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Multiple Structure-View Learning
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Nia Wu. Member, IEEE., Shirui Pan. Member, [EEE, Xingquan Zhu, Senior Member, IEEE,
Chengqi Zhang, Semior Member, IEEE, and Philip S. Yu, Fellow, I[EEE

Abstraci— Many  applications  iovolve objects  containing
structure and rich content information, each describing different
feature aspects of the object. Graph learning and clussification
is a common tool lor handling such objects. To date, existing
graph classification has been limited 1o the single-graph selting
with each object being represented as one graph from a single
structure-view, This inherently limits its use to the classification of
complicated objects containing complex structures and uncertain
labels, In this paper, we advance graph classification to handle
multigraph learning for complicated objects from maultiple stroc-
lure views, where cach object is represented as 2 bag containing
several graphs and the label is only available for cach graph
hag but not individual graphs inside the bag. To learn such
graph classification models, we propose a multistructure-view
bag constrained learning (MSVBL) algorithm. which aims to
explore substructure fentures across multiple structure views
for learning. By enabling joint regularization across multiple
structure views and enforcing labeling constrainis at the bag
and graph levels, MSVBL is able to discover the most effective
substructure features across all structure views. Experiments and
comparisons on real-world data sets validate and demonstrate
the superior performance of MSVBL in representing complicated
ohjects as multigraph for classification, e.g.. MSVBL outperforms
the state-of-the-art multiview graph classification and multiview
multi-instance learning approaches,

Index Terms— Graph. graph classification. multiview learning.
subgraph mining.

I. INTRODUCTION

ANY real-world objects, such as chemical compounds
in biopharmacy and prot@ins in molecular hiology [ 1],
images in Web pages [2], brain regions in brain networks [3],
and vsers in social networks [4], contain rich features and
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structure information. In many cases, these ohjects are repre-
sented by using features in the veelor space, such as amino
acid sequences to represent a protein. bag-of-words to repre-
sent a document, and color histogram 1o represent an image.
In practice, simple feature-vector representations inherently
discard the structure information of the object, such as the
chemical bounds that regulate the attraction of atoms for
chemical compounds, the spatial correlations of regions inside
an image [3], and the contextual correlation of keywords
for a document [6]. Allernatively, a structural-representation
(e.g., graph) can be used 1o preserve the structure information,
When representing the structure of objects for learning,
existing methods often use graphs constructed from a single
feature view. For example, an image (i.e.. an object) can be
represcnted as a single structure-view graph by using color
histogram a8 features, with each node denoting a small region
and adjacent regions being connected through an edge [2],
as shown in Fig. 1{a). Nevertheless, using graphs from an indi-
vidual structure-view may not adequately describe the object’s
content. For instance, color and texture have different visual
characteristics. and are both commonly utilized to describe
images. Therefore, using graphs constructed from muliiple fea-
ture views can accurately represent the structure and the con-
lent of the object, and an example is shown in Fig. 2. The mul-
liple structure-view settings can be generalized to many other
domains, such as brain petwork analysis, where a brain net-
work can be represented by graphs from different properties.
encoding correlations between the functional activities of brain
regions [3]. In this paper, we refer o graphs constructed from
multiple structure views as multistructure-view (MSV) graphs.
Real-world objects often have complicated character-
istcs, depending on how they are assessed and char-
acterized. For example, an i1mage may be labeled as
“leopard/tiger,” because it contains a leopard/tiger inside the
image. Arguably, not all regions of the image are relevant
to the object and background regions may not be directly
related to the label of the image, as shown in Fig. 1(h).
This representation and learning complication is known as
multi-instance learning [8]. The uniqueness of handling the
label ambiguity (i.e., the label information is not required for
each single instance) makes the multi-instiance representation
applicable to plenty of real-world practical applications,
Most existing multi-instance studies focus on instances with
feature vectors. An allernative way lo preserve the structure of
the object is to represent the object (e.g., an image) as a bag
of graphs, as shown in Fig. 1(c), with each graph representing
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Fig. . Ilostration of mulligraph (Le., graph-bag) representation derived from single-groph and mmlb-mstance (Le., Inslance-bag) representation
(a) Single-graph representation. A griph is used to denote an image with each node corresponding o a small region of the image and adjacent regions
being connected by an edge [2], [5] Single-graph representation can lose important local structure information, becanse image segmentation algonthms often
separate a meuningful semantic object into multple subregions (e.g.. body or head of an animal). (b) Instince-bag representation. An image is represented
as o bag of instances where coch region mside the mage corresponds 10 an mstance ropresenied i the vector space [7]. I a regron contmns an object
of inferest (e.g. o leopard), the image is labeled as positive. For traditional nstance-bag representation, region #2 8 represenied as o single instance by
using visual features. In other words, althoogh region #2 contuins multuple subregions (Le., tree, grass. and Jcopard) with special structures: and fayoul.
existing instance-hag representation approaches discard the structure information and only consider the visunl features of the whole region for |eaming,
(c) Graph-bag representation. A more effective graph representation explicitly explores complex |t|uiinushjp5 among the datn and vses effective data structures,
such as graphs, to represent data for leaming. As shown in the m:mnglc between (b) and (c), region #2 in (b} and region #5 m (¢} share a common structore
representing o meaningful object {(e.g., the leopurd). In this case, a region of a given image can be nuturally represented as a graph in order to preserve and
represent focal structure information inside the region. This representation s more acearate than simply treating the whole region as one single instance, and

it can be upplied to other real-world applications (¢.g., a biopharmaceutical activity test via a group/bag ol molecules),
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Fig. 2. M5V learmng in which graphs are constrected from different structure
views (e.g., the color view and the texture view), Existing graph classification
rescurch on images |2), |5] focuses on explonng common strugtures from
single feature view graphs (such a5 the color view) as feammes for grph

representation and learming. In some circumstances, m mmmun structung

exists in colr space befween bwior given grtqﬂm e, If"1 and EIJ as shown
in the first row. Instead, common structures may exist in othdr fedture views
(Le., Ih: lexiure '.'n:w;. For cxample;, subgraph &5 is discovered from

griphs l"l and F-. constructed from the texture view of the same ohjects,

and preserving the structure information of a portion of the
object [9], [ 10]. If, for a region. the image contains any object-
of-interest (e.g.. a leopard/tiger). the bag will be labeled as
positive. If no regions inside the image contain an object-
ol-interest, the bag will be labeled as negative. This bag
constrained graph representation can also be applied to other
practical application fields, such as drug activity prediction
and scientific publication categorization. For the former, it 15
lime-consuming and expensive to label cach individual mole-
cule (graph representation). In order to reduce prediction
costs, the molecular group could be utilized to investigate the
aclivities of a group (ie., graph bag) of molecules. For Lhe
latter application, each scientific paper can be represented as a
graph that considers the keyword correlations in the Abstracl
Therefore, a scientific paper and all references cited n the
paper form a graph bag.

The above-mentioned observations resull in the novel
bag constrained multiple structure-view learning paradigms
described in Fig. 3, where the object is represented as a graph-
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Fig. 3. Proposed MSVBL aims o separate objects into different classes {left)
where the object s a bag of graphs construcied from multiple structure
views (right),

bag consisting of graphs collected from multiple structure
views, To build an effective learning model, the technical
challenge is twofold: 1) muluple structure-view representa-
tions: how to find effective substructure features for different
structure views and 2) graph-bag-based MSV learning: how to
integrate bag constraints, where the class label is only available
for a graph-bag, for further learning.

Intuitively, when objects are represented as a bag of MSV
araphs, a straightforward solution 16 enable learning is o prop-
agate the bag label to each graph inside the bag. In this case.
the learning issue is downgraded to an up-to-date multigraph-
view graph classification problem [11]. Unfortunately, due
to the bag constraint that not all graphs inside a positive
bag are positive, simple bag label propagation may cause
some negative graphs to be mislabeled and deteriorate the
learning accuracy. Altenatively. frequent subgraphs can first
be explored 1o represent MSV graphs in vector space, so that
the problem 1s downgraded to the latest mulfiview mudti-
instance learning [12]. However, this is stll suboptimal,
mainly. because simple frequent subgraph features do not have
sufficient diseriminative ability for learning, unless subgraph
features are carefully explored und assessed across different
structure views.

To solve the above-mentioned challenges, we propose an
MSV bag constrained learning (MSVBL) algorithm, with
emphasis on cross structure-view substructure feature explo-
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Fig. 4  Traditional graph clossification intends to separnte objects into

different closses (left), where each object 1s represented as o single graph
from a single strocture-view {night).

ration for accurate graph classification. A unigque feature of
MSVBL is that it progressively selects the most discriminative
subgraph across different structure views under graph bag
constraints, so it nol only achieves maximum margins between
labeled graph bags (positive versus negative). but also has
minimum loss on the graphs in negative bags. The key
contribution of this paper is threefold.

1) We formulate a new bag constrained graph classification
problem, in which the learning object is a bag of
graphs (1., graph-bag) with multple structure views.

2) MSVBL integrates multiple structure-view substructure
exploration and learning into a unified framework. This
is inherently different from manv common subgraph-
based graph mining methods, which treat subgraph
exploration and subseguent model learmning as separate
processes.

3) An upper bound score for each substructure is derived
to effectively prune the subsiructure search space.

The rest of this paper is structured as [ollows. The related
works are reviewed in Section I1. Preliminaries and the prob-
lem statement are addressed in Section I11. Sechion IV outlines
the proposed M3V bag constrained graph learning frame-
work MSVBL, and is followed by experiments in Section V.
We conclude this paper in Section VI

[I. RELATED WORKS

Our problem is inspired by multi-instance learning on
graphs with multiple structure views. Thus, in this section,
we review works related to graph classification, multi-instance
learning, and multiview bag/graph leaming.

A. Graph Classification

Learning from graphs is a challenging task. mainly because
graphs only have structured data (node and edge) but no
feature representation, as shown in Fig. 4. Therefore. tradi-
tional feature-based approaches [13] (e.g.. Bayesian networks,
decision trees, and instance-based learning) cannot be directly
apphied for learming. Motivated by the similanty strategy in
instance-based learning, a straightforward method is to directly
calculate the graph similarity in the structure space. To this
end. graph kernels [14], [15] have been proposed to make
use of graph properties (e.g., node degree distribution [16])
to calculate the similarity between graphs. These methods
share the same principle in their design: they enumerate graph
structures, in terms of paths or walks, and so on, and compare
the similarity between graphs using such structures. Because

"®.
& ®

Fig. 5. Traditional mulb-mstance classification intends to separate o bag of
instunces into different classes (left), where the object for clussification is i
bag contmming multiple instonces with each insiance being represented as o
feature vector (right).

LB

graph structures are potentially infinite, these methods often
cannol identify which substructures (ie., parts of the object
graph) are mostly discriminative for distinguishing graphs
from different class labels (.., enabling discriminative graph
learning and classification).

Methods also exist w find good subgraphs that transfer the
graph structure learning problem into a traditional supervised
learning issue. In this case, majority learning approaches
(e.g., support vector machines) can be directly used for classi-
fication. Nevertheless. if we enumerate all the subgraph candi-
dates. the corresponding search space increases exponentially
with respect to the number of graphs. To solve this issue.
a commonly used subgraph estimation criterion (i.e., discov-
ering all frequent subgraphs) is proposed by Yan and Han [17].
Other subgraph excavation methods (e.g.. FFSM [18] and
PSFS [19]) have also been proposed to find frequent subgraph
features for further learning.

The above-mentioned frequency-based methods are mainly
unsupervised, and do not utilize the label information. Super-
vised subgraph feature extraction methods have also been
proposed to find discriminative subgraph features for different
classes, such as LEAP [20], gPLS [21], COPK [22], and
GAIA [23]. Kong and Yu [1] proposed a g8SC method to
explore subgraphs (e, discrimmative features) for semisu-
pervised graph classihcation. Kong ef al. recently proposed
tackling graph learning issues (e.g., active graph classifica-
tion [24], uncertain graph [25], and multilabel graph classifi-
cation [26]) by employing the Hilberi-Schmidt independence
criterion (HSIC) [27]. There are also a number of complex
graph classification tasks, such as positive and unlabeled
gruph classification |28), graph stream classification [29],
and multitask graph classification [30]. In addition. there
15 another stream of work, which explores the subgraph
in multiplex networks [31], [32], which contain multiple
types or edges. Although multiplex networks do not address
the same multiple structure-view learning problems, they are
potentially useful to solve similar problems, such as the image
data set.

B. Mulri-Instance Learning

Multi-instance learning was motivated by drug activity
learming [33] where if a molecule group is active, at least ong
molecule is active. For inactive groups, all molecules inside
the group are inactive. Such observations led to a novel multi-
instance learning lask. as shown in Fig. 5, in which the training
data are instance-bags, with the label only available for each
bag (but not for the instances inside the bag).
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To support multi-instance learning, most existing meth-
ods attempl to upgrade the traditional supervised learning
approaches. For example, Wang |34] proposed a lazy learning
k-nearest neighbor algorithm, citation-KNN. Other approaches
include tree-based multi-instance learming [ 35], multi<instance
rule-based learming mi-DS  algonthm [36], multi-instance
kernel machines [7]. and multi-instance-bag dissimilarity-
based learning |37], [38]. Researchers have also attempted o
adapt other popular single-instance learning algorithms 1o the
multi-instance selting, such as multi-instance neural petworks
(e.c.., BP-MIP [39] and RBE-MIP [40]) and MIBoost [41]
(a variation of AdaBoost [42]).

The above-mentioned methods mainly focus on upgrad-
ing traditional supervised learming approaches for the mulu-
instance setting. On the other hand, transferring multi-instance
issues (o a classical single-instance selling can also work
well. One simple and effective method is to transform the
original multi-instance data into a single-instance data format
by representing cach bag as one instance, which is called
SimpleMI [43]. Allernatively, [44] and [45] proposed an
mstance selection method using a feature mapping strategy
based on the selecled instances from training bags. Some
algorithms are specially designed for multi-instance tasks,
and examples include: maximum margin [46], scalable multi-

instance learning based on the vector of locally aggregated

descriptors, and MIL based on the Fisher vector [47].

C. Multiview Bag/Graph Learning

Multiple feature view learning [48], [49] has recently drawn
much attention, and extensive research has shown that learn-
ing from multiple feature views is potentially more accurate
than relying on a single feature view. Most of the existing
feature-based learning approaches under multiple views are
construcled on general studies, in which the label is allo-
cated for a single instance with feature-vector representation.
Nevertheless, feature-based learming approaches are unable (o
handle structure data and cannet be directly applied for the
instance-hag learning tasks, where the learning object is the
instance-bag and the label is only available [or the instance-
bag but not for the individual instance,

To explore informative [eatures across mulliple views in
multi-instance learning. one intuitive solution is to first han-
dle the single-view informative fcatures by separating the
views [50], and using concatenation methods [51] 10 com-
bine all the selected features 1o represent bags for further
classification. Nevertheless, this type of intuitive approach
is unable to globally excavate the most informative features
from different feature views to benefit the subsequent learn-
ing, mainly because they only locally explore and concate-
nates the features from each individual view. A contrasting
approach is to concatenate all the feature views as one com-
plete view, so that existing multiple instance feature learning
approaches can be directly employed on the concatenated view
(i.e., the whole feature space) for lurther learming [52]. One
recent method uses a cotraining-based approach to deal with
multi-instance data under different feature views | 12].

The substructures features (i.e., subgraphs) mined from
single structure-view graphs cannot adequately describe the

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

learning object charactenstics [53] in single structure view
classification, whereas excavating rich information from dif-
ferent structure views benefits graph learning performance,
mainly because an object may present various properties as for
different feature spaces. A key problem for multiple structure-
view [eature-based learning is the view combimation addressed
in our previous multigraph-view learning lor single graph
classification [11]. One popular structure-view combination
approach is 10 concatenate all ndividual structure views into
a whole structure-view. The MSV learning task can then be
transferred to a single structure-view learning problem. Never-
theless, such a structure-view combination can incur overfitting
issues, especially when there are insufficient training graph
data sets. Another cotraining structure-view method, which
integrates all graph classifiers in each substructure-view to
carry out the final targel object classification, is also very
common. In these structure-view ‘combination approaches,
the object for learning is the individual graph, so these
approaches cannol be dircetly applied to a multigraph set-
ting in which the object to be classified is a graph bag
(i.e., a graph set). The classification object in existing multi-
instance learning technigues is in the feature-vector space.
50 these methods cannot be used for graphs, This naturally
raises Lhe requirement to design new methods to handle bags
that contain graphs under multiple structure views.

[II. DEFINITIONS AND PROBLEM STATEMENT

This section first introduces important notations and defin-
itions, and then states our research problem.

Definition | (Connected Graph): A graph is represented as
G = (V.E.L.I. where V is a set of vertices V =
{vty....0n, )} EC VxVis asetl of edges, and L is the set of
labels for the vertices and edges. [ : VUE — L is the function
assigning labels to the vertices and edges. A connected graph
15 a graph in which there is a path between any pair of vertices.

Definition 2 (Subgraph/Substructure): Let G =
(V,E,L,0) and g = (V,E, L I') be two graphs. g
15 a subgraphfsubstructure of G, Le., g € G, il there
exists an injective function ¢ : V' — V st (L¥p €
VM) = Hp(p)): (D) Y (u,v) € E', (plu), @(n)) € E and
(1, v) = l{glu), @(p)). If g; is a subgraph of G. then G is
a supergraph ol g;.

Definitiom 3 {Structure-View): A siructure-view is denoted
as a wple (V, E, £, 1), which represents the structure of an
object as a graph from a single structure-view, such as a
single relationship or a single feature. Similarly, MSV denotes
multiple types of tuples, which describe the structure vanants
of an object from different structure views.

Definition 4 (Multistructure-View Graph-Bag): An MSV
graph-bag B; = [B'-1 ..... H:“ ., B’} consisis of many
graph bags, where Ef denotes a single-structure-view graph
bag from the kth structure-view, and each B‘f‘ contains many
graphs Gﬁ = B}“ construcied from the kth structure-view. The
class label of the graph bag B; is represented by ¥; € V. with
Y=[=1,+1}

The set of all graph bags under all structure views is denoted
by B, with B~ and B™ denoting all negative and all positive
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Fig. . Conceptual view of the proposed MSV learning for graph-bag clas-
sification (MSVBL). In each iteration, MSVBL selects an optimal subgrph
gy {slep a) If the algorithm docs not mect the stopping condition, g will
be added 1o the subgraph sel g (step d) or will otherwise terminate. Duging
the leop, MSVBL solves a hincar programming (o updaic the weoghts for
training graph-bags and praphs, The weights are continvously updated until
the optimal classifier is obtained.

graph bags, respectively. The aggregation of all graphs in
negative bags is denoted by G~ In addition, we use G; to
denote a graph generated from multiple structure views, with
superscript k denoting the kth structure-view.

Definition 5 (Subgraph Representation for Graph): Given a
subgraph set g = [g1. ..., gm] discovered from graphs under
multiple structure views. where gy € g could be mined from
any structure-view. Accordingly, each gmph G; sj can e rtpr'v

sented as a xuhgr.s.ph feature vector :: [j, - F]T

[0, 1)™, where f, = l,I'<s <m, lﬁg, lsasubgraphul'
G; (ic.. 31:; €Gjrg C G""}ﬂnd £ = 0 otherwise.

Dqﬁmrmn ﬁ (Subgraph prﬁ#fnmfmn for Graph-Bag):
For subgraph set g = {g1,..., ¢m] mentioned previously,
ﬂn MS"'--r bag B; jean be represented by 2 feature vector

= [y AT € {0, 1), where 5 = 1, iff g, is

a mhgmph uI' any L_mph Gj in bag B; (ie, 3G; € Bk
Bi ngs © Gj)and ﬁ. _Gﬂﬁlmwse

Given a set of bags B = (B, .. ... B") comaining
labeled graph-bags from v ‘itl"EIErurE views, the aim of MSV
learning for bag constrained graph classification is ta build
a prediction model by exploring optimal subgraphs from the
training graph bag set B, and accurately predict the labels of
previously unseen MSV graph bags.

IV. MULTISTRUCTURE-VIEW BAG LEARNING

Our proposed MSV bag constrained graph classification
framework is shown in Fig. 6. It consists of three major steps.

1} Optimal Subgraph Exploration: In each iteration.
MSVBL explores a discriminative subgraph to improve
the diseriminative capability of the graph feature set g.

2) Bag Margin Maximization: Based on the currently
selected subgraphs g, a linear programming is solved
to achieve maximum bag margin for graph bag
classihcation.

3) Updating Bag and Graph Weights: After the linear
programming has been solved, the weight values for the
training bags and graphs are updated until the algorithm
converges.

A. Maximum Bag Margin Formulation

In graph-bag constrained learning, bag labels are asymmet-
ric in the sense that every graph inside a negative graph-bag
has a negative label, whereas at least one graph is positive in
a positive graph-bag. Accordingly, we can aggregale the linear
constraints from two levels (bag- and graph-levels) as

min ZZHJ 4 Cy Z o +0C Z Uh

& i:Bjel JilG ety
"
st 5D (wf) ke, (BY) > 1-6, i=1....18
k s=I
ZZ{mL’] hy(G) < —L4mj, j=1lG]

wh :vl]- wl =0, E>0; =0 (1)

where w {wﬂjk + [m{‘ " ¢i and #; are the evaluation of
the mlsclﬂssmcmmn Cy and 7 are misclassification tradeoff
hyperplane margin and errors, which are both set o | in our
experiment. Because bag labels are known, the weighted errors
are C) .. BB ¢i. In addition, graphs in the negative bags arc
known as negative, Therefore, the weighted errors at the graph
level are €2 5.6 5 1)

In (1), hy, {Bi} is a weak subgraph classifier. which outputs
the class label of the bag BF in the kth view based on
subgraph gy, and hm{G"’] is a weak subgraph classifier for

the graph 15It in the kth structure-view based on subgraph gs.
We can vse u subgraph gy as a decision stump classifier for a
graph or bag in the Kth structure-view aus

hy, (B) = (v (21 (e c BY) - 1)

hy, (GA) = (wE)* (21(g, < G*) - 1) )

where g, C E:‘ ifT gy is a subgraph of any graph G in
hag H* e, 3G € B A gy © G. (Y and (pO)
tw_,r : l;:r, e W = [—1,+]1]) are parameters controlling the
label of the classifiers, with J(-) being an indicator function.
[u:rﬂ]k and {mt,f.:"}"i denote the weights of the bag and graph in
the kth structure-view, respectively. For a subgraph set with
size m = ), my. the prediction rule for a graph bag B; is a
linear structure-view combination of the corresponding weak
classifiers as

H(B:) = sign (Z % {mf]khg, (Ef})
k s=I1

(3)
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B. Linear Programming Optimization

To support multiple structure-view bag constrained graph
classifications, a set of subgraph fealures g = [gy,...
[P o) 18 required. One straightforward solution is an
exhauvstive enumeration strategy, which enumerates all sub-
graphs to find the best ones for learning. Nevertheless,
the number of subgraph candidates increases exponentially,
and the huge amount of time consumed makes this type of
greedy subgraph search method impractical for real-world
learning tasks. This problem can be solved by a column
generation lechnique [54], which works on the Lagrangian
dual problem with respect to (1). Starting from an empty
subgraph feature sct g, column generation iteratively adds
one subgraph g, to g which violates the constraint under
the dual learning problem. Each ume the subgraph set g is
updated, column generation resolves the primal problem in (1)
by solving the restricied dual problem. This process keeps
running until convergence, which can be formulated as

Imax Vi — Iy
¥ik iBeld ;1;§;; J
st <y =€), i=100 ||
O<pj<Cy j=1,...,167]
(z yi¥ihg, (B) = D pjhg( ‘é})gzn
A \i:BeB 16l

(4)

where y; and p; are Lagrange multipliers, with Z.r.;l =
p. Note that the related dual problem has a small number
of variables, but many constraints. Among them, each con-
straint &y, = 2y (Lipen?iYiky (Bf) =2 G- Hihg)
{Gi ) < 20 indicates a subgraph feature g, over all graph-bags
B, with the first and second terms of the left of constraint being
the gain on the labeled graph-bags and graphs in negative
bags, respectively. Intuitively, this constraint provides a metric
to access the bag constraint-based discriminative power of a
given subgraph g;.

C. Bag Constrained Criteria

In addition to favoring the subgraph in the feature sei g
which has a high discriminative score, we also want (o make
sure that the selected subgraph g, has the capability to dentify
positive graphs in positive bags. The selected subgraph set
g = g, ... 8n] 2 g should ensure the following con-
siraints.

1) Graph-Bag Must-Link: Because bag labels are known in

advance. the selected subgraph features for graph-bags

B; and B should ensure that graph-bags with the same

label are close to one another.

Graph-Bag Cannot-Link: The selected subgraphs should

ensure the dispanty of graph bags with different class

labels by taking into account the data distnbutions inside

each graph-hag.

3) Graph Must-Link: In our graph-bag setting, every graph
inside the negative bags 15 negative, and thus, the

I=d
ain®
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subgraph feature representalion should encourage nega-
tive graphs to be close to one another.

4y Graph Separability: The corresponding genuine labels
for graphs in positive graph bags are unavailable. To this
end, we adopt the assumption of principal component
analysis, i.e., exploring the component with the larges
possible vaniance, to preserve the diversily in positive
bags,

Based on the above-mentioned discussion, the subgraph

feature estimation £(g) can be formulated as follows:

1
Bep poaal
in,,r, Ky (Bi. Bj)Q
| :
+3 26,6 K (G CNQE

where fﬂ denotes the similanty belween two graph-bags
via bag Imrel criteria 1) and 2). with I’G representing the
graph level criteria 3) and 4). Qﬂ I—UIM Yi¥Y; =1
1/|B, YiY; = =1}, with" A z”-__ (l,oand B =
Z:-’ ¥=1 | representing the lutﬂl hag pairwise constraints.
Qg [-/ICI.¥G.G; € B~; 1/|D|,YG;,G; € B,
with C =X, Gyet- | And D = 2.6..G.ei+ | denote graph
pairwise umu[mmlﬂ R' (B;, BJ] and R’{‘ff‘ ﬂj} denote the
distance between two h.i;_.w. or graphs m the feature vector
space under the explored subgraph set g using an Ly norm
measure.
Accordingly, for bag level ff{" . we have

_ph G _
b =£2 4.6 =

(3)

. 1 2

tf = Ezr i [x? —xj-]" QF-
_Z}' T HQU z:"'r'.-'l'j {!‘:E}Txfgfj
:Z} x) IHZ 0; _Zr,.n (IﬁT!fof

Bil B B B\T_B AR
= Zr,- (x') = Djj - Z}rl.‘yj (57) % Qi
= tr(XpDpXp) - fr{:’_ﬂui?ﬂ?f;i]
= 1r(Xa(Dp — @)Xy ) = tr(XpLpXy)
=2 o ) Laf?

BB
where Ir[} denotes the matrix trace operator, Xy =
[xf,....x ]—[1, veees BT € [0, 1)™<P, with p denoting
the size nl" hags, f, (I <x <m, g, €g)is regarded as a
vector indicator of ﬂi.lhE_l’E!.Ph gy, with I'I:ﬁpﬂ-l;‘l to all graph bags.
ie. fF = (s lf "]T. whi:re A =1Ll1<i<piff
3G € Ef‘ € B gy € G and j,, =0 mhe:nw.e Dp, as o
dingonal matrix, is generated from (0 g. where [ z QH
Lp is a Laplacian matrix, denoted by Ly = |f-*l }F*P =
Dy — Qpg. Similarly, the graph level t""n in (5) can also be
derived as o matrix format, which joins wuh graph level ! B
Lo rewrite (5) as

= ((£) Lo+ (r8) Lafl) =D fTLs )

Rveg E:=R

where
T Ly O
i [f"}‘ =[5 ]

()

(8)
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where f, is a vector indicator of subgraph g, with respect lo
the data combined with bags and graphs. In this case. each
subgraph gy will have an independent discrimination criterion
£y, = J; Lfs. because Ly =3, Ly,

Definition 7 (mgScere): Given a graph-bag set 55 contain-
ing multiple structure-view graphs, the informative score lor
a subgraph g, can be measured by

£n,=) z i¥ihy, (BY) - D njhg(Gh) |+ 1L
k

f- ELI
(4)

To construct the MSV bag constraining model, the most
informative subgraph leature considering each trmining bag
weight and graph weight in negative bags across all struc-
ture views needs o be explored for bag constrained graph
classification,

D. Optimal Subgraph Exploration

To discover subgraphs for validation, an intuitive solutien
for exploring an informative subgraph set is to employ an
exhaustive enumeration strategy, which needs to enumerate
all subgraphs and uses their mgScore values for ranking.
Nevertheless, the number of subgraph candidates increases
exponentially with respect to the size of the search space (i.e.,
the graph set collected from each structure-view). The huge
time consumplion makes this type ol greedy subgraph search
method infeasible for real-world learming tasks. Instead,
we apply gSpan |17]. which 1s an efficient subgraph mining
approach based on the depth-first search (DES) strategy, to find
the subgraph feature candidates. The core concept of gSpan
is that it establishes a lexicographic order to encode each
graph, through which all frequent subgraphs are discovered
efficiently. In MSV scenarios, we derive an upper bound for
mgScore (o prune the DFS-code tree (ie., reduce the search
space) as follows:

Theorem 1 (mgScore Upper Bound): Given two subgraophs
£y, I; € g. where g, is a supergraph of g, {ie gy isasubgraph
of g, with g¢ 2 gy). The mgScore of gy, £, is bounded by
£y, ie. £ <&, with £,, being defined rm

£, = nm{(;’,(ﬁj] + 1, L (10)

where, L is conducted by ﬁ,;; = max(l), L j), and

+ v Z 1Y

jigeeGt i-B,<B
(11)

_zz >

i¥i=+1. ;I.':EHI'

For any uuhgmph e I R £._-': (i.e., the mgScore of

subgraph g}, £, is bounded I:-g.r E#_, ). The proof is detailed in
the following three components: 1) &, = (s in Appendix A;

Algorithm 1 Informative Subgraph Exploration
Input:
B =B, Bl o - B"): A multi-structure-view bag set
with v structure-views;
= ¥1s--- Y1) A bag weight set;
= {f1, oo pyg-(): A negative graph weight set;
min_sup: The threshold of the frequent subgraph:

Output:
g.: The most discriminative subgraph;
I g, = ﬂ:
26 =16 ..., G, ;") = Aggregate all graphs in B;

3 fnr all structure-views G k=1.....v in G do
4:  while Recursively visit the DFS 'Cl.’fldﬂ Tree in gSpan do
5. g" « current visited subgraph in DFS Code Tree:

o if freq(et) < min_sup, then
T=
B

return;
Compute the mgScore Eﬂ. for subgraph _::f using
Eq. (10},
9 if £ == W, then
A gﬁ
1: if Eg: = £, then
12 Dcptl:b-ﬁnt search the subtree rooted from node g#
13:  end while
14: end for

15 return g,

L) &y = ;4;."' in Appendix B: and 3) { < _,a".\f Lf_.,
Appendix C. In this case, the mﬂ.x{l-. £"’}-1— f L f, will be
selected as the upper bound. When a suhgmph gy 15 generated,
all its supergraphs are upper bounded by Enr- Therefore, this
theorem will help to reduce the search space efficiently.

The above-mentioned upper bound can be used to prune
the DFS code search tree in gSpan via the branch-and-bound
pruning strategy; the complete subgraph feature exploration
approach is listed in Algorithm 1. The algorithm enumerates
subgraph features by searching the whole DFS code tree
for each structure-view. If a current subgraph g, in the kth
view 15 infrequent, both y and its related subtree need t{'-
be discarded (lines 6 and 7). If nol, the mgScore of g,
(l.e.; £ :l will be calculated (line §). Tf .t_qf 15 greater than
the current optimal mgScore £, or the optimal subgraph £,,
15 emply (1., n the first iteration), £ will be regarded as
the current optimal item £, (lines 9 and 10). ‘iuhue-quenliju
the upper bound pruning module will check whether tﬂg s
less than £,: if s0, this means lhut lhe mgScore vilue of
any supergraph i:, af g't (1.2, ;,_, = by 1mll not be grealer
than £, . Thus, the subtree ropted from .E; 15 safely pruned.
If E : is indeed greater than the mgScore of g,. the 1l.f:dn:h

pmt.ew will sequentially visit nodes from the subtree of ,l::_,
(lines 11 and 12).

E. MSVBL

The complete procedures of the proposed MSVBL frame-
work MSVBL are listed in Algorithm 2, which iteratively

extracts informative subgraphs across different structure views

5 ¥ 8 8
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Algorithm 2 MSVBL

Input:
B = |,Ei'I _____ B* ... B'f: A multi-structure-view graph
bag set:

min_sup: The threshold of the frequent subgraph:
m: the maximum number of iteration;
Output:
The target label ¥, of a test multi-structure-view bag B;
// Training Phase:
I g —
0
3: while 1 < m do
4 g« — Apply B and min_sup to obtain the most infor-
mative subgraph; // Alogirthm |
5 if {y, /20 < 1+ € then
: break:
T B+ glp,:
8  Solve Eq. (1) based on g to get w® and w", and the
Lagrange multipliers of Eq. (4) y and p;
% teT+];
1t end while
I Testing Phase:
I ¥, {—.':igrl(zk E‘q.sg["-‘f}lhm [Ef})
12: return Y.

o expand the candidale subgraph set g, by using mgScore.
After m iterations, MSVBL will boost the generated m weak
classifiers for final prediction.

MSVBL starts from an empty subgraph set g = @ (line 1),
and tteratively chooses the most informative subgraph feature
g, in each round (line 4) according to Algorithm 1. If the
current optimal subgraph no longer violates the constraint,

the iteration process terminates (lings 5 and 6), Because the

dilference between the optimal values in the last few iterations
is relatively small, a threshold e is used (o relax the stopping
condition (i.e., we set € = 008 in our experiments), Aflter
that MSVBL solves the linear programming problem by using
the current optimal subgraph set g o recalculate two groups
of weight values: 1) w? and w®: the weights for bag-level
and graph-level weak subgraph decision stumps, respectively
and 2) y and p: the weights of training bags and graphs in
negative bags for optimal subgraph feature exploration in the
next iteration, which can be calculated from the Lagrange mul-
tipliers in the primal issug (line 8), If the learning framework
converges or the maximum number of iterations is achieved,
the traiming phase of MSVBL is terminated. During the lesting
phase. the label ¥, of a test bag B, is determined by the final

classifier sign(}; 3, . (w!) h,, (BY)).

V. EXPERIMENTS
A. Benchmark Graph Bag Data Sets
I} Scientific Publication Multistrueture-Yiew Graph Bags: The
information from the Abstract contenl and the paper citation
relationship naturally form two structure views. Each scien-
tific paper is converted into an Abstract content view graph
by utilizing the contextual correlations (edges in graphs) of

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

s ¢ o -~
| cunsiraint query p
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ool |
I 1
| |1.11|-'ill.1|tl
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| deseribe(J) 1
| o A I
: intenpret mﬂgnhlht}' '
e e e ey e v Qe __|
Fip. 7. Graph representation of the Abstract in a paper entitled “Static

Analysis in Datalog Extensions,” Each pode (i, a circle) denotes a keyword
in the Abstract. The weight values between nodes indicate the correlations
between keywords, By using a threshold (e.g., (LUN5), an Abstract can be
converted into an unwelghted gmph. '

keywords (nodes in graphs) in the Abstract. Using linked
keyword relationships (e.g.. cooccurrence of keywords in
different sentences) o form a graph representation for each
paper (as shown in Fig. 7 to be explained later) has shown bet-
ter performance than simple bag-of-words representation [6].
because one or multiple independent keywords/attributes is
insufficient to describe the content of a paper. For a paper
citation relationship view graph, €ach graph node represents
a paper ID with edges representing the citation relationships
among papers (detailed in [29]). With graphs built from the
paper and the references cited n the paper, a paper can be
represented as a graph bag containing multiple graphs in two
structure views (i.e., Abstract view versus citation relationship
view). For example, assume paper A cites papers Ay, Aa,
and A3, and the label of A is “Positive.” For each view, we will
first generate one graph from A, Ay, As, and Ay, respectively.
Afier that we put all four graphs in one bag, and label the bag
as “Positive.” Thus, each paper corresponds o a graph bag
with two structure views (Abstract content view versus paper
citation relationship view),

The Digital Bibliography and Library Project (DBLP) data
set' consists of bibliography in computer science, with each
record containing information, such as Abstract, authors, year,
venue, title, and references. We select papers published in Arti-
ficial Intethigence (Al: ICAIL AAAL NIPS, UAL COLT. ACL.
KR, ICML, ECML, and IJCNN) as positive bags, and Data-
base (DB: SIGMOD. PODS. VLDB, ICDE, CIKM, DASFAA,
ICDT. and 55D) as negative bags to form an MSV leaming
task. The objective is to predict whether a scientific publication
is part of the artificial intelligence (positive) or database
(negative) field by using the graph representations with the
ahove structure views. The two research fields overlap m many
aspects, e.g., data mining, information retrieval, and patiern
recognition, which help create a challenging MSV learning
Lask.

In the Abstract structure-view, an element fuzzy cogmitive
map (E-FCM) [33] is wotilized for each abstract to explore
keywords as nodes, and correlations between keywords are
used to form the edges of each graph. as shown in Fig. 7.

Uhispe//dbip. uni-trier.defxmi/
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The same graph representation for scientific publication can
be found in our previous work [51]. In the expeniments,
we choose 600 papers in lotal (corresponding to 600 multiple
structure-view bags) to form positive (Al)} bags (300 bags
with 1756 graphs) and negative (DB) bags (300 bags with
|'738 graphs).

2| Conteni-Based Image Multisirueture-View Graph Bags: The
original images [36] collected from the “Corel” data set® are
preprocessed using VLFeat segmentation.® Each image is seg-
mented into multiple regions, with each region corresponding
to one graph. For an individual region simple linear iterative
clustering |57, a state-of-the-art superpixel-based method is
applied to oblain graph representation. Each node indicales one
superpixel and each edge denotes the adjacency relationship
between two superpixels.

Two types of feature [58], hue-saturation—value (HSV) in
the color space and local binary patterns (LBPs) in the texture
space, are naturally related to two structure views. HSV is
a common cylindrical-coordinate representation applied for
constructing a color model, and LBP is a well-known tex-
ture spectrum descriptor for capturing local texture features,
We first extract a three-channel HSV feature on each pixel
for the HSV representation. A 256-D codebook is constructed
via k-means clustering on the explored HSV cylindrical-
coordinate representations. Each pixel is transferred to a |-D
code by calculating the distance between the pixel color and
the prior cluster centers. We then assign a 256-D histogram-
based vector to each superpixel (i.e.., HSV-based superpixel
representation) using the code occurrence statistics. The uni-
form LBP is used to generate a 59-hin code on each pixel.
which is assigned to | bin based on the local texture pat-
tern. A 39-D histogram representation can be constructed
o encode the statistics of each superpixel. Similar graph
representation can be found in our previous work [39]. In this
image related experimental data set, the superclass “Cats”
has three subclasses “Tiger”” “Lion,” and “Leopard.” which
are used as positive images (300 bags with 2679 graphs).
In addition, 300 images of other animals are randomly selected
as negative bags, including 2668 segments (i.e., graphs) in
negative bags.

B. Experimental Settings

All experimental results and comparisons are reported on
10 times tenfold cross-validation. Unless specified otherwise,
we sel the minimum support threshold min_sup = 3% for
scientific publication data (Section V-Al) and min_sup = 2%
for content-based image data (Section V-A2). All experiments
are conducted on a Linux cluster 16 processors [Interl(R]
Xeon(R) at 3.47-GHz CPU| and 128-GB memory size.

C. Baseline Methods

To the best of our knowledge, this is the first work (o
consider the multiple structure-view bag constrained graph

:hltpﬂ Afsites.goople. comdsite/dorescarch/Bome/content-based-image-
refrieval
Shtp:fwww.vifeatory/

classification problems. The contribution of this paper is
to design an effective graph classification framework under
multiple structure views o advance the fundamental graph
classification techmique, not a new algorithm in a special
domain (e.g., image or text, or other domains in which the
proposed framework can be applied) to compare with other
lype of technique. e.g., deep learning and exireme learming
machines, As a result, all baseline methods belong (o the graph
classification family.

To comparatively study the performance of the proposed
MSVBL method, we first use wo types of baseline (bag
level and graph level) for single structure-view evaluation.
and then implement three different structure-view combination
strategies for comparison studies. Bag-level approaches first
discover informative subgraphs at bag level to represent graphs
in the bag set (i.e., transferring a graph-bag sel to an instance-
bag set) for classification. By contrast, graph-level approaches
propagate graph bag labels to all graphs in the bag. through
which the informative subgraphs can be explored o repre-
sent bag-of-graphs 1o bag-of-instances in the feature vector
space.

I} Subgraph Evaluation Criterion: To explore informative
subgraphs for comparison purposes, we implement the follow-
ing four different Lypes ol subgraph feature evaluation critena.

a) Frequency-based approach: For the purpose of select-
ing subgraph features from graphs, the Top-k [60] approach
adopts the frequency criteria to select the highest frequent
siubgraphs as features. In the graph-bag setting, the bag-level
frequency is measured with respect to bags (i.e., the occurrence
of the subgraph 1s counted as 1 1l a subgraph is contained n
one or more graphs inside a bag, or 0 otherwise). By con-
trast. the graph-level frequency setting directly calculates the
frequency with respect (o graphs.

b) Information  theory-based  approach:  Information
gain (1G), which is vsed in selecting feature nodes for decision
tree construction, is commonly used for subgraph estimation
in graph classification [24], [29]. When dealing with graph
hags, bag-level 1G tries to select subgraphs with the highest
IG based on subgraph leature representation for graph bags.
as given in Definition 6, Graph-level IG calculates the 1G score
on graphs based on Definition 5.

¢) Discrimination-based approach: A novel discrimina-
tive subgraph selection criterion, ¢SSC [1], has demonstrated
strong performance in tackling graph structure data. The basic
idea 15 to select informative subgruphs such that graphs with
different labels in the subgraph feature space are distinct
from each other. Accordingly, the bag- and graph-level gS5C
apply the g55C discriminative measures (o bags (graph-bags
with bag labels) and graphs (graph objects and the labels via
inhenting the bag labels), respectively.

d) Dependence-based approach: The HSIC, which mea-
sures the dependence between two variables in a specially
designed kernel space, has recently been proposed (o maximize
the dependence between subgraphs for graph objects. This
state-of-the-art subgraph dependence evaluation criterion has
heen successlully employed in many graph learning tasks, such
as traditional graph classification [24], uncertain graphs |23],
and multilabel graphs [26]. The bag-level gHSIC adopts the
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HSIC cntenon to explore subgraphs using the proposed bag
representation for learming, and graph-level gHSIC simply
works on graphs by propagating the bag label 10 graphs inside
each bag.

2) Multistructure-View  Combination:  For companson
purposes, the following three structure-view combination
strategies across different structure views are also implemented
for learning.

a) Local MSV: Similar to the view combination in |51],
the local structure-view combination strategy adopts a concate-
nation mechanism to obtain MSV subgraphs from different
structure views. The above-mentioned subgraph evaluation
criterion (e.g.. gS8SC or gHSIC) is used for cach single
structure view to select my subgraph features, which will be
concatenaled as final subgraphs (o represent graphs as feature
vectors. A multi-instance learner (e.g., MIBoost [41]) will then
be used for classification.

b) Global MSV: The global view combination strategy
concatenates heterogencous feature spaces into one homoge-
neous feature space. Single-view feature selection methods
are applied to the concatenated features for learning [52].
Because there 15 no feature space in the graph domain, this
baseline approach first concatenates all the frequent subgraph

features discovered from all structure views (1... constructing

the entire subgraph feature space), and then utilizes the Top-k,
1G, gSS5C, or gHSIC evaluation eritenia to directly explore the
m subgraphs from all structure views for graph classification.

c) Ensemble MSV: We also compare our proposed
method MSVBL with a state-of-the-ant multi-instance-view
combination strategy |[12]. A number of informative sub-
araphs are excavaled for each single structure view via Top-k,
IG, gSSC, or gHSIC evaluation criteria. By representing
each graph as an instance in the leature veclor space, this
structure-view combination baseling trains a multi-instunce
classifier (e.g., MIBoost [41]) by treating each view indepen-
dently and integrates classifiers @cross all structure views for
prediction.

To sum up, we first carry out comparisons in our experiment
via the above-mentioned three structure-view combination
strategies based on the graph- or bag-level subgraph evaluation
criterion.

1) Latest Graph Classification Advances: By directly prop-
agating bag labels to graphs inside cach bag. the problem
in this paper can be transferred o the state-of-the-art graph
learning task with multiple structure views (MSVGL [11]),
which will also be used as a type of baseline (detailed in
Section V-D3). We also implement a bMSVBL approach
(i.e.. MSVBL without using the graph level constraint) as
a baseling o explore the efficiency of the unified two
level (bag- and graph-level) framework. A baseline dMSVBL
approach [33], which does nol consider the bag constrained
criteria, is also implemented o demonstrate the distinet per-
formance of the proposed MSVBL (detailed in Section V-D4),
An unbounded MSVBL (uMSVBL) approach with no pruning
module as described in Section V-D is implemented (o evaluate
the efficiency of the pruning strategy used in MSVBL (delailed
in Section V-DT7).
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D. E:pfﬁmfumf Results

1) Comparison With Bag-Level Evaluation Criteria: Figs. 8
and 9 report the results of the diverse bag-level subgraph
feature estimation criteria (i.e., TopK, 1G, gSS8C, or gHS5IC)
under the proposed three multiple structure-view combination
strategies on DBLP and Image bag constrained graph data sets,
respectively. It can be seen that MSVBL consistently performs
better than baseline approaches when the number ol selected
subgraph leatures is 20 or more. When the number of selected
subgraph features is less than 10, the performance of all
algorithms is comparable, mainly because a small number
of subgraph stumps (Le., weak classifiers) leads to inferior
classification accuracy in early Herations.

Although the generally worst-performing MSV-TopK
obtains slightly better performance when the number of
subgraph candidates is sufficiently large (e.g., =80) under
the ensemble strocture-view combination strategy. as shown
in Fig. 8(c), its subgraph evaluation measure relies on fre-
quency and is not suitable for graph-bag learning with multiple
structure views. This 15 mainly becuuse their frequent sub-
graphs are not selected toward the distinction of complicated
objects in positive and negative graph bags.

Most of the time, the information theory-based MSV-IG
and discrimination-based MSV-gS5C subgraph evaluations
are comparable, as shown in Figs. B{a) and 9alc)
However, gS5C-based approach significantly outperforms
[G-based MSVBL on the DBLP graph data. as shown
in Fig. 8(b) and (c), which can be altributed to the dis-
cnimimalive criterion used in MSV-gS5C. Of the baselines,
HSIC-based MSV-gHSIC shows the best performance, except
in comparison with MSV-1G under the global structure-view
combination strategy on the DBLP graph-bag data in Fig. 8(b).
Although MSV-gHSIC oblains high accuracy during the last
few ilerations, as shown n Figs. 8{c) and 9{c), this baseline
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TABLE 1

BAG-LEVEL r-TEST RESULTS. A, B, C, ann D DiinoTE MSVEL. LocaL
MSYV, GLOBAL MSV, AND ENSEMEBLE MSV, RESPECTIVELY

DBLP Groph Bag Duita

A-B AL A-13
LR4E-11 6.79E-12 GOUE-]2
MSV-10 IETE09 S RIELS KAOSE-10
MSV-gS§SC  L79E-07 260E03 | .84E-07
MSV-gHSIC LOGE-04 21 E-G 3.99E-U6

image Graph Bag Duta

A-B AL A-D
5,66E-12 3.55E-12 4.67E-13
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Fig. 10.  Graph-level compansons on DELP bag constrained graph data
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et with different struciure-view combination approaches. (a) Local MSV
(b} Global MSV. {¢) Ensemble MSY.

still cannot outperform the best achievement of the proposed
MSVBL.

To further demonstrate that MSVBL is indeed statistically
superior to the bag-level MSV baselines, we report the pair-
wise f-test (with confidence level @ = 0.05) to validale the
statistical significance in Table 1, where each entry (value)
denotes the p-value for a 1-test between two algorithms, and
a p-value less than ¢ = 0.05 indicates that the difference
is statistically significant. The results in Table 1 on both hag
constrained graph data sets confirm that MSVBL statistically
outperforms local, global, and ensemble MSV in all cases,

2) Comparison With Graph-Level Evaluation Criteria:
The results in each subfigure of Figs. 10 and 11 report the
comparison with graph-level evaluation criteria under a special
structure-view combination strategy. As expected. all graph-
level subgraph evaluation criteria under any structure-view
combination strategy are inferior to the proposed MSVBL,
which should contribute to the dual bag- and graph-level
mechanisms. In Table I, we report the pairwise r-test with
confidence level @ = (.03 to demonstrate the statistical perfor-
mance of the proposed MSVBL. The p-values (less than 0.05)
in each entry assert thal MSVBL statistically and significantly
outperforms graph-level MSV-based learning methods MSV-
TopK, MSV-IG, MSV-g55C, and MSV-gHSIC under all three
structure-view combination stralegies.

Graph-fevel compansons on dmage bag constramed graph dara:

TABLE I

GRAPH-LEVELI-TEST RESULTS. A, B, C, AxD D DuxoTE MSVEL,
LOCAL MSV, GLOBAL MSV, AND ENSEMBLE
MSV, RESPECTIVELY

DBLP Graph Bag Duto Image Graph Bag Data

| AB  AC  AD AB AL AD
MSV-TopK  |.30E-ID 241E-12 286E-08 || 7T87E-13 L3KE-12 4.54E-1]
MSVAIG  LOSE-09 237EA0 | 97E-09 || S83E-10 1L73E-10 2.21E-11

2 14E-09 24RE-1] 4. 10E-11
5.95E-09 3.12E-10 5.57E-08
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Fig. 12, Average results on DELP graph bag data ser with different structure-
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When the number of subgraph features is sufficiently
large (e.g., more than 90), all baselines achieve similar per-
formance. The information theory-based approach MSV-1G
performs better than the approach at bag level, which is
inferior 1o other discriminative approaches in Section V-D1.
For instance, MSV-1G achieves better performance than dis-
criminative MSV-gSSC on the image graph bag data sel,
as shown in Fig. 1l{a}-{c). Moreover, MSV-IG is superior
o the best bag-level baseline MSV-gHSIC under the local
MSV sirategy on the image graph bag data set [Fig. 1l{a}],
and the global structure-view combination strategy on both
data sets [Figs. 10(b) and 11(b)]. This is possibly because
the graphs at graph level may provide more information than
bags. The graph-level methods direetly propagate bag labels to
graphs inside each bag. This can lead to a sitwation in which
some graphs in the positive graph-bags may have incorrect
labels, which results in performance degradation for graph-
level MSV-gSSC and MSV-gHSIC (both need to utilize the
label information).

For the purpose of comparing the same subgraph evalug-
tion criteria under different estimation levels. we report the
average accuracy in Figs. 12 and 13, where each subhgure
le.g., Fig. |3{a}] corresponds to a specific structure-view
combination strategy (e.g., local stralegy), summarizing
hoth graph- and bag-level subgraph evaluation criteria.

z B

1§28 8RB E% R B



8 8 §F S

e

20
i

e

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

TABLE I

BEST ACCURACY RESULT OF MSVBL VERSUS DIFFERENT BAG- 0 GRAPH-LEVEL SURGRAPH EVALUATION CRITERIA
UNDER DIFFERENT STRUCTURE-VIEW COMBINATION STRATEGIES, OVER ITERATIONS (SUBGRAPHS)

VARYING FROM | TO 100 0K DBLP BAG CONSTRAINED GRAPH TITA

Accuracy DBELP Bag Constrained Graph Data
Different Multi-Structure-View (MSV) Combimation Strategies
AN dony Local MSY Global MSY Ensemble MSY
BLevel (- Lievel B-Levef Ci-devef Rilevel G-Level
MSVBL 317102 93.17-=102 931702 93174102 43174102 D317 +1.02
MSV-TopK Ti833.02 T4 174432 713174325 T2ME35] TR ROANEE.06
MSV-IG TU.671H3.04 T0.673.57 BO335 10 s0.83-2.64 77 00E3.08 w0502
MSV-u85C BULRRLE2.47 TR 184 86, 172.88 Bl 5245 B3, 172410 B 67235
MSV-gH5IC dd.X3-+1 89 RLO0E1.93 o A0 1 .84 1567207 90.33+2.1% R 50-+2.36
TABLE 1V

HEST ACCURACY RESULT OF MSVBL VERSUS DIFFERENT BAG- OR GRAPH-LEVEL SURGRAPH EVALUATION CRITERIA
UNDER DIFFERENT STRUCTURE-VIEW COMBINATION STRATEGIES, OVER ITERATIONS (SUHGRAPHS)
VARYING FROM | TO 100 ON IMAGE BAG CONSTRAINED GRAPH DATA

Accurncy

Image Pag Constrained Graph Data

Different Multi-Structure-View (MSV) Combination Strategics

MI Classtiers

Local MSV Globsl MSY Ensemble MSY
B-Laevel G-Level B-Level (5-Level B-Level Cr-Laved
MSVBL BT A3E0.X3 K7.331043 $7.33+0.81 §7.3340.83 §7.23L0.8) §7.33.20.83
MSV-Topk 16.00:4+3.71 72.3343.96 TI00£3.53 73,30£4.03 74334374 71675385
MEV-IG B1.83:13.06 7183322 81331292 SOAN=3.35 B1LE3ES 66 7917348
MSV-g55C 82.00:2.57 76,33 12:64 81334222 TH.50)=2.35 E2.67+2.15 19.67=286
MSV-gHSIC B3.17E1.80 80, 50-:2 04 8333157 B0.67-x] .92 56,1 T304 R RIEZ T
o | g g Al i S Joar =5 - o) '
In most cases, tihe subgraph evaluation criteria at bag-level are ¥ R “i BRSUTr——
approximately 5% more accurate on both the DBLP and Image i H,,/H' -1 JN Sy S
graph bag data sets. The only exceptionin Fig, 12(¢) is that  #w I‘:;""v""*:-'!-fﬂ"-;-;"*':’ ot [ ,;‘;,p“{ ———
the graph-level TopK and IG approaches, under the ensemble %L S gt | Bl I,-*'H
structure-view combination strategy, perform 2% better than Sl [ e - f v ||
- o p— MSVEL| | - « - IVEEL | 4
the related bag-level versions. By comparing the best accuracy % e :1 |~ nMSYEL
over 100 ierations or subgraphs in Tables H1 and IV, we find s 1) ol =
L i Al 6 = =] L) o) it i sy i

that the bag-level subgraph evaluation criterion shows more
improvement over graph-level baselines.

3) nternal Performance Analysis in MSVBL: The above-
mentioned comparison resulls with the bag- and graph-level
baselines have demonsirated the superiority of the proposed
MSVBL. Indeed, because MSVBL includes two relatively
independent components: [) dual bag- and graph-level mech-
anism and 2) discriminative subgraph candidate generation.
we want 10 carry out an internal performance study to better
understand the actual role of each component. To investigale
the efficiency of the dual level (unified bag- and graph-
level) framework used in MSVBL, we implement an MSVBL
version withoul using the graph level constraint, namely,
bMSVBL. In consideration of the discriminative subgraph
search used in MSVBL, another type of baseline dMSVBL
approach that does not wiilize the bag constrained discrimina-
tive score [or subgraph candidate generation 15 also imple-
mented o further demonstrate the distinct performance of
MSVBL.

The detailed expenmental results  are  reported
in Fig. 14(a) and (b) for both the DBLP and Image

# of ieralions'subgraghs ¢ of (terafione’subgraphs

(a) (hi

Fig. 14, Expenimental resulis for MSYBL on (a) DBLP and (b) image graph
bag data sel.

graph bag data sets. dMSVBL is inferior to MSYBL when
the subgraphs are relatively adequate (1.e.. >40). On the other
hand, MSVBL constantly outperforms bMSVBL without
using the graph-level constraint. The results also show that
when the number of subgraphs is less than 40. dMSVBL
without bag constrained discriminative subgraph selection
achieves comparable performance to the proposed MSVBL.
which indicates that effective discriminative subgraph features
cannot be identified with an insufficient number of subgraphs.
This observation is consistent with the bag constrained
subgraph quality analysis in Section V-D4,

In addition, graph-level approaches directly propagate bag
labels to graphs. This transfers the problem (o an up-to-date
graph learning task with multiple structure views [11], where
the learning approach MSVGL is also used for compirison
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TABLE V

PAIRWISE-TEST RESULTY. A DENOTES THE PROPOSED MSVYBL, AND
B. C,AND D DENOTEAMSVEBL, BMSVBL, AND
MSVGL, RESPECTIVELY

BBLP Image
A-B A-C A-D A-B A-C A-D
| AOE-03  SATE-O8  JO0IEAY || 291ED6  4.55E-10 2.64E-10
il r
75 "i" ?i"
_ﬁ-ﬂ '..-“'I-I‘IIH;‘I i.r
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Selected Subgraph Sel Size

Fig. 15, Bag constrained subgraph quality on image gmph bag data set.

with the proposed MSVBL. MSVGL first explores an optimal
sel of subgraphs as features to transfer MSV graphs into
feature-vectors, with an AdaBoost [42] classifier being trained
for final prediction. The results in Fig. 14(a) and (b) show
that, in spite of the acceptahle performance MSVGL obtains,
it cannot reach the best performance achieved by MSVBL.

In Table V, we report the pairwise f-test with confidence
level @ = 0.05. The p-values (less than (L05) in each entry
confirm that MSVBL statistically significantly outperforms
hMSVEL, dMSVBL, and the state-of-the-art MSVGL.

4) Bag Constrained Subgraph Quality Analysis: To validate
the quality of the selected subgraph set, and check whether
the informative subgraphs chosen by the proposed MSVBL
can identify genuinely positive patterns, we report the resulls
of the Image graph bag data in Fig. 15. In this figure. the
x-axis denotes selected subgraph size. The y-axis denotes the
precision of positive patterns, calculated by selecting the “most
positive graph™ for each positive bag (i.e., the graph has the
farthest distance [rom those graphs in negative bags based
on the subgraph feature graph representation (Definition 5).
Al the beginning ol the subgraph generation, both MSVBL and
dMSVBL have discriminative score eriteria, so cannol oblain
an accurate positive graph prediction, mainly because a smull
quantity of the subgraph set has very limited discriminative
power. As the size of the subgraph set grows, MSVBL continu-
ously increases and outperforms dMSVBL, which is attributed
to the bag constrained discrimination used for subgraph mining
in the proposed MSVBL approach.

3) Sensitivity to Noisy Graph Bag Data: To validate that the
proposed MSVBL is indeed robust and effective in handling
noise in the bag constrained graph data, we investigate the
noise sensitivity of MSVBL and baseline methods, including
dMSVBL, bMSVBL, and MSVGL (the state-of-the-art graph
learning task with multiple structure views) on both DBLP
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Fig. 16, Comparisons on noisy graph bag set with respect o different noise
levels (v values) on (a) DBLP and (b) image graph bag data set.

and lmage graph bag sets. Following similar settings as those
in [61] and [62], we manually inject noise into the graph bag
sets by randomly flipping the class labels {ie.. changmg a
positive graph bag to negative, and vice versa) of s% graph
bags in the training data. As a resull, the training set has 2%5%
graph bags with noisy labels (called noisy graph bags).

The resulls in Fig. 16 show that the proposed MSVBL is
more robust than dMSVBL, bMSVBL, and MSVGL. This
validates that combining cross structure-view subgraph feature
exploration and leaming indeed help MSVBL 10 effectively
handle bag constrained graph data with noise. The increase
in noise levels results in a deterioration in accuracy for all
algorithms: This is because noise complicates the decision
boundaries and makes it diffcult for the lesrner 10 sepa-
rte positive and negative classes. In contrast o MSVBL.
MSVGL seems to be the most sensitive to labeling noise and
suffers the most performance loss: this is because MSVGL
only considers the graph level and directly propagates bag
labels to graphs inside each bag. A mislabeled noisy graph
bag will generate several noisy graphs. which significantly
deteriorates the quality of the hyperplanes leammed from the
data,

6) Time Complexity Analysis: All the methods used in this
paper have two major componenis: 1) subgraph mining and 2)
classifier building. The baseline approaches MSV-TopK and
MSV-IG under all three structure-view combinalion strate-
gies (Le., local, global, and ensemble MSV) take O(g8Span) =
Of(Hg)) for subgraph mining, where ¢ is the number of
graphs. with [ being the function based on the total number
of vertices and edges. In contrast, MSV-gSSC, MSV-gHSIC,
and the state-of-the-art MSVGL baseline approaches have
the complexity of O(l(g) + q%), where O(g”) reflects the
informative subgraph evaluation. All the MSV-based baseline
approaches use MIBoost as the classifier. where decision
dump is used as the weak learner. The computational cost
15 Of{mg), where m is the maximum number of ilerations,
To sum up. the overall complexity of M5V-TopK and MSV-IG
15 Olg) + mg). MSV-g55C, MSV-gHSIC. and the state-of-
the-art MSVGL will cost O(l{g) + g~ + mgq).

The time complexity of subgraph mining in the proposed
MSVBL will ke 0(i(g)) < O(l(g)). becaus¢ the pro-
posed pruning stralegy in Section IV-D significantly reduces
the subgraph search time. MSVBL uses a linear program-
ming for classification with O{m(p 4+ g)), where p Is
the number of bags and g is the number of graphs in
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Fig. 17,  Averape CPU montime compierison between MSVBL  versus

uMSVBL, dMSVBIL., bMSVBIL, and MSVGL with respect o different
min_sup values on () DBLP and (b) image graph bag data set.

negative bags. Therefore. the corresponding overall complexity
is OU(g) +mip+q ). 0(l(g) < O(l(g)).

7) Efficiency of the Pruning Strategy: For the purpose of
evaluating the efficiency of the pruning module of MSVBL
as described in Section IV-D, we implement a uMSVBL
approach with no pruning module and compare its runtime
performance with MSVBL, from which we can demonstrate
the efficiency of the pruning module. In our implementation,
uMSVBL first exploits gSpan to mine a frequent subgraph set,
and then finds the optimal subgraph features by applying the
same criteria as MSVBL. We also report the runtime perfor-
mance for the MSV-based baselines and the state-of-the-art
MSVGL. Because the MSV-TopK and MSV-IG have similar
runtime performance, we use only one line MSV-TopK/G
o represent them. The same case can be found in
MSV-gSSC/gHSIC.

The results in Fig. 17 show that ingrensing min_sup
values results in the decrease in runtime of unbounded
uMSVBL, MSV-TopK/1G, MSV-gSSC/gHSIC, and MSVGL,
mainly because a larger min_sup value reduces the number
of subgraph candidates for validation, By using a pruning
sirategy  (L.e., the constraints including threshold min_sup
and upper bound £, = max({e . () + T L f, as shown
in Algorithm 1), MSVBL's runtime performance is relatively
stable with respect to different min_sup values. This obser-
vation demonstrates the superiority on runtime performance
over the unbounded version, especially when min_sup is small.
Of all the MSV-based methods, MSV-g55C/gHSIC consumes
more time than MSV-TopK/G, because the calculation of
the discriminative subgraph criteria (g8SC/gHSIC) is more
complicated than IG or TopK. Overall, MSVGL is the most
time-consuming, because it requires extra lime 1o ensure
minimum redundancy.

VI. CONCLUSION AND FUTURE WORK

This paper investigated a novel bag constrained graph
classification task under multiple structure views, where the
object for classification 15 a graph bag whose class label 1s only
available at the bag level (but not available for graphs inside
each bag). We argued that many real-world objects contain
structure information from different structure views, and M5V
bag constrained graph representation provides an effective way
lo preserve structure and complicated leatures of the object for

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

learning. To build a leaming model for MSV bag constrained
graph classification, we iteratively select the most discrimina-
tive subgraphs, across different structure views, o minimize
loss on a learming objective Tunction, By joint regulanzation
across multiple structure views, and enforcing labeling con-
straints at bag and graph levels MSVBL is able to discover
the most effective subgraph features across all structure views
o directly optimize learning. The key contribution of this
paper, compared with existing works, is threefold: 1) a new
MSV bag constrained graph elassification problem formulation
to advance the fundamental graph classification task: 2) a
cross structure-view search space pruning strategy: and 3) a
combined cross structure-view subgraph feature exploration
and learning method,

We believe that the proposed multiple structure-view-
based graph classification opens a new opportunity 10 expand
existing multi-instance learning and multiview learning to
increasingly popular graph applications. Although all tech-
niques proposed in this paper are based on using frequent
subgraphs to represent different structure views, the principle
of combining graph- and bag-level constraints can be extended
to many other types of approach. such as graph kernel and
graph matching [63] technigues.
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