JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 This is the Pre-Published Version. i

The following publication L. Xu et al., "MixSp: A Framework for Embedding Heterogeneous Information Networks With Arbitrary Number of Node and Edge Types,
in IEEE Transactions on Knowledge and Data Engineering, vol. 33, no. 6, pp. 2627-2639, 1 June 2021 is available at https://doi.org/10.1109/TKDE.2019.2955945

MixSp: A Framework for Embedding
Heterogeneous Information Networks
with Arbitrary Number of Node and Edge Types

Linchuan Xu, Jing Wang, Lifang He, Jiannong Cao, Fellow, IEEE, Xiaokai Wei, Philip S. Yu, Fellow, IEEE
Kenji Yamanishi, Member, IEEE

Abstract—Heterogeneous information network (HIN) embedding is to encode network structure into node representations with the
heterogeneous semantics of different node and edge types considered. However, since each HIN may have a unique nature, e.g., a
unique set of node and edge types, a model designed for one type of networks may not be applicable to or effective on another type. In
this paper, we thus attempt to propose a framework for HINs with arbitrary number of node and edge types. The proposed framework
constructs a novel mixture-split representation of an HIN, and hence is named as MixSp. The mixture sub-representation and the split
sub-representation serve as two different views of the network. Compared with existing models which only learn from the original view,
MixSp thus may exploit more comprehensive information. Node representations in each view are learned by embedding the respective
network structure. Moreover, the node representations are further refined through cross-view co-regularization. The framework is
instantiated in three models which differ from each other in the co-regularization. Extensive experiments on three real-world datasets
show MixSp outperforms several recent models in both node classification and link prediction tasks even though MixSp is not designed

for a particular type of HINs.

Index Terms—Network embedding, heterogeneous information networks, multi-label classification, link prediction.

1 INTRODUCTION

ETWORK embedding [1] [2] [3] is to learn low-
dimensional and dense node representations that en-
code the usually high-dimensional and sparse network rep-
resentation, which has been extensively studied recently
due to the effectiveness of the representations in many
data mining tasks including node classification and link
prediction. Network embedding is basically achieved by
enforcing nodes close in the network representation to be
close in a particular Euclidean space of interest. This paper
studies heterogenous information networks (HINs) which
usually consist of more than one type of nodes and edges [4]
[5]. Besides the network structure, heterogeneous informa-
tion network embedding needs to consider heterogeneous
semantics of different node and edge types.
Each existing embedding model is usually network-
specific. MTNE [6] is designed for networks with a single
type of nodes but with multiple types of edges like Fig. 1(a).
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(a) One type of nodes and two types of links (b) Two types of nodes and three types of links
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(c) Three types of nodes and two types of links (d) Three types of nodes and four types of links

Fig. 1: Heterogeneous information networks with different
number of node and edge types.

This type of networks is also studied in DMNE [7]. Besides,
DMNE is applicable to Fig. 1(b), which is a coupled het-
erogeneous network studied in EOE [8]. PTE [9] is designed
for heterogeneous bipartite networks where all sub-bipartite
networks share a set of nodes, e.g., a heterogeneous bipartite
network consisting of two sub-bipartite networks in Fig.
1(c). metapath2vec [10] and HEER [11] are mainly designed
for other networks which can have multiple types of nodes
and edges like Fig. 1(d). Although these models have been
demonstrated very effective on the respective networks,
they may not be applicable to or effective on other types
of networks due to their network-specific modeling. Note
that there may be many other types of networks since the
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Fig. 2: The framework of embedding the mixture-split representation of an HIN where each row of the matrices represents
a node representation. Note that the co-regularization is only enforced on the corresponding nodes between the mixture
view and the split view as indicated by the colorful brackets, which is explained in Section 3.4.

number of node and edge types and the semantic meanings
of nodes and edges can vary in practice. Hence, it may
need great efforts on studying the characteristics of each
type of heterogeneous information networks and designing
a tailored embedding model.

Before introducing the proposed framework, we briefly
explain the logical thinking behind it. Recap that the objec-
tive of heterogeneous network embedding is to explicitly
model the heterogeneities of different node and edge types
while embedding the network structure, but the network-
specific modeling would limit the applicability. Hence, it
is a natural thought that a general solution should preserve
the heterogeneities and avoid the network-specific modeling
simultaneously. One potential way is to disentangle the
two objectives into two models. To avoid the network-
specific modeling, heterogeneous nodes and edges should
be treated as homogeneous such that any homogeneous
network embedding method is applicable. To preserve the
heterogeneities, a sub-network can be constructed with re-
spect to each type of edges and the corresponding nodes,
and then all sub-networks are embedded independently. In
this way, two copies of the given HIN are constructed and
two sets of node representations can be obtained. The direct
combination of the two sets of node representations is a
naive way to have both objectives achieved. But here, we
propose to jointly learn the two sets of node representations

and the motivation is presented below.

In particular, we design a new representation for any
HIN, which is named as a mixture-split representation. In
the mixture sub-representation, all the nodes and edges
are present, and multiple types of edges (if exist) among
a single pair of nodes are merged into a weighted edge. In
the split sub-representation, the HIN is split into multiple
sub-networks where each sub-network only consists of one
type of edges and the corresponding nodes.

As mentioned above, the network in the mixture sub-
representation should be embedded as a homogeneous
network in order to avoid the network-specific modeling.
In this way, however, the node representations are less
optimal since heterogeneous semantics are ignored. Besides,
the merging of multiple edges into a weighted one causes
information loss. To alleviate the two drawbacks, node rep-
resentations learned from the split sub-representation can be
utilized since they together preserve all the heterogeneous
information, which is the motivation for the joint learning
of the two sets of node representations.

The proposed idea is illustrated in Fig. 2. Each node has
one representation corresponding to the mixture network
while the number of representations in the split network is
the number of types of edges it is involved in (i.e., the num-
ber of sub-networks it belongs to). The node representations
in the mixture network, on the one hand, are regularized
by its network structure via network embedding. On the



other hand, they are regularized by the corresponding node
representations in the split network in order to capture the
heterogeneous characteristics brought by different types of
edges. Note that node representations in the split network
can also be improved by the node representations in the
mixture network. Each node representation in the split
network only encodes the corresponding sub-network struc-
ture, but it is better for each representation to have access to
other related sub-network information, which is essentially
the motivation for jointly considering multiple types of
nodes and edges together as a heterogeneous information
network.

More concretely, for data mining tasks regarding a par-
ticular type of edges, e.g., link prediction, it is better to
employ the corresponding node representations in the split
network instead of those in the mixture network. It is likely
that the other types of edges can be used as references '.
But node representations in the mixture network explicitly
encode all types of edges, and hence other types of edges
may play a role as important as the type of interest in the
link prediction, which is not appropriate since each type of
edges has a unique nature. Instead, node representations
in the split network only explicitly encode the targeted
type of edges and implicitly take the other types of edges
into consideration via the regularization from the node
representations in the mixture network. Here, it is worth
mentioning that node representations in the mixture net-
work are appropriate for applications that are not regarding
a particular type of edges, e.g., node classification.

Besides the advantages in terms of generalization, the
proposed solution may also outperform existing models on
the data mining tasks. For node classification, since node
representations in the mixture network encode all types of
edges jointly and node representations in the split network
encode all types of edges separately, the edge information
are exploited more comprehensively. From another point
of view, the mixture network represents one view of the
heterogeneous information network, and the split network
which consists of multiple sub-networks represents another
view. The two views have different network structures, and
thus jointly embedding the two views may obtain more
comprehensive information than existing models that only
exploit the original view, which has actually been the moti-
vation for constructing multiple views from a single image
for image processing tasks [12]. As for link prediction, some
existing models, e.g., metapath2vec [10], learn node repre-
sentations that explicitly encode all type of edges, which is
not appropriate as mentioned above. Our experiments have
also verified this point.

We design a mixture-split (MixSp) framework based
on the proposed idea, and demonstrate the framework
in three models which differ from each other in the co-
regularization. The main contributions of the paper are
summarized as follows:

o To our best knowledge, this paper is the first attempt
to propose a solution for embedding HINs with
arbitrary number of node and edge types such that

1. Different types of edges may have conflicting semantics in some
cases. But usually only non-conflicting edges are jointly studied in
existing work and so does this paper.

efforts on the analysis of network characteristics and
the network-specific modeling can be largely saved.

e The paper proposes a novel mixture-split repre-
sentation of any type of HINs. The mixture sub-
representation and the split sub-representation serve
as two different views of an HIN, and then more
comprehensive information may be obtained than
from the original view.

e The paper proposes three models which uti-
lize different mechanisms as the cross-view co-
regularization to refine node representations in both
views.

e Through experiments on three real-world datasets,
MixSp is shown to be more effective than recent
models in both link prediction and multi-label node
classification tasks.

The rest of the paper is organized as follows. Section 2
presents the related work. Section 3 develops the proposed
models. In Section 4, empirical evaluation is presented. We
conclude and introduce our future directions in Section 5.

2 RELATED WORK
2.1 Homogeneous Network Embedding

One popular stream of studies, such as Deepwalk [1],
node2vec [3], struc2vec [13], are based on Skip-gram [14]
which is a language model designed for word embedding.
The adoption of the language model is based on the con-
nection established between the sequence of nodes obtained
by random works on the network representation and the
sentence of words. These Skip-gram based models have
been proved to be equal to matrix factorization, and many
variants of the matrix factorization have been designed,
such as TADW [15], GraRep [16], and NetMF [17].

There are many other kinds of studies. LINE [2] esti-
mates the probability of each edge, and then learns the
representations by minimizing the difference between the
estimated probabilities and the empirical probabilities. M-
NMEF [18] preserves both the edge relationships and com-
munity relationships among nodes via matrix factorization.
MSRE [19] assumes that each participant plays multiple
roles in a network, and then learns multiple role-specific
embeddings for each node. Cetera [20] constructs cliques
with different number of nodes, and jointly embeds all the
cliques by kernelized multi-dimensional array factorization.
Besides preserving the similarity among nodes, RaRE [21]
further explores social rank where a high rank of a node
is due to its popularity. Deep learning models [22] [23]
have been developed to model high-order non-linear re-
lationships. The recent popular min-max framework pro-
posed in generative adversarial nets (GAN) [24] has been
adopted in network embedding [25] since it can jointly learn
a discriminative model and a generative model. LATTE
[26] proposes application-oriented embedding which incor-
porates subsequent applications into network embedding.
Besides learning node representations, DeepGL [27] also
learns relational functions that generalize for computation
on any arbitrary graph. ICANE [28] embeds not only edges
but also edge content which contains rich information about
the interaction environment. EII [29] employs node content



to explore two different reasons for nodes to interact with
each other. With the observation that some nodes only have
edges, and some nodes only have node content, CVLP [30]
proposes a consensus embedding mechanism to fuse edge
information and content information into a common space
for cross-view link prediction.

2.2 Heterogeneous Network Embedding

Since there are various types of HINs, we review the het-
erogeneous network embedding according to the type of
networks studied. Here, we roughly classify HINs into three
categories, which are HINs with emphasis on one type of
nodes involved in multiple types of edges, e.g., Fig. 1(a),
ones with emphasis on two types of nodes involved in
one type of edges, e.g., Fig. 1(b) and Fig. 1(c), and ones
with generally multiple types of nodes and multiple types
of edges, e.g., Fig. 1(d). The three types of networks are
referred to as Type I, Type II, and Type III, respectively, for
brevity. Note that the point of proposing the three types is
to emphasize that there are no existing models applicable to
all types of HINs even though the definitions of the three
types may not be precise.

2.2.1 Methods for Type |

A single pair of nodes can have multiple different types of
relationships, e.g., similarities, social relations, interactions,
information flows as summarized in [31]. A homogeneous
sub-network can be constructed for each type of edges,
but it is usually better to jointly consider multiple types
since it is likely that two nodes with one type of relation-
ships may also have another type of relations. Hence, the
major issue for embedding this type of networks is how
to utilize information of one type of edges to improve
the learning from another type. To this end, MTNE [6]
proposes two different mechanisms. One mechanism is to
enforce a common representation which is shared by all the
sub-networks like multi-task metric learning [32] while the
other is to enforce a consensus representations on which all
subnetwork-specific representations should agree. DMNE
[7] proposes another two different mechanisms. In partic-
ular, DMNE learns subnetwork-specific representations for
each sub-network and performs co-regularization on each
pair of subnetwork-specific representations. Multi-view net-
work embedding methods, e.g., MVE [33], mve2vec [34],
and MVNE [35], regard each type of edges as a view, and
then jointly embed multiple views via co-regularization on
the node representations as well.

2.2.2 Methods for Type Il

Heterogeneous networks with emphasis on two types of
nodes involved in one type of edges are mainly those
networks with bipartite representations. In this paper, we
consider heterogeneous bipartite networks with more than
one type of edges. There are different scenarios in prac-
tice. PTE [9] studies three bipartite networks where all
the bipartite networks share one set of nodes, e.g., word-
word, word-document, and word-label bipartite networks
share the set of words as nodes. PTE embeds each bipartite
network like LINE(2nd) [2] and connects the embedding of

multiple bipartite networks through enforcing the same rep-
resentation for each node in the word set. Besides the edges
connecting two types of nodes, each type of nodes may also
have edges among themselves, e.g., papers can have citation
relationships, which is studied in EOE [8]. EOE learns node
representations by embedding each sub-network consisting
of one type of nodes as a homogeneous network, and then
further embeds node representations to encode the bipartite
edges. The network studied in EOE can be viewed as a
two-layered network. Besides, there may exist multi-layered
networks. To embed the multi-layered networks, MANE
[36] embeds each sub-network consisting of one type of
nodes, i.e., each layer, as a homogeneous network, and then
models the inter-layer edges as interactions in collaborative
filtering. Note that DMNE [7] is also applicable to this type
of networks with multi-layers.

2.2.3 Methods for Type IlI

Other types of HINs do not have salient characteristics in
terms of the number of node and edge types, and thus
are categorized into this group. A steam of models for
embedding this type of networks are based on random
walks aware of heterogeneous edges and nodes for obtain-
ing meta-paths which are usually pre-defined sequences of
types of nodes and then employ neural network models
like Skip-gram [14] for encoding the meta-paths into node
representations, such as metapath2vec [10], Hin2Vec [37],
ESim [38], and [39]. There are also several other models not
based on meta-paths, e.g., HNE [40], DIME [41], MINES [42],
ASPEM [43] and HEER [11]. Besides learning node repre-
sentations, HEER [11] learns edge representations such that
edges connecting different types of nodes are comparable
when edge representations are used as transcriptions.

2.3 The Relevance of MixSp to Existing Work

Different from all aforementioned heterogeneous network
embedding methods which are designed for a particular
type of networks, MixSp is general-purpose. The advantage
of the wide applicability results from the novel mixture-split
representation. MixSp is also different from all multi-view
embedding methods because MixSp constructs two views
of a single network instead of regarding each type of edges
as a view.

3 METHODOLOGY
3.1 Preliminaries

DEFINITION 1. (HIN) A heterogeneous information network
(HIN) is denoted as G(N, E). N is a set of nodes with a node
type mapping function ¢ : N — T. E is a set of weighted
or unweighted, directed or undirected edges with an edge type
mapping function v : E — R. Note that |T| >= 1, |R| >= 2,
each node may be involved in multiple types of edges, and each
edge may connect either two nodes of the same type or two nodes

of different types.

The type of nodes is defined as the type of entities which
the nodes represent, and the type of edges is defined for a
particular pair of node types, e.g., author, paper and con-
ference venue are different node types in a heterogeneous
bibliographic information network with co-authorship and



authorship as different edge types [4] [5]. The definition can
be applicable to all HINs studied in network embedding but
is not appropriate for a general solution as mentioned in the
introduction. To facilitate a general solution, we thus further
define a mixture-split representation of a heterogeneous
information network G(N, E). In particular, the network in
the mixture view and sub-networks in the split view are
defined as follows:

DEFINITION 2. (MIXTURE VIEW) The network in the mixture
view is denoted as G™(N™, E™). N™ is the same set of nodes
as N but with all nodes treated as the same type. E™ is a ho-
mogeneous set of weighted or unweighted, directed or undirected
edges modified from E. The modification is that all different types
of edges are treated as the same type, and multiple edges (if exist)
between each pair of nodes in G(N, E) are merged into a weighted
edge.

DEFINITION 3. (SPLIT VIEW) A sub-network for each edge
type r € R in the split view is denoted as G(N?, E?) if it only
consists of one type of nodes or G5.(N;?, UN;_, E}) if it consists
of two types of nodes. N or N, U N;_ is the sub-set of nodes
involved in the edge type r where (N, ) # ¢(N;.). E; is a

sub-set of E with each w(efw)) =

Note that m and s as the superscripts denote the mix-
ture view and the split view, respectively. Now, an HIN
G(N,E) is represented by a network G™(N™,E™) in
the mixture view and multiple sub-networks in the split
view. G™(N™, E™) is treated as a homogeneous network
and each sub-network is either a homogeneous network
G} (N;, E;) or a bipartite network Gy (N;, U N7, E?). In
MixSp, the G™(N™, E™) and the multiple sub-networks
are embedded instead of the original G(N, E).

3.2 Embedding of the Mixture View

Since the focus of the paper is heterogeneous information
networks, to embed the structure of G™(N™,E™), we
directly employ existing homogeneous network embedding
techniques. We employ the idea of LINE(Ist) [2] which
encodes the first-order linkage relationships among the
nodes into node representations. In particular, LINE(1st)
estimates the probability of an edge between each pair
of nodes through node representations, and then learns
node representations such that the Kullback—Leibler (KL)
divergence between the estimated probability distribution
of the edges and the empirical distribution is minimized.

The estimated probability of an edge is quantified as
follows:

p(ni",nf) = o((ni") 'nj")

1
T Tt exp{—(n) Ty

, ()

where n* € R and ny' € R4m are column-vector
representations of node ¢ and node j in the mixture view,
respectively, and d,, € R is the dimension. o(-) is the
sigmoid function. The corresponding empirical probability
can be computed as p(i, j) = H;/VJ where w
the edgeand W = 3", /) cpm W}

The loss function of minimizing the KL divergence after
straightforward calculations can be obtained as follows:

L =— Y wllogo((n") n]"), @)
(i,j)€EE™

m
)

is the weight of

To further avoid a trivial solution that n}}, = oo for i =
1,...,|Nm| and k = 1,...,d;,, LINE(1st) samples multiple
negative edges for each node. For more details about how
to derive the loss function, one may refer to the original

paper [2].

3.3 Embedding of the Split View

For each homogeneous sub-network G2(N;7, E?), it is also
embedded via the first-order linkage encoding as demon-
strated above. For a bipartite sub-network Gj (N, U
N;:_,E;), we employ the idea of LINE(2nd) which encodes
the second-order linkage relationships among the nodes [2].
In particular, LINE(2nd) estimates the conditional probabil-
ity of each node of one type generated by a particular node
of another type through node representations, and then
learns node representations such that the KL divergence
between the estimated conditional probability distribution
and the empirical distribution is minimized.

The conditional probability of node ¢ in N;, generated
by node j in IN;} is defined as follows:
xp{(nfr,,0) Mrp)}

n?”'B j)) = s Tns ’
’ Zi'ETA exp{(n(TA,i’)) n(TBJ)}

where ng, . € R% and n., 5 € R% are node representa-
tions of node ¢ and node j, respectively. The corresponding

p(n?rA 77,') (3)

empirical probability is calculated as p(i|j) = wd(eig:’ where
wi,. ;5 is the weight of the edge and deg; is the degree of
node j defined as deg; =3, Wi i)

The loss function of minimizing the KL divergence can
be obtained as follows:

Ly =— Z Wiy 108 P(NGry )10 ) @)

(i.)€E;
Since Eq. (3) has to be summarized over the entire set
of nodes in N , it is may not be efficient when dealing
with large-scale networks. Hence, LINE(2nd) also employs
negative sampling [2].

3.4 Co-regularization

The co-regularization is enforced between node representa-
tions in the split view and the corresponding representations
in the mixture view. As illustrated in Fig. 2, the node repre-
sentations of the sub-network Fig. 2(a) have and only have
the co-regularization relationship with representations of
node 1 through node 5 in the mixture view. This is because
the sharing of the same entities can be appropriate relation-
ships for establishing the co-regularization but the repre-
sentations of other nodes in the mixture view have no direct
relationships with node representations of the sub-network.
Besides, the representations of node 1 through node 5 in the
mixture view have a co-regularization relationship with the
corresponding node representations of the sub-network Fig.
2(b) and Fig. 2(c). In this way, heterogeneous information
may be incorporated into representations of nodes 1 through
5 in the mixture view.

Since the co-regularization is enforced on the represen-
tations of the same nodes in different views, the problem
becomes how to relate different representations of the same
entities. Recall that the node representation for each node in



the mixture view encodes all types of edges it is involved
in, and a node representation in the split view only encodes
one type of edges. Hence, the latter can be viewed as
partial information of the expression of the former in a
particular interaction environment. Based on the assump-
tion of partial information, we propose a part-based co-
regularization; while based on the assumption of the expres-
sion, we propose an Auto-Encoder-based co-regularization
and a factorization-based co-regularization.

3.4.1 Part-based Co-regularization

We can assume that node representations in the split view
as partial information of those in the mixture view because
the former is learned from a sub-network. Accordingly, the
co-regularization can be achieved as follows:

Rpart = Z Z /\(r,i) ||n;n - nfr,i) | |§7 (5)

where A.;) € R is the weight assigned to each node
representation in the split view. In this paper, we propose
an auto-weighted method presented in the optimization
section instead of pre-defining the weight.

3.4.2 Auto-Encoder-based Co-regularization

The part-based co-regularization requires that all node rep-
resentations are in the same space, which may not be rea-
sonable because different sub-networks may have different
node and edge types. We thus propose an Auto-Encoder-
based co-regularization which models the expression of
mixture-view node representations in a particular interac-
tion environment.

The framework of Auto-Encoder [44] is employed in that
neural networks can theoretically approximate any kinds
of data transformation. In particular, node representations
in the mixture view are treated as original data codings
and node representations in the split view are treated as
latent data codings. But the difference from a typical Auto-
Encoder is that original data codings are subject to change
via learning from the latent codings. In particular, the objec-
tive function of the Auto-Encoder-based co-regularization
can be written as follows:

RAutoEncode'r = Z |: Z Hf(]%,sr,-) (n:‘ﬂ) - n?r,i) | |§

r i€GE

s m||2
+ Z [f(sran) ((riy) — mi" 2|,
i€GS

(6)

where fn7,5,)(-) and f(s, ar)(-) represent the feedforward
neural network of the encoder and the decoder for the sub-
network G7(N;, E7) or G3(N;, UN;,, E;), respectively.

T’ r

3.4.3 Factorization-based Co-regularization

R AvtoEncoder Models non-linear transformation between
the representations in the different views. For a more com-
plete study of the proposed mixture-split framework, we
further propose a linear-based co-regularization. In particu-
lar, we propose to factorize node representations in the split
view into the multiplication of node representations in the
mixture view and a basis matrix as follows:

RFactorization = Z ||N71:nPT - Nf‘”%
T @)

)

where N% € RIN:1Xds js a matrix containing node rep-
resentations of the sub-network r, N7* € RIN:Ixdm g 5
matrix containing corresponding node representations in
the mixture view, and P, € R%n*dsis a basis matrix to
be estimated. The basis matrix realizes the linear transfor-
mation of node representations in the mixture view into the
node representations in the split view.

3.5 Joint Learning

The joint learning is to learn node representations via
embedding the network structure and performing the co-
regularization simultaneously. The overall objective func-
tion can be obtained by directly adding each term together
denoted as follows:

L=L"+RAY - LAn[[INT|[F+Y (INF[E+P[E)], ©)

where R is a co-regularization term, and can be one of
RPm‘t/ RAutoEncoder/ and RFactorization- In the rest of the
paper, the three models with the three co-regularization
terms are referred to as MixSp(Part), MixSp(AE), and
MixSp(FAC), respectively. n € R is a regularization coeffi-
cient. The Frobenius norm on N and N is to avoid trivial
solutions where N™ and NN take large values because
large values can easily make the estimated probability of
an existing edge, i.e., Eq. (1), close to 1. The regularization
on P, is motivated by regularized matrix factorization.
We assume the same 7 for simplification, and obtain good
results in the experiments.

3.6 Optimization

L is not jointly convex on all the variables. We thus propose
to solve each of the variables by alternating optimization. In
particular, each variable is alternatingly solved with all the
others fixed until convergence.

3.7 Optimization of MixSp(Part)

Note that the loss function for each variable is simplified
with all the other variables fixed. For node representations
in the mixture view, it is reduced to the following one:
min £+ 303 Aol g = n B+ al NI ©)
; 5
which can be solved by gradient-based methods, e.g., L-
BFGS and gradient descent. We omit the gradient calcula-
tion to save space because it is a straightforward procedure.
With respect to the weight A(,;), inspired by the auto-
weighted multi-view learning [45] [46], we propose to learn
the weight along with the optimization. In particular, for
each node, we first assume an objective with no weights,
and take the following general form:

min Dl = nfypll+ Tn), 10

where T (n}") contains all the terms related to n}" in Eq. (9).
Then, we take the derivative of Eq. (10) w.r.t. nj":
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Note that when «, ;) is set to be stationary, gradient-
based minimization of Eq. (10) with Eq. (11) as the gradient
is the solution to Eq. (9) with respect to n{". In fact, ;)
is dependent on n;". Therefore, we need to solve n]" and
a(r;) alternatively in an iterative manner as shown in the
following Algorithm 1.

The optimization with respect to node representations in
the split view is similar because L; is similar to £, and
thus is omitted for space consideration.

3.8 Optimization of MixSp(AE)

The optimization with respect to node representations can
also be solved by gradient-based methods. The variables
of the co-regularization, i.e., variables in f(5sg,.)(-) and
f(s.,m)(-), are the parameters of feedforward neural net-
works and they can be solved by back propagation.

3.9 Optimization of MixSp(FAC)

The optimization with respect to node representations can
be solved by gradient-based methods. The optimization
problem with respect to P, is reduced to the following one:

min [N} Py = N[5 + ]| Pr[ [ (13)

It is easy to see that the optimal P, can be obtained by
setting the derivative of Eq. (13) w.r.t. P, to zero. After
straightforward calculations, the optimal P, is computed
as follows:

Py =((N7)"N +nI)" (N7 TN, (14)

3.10 Optimization Algorithm

The alternating optimization algorithms for all the three
models are similar, and thus a unified one is presented
in Algorithm 1. K is the negative ratio used in negative
sampling for embedding network structure. Pre-training is
an important part of an optimization algorithm as it can
initialize a model to a point in parameter space that renders
the learning process more effective [47]. In Algorithm 1, pre-
training N™ and {IN7,..., N}, ...} can ensure the learning
of fim,s,y(-) and f(s, an(-) or {Pq,..., P,, ...} non-trivial,
and thus make the co-regularization between node repre-
sentations in different views immediately effective. To this
end, the pre-training of N™ is performed by minimizing
L™, ie., embedding the network in the mixture view, which
can be done via gradient descent. The pre-training of each
N7 is similar. For the learning rate of each iteration in
gradient descent, we employ backtracking line search [48] to
determine an appropriate one during the training process.

3.10.1 Complexity

The complexity is mainly determined by three procedures,
i.e., learning the parameters in the co-regularization, solv-
ing N™, and solving {N7,...,N;,...}. The three models
have the same level of complexity for solving the node
representations. In particular, for N™, the complexity is
O(Kdy | E™) if K|E™| =, [N2|d, or O(S, |N?|dmd,)

Algorithm 1: The alternating optimization algorithm

Input : G(N,E), dp,, ds, K, n
Output: N™, {N7,...,N7, ...}

Construct the mixture-split representation of G(N, E);
Pre-train N™ and {N7{,.... N, ..}
Initiate all «(,. ;) by Eq. (12) for MixSp(Part) only;
while (not converge) do
Fix N™ and {N7,..., N7, ...}, solve fy,s,)(-) and
J(s,,a)(+) with gradient descent or find the
optimal { Py, ..., P, ...} with Eq. (14);
6 Fix all other variables, solve N™ with gradient
descent;

7 Update all o, ;) by Eq. (12) for MixSp(Part) only;
8 | for(r=1;r<=|Rl;r=r+1){

9 Fix all other variables, solve N with gradient

descent;

10 }

un | Update all o, ;) by Eq. (12) for MixSp(Part) only;
12 return N, {N], ... N7 ...}

gl s W N

TABLE 1: Baselines for each type of studied networks.

Network Type Baselines
Type I MTNE [6], DMNE [7]
Type I EOE [8], DMNE [7]
Type III metapath2vec [10], HEER [11]
All types Deepwalk [1], LINE [2], node2vec [3]

otherwise. For each N}, the complexity is O(Kd|E?|) if
K|E?| >=|N{|dy, or O(|NZ|dds) otherwise.

For MixSp(Part), the complexity of updating 7 is
O(|N||R|d.,) at the worst case where each node participates
in every sub-network in the split view. The number of nodes
is usually larger than that of nodes. Hence, the complexity
is dominated by learning node representations, which is
proportional to the number of edges. Since networks are
usually sparse in practice [49], the scalability to large-scale
networks can be guaranteed.

For MixSp(AE), the number of parameters of the co-
regularization depends the architecture of the feedforward
neural networks. In the experiments, we use single-layer
neural networks for both f(5,s,)(-) and f(s, ar)(-) in order
to demonstrate that the proposed model does not rely on the
benefits brought by deep learning. Accordingly, the number
of parameters for each neural network is equal to d,,ds.
The complexity for learning the parameters thus can be
determined as O(|N;|d,,ds).

For MixSp(FAC), the optimal P, is obtained in Eq. (14),
which has a complexity of O(|N?|d2)).

3.10.2 Convergence

Algorithm 1 is essentially a block-wise coordinate descent
algorithm [50] with N™, {N7,..., N}, ..}, and variables
involved in the co-regularization as block variables. So
convergence can be guaranteed based on the general proof
of convergence for block-wise coordinate descent. Also, in
the experiments, we observe Algorithm 1 converges fast in
terms of the iterations in the “while-do” loop.



TABLE 2: Statistics of Type I, Type II, and Type III networks

Network Type | Dataset DBLP Flickr

Network | Coauthor Citation ~ KNN Tag Group  Location
Typel #Edges 19265 120760 421330 | 169954 74803 13916
#Nodes 6482 authors 4418 photos
Network Type Dataset DBLP BlogCatalog
Edge type | Coauthor  Authorship =~ Word Co-occurrence | Friends  Authorship = Word Co-occurrence
Type II #Edges 19265 1265023 1146128 28406 344942 885207
#Nodes 6482 authors, 8302 words 5009 users, 8391 words
Network Type Dataset DBLP
Edge type | Coauthor Authorship Paper Citation Paper-Conference  Author-Conference
Type IIL #Edges 19265 29175 18325 9872 15676
#Nodes 6482 authors, 9872 papers, 20 conferences

4 EMPIRICAL EVALUATION
4.1 Experiment Settings

The performance of the proposed MixSp models is evalu-
ated on multi-label node classification and link prediction
tasks. Since MixSp models are general-purpose, we thus
study several different types of heterogeneous information
networks. In particular, the three types of HINs mentioned
in the related work are all studied, i.e., Type I, Type II, and
Type III networks. For all the three types of networks, the
respective baselines are summarized in TABLE I where each
baseline has been introduced in the related work. Note that
homogeneous network embedding methods, i.e., Deepwalk
[1], LINE [2], and node2vec [3], are applicable to all types of
HINs when the networks are treated as homogeneous.

For the implementation of Algorithm 1, dimensions d,,
and d; are set as 128 which is also used in baselines, K for
the negative sampling is set as 5 like in LINE, regularization
coefficient 7 is set as 1, and the relative loss for determining
the convergence of each gradient descent is set as 0.0001. In
the experiments, Algorithm 1 is implemented in Java and
run on an Intel Genuine Intel(R) CPU @2.60GHZ 2.60GHZ
server with 32 GB RAM.

4.2 Datasets

The experiments are conducted on three real-world datasets
which are described as follows:

o DBLP [51]: This dataset contains bibliographic infor-
mation of major computer science publications from
the dblp computer science bibliography. The dataset
can be used to construct all the aforementioned three
types of heterogeneous information networks based
on many kinds of relationships, e.g., co-authorship,
author-paper, paper-abstract, paper-venue relation-
ships, etc.

o BlogCatelog [52]: This dataset has information about
blogs and friendships of users in BlogCatalog, an on-
line blogging collaboration application. The network
consisting of users and words as nodes and user
friendships, user-word authorships, and word co-
occurrences as edges belongs to the Type II network.

o Flickr [53]: This dataset is about photo information
obtained from Flickr, an online photo sharing appli-
cation. Each photo has tag, group, location and label
information. Relationships can be established among
photos as the sharing of the same entities, e.g., tag,

group, or location. The network consisting of only
photos as nodes but multiple types of edges belongs
to the Type I network.

The statistics of networks constructed from the three
datasets are presented in TABLE II.

4.2.1 Type | Network

To construct the network from the DBLP dataset, papers
are selected from popular conferences of four fields, which
are SIGMOD, VLDB, ICDE, EDBT, and PODS for Database,
KDD, ICDM, SDM, and PAKDD for Data Mining, ICML,
NIPS, AAAI IJCAI and ECML for Machine Learning, and
SIGIR, WSDM, WWW, CIKM, and ECIR for Information
Retrieval. The publication time is from 2000 to 2009. We
select active authors with more than two papers during
the time period. For the KNN sub-network, the similarity
among authors is quantified by cosine similarity of term
frequency of keywords in their papers” abstract. Keywords
with overall frequency less than 7 are omitted. The first 1%
authors are set as the number of neighbors.

For the photo network of Flickr, the edges are established
between photos sharing the same tag, group and location,
respectively.

It is worth mentioning that for both of the two networks,
not all the nodes are involved in every sub-network. For
example, it is difficult to ensure that the set of authors
involved in co-authorships have citations to each other, and
vice versa. The scenario can be viewed as the cold-start
problem [54] for each sub-network in which some nodes
may not have edges to other nodes due to some reasons in
practice. Accordingly, multi-view methods, e.g.,, MVE [33]
which requires each node participates in every view, may
not be applicable.

4.2.2 Type Il Network

The same set of papers selected for the Type I network of
DBLP is used to construct the Type II network. The sliding
window for constructing word co-occurrences in sentences
of paper abstract is set as 5.

For the BlogCatalog data, the users are selected from
four major categories including Art, Computers, Music, and
Photography. And their blogs related to the four categories
are used to construct the word sub-network. Words with
frequency less than 8 are filtered out.



TABLE 3: Multi-label classification for Type I, Type II, and Type III networks.

I\Il?yty\:\;ork Dataset Metric Deepwalk LINE(1st) LINE(2nd) node2vec =~ MTNE DMNE  MixSp(Part) MixSp(AE) MixSp(FAC)
DELp  Micro-FI(%) 80.9 81.9 81.1 81.8 843 81.9 84.4 842 841
Tove [ Macro-F1(%) 79.8 80.9 80.3 80.9 83.5 81.2 83.7 83.5 83.4
M Flicky  Micro-F1(%) 61.0 615 60.0 61.0 629 59.1 632 632 632
Macro-F1(%) 135 15.6 12.4 13.8 23.3 12.1 25.7 25.7 25.8

I\Ii?;‘é"eork Dataset  Metric Deepwalk LINE(1st) LINE(2nd) node2vec ~ EOE DMNE  MixSp(Part) MixSp(AE) MixSp(FAC)
ppLp  MicroFI(%) 745 824 724 76.0 79.0 76.6 84.9 839 840
Tvoe II Macro-F1(%) 72.9 81.5 69.6 735 72.2 71.8 84.3 82.5 82.7
yP Blo Micro-F1(%) 66.8 716 59.2 672 8053 79.9 316 82.3 819
& Macro-F1(%) 53.9 63.7 27.4 55.2 75.81 78.6 77.9 78.8 78.4

I\Il?yt;\;ork Dataset Metric Deepwalk LINE(1st) LINE(2nd)node2vec metapath2vecHEER  MixSp(Part) MixSp(AE) MixSp(FAC)
Micro-F1(%) 952 944 765 931 96.9 9.6 98.9 98.9 98.9
Typelll  DBLP  \p ro-F1(%) 95.0 94.1 75.0 9.7 96.7 96.3 98.9 98.9 98.9

4.2.3 Type Ill Network

From the previously selected papers, we construct a net-
work with three types of nodes which are author, paper,
and conference venue, and five types of edges which are co-
authorships, authorships, paper citations, paper-conference
relationships, and author-conference relationships.

4.3 Multi-label Node Classification

In multi-label classification, each data point is assigned with
more than one label. For the DBLP network, the research
fields are employed as the labels. For the Flickr network,
there are 99 labels indicated in the dataset. For the Blog-
Catalog network, the four categories are used as labels. We
employ the SVM with polynomial kernel implemented in
Meka [55] as the classifier, and use 5-fold cross validation
as the evaluation method, and obtain the Micro-F1 and
Macro-F1 scores as performance metrics. For MixSp, node
representations in the mixture view are concatenated to
node representations in the split view to perform the task.
The experiment results are presented in TABLE III.

It shows that the best performing model is always one of
the variants of MixSp. In fact, MixSp(Part) is always better
than all of the baselines, while MixSp(AE) and MixSp(FAC)
are almost always better except on the Type I DBLP network.
For the Type I network, the reason behind superior perfor-
mance to Deepwalk, LINE and node2vec may be because
MixSp models can obtain more complete information. In
particular, each pair of nodes may have multiple types of
edges and each type of edges may be established due to
different reasons. For example, the three type of edges in
the Flickr network are based on the sharing of different
concepts, i.e., tag, group, and location. Merging different
types of edges into a weighted one would cause information
loss. Note that Deepwalk and LINE cannot be applied
to each sub-network and then concatenate representations
with respect to each sub-network to avoid the information
loss due to the cold-start problem mentioned in the last
paragraph of Section 4.2.1.

For a fair comparison, we have evaluated the perfor-
mance of only node representations in the mixture view and
also obtain better performance (omitted due to space limit)
than Deepwalk, LINE and node2vec, which has actually

verified that the node representations in the mixture view
can be improved by the node representations in the split
view through the co-regularization.

DMNE and MTNE can avoid the information loss but
they cannot utilize the information of the mixture network.
Note that MixSp models are similar to DMNE and MTNE
in the sense that all the sub-networks in the split view
are jointly embedded via co-regularization on the node
representations. But the co-regularization in MixSp modes
involve additional information other than the sub-networks,
i.e., the mixture network. The mixture network has been
demonstrated to be effective for the task by the performance
of Deepwalk and LINE. Intuitively, the network in the
mixture view represents a different view of the given HIN
from all the sub-networks in the split view, and hence more
comprehensive information can be obtained when both two
views are embedded, which actually has been the moti-
vation for multi-view learning in image processing tasks
where multiple views are constructed from a singe image
[12]. In our case, more comprehensive information can be
obtained because the two different views have different
network structures, and thus can produce two different sets
of node representations.

To demonstrate this point, we visualize the concatenated
node representations in the split view and the node repre-
sentations in the mixture view learned by MixSp(Part) using
t-SNE [56] in Fig. 3(a) and Fig. 3(b), respectively. Here, the
field of a researcher is determined as the one where he/she
published the most papers. Since both of them are faithful to
the network structure (i.e., researchers of the same fields are
distributed together), the combination of them can perform
better than any one of them. Besides, the claim that node
representations in the mixture view would be improved by
node representations in the split view is verified by the
better layout of Fig. 3(b) than that of Fig. 3(c) since the
network in the mixture view is embedded by the technique
proposed in LINE(1st).

For the Type II and the Type III networks, the major
reason behind of the superior performance of MixSp models
is still the utilization of two views of a single network.

Note that the performance on the Type III DBLP network
is considerably better than that on both the Type I and
the Type II DBLP networks. This is because the labels, i.e.,
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(a) Split View

(b) Mixture View

(©) LINE(1st)

Fig. 3: Visualization of node representations learned from the Type I DBLP network where colors indicate research fields,
i.e,, red for Machine Learning, green for Data Mining, light blue for Database, and dark blue for Information Retrieval,

respectively.
TABLE 4: Co-authorship Prediction for Type I, Type II, and Type III DBLP networks.

AUC(%) Deepwalk LINE(1st) LINE(2nd) node2vec MTNE DMNE  MixSp(Part) MixSp(AE) MixSp(FAC)
Type I 74.07 64.05 66.25 73.26 78.92 61.15 80.27 76.29 79.12
AUC(%) Deepwalk LINE(1st) LINE(2nd) node2vec EOE DMNE  MixSp(Part) MixSp(AE) MixSp(FAC)
Type I 66.72 60.73 62.75 68.15 75.62 55.32 75.37 75.38 77.74
AUC(%) Deepwalk LINE(1st) LINE(2nd) node2vec metapath2vec HEER  MixSp(Part) MixSp(AE) MixSp(FAC)
Type 111 69.30 63.91 65.89 72.34 49.36 75.8 79.58 76.26 75.53

research fields, are defined on the conferences. When the
label-related information are explicitly utilized, the perfor-
mance of the classification can be significantly improved.
For LINE(2nd) which dose not enjoy this benefit, the reason
may be that LINE(2nd) fails to consider the first-order edges
but only embeds the second-order edges.

4.4 Link Prediction

Link prediction refers to inferring new interactions between
network nodes, and is commonly performed by measuring
similarities of nodes because nodes sharing similar char-
acteristics are more likely to interact [57]. Here, we use
the inner product of node representations normalized by
sigmoid function to measure the similarity. We predict co-
authorships occurring after the time horizon used in the
construction of the networks. Actual co-authorships are
used as the positive test links. Besides, the same number
of non-existing co-authorships are randomly sampled as
negative test links for the evaluation purpose. Unlike the
multi-label classification, only the node representations cor-
responding to the co-authorship sub-network are employed
to perform the task due to the reason mentioned in the
introduction. The performance measured by area under the
curve (AUC) is shown in TABLE IV.

It shows that the best performing model is always one of
the variants of MixSp. For the Type I network, we report the
performance of Deepwalk, LINE and node2vec when they
only embed the co-authorship sub-network because they
perform even worse when they embed all the three sub-
networks as a mixture network. MixSp outperforms Deep-
walk, LINE and node2vec because the latter only utilize the
previous co-authorships to predict future co-authorships.
But it is intuitive that the citation sub-network and the KNN
sub-network can provide references to the co-authorship
sub-network. For MixSp models, we have also evaluated the
node representations corresponding to the mixture network

but the performance is inferior to the subnetwork-specific
node representations. The experiments collectively verify
that other types of edges can provide useful references but
should not play a role as important as the target edges. The
reason behind the poor performance of DMNE which also
implicitly utilizes all other types of edges for the prediction
of co-authorships is beyond this paper. But we find that
DMNE is not evaluated on the link prediction task in its
paper.

For the Type II network, MixSp outperforms Deepwalk,
LINE and node2vec because the latter does not distinguish
the semantic meanings of different nodes. In particular, for
the DBLP network, the result of not distinguishing authors
and words is that authors connected to similar words would
have large similarities but it is not necessary for two authors
have similar research interests to co-author a paper.

For the Type III network, the poor performance of meta-
path2vec may be because the conference information is ex-
plicitly embedded into the author representations, but many
authors attending the same conferences do not necessarily
co-author a paper.

4.5 Discussions

The DBLP dataset is studied in terms of the three types of
HINSs, but the three networks have different information,
e.g., the Type III network has conference information which
is directly related to the labels. As a result, the performance
of the multi-label classification on the Type III network
is significantly better than that on the other two types of
networks. The superior performance on the Type I network
to that on the Type II network is because besides the
co-authorship and paper abstract information, the author
citation information is further considered. Hence, it seems
to be better to utilize more relevant information for the
classification task. For the link prediction task, however, the
experiments do not show more information always brings



better performance. This may be due to the specificity of
the link prediction task which is specific to the type of
edges of interest, which may explain why MixSp models
do no consistently outperform the network-specific models
(e.g., EOE) on the link prediction tasks. Accordingly, one
open issue can be how to select useful information for the
embedding methods to perform the link prediction task.

Among the three MixSp models, MixSp(Part) obtains the
best performance at most times. This may be because enforc-
ing all the node representations in the same space is more
effective for the co-regularization. But this treatment may
be less appropriate in some scenarios where node types are
different, e.g.,, MixSp(Part) obtains the worst performance
for the multi-label classification task on the Type II network
of BlogCatalog, because different node types have different
semantic meanings.

4.6 Parameter Sensitivity

Previous experiments are conducted with the regularization
coefficient () and the dimension (d,, and d,) of node
representations fixed as 1 and 128, respectively. This sec-
tion thus studies the sensitivity of the performance with
respect to these two hyper-parameters. In particular, we
study the coefficient in the range {0.01,0.1,1, 10,100} with
the dimension fixed as 128, and study the dimension in
the range {32,64, 128,256,512} with the coefficient fixed
as 1. We only present results obtained on the co-authorship
prediction for the Type I DBLP network in Fig. 4(a) and Fig.
4(b) because other experiments show similar patterns. For
the regularization coefficient, it shows that the value should
not be very large (e.g., 100).

As for the dimension, it shows that the performance
is stable within the studied range. It also shows that the
performance decreases when the dimension increases. After
double-checking the papers of baselines, such LINE and
Deepwalk, we find that it is quite common for embedding
models that the performance of subsequent data mining
tasks goes down when the dimension goes up. We think
this phenomenon is due to the curse of dimensionality. Par-
ticularly, we tend to think that the curse of dimensionality is
not on the network embedding models, but on the models
for classification and link prediction tasks.

4.7 Convergence Analysis

In this section, we empirically study the convergence of the
Algorithm 1. Specifically, we study the loss function and
the performance of the algorithm on data mining tasks with
respect to the number of iterations in the while-do loop. We
only present the results of multi-label classification obtained
by MixSp(Part) on the Type II networks in Fig. 5 because
other experiments show similar results. In the experiments,
each iteration takes about 1623 seconds and 5055 seconds
on average for the Type II BlogCatalog and DBLP network,
respectively. Fig. 5 shows that the algorithm can usually
converge to stable performance after about 15 iterations.

5 CONCLUSION AND FUTURE WORK

In this paper, we propose MixSp, a framework for em-
bedding HINs with arbitrary number of node and edge
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Fig. 5: Convergence analysis.

types. For any given HIN, MixSp constructs a mixture-split
representation where the network in the mixture view is
treated as a homogeneous network, and each sub-network
in the split view only consists of one type of edges with
the corresponding nodes. Node representations in each view
not only encode the structure of the respective network(s),
but also are regularized by the corresponding node repre-
sentations in the other view. The three models are just three
instantiations of the proposed framework, and variants can
be developed when different techniques are employed for
the network structure embedding and different mechanisms
are designed for the co-regularization.
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