; cp is large) and large
for pairs of dissimilar histograms (corresponding Sdr;cb is
small). Consequently, optimizing M can be turned to opti-
mize the S. Finally, the goal of M3DN can be turned to learn
label predictor and explore label correlation simultaneously.

In detail, we first introduce the connection between non-
linear transformation and pseudo-metric:

Definition 3. With the nonlinear transformation ;db, the
euclidean distance after the transformation can be denoted as:

D.or;ch Yak;drp  ;dchk,:
And [23] proved that D. satisfies all properties of a well-
defined pseudo-metric in the original input space.

Theorem 2. For a pspudo-metric M defined in Definition 3 and
histograms r;c 2 |, the function or;ch ¥ 1,5.dwmdr; cp satis-
fies all four distance axioms, i.e., non-negativity, symmetry,
definiteness and sub-additivity (triangle inequality) as in [20].

Thus, M can be turned to learn the kernel S defined by
the non-linear transformation ;0 b:

Sij ¥a SBy;; y;P Va ;8y;p” ;0y;P; 3)

where the y; represents the label vector of i th instance.
Besides, it is notable that the cost matrix M is computed as
Mij Ya Dféyi;yjb, while the kernel S is defined as Eq. (3).
Thus, the relation between M and S can be derived as:

Mij Ya Sii b Sjj ZSijZ (4)
The non-linear mapping preserves pseudo metric properties
in Definition 3, therefore it only needs a projection to posi-
tive semi-definite matrix cone when learning the kernel
matrix S. Thus, we can avoid the projection to metric space
which is complicated and costly. Therefore, we propose to
conduct the label predictions and label correlation explora-
tion simultaneously based on substituted optimal transport,
the combination of Eqgs. (4) and (2) can be reformulated as:

X X
hPy; Mi b 1rdS; Sob

Vel el
sit: UBFoX{Py;p v Py 2 Ry SjPy 1L ¥a FOX{P PU1L Yo ;g
SZSp; Mij %Siibsj,— ZSi,—;

min
s;PvzuafaxiVb;yip

Q)
where ; is a trade-off parameter, Sy, denotes the set of posi-
tive semi-definite matrix. We adopt OT distance as the loss
between prediction and groundtruth, and then incorporate
the ground metric learning by kernel biased regularization in
2nd term, where 1rdS; Sgb can be any convex regularization.
The regularizer S, Sp ¥ Rp allows us to exploit prior
knowledge on the kernelized similar matrix, encoded by a
reference matrix Sy. Since typically no strong prior knowl-
edge is available, we use S vyl oy, Following common
practice [24], we utilize the asymmetric Burg divergence,
which yields:

rdS; Sop ¥ trdSS, 'p  logdetdSS, P  p:

where p is the balance parameter, and we set as 1 in our
experiments.
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Fig. 4. The flowchart of the M3DNS consider unlabeled data. Similar to
M3DN, the raw articles can be divided into two homogeneous modal
bags with variable number of heterogeneous instances. The instances
of different modalities can be calculated with different deep networks,
and finally represented as xj, or x{ . The output features of labeled data
are fully connected with the labels, while we add decoder networks for
each modality to process the unlabeled data. On the other hand, we can
get bag representations of all data from the bag-concept layer for differ-
ent modalities. Eventually, we can acquire the final predictions of differ-
ent modalities and calculate the semi-supervised loss.

3.5 Consider Unsupervised Data

M3DN provides a framework for handling complex muilti-
modal multi-instance multi-label objects, and it considers
the label correlation as an optimization problem in Eq. (8).
The limitation of manual labeling is that, in real application,
it leaves over large number of unlabeled data. In other
words, unlabeled data is readily available, while labeled
data tends to be of smaller size. The basic intuition of multi-
modal learning is to utilize the complement or consistent
information of unlabeled data, to get better performance.
Yet M3DN leaves the unlabeled data without consideration,
and this obviously loses the advantage of multi-modal
learning. Consequently, how to extend M3DN to semi-
supervised scenario is an urgent problem.

To consider the extrinsic consistency, i.e., the unlabeled
information of different modalities, we propose a semi-
supervised M3DN (M3DNS) methods for learning each
modal predictors. Different from previous co-regularize
style methods using instance-level consistency principle,
M3 learning only has bag-level consistency among different
modalities, rather than instance-level consistency. Thus,
there exist two challenges in using unlabeled data in M3
learning: 1) how to utilize different modal instance-level
unlabeled data; 2) how to utilize different modal bag-level
consistency of unlabeled data.

To solve this problem, M3DNS utilizes the instance-level
unlabeled instances with auto-encoder and bag-level unla-
beled instances with modified OT. As shown in Fig. 4, since
different modal bags include various number of instances,
and the correspondences among different modal instances
are unknown, we turn to utilize the auto-encoder based net-
works to reconstruct the input instances for different modal-
ities, which can build more robust encoder networks. On the
one hand, bag-level correspondences are known, thereby
for the bag-level unlabeled data, we utilize modified OT
consistency term to constraint different modalities.

Specifically, each modal ordinal network can be replaced
by auto-encoder (AE) network, which minimizes the recon-
struction error of all the instances, i.e., auto-encoder CNN

for image modality and auto-encoder fully connected net-
work for content modality. Without any loss of generality,
AE can be formulated as square loss:

AEXh ¥4 min

r,0f, 0x;v bbk,zz : (6)
QiR /N p1

kXiv

where Qr,; Qr, are the weight parameters of encoder net-
work f, and decoder network r, of the v th modality.

On the other hand, Eq. (2) only utilizes the supervised
information, while neglect the unlabeled modal bag-level cor-
respondences. Thus, with the unlabeled information, Eq. (2)
can be reformulated as:

D
min hPy;Mip  hP;Mi
Pv2UiB20 i v ivil

sttt U v fP, 2 Ry NP1 v FOX{P P Yayig
0 vi 18 2 Ry SjP1L ¥ FoX{b; P71, ¥ FoXbg;

()

where P is the pseudo transport matrix (or coupling probabil-
ity) for unlabeled data. The extra unlabeled modal predictions
can be regarded as the pseudo labels in P for constructing
more discriminative predictors. In detail, when learning one
modal predictor, the predictions of other modalities can act as
the pseudo label, which can assist learning more discrimina-
tive predictors with unlabeled data. Thus M3DNS can well
utilize the bag-level consistency among different modalities.
Therefore, M3DNS can acquire more robust ground metric
M, which potentially utilizes the consistency between differ-
ent modal bags.

As a result, with the unlabeled information, we can com-
bine the Eq. (7) and (6). The semi-supervised M3DN method
(M3DNS) can be given as:

> 3 >
min hPy; Mi b AEXX'Pb  hP;Mi
Pv2UiP20 g i 4N p1 ivil
b 1rdS; Sob

(8)
sttt U%fP, 2 Ry NP1 Y4 FoX{P P1L Yay;g

0 v fP 2 Ry NP1 v fox(p; P71 ¥ FoXPeg

S 2Sp;  Mij Y4 Sii b Sij  2Sjj:

3.6 Optimization
The P is similar with the P when considering the extra modal
predictions as the pseudo label. Thus, we analyze the optimi-
zation of the Egs. (5) and (8) has similar solution. In detail,
The 1st term in Eq. (5) involves the product of predictors f
and cost matrix S, which makes the formulation not joint
convex. Consequently, the formulation cannot be optimized
easily. We provide the optimization process below:

Fix S, Optimize f1; f,. When updating f; f, with a fixed
S, the 2nd term of Eq. (5) is irrelevant to f;;f,, and the
Eqg. (5) can be reformulated as follows:

X
hPy; Mi
Wil Vel

sttt UBFoX({p;y;p ¥ Py 2 Ry NiPy1L va FOX(P P71 Yay;g:
©)

min
Py2UsToXbiy;b
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The empirical risk minimization function of Eqg. (9) can be
optimized by stochastic gradient descent. However, it
requires to evaluate the descent direction for the loss, with
respect to the predictor . Computing the exact subgradient
is quite costly, it needs to solve a linear program with O3L2p
constraints, which are with high expense with the L (the
label dimension) increase.

Algorithm 1. The Pseudo Code of Learning the Predictors
Input:

Sampled Batch Dataset: fiX}; X?;ygy,,, kernelized
similar matric St, current mapping fi; f,
Parameter:

Output:

Gradient of the target mapping: @L=0f;; OL=0T,

1: Calculate M Eq. (4)

2: Initialize K Yaexpd M 1b,r O
3: forv¥1;2do

4: fori¥%1;2;...;ndo

5 u 1

6: while uf not converged do

7 uf  faxp 0Kdyy KZuypp
8 end while ot loar

o rf phplm
10:  end for

11: end for

Similar to [7], the loss is a linear program, and the sub-
gradient can be computed using Lagrange duality. There-
fore, we use primal-dual approach to compute the gradient
by solving the dual LP problem. From [25], we know that
the dual optimal a is, in fact, the subgradient of the loss of
training sample 6X"; yp with respect to its first argument f,.
However, it is costly to compute the exact loss directly.
In [26], Sinkhorn relaxation is adopted as the entropy regu-
larization to smooth the transport objective, which results in
a strictly convex problem that can be solved through Sink-
horn matrix scaling algorithm, at a speed that is faster than
that of transport solvers [26].

For a given training bag of instances 8X*; X? ; yb, the dual
LP of Eq. (9) is:

dm8F,0X'P;yP ¥4 max a”foXip p by; (10)
a;b2Cp

where Cy ¥ fa;b 2 R 1 aj p b; < Mijg.

Definition 4 (Sinkhorn Dista'g,ce). GivenaL L cost matrix
M, and histograms dr;ch 2 . The Sinkhorn distance is

defined as:
dyor;ch ¥ min hP ; Mi
P 2Udr;ch
_ 1 (11
P Yiarg min  hP;Mi =HGIPb;

P2Usfox}py;P

P
where HOPbP Y iL1/41 jL1/4l pijlogpij is the entropy of P,
and > 0Oisentropic regularization coefficient.
Based on the Sinkhorn theorem, we conclude that
the transportation matrix can be written in the form of

P’ ¥ diagdubKdiagdvb, where K ¥%iexpd M 1b is the
element-wise exponential of M 1. Besides, u Y2 expd ap
andv ¥ expd bb.

Therefore, we adopt the well-known Sinkhorn-Knopp
algorithm, which is used in [20], [26] to update the target
mapping f, given the ground metric. f, can be defined
as Eq. (1). The detailed procedure is summarized in
Algorithm 1, then with the help of Back Propagation
technique, gradient descent could be adopted to update
the network parameters.

Fix fy; f,, Optimize S.

When updating S with the fixed fy; T, the sub-problem
can be rewritten as following:

min hP; Mi p 1rdS; Seb
VYol iVl

12)
sitt K2 Sp;

Mij Ya Sii ijj ZSijZ

This sub-problem has closed-form solution. The differential
can be formulated as:

S%P pS,t pbt (13)

where

C 2Pij; when i & j;
Pv P .

0Pk P Piab; when %

Then, we project S back to positive semi-definite cone as:

S Y ProjdSp ¥. Umaxas; 0pU~; (14)

where Proj is a projection operator, U and s correspond to
the eigenvectors and eigenvalues of S. The whole procedure
is summarized in Algorithm 2.

Algorithm 2. The Pseudo Code of M3DN
Input:

Dataset: D ¥4 fiX}; X2 ; yghy,

Parameter: 4,

maxlter: T, learning rate: fa.g],,,
Output:

Classifiers: fi; T,
Label similar matric: S; M
. Initialize S, Y'Y
while true do
3:  Create Batch: Randomly pick up n examples from D
without replacement
4: Calculate S'P*  Egs. (13) and (14)
5. Calculate QL=0f}; L=0f]  Algorithm 1
6:  Weight Propagation step: Obtain the derivative @f}=0Q;,
0f3=0Q2;
7:  Update parameters Q;; Q>
8. Funcip! calculate obj. value in Eq. (5) with FtP!

N =

9 ifkFunc! Funcl;k ort T then
10: Break;
11: endif
12: end while
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TABLE 1
Comparison Results (Mean std.) of M3DN/M3DNS with Compared Methods on Benchmark Datasets

Methods | Coverage | | Macro AUC 1

| FLICKR25K | IAPRTC-12 |  MS-CoCo | NUS-WIDE |  FLICKR25K |  IAPRTC-12 | MS-CoCo |  NUS-WIDE
M3LDA 12.3454.214 11.6204.042 47.400+.622 6.670+.205 532+.015 526+.003 507+.015 509+.012
MIMLmix 17.114+41.024 | 15.7204.543 64.13041.121 14.167+1.140 4724018 5544096 4714019 4934020
CS3G | 8.168+.137 | 7.153+.178 |  50.13842.146 | 8.0284+.907 | 8374+.007 | 8174+.006 | 7174011 | 530022
DeepMIML 9.242+ 331 8.931+.421 27.358+.654 8.369+.119 766+.035 795+.022 .827+0.006 .823+.005
M3MIML 11.760+1.121 9.1254.553 42.4204.2.696 5.2104.920 6874.087 7244033 6504.032 6494084
MIMLfast 12.1554.913 12.7114.315 41.048+.831 8.634+.028 5244050 485+.009 506+.010 5224008
SLEEC 9.568-+.222 9.494+.105 47.502+ 448 7.390+.275 706.007 .675+.007 661+.014 620+.006
Tram 7.959+.187 8.1564.163 28.417+.945 9.9344.026 7804009 7464.007 7764011 4934007
ECC 14.8184.086 14.229+4.258 47.124+ 675 7.9414.194 532+.013 A484-+.009 .630+.023 634+.009
ML-KNN 10.3794.115 9.523+.072 27.568+.066 4.610+.062 591+.008 723+.006 .823+.003 736+.008
RankSVM 11.4394.196 11.9414.078 37.300+.835 8.292+.054 512+.019 499+.009 5214033 501001
ML-SVM 11.3114.158 11.755+.270 39.258+.294 7.890+.020 503+.010 502-+.010 497+.016 561001
M3DN 7.5024.129 6.9364.065 26.921+.320 4.599-+.050 822 +£.009 798002 811+.004 .826+.006
M3DNS 3.947+.307 4.214+.202 6.119+.262 2.764-+.071 .892-+.004 .876+.003 .838-£.003 .898-.008
Methods | Ranking Loss | | Example AUC 1

| FLICKR25K | TAPR TC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
M3LDA 301.009 377+.002 247+.001 257+.006 707+.008 .630+.005 770+.006 652009
MIMLmix .609+.036 675+.012 .609+.040 583+.081 391+.036 325+.012 391+.040 A417+.082
CS3G | 1184.005 | 1554.005 | 2024.009 | 1704.032 | 8814.005 | 8354.005 | 7984.009 | 6424032
DeepMIML 149+.012 166+.017 .089+.002 164007 7914044 834+.017 9114002 .835+.007
M3MIML 2714053 250+.011 191+.016 284+.030 729+.053 751+4.011 811+.017 717+.031
MIML fast 275+.033 4354021 1944006 430.009 7244033 6264013 8114005 6464009
SLEEC 316+.009 413.006 455+.005 5124008 .843+.003 761+.005 796+.002 7134008
Tram 132+.004 203+.007 117+.004 456+.004 867+.004 797+.007 .883+.005 591+.001
ECC 8044024 9284013 4614009 6174.020 6424005 5294012 7754.005 6974.013
ML-KNN 235+.005 264+.004 .097+.002 176+.003 764+.005 736+.004 .903+.001 .824+.003
RankSVM 2364006 3444001 1994098 3234008 7634006 6564.001 .8014.098 6774001
ML-SVM 232+.005 337+.009 179+.004 314002 768+.005 1662.009 .822+.004 686.002
M3DN .108+.003 1514002 .085-+.002 .117+.002 .891+.003 .850-.003 .915+.003 .883-.001
M3DNS .108.001 .142+.002 1124003 1194.003 .899+.004 .858+.005 .898+.008 8814.006
Methods | Average Precision 1 | Micro AUC 1

| FLICKR25K | IAPR TC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
M3LDA 3714005 3114.007 3994007 3384.005 16934006 6094.002 7734.005 6574008
MIMLmix 207+.038 .183+.008 213+.041 167+.020 A436+.024 438-+.060 A434+.026 4724015
CS3G | 7494.008 | 6224.006 | 5424012 | 5974.031 | 8674.005 | 8274006 | 7384.007 | 557+.021
DeepMIML 6214027 6194025 6334005 5834.008 8354009 8024.017 9144002 8524003
M3MIML 423+.056 490020 446+.030 443+.076 745+.034 707+.017 816+.020 7624020
MIMLfast 432+.064 339+.013 413+.005 365+.021 7124.022 540+.010 745+.012 .630+.005
SLEEC .6084.006 4734010 5654003 3924007 8244004 7364.005 7954002 7014005
Tram .653+.011 5234008 494+.007 336002 .842+.003 782+.007 .883+.006 554002
ECC 416+.012 278+.011 462+.007 438+.014 .646+.004 514+.008 779+.005 702009
ML-KNN .398+.006 4034010 .585+.002 439+.006 7524005 729+.003 905002 8174004
RankSVM 467+.005 364+.004 427+.066 401001 748+.005 .649-+.004 791+.093 .680+.003
ML-SVM 4664006 3674.006 4414007 4434007 7534004 6564009 8254004 7244001
M3DN 719+.006 .634+.003 .680+.005 .691+.001 .876+.003 .834.001 .918+.002 877+.003
M3DNS .698+.002 .637-£.007 .691-+.004 634+.003 .858-+.003 .863-+.004 .877+.006 .878-£.005

Eqg. (8) can be easily optimized as M3DN with GCD
method. Without any loss of generality, in semi-supervised
scenario, the extra modal prediction X2 b can be regarded
as the pseudo label similar to the y in the supervised term
when updating fi;f,. S can be updated in similar form,
where

oy RPib BiiP; when i8ij;
4 . o
wsi0Pik P Pi b Pix b Piab;when i % j

4 EXPERIMENTS

4.1 Datasets and Configurations
M3DN/M3DNS can learn more discriminative multi-modal
feature representation on bag level for supervised/semi-

supervised multi-label classification, while considering the
label correlation among different labels. Thus, in this section,
we provide empirical investigations and performance com-
parisons of M3DN on multi-label classification and label cor-
relation. Without any loss of generality, we experiment on 4
public real-world datasets, i.e., FLICKR25K [27], IAPR TC-
12 [28], MS-COCO [29] and NUS-WIDE [30]. Besides, we
experiment on 1 real-world complex article dataset, i.e., WKG
Game-Hub. FLICKR25K: consists of 25,000 images collected
from Flickr website, and each image is associated with several
textual tags. The text for each instance is represented as a
1386-dimensional bag-of-words vector. Each point is manu-
ally annotated with 24 labels. We select 23,600 image-text
pairs that belong to the 10 most frequent concepts; IAPR
TC-12: consists of 20,000 image-text pairs which annotate
255 labels. The text for each point is represented as a
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TABLE 2
Comparison Results (mean  std.) of M3DN/M3DNS with Compared Methods on WKG Game-Hub Dataset
Methods | Content Modality
Coverage | Macro Ranking Example Average Micro
(x10%) AUC 1t Loss | AUC 1t Precision 7 AUC t
M3LDA .4661.020 4704.015 1.000£1.000 .3604.056 .098+.001 .381+.036
MIMLmix .3344.003 .5074.002 .445+.006 .539+.001 1114001 .540+.003
CS3G | 362+.002 | 593+.001 | .340+.003 | 659+.003 | 371+£.002 | .6144.007
DeepMIML .3414.010 .533+.018 415+.027 .1864.025 .600+.030 .634+.014
M3MIML N/A N/A N/A N/A N/A N/A
MIMLfast .3631.040 .4961.050 .414+.056 .5854.056 .1624.033 .567+.040
M3DN .2584.006 .761+.016 .276+.008 .7234.008 .3294.002 .7534.007
M3DNS .246£.002 .763+.001 .255+.002 .744+.002 .332+.001 .763+.001
Methods | Image Modality
Coverage | Macro Ranking Example Average Micro
(x10%) AUC 1 Loss | AUC 7t Precision 1 AUC 1
M3LDA 466+.010 .4554.054 1.0004.000 .359+.019 .098+.001 .384+.030
MIMLmix .3294.002 .502+.003 4274.005 .557+.001 .114+.001 .5604.002
CS3G | .3954.004 | .5454.001 | 4054.003 | .595+.003 | .304+.003 | .563+.006
DeepMIML .3834.006 .5124.002 .515+.009 4844009 .121+.001 .488+.018
M3MIML N/A N/A N/A N/A N/A N/A
MIMLfast .4024.070 .512+.061 .433+.059 .5664.059 .1704.037 .547+.058
M3DN .175+.001 .896+.001 .2104.002 .7894.002 .402+.001 .586+.000
M3DNS .164+.001 .910+.003 .196+.001 .803+.001 .407+.000 .869+.000
Methods | Overall
Coverage | Macro Ranking Example Average Micro
(x10%) AUC 1t Loss | AUC 1t Precision 1 AUC 1
M3LDA 4661.008 .468+.026 1.0004.000 .3594.030 .098+.001 .383+.017
MIMLmix .3584.003 .504+.002 .488+.007 496+.001 .101+.001 .519+.003
CS3G | 361+.004 | .5894.003 | .3464.004 | .653+.004 | .365+.001 | .6124+.004
DeepMIML .3624.005 .518+.002 4884.008 .5124.008 .125+.001 .5244.018
M3MIML N/A N/A N/A N/A N/A N/A
MIMLfast .3934.060 .509+.064 4304.052 .596+.052 .170+.036 .5494.054
SLEEC .603+.013 .518+.004 .756%.007 4934.005 .1504.006 .583+.006
Tram .7124.005 4294008 .109+.010 .5454.003 .1644.008 .464+.006
ECC .6224.017 .630+.002 .632+.009 530+£.017 .198+.002 .592+.011
ML-KNN .6754.020 .7124.006 .175+.003 .8024.015 .2654.004 .814+.001
RankSVM N/A N/A N/A N/A N/A N/A
ML-SVM .7424.023 .5614.002 .2234.009 .7824-.008 .2344.003 .793+.002
M3DN .1634.003 .9244.002 .190+.004 .8094.004 4014003 .866+.003
M3DNS .149+.002 .933+.001 .180+.009 .828+.003 .409+.001 .880+.001

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller the better of the criterion.

2912-dimensional bag-of-words vector; NUS-WIDE: contains
260,648 web images, and images are associated with textual
tags where each point is annotated with 81 concept labels. We
select 195,834 image-text pairs that belong to the 21 most fre-
quent concepts. The text for each point is represented as a
1000-dimensional bag-of-words vector; MS-COCO: contains
82,783 training, 40,504 validation image-text pairs which
belong to 91 categories. We select 38,000 image-text pairs that
belong to the 20 most frequent concepts. The text for each
point is represented as a 2912-dimensional bag-of-words vec-
tor; WKG Game-Hub: consists of 13,750 articles collected from
the Game-Hub of “ Strike of Kings” with 1744 concept labels.
We select 11,000 image-text pairs that belong to the 54 most
frequent concepts. Each article contains several images and
content paragraphs, and the text for each point is represented
as a 300-dimensional w2v vector.

We run each compared method 30 times for all datasets,
and then randomly select 70 percent for training and the

remaining are for test. For all the training examples, we ran-
domly choose 30 percent as the labeled data, and the other
70 percent as unlabeled ones as [31]. For the 4 benchmark
datasets, each image is divided into 10 regions using [32] as
image bag, while the corresponding text tags are also sepa-
rated into several independent tags as text bag. For the
WKG Game-Hub dataset, each article is denoted as an
image bag and a content bag. The deep network for image
encoder is implemented the same as Resnet-18 [33]. We run
the following experiments with the implementation of an
environment on NVIDIA K80 GPUs server, and our model
can be trained around 290 images per second with a single
K80 GPGPU. In the training phase, the parameters ; is
selected by 5-fold cross validation from 10 ;10 4;...;
10%; 10°g with further splitting on only the training datasets,
i.e., there is no overlap between the test set and the val-
idation set for parameter picking up. Empirically, when
the variation between the objective values of Eq. (13) is
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Fig. 5. lllustration of learned label correlations for different datasets,
and the value has been scaled in [ 1,1]. Red color indicates a positive
correlation, and blue one indicates a negative correlation.

less than 10 © in iteration, we treat M3DN or M3DNS
converged.

4.2 Compared Methods

In our experiments, first, we compare our methods with
multi-modal multi-instance multi-label methods, i.e., M3LDA
[3], MIMLmix [4]. Besides, M3DN can be degenerated into dif-
ferent settings, we also compare with multi-modal multi-label
methods, i.e., CS3G [34]; multi-instance multi-label methods,
i.e., DeepMIML [14], M3MIML [35], MIMLfast [36]. Moreover,
we compare our methods with multi-label methods, i.e.,
SLEEC [37], Tram [38], ECC [39], ML-KNN [40], RankSVM
[41], ML-SVM [42]. Specifically, for multi-modal multi-label
methods, we calculate the average of all instances’ representa-
tions as the bag-level feature representation. In the multi-
instance multi-label methods, all modalities of a dataset are
concatenated together as a single modal input. As to the
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multi-label learners, we first calculate bag-level feature repre-
sentation for different modalities independently, then we con-
catenate all modalities together as a single modal input. As to
the semi-supervised scenario, considering that existing M3
methods are supervised methods, we compare our methods
with semi-supervised multi-modal multi-label methods, i.e.,
CS3G [34]; and semi-supervised multi-label methods, i.e.,
Tram [38], COINS [17], iMLU [43].

4.3 Benchmark Comparisons

M3DN is compared with other methods on 4 benchmark
datasets to demonstrate the abilities. Results of compared
methods and M3DN/M3DNS on 6 commonly used criteria
are listed in Table 1. The best performance for each criterion
isbolded. " = #indicates that the larger/smaller, the better of
the criterion. From the results, it is obvious that our M3DN/
M3DNS approaches can achieve the best or second perfor-
mance on most datasets with different performance meas-
ures. Therefore the M3DN/M3DNS approach are highly
competitive multi-modal multi-label learning methods.

4.4 Complex Article Classification

In this subsection, M3DN approach is tested on the real-
world complex article classification problem, i.e., WKG
Game-Hub dataset. There are 13,570 articles in collection,
with image and text modalities to promote classification. Spe-
cifically, each article contains variable number of images and
text paragraphs. Thus, each article can be divided into both
image bag and text bag. Comparison results (independent
modalities and overall) against compared methods are listed
in Table 2, where notation “N/A” means the method cannot
give aresult in 60 hours. We use the same 6 measurement cri-
teria as in previous subsection, i.e., Coverage, Ranking Loss,
Average Precision, Macro AUC, example AUC and Micro
AUC. It is notable that multi-label methods concatenate all of
the modal features, which have no independent modal classi-
fication performance. The results show that on both of the
independent modalities and overall prediction, our M3DN
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Fig. 6. Objective function value convergence and corresponding classification performance (Coverage, Ranking Loss, Average Precision, Macro

AUC, example AUC, and Micro AUC) versus number of iterations of M3DN and M3DNS.
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TABLE 3

Semi-Supervised Comparison Results (Mean std.) of M3DNS with Compared Methods on Four Benchmark Datasets

Methods |

Coverage |

Macro AUC 1

| FLICKR25K | IAPR TC-12 |

NUS-WIDE

|
MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo
CS3G | 10.346+.227| 7.545+.056 | 6.968+.060 | 9.819+.931 |

.844+.006 798+£.002 | .699+.006 .662+.077

6.857+.645
22.940+5.082
23.411+1.160

Tram
COINS
iMLU

5.793£.359
20.598+4.513
23.401+8.939

55.059+1.888
25.839+10.629
26.462+5.548

9.359+.223
20.126+4.072

.891+.004 863+.006 .814+.014 :8731.017
21.030+4.844 .

.880+.009 835+.003 .812+.004 835+.048

M3DNS | 3.947+.307 | 4.214+.202 | 6.119+.262 | 2.7644+.071 | .892+.004

|

| |
827+.001 ‘ 805-+.001 ’ .891j:.001’ 890+.045
| | .898+.008

.876+.003 | .8384.003

Ranking Loss |

Example AUC 1

FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE

FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE

.109+.003

.120+.001

168+.001 | .196+.070

.890+.003 879+.001 | .831+.001 .803+£.070

.108+£.002
.150+.009
.167+.007

1194.001
171+.002
2424+.014

.183+.001
.305+.008
.344+.013

.183+.076
.297+.028
.346+.015

849-+.009 828+.002 | .694+.008 | .702+.028

832+.007 757+.014 .655+.013 653+.015

.108+.001

.1424.002

J112+4.003 | .1194.003

|
| |

893-+.002 ‘ 880+.001 ‘ .816:t.001‘ 816:+.076
| |

.899+.004 .858+.005 | .898+.008 .881+.006

FLICKR25K | IAPR TC-12 | MS-CoCo | NUS-WIDE

FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE

.671+£.003

.678+.001

661+.003 | .586+.083 .860=£.007 .820+.002 769+.003 .724+.084

.670+£.006
.570+.007
.538+.015

507+.004
419+.007
325+.016

348+.003 .318+.091
258+.033 .216+.016

220-+.043 .187+£.015

852+.003
793+.007

788+.018
760+.013

.884+.007

856-+.025
860+.015 ,

798+.078

.698+.002

.637+.007

|
|
|
|
Average Precision 1 | Micro AUC 1
|
|
|

|
| |- |

910-+.001 ‘ 859-+.001 ’ .874:!:.001‘ 868+.057
| |- |

691+.004 | .634+.003 .858+.003 .863+.004 877+.006 .878+.005

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller the better of the criterion.
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TABLE 4
Semi-Supervised Comparison Results (Mean  std.) of M3DNS with Compared Methods on WKG Game-Hub Dataset
Methods  Coverage # ( 10°%) Macro AUC " Ranking Loss#  Example AUC"™  Average Precision " Micro AUC "
CS3G .326 .002 .683 .021 187 .014 812 .014 404 .057 .728 .026
Tram 1.731 .083 .854 .031 190 .024 .809 .024 245 .046 .852 .024
COINS 186 .021 .782 .087 .252 .029 747 .029 195 .037 .783 .072
iMLU .225 .027 .786 .070 .288 .033 711 .030 169 .026 763 .010
M3DNS 149 .002 .933 .001 .180 .009 .828 .003 409 .001 .880 .001

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller, the better of the criterion.

TABLE 5
Ablation Study Results (Mean std.) of M3DNS on Four Benchmark Datasets

Methods | Coverage | | Macro AUC t

| FLICKR25K |IAPR TC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
M3DNS-F 8.678+.002 | 6.8754+.010 |9.280+.003 | 11.0424.009 .896-+.000 .868+.000 .829+.002 .858+.001
M3DNS-M 8.889+.010 | 6.9644+.003 |9.764+.001 | 11.0434.005 .885+.001 .862+.000 .757+.001 .843+.000
M3DNS-MP 4.039+.021 | 5.047+.038 |.8.708+.028 | 3.230+.003 .874+.000 .860+.000 .779+.001 .837+.001
M3DNS 3.947+.307 | 4.214+.202 |6.119+.262 | 2.764+.071 .892+.004 .876+.003 .838+.003 .898-+.008
Methods | Ranking Loss | | Example AUC 1

| FLICKR25K | TAPR TC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | TAPRTC-12 | MS-CoCo | NUS-WIDE
M3DNS-F .074+.000 .1464.000 .1344.001 .1844-.000 .8254.000 .8044.000 .866+.001 .816+.000
M3DNS-M .109+.001 .149+.000 .150+.000 .132+.000 .783£.001 .696+.000 .686+.000 .540+.001
M3DNS-MP .1064.000 1454001 .1504.001 .190+.001 .8184-.000 .7904.001 .8484.000 .8104.001
M3DNS .108+.001 .142+.002 .112+.003 .119+.003 .899+.004 .858+.005 .898-+.008 .881+.006
Methods | Average Precision 1 | Micro AUC 1

| FLICKR25K | TAPR TC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
M3DNS-F .693+.000 .5924-.000 .693+.000 .6244-.000 .917+.000 .8634.002 .8684.003 .877+.000
M3DNS-M .614+.002 .588+.000 .639+.001 .610+£.000 .819+.001 .790+.000 .850+.003 .814+.001
M3DNS-MP .681+.000 .5824.001 .684+4.001 .616+.001 .809+-.000 .7914.000 .846+.001 .807+.002
M3DNS .698+.002 .637+.007 .691+.004 .634+.003 .858+.003 .863+.004 .877+.006 .878+.005

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller the better of the criterion.

and M3DNS approaches can get the best results over all crite-
ria. The statistics validates the effectiveness of our method
when solving the complex article classification problem.

4.5 Label Correlations Exploration

Since M3DN can learn label correlation explicitly, in this sub-
section, we examine effectiveness of M3DN in label correla-
tions exploration. Due to page limitation, the exploration is
conducted on the real-world dataset WKG Game-Hug. We
randomly sampled 27 labels, with the learned ground metric
shown in Fig. 5, and scaled the original value in cost matrix
into ¥ 1;1. Red color indicates a positive correlation, and
blue indicates a negative correlation. We can see that the
learned pairwise cost accords with intuitions. Taking a few
examples, the cost between Overwatcha and Tencent indi-
cates a very small correlation, and this is reasonable as the
game Overwatch has no correlation with Tencent. While the
cost between (Zhuge Liang, Wizard) indicates a very strong
correlation, since Zhuge Liang belongs to the wizard role in
the game.

4.6 Empirical Investigation on Convergence

To investigate the convergence of M3DN iterations emp-
irically, we record the objective function value, i.e., the
value of Eqg. (5) and the different criteria of classification

performance of M3ADN/M3DNS in each epoch. Due to page
limits, results on WKG Game-Hug dataset are plotted in
Fig. 6. It clearly reveals that the objective function value
decreases as the iterations increase, and all of the classifica-
tion performance is stable after several iterations in Fig. 6.
Moreover, these additional experiment results indicate
that our M3DN/M3DNS can converge fast, i.e., M3DN con-
verges after 10 epoches.

4.7 Empirical lllustrative Examples

Fig. 7 shows 6 illustrative examples of the classification
results on WKG Game-Hub dataset. Qualitatively, illustra-
tion of the predictions clearly discovers the modal-instance-
label relation on the test set. E.g., the first example shows
that the article has separated three images and four content
paragraphs. We can predict the Zhuge liang, battlefront
labels from both the images and contents, and acquire the
master, cooperation labels form the context.

5 CONCLUSION

This paper focuses on the issues of complex objects classifica-
tion with semi-supervised M3 information, and extends our
preliminary research [44]. Complex objects, i.e., the articles,
the videos, etc, can always be represented by multi-modal

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on February 07,2024 at 14:28:06 UTC from IEEE Xplore. Restrictions apply.



YANG ET AL.: SEMI-SUPERVISED MULTI-MODAL MULTI-INSTANCE MULTI-LABEL DEEP NETWORK WITH OPTIMAL TRANSPORT 707

TABLE 6
Ablation Study Results (Mean std.) of M3DNS on WKG Game-Hub Dataset
Methods Coverage #( 10°) Macro AUC" Ranking Loss# Example AUC"™  Average Precision”  Micro AUC"
M3DNS-F .279 .003 .821 .000 .183 .001 .822 .000 .345 .000 .872 .000
M3DNS-M 287 .041 .840 .000 182 .001 .823 .000 379 .001 .870 .002
M3DNS-MP .286 .008 .818 .000 190 .001 .817 .001 .333 .000 .869 .002
M3DNS 149 .002 .933 .001 .180 .009 .828 .003 409 .001 .880 .001

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller, the better of the criterion.

TABLE 7
Missing Modal Comparison Results (Mean std.) of M3DNS on Four Benchmark Datasets

Methods | Coverage | | Macro AUC 1

| FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
0% 3.947+.307 4.2144.202 6.119+.262| 2.764+.071 .8924.004 .8764.003 .8384+.003 .898+.008
10% 4.0124.013 5.0174.015 6.4434+.002| 2.815+.018 .891£.000 .858+.001 .8224-.000 .8654.001
30% 4.033+£.009 5.604+.013 6.324+.007| 2.8344.010 .888+.001 .8704.001 .8174.001 .8664-.000
50% 4.0804.003 5.8624.000 6.4964.004| 3.381+.002 .887£.000 .862+.004 .8124.000 .8344.001
70% 4.180+.021 5.8404.002 6.378+.005| 3.2134.001 .8804.000 .8614.000 .8064.001 .8464-.000
90% 4.485+4.004 5.897+.001 6.816+£.017| 3.6154.004 .8694.000 .8564.000 .7814.000 .8204.001
Methods | Ranking Loss | | Example AUC 1

| FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
0% .108+.001 .142+.002 112+.003 119+.003 .899+.004 .858+.005 .898+.008 .881+.006
10% .1784+.000 .1594.000 .1404.000 .1784.000 .8924.000 .8404.000 .8594+.000 .871+.000
30% .180+.000 .1504.001 .1384.000 .1784.000 .8794.000 .849+.000 .861+.001 .8714.000
50% .1814.000 .1574.000 .1434.000 .192+4.000 .878+.001 .8424.000 .856+.000 .8574.000
70% .185+.001 .1554.000 .1394.000 .1874.001 .8744.001 .844+.000 .8544.000 .8624.004
90% .190+.002 .1594.001 .1564.000 .199+.000 .8694.000 .839+.001 .8434.000 .8504.000
Methods | Average Precision 1 | Micro AUC 1

| FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE | FLICKR25K | IAPRTC-12 | MS-CoCo | NUS-WIDE
0% .6981.002 .637+.007 .691+.004 .6344.003 .8584.003 .8631.004 .877+.006 .878+.005
10% .689+.000 .631+£.000 .684+.000 .631+£.000 .817+.000 .8454-.000 .8604-.000 .8704-.000
30% .6784.000 .6354.000 .6864.002 .6314.000 .8124.000 .8554.002 .8624.001 .869+.000
50% .678+.000 .628+.000 .679+.001 .598+.000 .815+.000 .8494-.000 .8574.000 .8534-.000
70% .6664.001 .629+4.000 .6804.000 .5934.000 .808+.001 .8484-.000 .8624.000 .858+-.000
90% .659+.000 .610+£.000 .663£.001 .590+.000 .802+.000 .8464-.000 .8424-.000 .8464-.000

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller the better of the criterion.

multi-instance information, with multiple labels. However,
we usually only have bag-level consistency among different
modalities. Therefore, Multi-modal Multi-instance Multi-
label (M3) learning provides a framework for handling such
task. Meanwhile, previous M3 methods rarely consider label
correlation and unlabeled data. In this paper, we propose a
novel Multi-modal Multi-instance Multi-label Deep Network
(M3DN) framework, and exploit label correlation based on
the Optimal Transport (OT) theory. Moreover, considering
unlabel information, M3DNS utilizes the instance-label and
bag-level unlabel information for more excellent perfor-
mance. Experiments on the real world benchmark datasets
and special complex article dataset WKG Game-Hub validate
effectiveness of the proposed methods. Meanwhile, how to
extend to multiple modalities is an interesting future work.

APPENDIX A
SEMI-SUPERVISED CLASSIFICATION
M3DNS takes unlabeled instances into consideration, i.e.,

using auto-encoder for single modal network, and consistency
among different modalities for joint predictions. Thus, in this

section, we provide empirical investigations and performance
comparisons of M3DNS with several state-of-the-art semi-
supervised methods. The introduction to data configuration
and comparison methods are in Sections 4.1 and 4.2. The
results are recorded in Tables 3 and 4. The results indicate that
M3DNS approach can achieve the best or second performance
on most datasets with different performance measures, thus
M3DNS can make better use of unlabeled data.

APPENDIX B
ABLATION STUDY

In order to explore the impact of different operators in the net-
work structure, we conduct more experiments. In detail, 1) in
order to verify different pooling methods to get bag-level
prediction, we compare max pooling with mean pooling,
denoted as M3DNS-M with mean pooling; 2) based on the
better bag-level pooling method, we compare average predic-
tion with max prediction to evaluate different ensemble
methods for final predictions, denoted as M3DNS-MP with
max operator; 3) based on the better pooling method and
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TABLE 8
Missing Modal Comparison Results (Mean  std.) of M3DNS on WKG Game-Hub Dataset
Methods  Coverage # ( 10°%) Macro AUC " Ranking Loss#  Example AUC"™  Average Precision " Micro AUC "
0% 149 .002 .933 .001 .180 .009 .828 .003 409 .001 .880 .001
10% .264 .007 .844 .000 .183 .000 776 .000 .379 .000 .877 .000
30% .273 .003 .830 .000 191 .000 .768 .001 .363 .000 .868 .000
50% .276 .013 .825 .000 .193 .000 .766 .000 .350 .000 .866 .000
70% .284 .002 .812 .000 .201 .000 .758 .000 .336 .000 .859 .000
90% .299 .008 .802 .000 .207 .000 752 .000 329 .001 .848 .000

Six commonly used criteria are evaluated. The best performance for each criterion is bolded. ** = # indicates the larger/smaller, the better of the criterion.

prediction operator, we fix the ground metric as the initial
value without any change to explore the advantage of learn-
ing ground metric, denoted as M3DNS-F. The results are
recorded in Tables 5 and 6. It is notable that M3DNS is with
max pooling, mean prediction operator. The results reveal
that max pooling are always better than the mean pooling in
getting bag-level prediction. This is because there are often
only a few positive examples in the bag that can represent the
prediction of this bag, yet mean pooling will bring a lot of
noise on the contrast. This phenomenon is also consistent
with the assumption of multi-instance learning. Furthermore,
the results reveal that mean prediction operator is always bet-
ter than the max operator, which is also according with the
ensemble learning methods. An interesting thing is that,
though M3DNS is better than M3DNS-F on most datasets, it is
worse on one dataset, i.e., FLICKR25K. This result shows that
learning ground metric is not definitely effective. Considering
the noise data, it may affect the learning of ground metric.
Thus, how to modify the learning process or design a suitable
initialization method could be an interesting future work.

APPENDIX C
COMPARISON WITH MISSING MODALITY

Specifically, in order to explore the impact of modal missing
scenario, we conduct more experiments. Following [45], in
each split, we randomly select 10 to 90 percent of examples,
with 20 percent as interval, for homogeneous examples with
complete modality. And the remaining are incomplete
instances. The results are recorded in Tables 7 and 8. It shows
that M3DNS achieves competitive results when comparing
the results in Tables 1, 2, 5, and 6 with missing modalities,
and the performance of M3DNS increases faster than com-
pared methods as incomplete ratio decreases.

ACKNOWLEDGMENTS

This research was supported by the National Key R&D Pro-
gram of China (2018YFB1004300), NSFC (61773198,
61632004, 61751306), NSFC-NRF Joint Research Project
under Grant 61861146001, and Collaborative Innovation
Center of Novel Software Technology and Industrialization,
Postgraduate Research & Practice Innovation Program of
Jiangsu province (KYCX18-0045).

REFERENCES

[1] Y. Huang, W. Wang, and L. Wang, “Unconstrained multimodal
multi-label learning,” IEEE Trans. Multimedia, vol. 17, no. 11,

pp. 1923-1935, Nov. 2015.

[2]

(3]

[4]

[5]

(6]

(71

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]
[21]

[22]

P. Yang, H. Yang, H. Fu, D. Zhou, J. Ye, T. Lappas, and J. He,
“Jointly modeling label and feature heterogeneity in medical
informatics,” ACM Trans. Knowl. Discovery Data, vol. 10, no. 4,
pp. 39:1-39:25, 2016.

C. Nguyen, D. Zhan, and Z. Zhou, “Multi-modal image annotation
with multi-instance multi-label LDA,” in Proc. 23rd Int. Joint Conf.
Artif. Intell., 2013, pp. 1558-1564.

C. Nguyen, X. Wang, J. Liu, and Z. Zhou, “Labeling complicated
objects: Multi-view multi-instance multi-label learning,” in Proc.
AAAI Conf. Artif. Intell., 2014, pp. 2013-2019.

P. Yang and J. He, “Model multiple heterogeneity via hierarchical
multi-latent space learning,” in Proc. 21th ACM SIGKDD Int. Conf.
Knowl. Discovery Data Mining, 2015, pp. 1375-1384.

S. Huang and Z. Zhou, “Multi-label learning by exploiting label
correlations locally,” in Proc. 26th AAAI Conf. Artif. Intell., 2012,
pp. 949-955.

C. Frogner, C. Zhang, H. Mobahi, M. Araya-Polo, and T. A. Poggio,
“Learning with a Wasserstein loss,” in Proc. 28th Int. Conf. Neural
Inf. Process. Syst., 2015, pp. 2053-2061.

A. Rolet, M. Cuturi, and G. Peyre, “Fast dictionary learning with a
smoothed Wasserstein loss,” in Proc. 19th Int. Conf. Artif. Intell.
Statistics, 2016, pp. 630-638.

A. Blum and T. M. Mitchell, “Combining labeled and unlabeled
data with co-training,” in Proc. 11th Annu. Conf. Comput. Learn.
Theory, 1998, pp. 92-100.

U. Brefeld, T. Gartner, T. Scheffer, and S. Wrobel, “Efficient co-
regularised least squares regression,” in Proc. 23rd Int. Conf. Mach.
Learn., 2006, pp. 137-144.

C. Villani, Optimal Transport: Old and New, vol. 338, Berlin,
Germany: Springer, 2008.

Z. Fang and Z. M. Zhang, “Simultaneously combining multi-
view multi-label learning with maximum margin classi-
fication,” in Proc. IEEE 12th Int. Conf. Data Mining, 2012,
pp. 864-869.

P. Yang, J. He, H. Yang, and H. Fu, “Learning from label and fea-
ture heterogeneity,” in Proc. IEEE Int. Conf. Data Mining, 2014,
pp. 1079-1084.

J. Feng and Z. Zhou, “Deep MIML network,” in Proc. 31st AAAI
Conf. Artif. Intell., 2017, pp. 1884-1890.

W. Bi and J. T. Kwok, “Multilabel classification with label correla-
tions and missing labels,” in Proc. 28th AAAI Conf. Artif. Intell.,
2014, pp. 1680-1686.

M. Zhang and Z. Zhou, “A review on multi-label learning algo-
rithms,” IEEE Trans. Knowl. Data Eng., vol. 26, no. 8, pp. 1819-1837,
Aug. 2014.

W. Zhan and M. Zhang, “Inductive semi-supervised multi-label
learning with co-training,” in Proc. 23rd ACM SIGKDD Int. Conf.
Knowl. Discovery Data Mining, 2017, pp. 1305-1314.

W. Qian, B. Hong, D. Cai, X. He, and X. Li, “Non-negative matrix
factorization with sinkhorn distance,” in Proc. 20th Int. Joint Conf.
Artif. Intell., 2016, pp. 1960-1966.

N. Courty, R. Flamary, D. Tuia, and A. Rakotomamonjy, “Optimal
transport for domain adaptation,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 39, no. 9, pp. 1853-1865, Sep. 2017.

M. Cuturi and D. Avis, “Ground metric learning,” J. Mach. Learn.
Res., vol. 15, no. 1, pp. 533-564, 2014.

P. Zhao and Z.-H. Zhou, “Label distribution learning by optimal
transport,” in Proc. AAAI Conf. Artif. Intell., 2018.

R. Yossi, L. Guibas, and C. Tomasi, “The earth mover’s
distance multi-dimensional scaling and color-based image
retrieval,” in Proc. ARPA Image Understanding Workshop, 1997,
pp. 661-668.

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on February 07,2024 at 14:28:06 UTC from IEEE Xplore. Restrictions apply.



YANG ET AL.: SEMI-SUPERVISED MULTI-MODAL MULTI-INSTANCE MULTI-LABEL DEEP NETWORK WITH OPTIMAL TRANSPORT 709

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

D.Kedem, S. Tyree, K. Q. Weinberger, F. Sha, and G. R. G. Lanckriet,
“Non-linear metric learning,” in Proc. Advances Neural Inf. Process.
Syst., 2012, pp. 2582-2590.

J. Hoffman, E. Rodner, J. Donahue, B. Kulis, and K. Saenko,
“Asymmetric and category invariant feature transformations for
domain adaptation,” Int. J. Comput. Vis., vol. 109, no. 1-2, pp. 28-41,
2014.

D. Bertsimas and J. N. Tsitsiklis, Introduction to Linear Optimization,
vol. 6. Belmont, MA, USA: Athena Scientific, 1997.

M. Cuturi, “Sinkhorn distances: Lightspeed computation of opti-
mal transport,” in Proc. 26th Int. Conf. Neural Inf. Process. Syst.,
2013, pp. 2292-2300.

M. J. Huiskes and M. S. Lew, “The MIR flickr retrieval eval-
uation,” in Proc. 1st ACM Int. Conf. Multimedia Inf. Retrieval, 2008,
pp. 39-43.

H. J. Escalante, C. A. Hernandez, J. A. Gonzalez, A. Lopez-Lopez,
M. Montes-y-Gomez, E. F. Morales, L. E. Sucar, L. V. Pineda, and
M. Grubinger, “The segmented and annotated IAPR TC-12 bench-
mark,” Comput. Vis. Image Understanding, vol. 114, no. 4, pp. 419-428,
2010.

T. Lin, M. Maire, S. J. Belongie, J. Hays, P. Perona, D. Ramanan,
P. Dollar, and C. L. Zitnick, “Microsoft COCO: Common objects
in context,” in Proc. Eur. Conf. Comput. Vis., 2014, pp. 740-755.

T. Chua, J. Tang, R. Hong, H. Li, Z. Luo, and Y. Zheng, “NUS-
WIDE: A real-world web image database from National Univer-
sity of Singapore,” in Proc. ACM Int. Conf. Image Video Retrieval,
2009, Art. no. 48.

M. Zhang, Y. Li, X. Liu, and X. Geng, “Binary relevance for multi-
label learning: An overview,” Frontiers Comput. Sci., vol. 12, no. 2,
pp. 191-202, 2018.

R. B. Girshick, “Fast R-CNN,” in Proc. IEEE Int. Conf. Comput. Vis.,
2015, pp. 1440-1448.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for
image recognition,” arXiv:1512.03385, 2015.

H. Ye, D. Zhan, X. Li, Z. Huang, and Y. Jiang, “College student
scholarships and subsidies granting: A multi-modal multi-label
approach,” in Proc. IEEE Trans. Pattern Anal. Mach. Intell., 2016,
pp. 559-568.

M. Zhang and Z. Zhou, “M3MIML: A maximum margin method
for multi-instance multi-label learning,” in Proc. 8th IEEE Int.
Conf. Data Mining, 2008, pp. 688-697.

S. Huang, W. Gao, and Z. Zhou, “Fast multi-instance multi-label
learning,” in Proc. 28th AAAI Conf. Artif. Intell., 2014, pp. 1868-1874.
K. Bhatia, H. Jain, P. Kar, M. Varma, and P. Jain, “Sparse local
embeddings for extreme multi-label classification,” in Proc. 28th
Int. Conf. Neural Inf. Process. Syst., 2015, pp. 730-738.

X. Kong, M. K. Ng, and Z. Zhou, “Transductive multilabel learning
via label set propagation,” IEEE Trans. Knowl. Data Eng., vol. 25,
no. 3, pp. 704-719, Mar. 2013.

J.Read, B. Pfahringer, G. Holmes, and E. Frank, “Classifier chains for
multi-label classification,” Mach. Learn., vol. 85, no. 3, pp. 333-359,
2011.

M. Zhang and Z. Zhou, “ML-KNN: A lazy learning approach to
multi-label learning,” Pattern Recognit., vol. 40, no. 7, pp. 2038-2048,
2007.

T. Joachims, “Optimizing search engines using click through
data,” in Proc. 8th ACM SIGKDD Int. Conf. Knowl. Discovery Data
Mining, 2002, pp. 133-142.

M. R. Boutell, J. Luo, X. Shen, and C. M. Brown, “Learning multi-
label scene classification,” Pattern Recognit.,, vol. 37, no. 9,
pp. 1757-1771, 2004.

L. Wu and M. Zhang, “Multi-label classification with unlabeled
data: An inductive approach,” in Proc. Asian Conf. Mach. Learn.,
2013, pp. 197-212.

Y. Yang, Y. Wu, D. Zhan, Z. Liu, and Y. Jiang, “Complex object
classification: A multi-modal multi-instance multi-label deep net-
work with optimal transport,” in Proc. 24th ACM SIGKDD Int.
Conf. Knowl. Discovery Data Mining, 2018, pp. 2594-2603.

S. Li, Y. Jiang, and Z. Zhou, “Partial multi-view clustering,” in
Proc. 28th AAAI Conf. Artif. Intell., 2014, pp. 1968-1974.

Yang Yang is working towards the PhD degree
with the National Key Lab for Novel Software
Technology, the Department of Computer Sci-
ence & Technology, Nanjing University, China.
His research interests include machine learning
and data mining, including heterogeneous learn-
ing, model reuse, and incremental mining.

Zhao-Yang Fu is working towards the MSc degree
with the National Key Lab for Novel Software
Technology, the Department of Computer Science
& Technology, Nanjing University, China. His
research interests include machine learning and
data mining, including multi-modal learning.

De-Chuan Zhan received the PhD degree in com-
puter science, Nanjing University, China, in 2010.
At the same year, he became a faculty member in
the Department of Computer Science and Tech-
nology at Nanjing University, China. He is cur-
rently an associate professor with the Department
of Computer Science and Technology at Nanjing
University. His research interests include machine
learning, data mining and mobile intelligence. He
has published more than 20 papers in leading
international journal/conferences. He serves as
an editorial board member of IDA and IJAPR, and
serves as SPC/PC in leading conferences such
as IJCAIl, AAAI, ICML, NIPS, etc.

Zhi-Bin Liu received the BS degree in automatic
control engineering from Central South Univer-
sity, Changsha, China, in 2004, and the MS and
PhD degrees in control science and engineering
from Tsinghua Universtiy, Beijing, China, in 2010.
His research interests include big data minning,
machine learning, Al, NLP, computer vision,
information fusion, etc.

Yuan Jiang received the PhD degree in computer
science from Nanjing University, China, in 2004.
Atthe same year, she became a faculty member in
the Department of Computer Science & Technol-
ogy at Nanjing University, China, and is currently a
professor. She was selected in the Program for
New Century Excellent Talents in the University,
Ministry of Education in 2009. Her research inter-
ests are mainly in artificial intelligence, machine
learning, and data mining. She has published
more than 50 papers in leading international/
national journals and conferences.

** For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on February 07,2024 at 14:28:06 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


