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1 Abstract: In this paper, we propose a novel network representation learning model TransPath to
> encode heterogeneous information networks (HINs). Traditional network representation learning
s models aim to learn the embeddings of a homogeneous network. TransPath is able to capture the
«  rich semantic and structure information of a HIN via meta-paths. We take advantage of the concept
s of translation mechanism in knowledge graph which regards a meta-path, instead of an edge, as
s a translating operation from the first node to the last node. Moreover, we propose a user-guided
»  meta-path sampling strategy which takes users’ preference as a guidance, which could explore the
e semantics of a path more precisely, and meanwhile improve model efficiency via the avoidance
o of other noisy and meaningless meta-paths. We evaluate our model on two large-scale real-world
10 datasets DBLP and YELP, and two benchmark tasks similarity search and node classification. We
1 observe that TransPath outperforms other state-of-the-art baselines consistently and significantly.

1z Keywords: heterogeneous information network; representation learning

3 0. Introduction

-

14 Large network data become larger and ubiquitous nowadays, such as social networks, research
15 publication networks and World Wide Web, which stimulate the research interest of mining and
1s analyzing the information behind them [1]. Common network analysis tasks often involve node
17 classification [2] or clustering [3], link prediction [4] and similarity search [5] [6]. A traditional
1= approach to accomplish those tasks needs many artificial works such as designing domain-specific
s representation of data manually by domain experts, which is very time-consuming and inefficient.
20 To address such issue, network representation learning (NRL) is proposed which embeds the
a  structure and semantic information of the network into a low-dimensional space [7]. Heterogeneous
22 information networks (HINs) are networks with multi-typed nodes and edges, which are more
2 common in real life than homogeneous networks. Obviously in a HIN, relationships between nodes
2« are more complex than those in a homogeneous network, thus more difficult to be represented.
2z Classical network embedding methods like DeepWalk [8] and node2vec [9] leveraged random walks
26 to explore the structural information of the network and utilized SkipGram [10] to project the node
2z into a low-dimensional vector. LINE [11] represented the first-order proximity and second-order
2e  proximity of the network so as to capture the local and neighborhood network structures. All these
20 models only aim to learn the representation for homogeneous networks, and perform poorly when
30 applied to a HIN. The main reason is explained below. In a HIN, for example, in DBLP [12], a
a1 bibliographic dataset of computer science, nodes have various types, e.g., authors (A), papers (P),
2 venues (V). It is common for us to explore the co-authors of a paper, or papers published in one
s venue. However, random walks are blind to those multi-typed nodes, and traditional SkipGram as a
s« word2vec embedding method [10] is homogeneous network-oriented.
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35 Recently some approaches propose a concept ‘meta-path’ to help effectively represent a HIN.
s A meta-path is a sequence of vertice types connected by edge types, which represents a specific
sz relationship. For example, consider a meta-path in DBLP: A — P — V — P — A, which
ss denotes that two authors are connected by their publications in the same venue. Similarly, meta-path
s A — P — A represents co-author relationships. From this we could observe that different
20 meta-paths represent different semantic information, meanwhile they intuitively encode the structure
a1 information. Therefore, by fully leveraging such information behind meta-paths could be very
.2 helpful to learn the representation of a whole network.

a3 In this paper, we propose a network representation learning model named TransPath, which
4 provides a new perspective to encode the rich information behind meta-paths. We first introduce
« some concepts in knowledge graph embedding. Knowledge graphs are large-scale multi-relational
s structures such as Freebase [13], Wordnet [14] and YAGO [15], which are composed of larger
+z amount of facts. A fact (knowledge) in a knowledge graph is described as a triplet (head_entity,
«s relation, tail_entity), usually denoted as (h,r,t). In order to compress the knowledge graph into a
4 low-dimensional space, a classical embedding model TransE [16] regards a relation as a translating
so operation between head entity and tail entity. The mathematical mechanism is represented as:
ss h+r = t, where h, r and t denote the embedding vectors for head entities h, relations r, and
s2 tail entities ¢, respectively. Inspired by the translation mechanism in TransE, TransPath regards a
ss meta-path as a translating operation between the first and the last node of the path. In a knowledge
s« graph, a relation actually plays the same role as an entity when training since it has a specific label,
ss however, in a network, an edge between two vertices does not have a label, so we extend the "relation’
s to a meta-path since a meta-path could be labeled as, e.g., "A-P-A’ or "A-P-V-P-A’.

57 Before applying the representation learning mechanism introduced above, we should conduct a
ss data preprocess operation to extract meta-paths from the network. Traditional meta-path extraction
ss method is based on random walks with a limited length which is much shorter than a common
e random walker. Here we propose a user-guided meta-path extraction to better capture the semantics
e of the network. Firstly, we confine the meta-paths to be symmetric, that is, the first node type is
e the same with the last one. Take similarity search task as an example, if we want to find two
es similar objects, they should not only be strongly connected, but the connection should also share
es the same structure, that is, the relation between peers should be symmetric. In addition, we limit
es the meta-paths to be merely several schemas guided by the user. For example, in oder to find the
es similar authors in DBLP, the meta-path schemas needed are only "A-P-A” and "A-P-V-P-A’, which
ez indicates that similar authors maybe co-authors of a paper or publish in the same venue. Adopting
es too many other meta-paths schemas may be noisy and inefficient. Another advantage of choosing
e specific schema of meta-paths is that semantic relationships between different types of nodes can be
70 properly encoded. For instance, under the schema "A-P-V-P-A’, the path is biased towards paper
= nodes (P) given its previous author node(A), exactly following the semantics of this path.

72 We conduct the experiments on two real-life network datasets DBLP and Yelp. The details of
73 these two datasets will be introduced later. Experiment results show that TransPath outperforms
7a  classical state-of-the-art network embedding models significantly and consistently. It demonstrates
76 our proposed model’s power and efficiency on modeling relationships between nodes and edges,
76 thus representing the whole network effectively.

77 The major contribution of the paper can be summarized into three ingredients:

78 e We propose a novel network embedding model TransPath, which encodes the network semantic
70 and structure information by meta-paths, and regards the meta-path as a translation from the
80 first node to the last node in the path;

o1 e We propose a user-guided meta-path extraction method, which limits the meta-path schemas
o2 so as to better leverage the semantic information of the path, and improve the efficiency by

83 avoiding other noisy and meaningless meta-paths; and
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8s o The new modelis evaluated and compared with existing models on real-life benchmark datasets
o and tasks, and the experiment results further verify that TransPath outperforms state-of-the-art
a6 alternatives consistently and significantly.

87 The rest of the paper is structured as follows. We introduce the related work in Section 1, and

es then introduce the concept of HINs, meta-paths and problem definition in Section 2. We justify the
e intuitions of our method with its theoretical analysis in Section 3. Next, we conduct the empirical
%0 experiment studies using real-wold and present the results in Section 4. Finally, we conclude our
o1 findings in Section 5.

o2 1. Related Work

93 In order to capture the embedded information of a network, traditional approaches depend
o« much on human labor and knowledge, which is very insufficient. To address such issue, network
os representation learning (NRL) has been proposed to automatically learn the latent feature vectors to
o embed the whole network. NRL could be traced back to those factorization models which factorize
oz the network into a matrix or tensor, e.g., the adjacency matrix [17]. However such models tend to
s suffer from expensive computational cost and source data sparsity, thus making these models both
oo inefficient and ineffective.

100 With the development of machine learning techniques, many recent approaches are equipped
101 with those techniques, e.g.,, word embedding model. DeepWalk [8] extracted random walks
102 from the network and performed SkipGram, an efficient word2vec embedding model, on those
103 walkers to learn the network representation. node2vec [9] adopted a biased random walks
s strategy to better explore the structure of the network. LINE [11] captured the first-order
105 proximity and second-order proximity simultaneously to embed both the local and neighborhood
106 structure information. Text-associated DeepWalk (TADW) [18] incorporated text information with
w0z the matrix factorization based DeepWalk. Max-margin DeepWalk (MMDW) [19] used vertices
108 labeling information to learn discriminative network embedding. GrapRep [20] further explored
100 high-order proximities in DeepWalk to capture global structure of the network. CANE [21] utilized
1o mutual-attention mechanism to learn context-aware network embedding. SDNE [22] captured the
11 non-linear structural information via a semi-supervised deep model equipped with autoencoder
1z neural network.

113 However, approaches mentioned above only focus on learning representation for homogeneous
us  network, and perform poorly when dealing with the complex heterogeneous network. Therefore,
us several models are proposed to learn the embeddings of a HIN. PTE [23] defined the conditional
us probability of vertices of one type generated by vertices of another type, and made the conditional
uz  distribution be close to its empirical distribution. HINE [24] proposed meta path based proximity, and
us preserved such proximity through minimizing the distance between nodes’ joint probability defined
1 by Sigmoid function and their empirical probability. Metapath2vec [25] proposed a heterogeneous
120 SkipGram with its context window confined to one specific type. Esim [26] introduced the meta-path
121 guided sampling strategy, however, some parts of its objective function like the multiplication of
122 meta-paths are illy defined. HIN2Vec [27] introduced the Hadamard multiplication of nodes and
123 meta-path to capture the semantic and structure information of a HIN, but it samples all meta-paths
124 shorter than a certain length which is very inefficient.

126 In order to model the relationships between nodes and meta-paths, we borrow some concepts
126 in knowledge graph. Knowledge graphs such as Freebase [13], Wordnet [14] and YAGO [15] contain
12z a large amount of facts, which are described as triplets (head_entity, relation, tail_entity), denoted
12s as (h,r,t). A classical knowledge embedding model TransE [16] regarded a relation as a translation
120 Operation between head entity and tail entity in the representation space, that is, h + r = t, where h,
130 rand t denote the embedding vectors for head entities 5, relations r, and tail entities ¢, respectively.
11 Inspired by this translation mechanism, we argue that such mechanism also exists in a HIN between
132 nodes and metapaths, and propose a translation based model, TransPath.
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133 2. Preliminaries

| Authors | | Paper |

Figure 1. A Mini HIN in DBLP

Cite

Figure 2. A Schema of a HIN

134 In this section, we formalize the problem of representation learning for heterogeneous
135 information networks (HINSs). First in the following, we introduce the definition of a HIN:

136 Definition 1. Heterogeneous Information Network. A heterogeneous information network (HIN) is
17 defined as a directed graph G = (V,E, T) where each vertice v is associated with an object type mapping
e function ¢ : V. — Ty and each edge is represented by a link type mapping function ¢ : E — Tg. Ty and
10 T denote the sets of vertice and edge types. If |Ty| > 1 or |Tg| > 1, the network should be a heterogeneous
10 network, otherwise, it is a homogeneous network.

141 Figure 1 illustrates a mini HIN in a bibliography network DBLP. From Figure 1 we can see
12 that this HIN contains five authors, three papers, and three venues. In detail, author A; and A;
13 are co-authors of paper Pj, author A, writes both paper P; and Py, paper P; cites paper Py, venue
1as  KDD publishes both paper P; and P», other edges could be inferred in the same way. For simplicity,
145 We assume that each object only has one single corresponding type. In the following, we introduce
16 the concept of HIN schema:

17 Definition 2. HIN schema. Given a HIN G = (V, E, T) with mapping functions ¢ : V. — Ty and ¢ : E —
s Tg, the network schema Tg of G is defined as a directed graph on node types Ty and edge types Tg, denoted as
w Tg = (Ty, Tk).

150 The HIN schema defines all allowable edge types between node types. Figure 2 shows the
151 schema of HIN in Figure 1, in which nodes A, P and V represent the type author, paper, and
152 venue, respectively. Different edge types are also illustrated, such as "write’, ‘publish” and ’cite’.
153 The definition of meta-path is introduced as follows:
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1sa  Definition 3. Meta-path. Given a HIN G = (V,E, T), a meta-path P is a sequence of compatible node
s types and edge types defined on the graph of network schema T = (Ty, Tg), and is denoted in the form of

) Tg Tg . . ) .
e Ty, -4 Ty, 2 ... Ty,.,. This meta-path defines a composite relation Tp = T, o Tg, o ... T

157 between node types Ty, and Ty, ,, where o denotes the composition operation on relations.
158 This work aims to learn the representation of a HIN. We formally define the problem as follows:

1ss  Definition 4. Heterogeneous Network Representation Learning. Given a HIN G = (V,E,T),
w0  representation learning is to learn a mapping function f : V. — R? which projects each node v € V to a
w1 d-dimensional latent space R, where d < |V|.

162 In this work, we present a translation based model to realize this idea. Through embedding the
163 relationships, i.e., meta-paths between nodes, our model is able to capture the semantic and structure
1ea information in a HIN and learn the node vectors and meta-path vectors simultaneously. The learned
165 node representations are useful for many network mining tasks. For example, the embedding vector
1es  Of nodes can be applied to traditional machine learning model like SVM as input features, so as to
167 realize node classification or clustering tasks.

1s 3. Proposed Model

169 In this section, we propose a novel heterogeneous network representation model TransPath. We
170 separate the framework of TransPath into two phases: training data preprocess and representation
i1 learning. In specific, we first present the details in representation learning phase, which is based on
172 translation mechanism. Next, we introduce how to sample the training data, which leverages the
13 user-guided meta-paths to remarkably improve model efficiency and effectiveness.

17a  3.1. Translation-Based Representation Learning

175 Inspired by the translation mechanism in knowledge graph embedding, we assume that
1ze meta-paths connecting two nodes can also be described as translating operations in representation
177 space.

178 In specific, we take a triplet (i, p,t) as the input of TransPath, where I and t denote the first

17s  and last node of a meta-path, respectively, and p denotes the meta-path itself. h, p and t are one-hot
10 vectors representing /1, p and t, where the length of h and t are |V|, and the length of p is IP|. In
11 the latent space, h and t are projected into latent vectors Wy h and W{t, in which W}, and W; are two
12 |V| x d matrices describing the projection, Wy, and W{ are their transpose matrices, and d is the latent
13 space dimensionality. Similarly, we project p to the latent space via projection matrix Wp € RIPIxd,
1 the corresponding latent vector denoted as Wy p.

For each triplet (h, p, t) satisfying the translation mechanism, the representation of node & plus
the representation of meta-path p is expected to be close to the representation of node ¢, meanwhile
far away from other entities. Using the notification above, we present the mathematical formula of
such mechanism as follows:

Wph + Wyp ~ Wit (1)

A distance function should be applied to evaluate the degree that (h, p, t) matches the Eq. 1, and
in practice, L1 or Ly norms is the most common choice. Consequently, the score function of TransPath
can be presented as follows:

fo(ht) = [[Wyh + Wpp — Witl|7 /. 2)

To learn the representation above, for each triplet (h, p,t), we adopt the negative sampling
strategy to create the corrupted sample (h',p’,t'), which will be introduced in detail in next


http://dx.doi.org/10.20944/preprints201801.0147.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 January 2018 d0i:10.20944/preprints201801.0147.v1

6 of 14

subsection. For training purpose, we minimize the margin-based ranking loss function over the
training set as follows:
£ =max(f(h,r,t)+v— f(h',7,t),0), (3)

s where y > 0is a margin hyperparameter and the loss function encourages the discrimination between
16 positive triplets and negative triplets.

17 3.2. Training Data Preprocess

188 To preprocess the train data, we adopt a user-guided meta-path algorithm to sample the triplets
1o introduced above from the original HIN, in the form of (4, p,t). Notice that we have to balance the
100 data quality, i.e., the training data should fully cover the semantic and structure information of the
11 HIN, and the calculation efficiency, i.e, to randomly sample the training data rather than enumeration.
102 Therefore, it is crucial to develop an efficient algorithm to extract samples for training data preprocess.

103 3.2.1. User-Guided Meta-Path Extraction

108 To address such issue above, traditional method is to employ random walks on a HIN to
105 generate paths between different types of nodes. The transition probability at step i is denoted as
ws  p(vT1o), which is a normalized probability distributed on the neighbor nodes regardless of their
17 types. However, heterogeneous random walks are biased to nodes with a dominant number of paths
1s  and concentrated nodes, thus failing to fully capture the structure information of a HIN. In light of

100 this problem, we propose meta-path based random walks to generate the paths as input data.

Tg T Tg
200 As discussed above, a meta path P is defined in the form of Ty, -4 Ty, 2.5 Ty, ,-

21 For example, a meta path "A-P-A’ denotes that two authors(A) co-write a paper(P), and ‘A-P-V-P-A’
202 represents that papers (P) of two authors (A) are published in the same venue (V).

Here we present the mechanism of meta-path guided random walkers. Given a HIN G =
T, T T
(V,E,T) and a meta path schema P : Ty, S Ty, N N Tv,,,, the transition probability at

step i is adapted as follows:

L (i e) € B p(o) = 41,
1) |Nit1(04)] A
p(v |v ) — 3o (Ui:l,vi) e E,([)(Z)i+1) 7& t+1, 4)
0 (=%, v) ¢ E,

where vi € Viand N1 (v’t) denote the V; type of the neighbor nodes of node vf. From this, the flow
of the path is conditioned by the pre-defined meta-path P, i.e., v'*! € V; . Furthermore, we confine
the meta-paths to be symmetric. For one thing, it could facilitate its recursive guidance for random
walkers [28] [6] [29], presented as follows:

p(00}) = p(o™ o), if t=1. ®)

203 More importantly, a symmetric meta-path could better capture the semantics of a HIN especially for
20s some practical applications such as similarity search. Two similar peer objects should not only be
205 strongly connected, but their connection should also share the same structure. In short, the relation
206 Of peer should be symmetric, thus restricting the meta-paths to be symmetric as well.

207 As for user guided meta-paths, limiting the meta-paths to be only several schemas could not only
20e improve the efficiency of our model, but also help capture the specific semantics for a task needed.
200 For example, under the meta-path schema "A-P-V-P-A’, the path is biased towards paper nodes (P)
20 given its previous node of type author (A), instead of other types of nodes like author (A) itself,
2 thus following the semantics of this path. In addition, in order to find the most similar authors,
212 only schemas "A-P-A” and "A-P-V-P-A’ are needed, since they demonstrate that similar authors are
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213 probably co-authors or publish papers in the same venue. Other meta-path schemas should be noisy
zs  thus influencing the effectiveness and efficiency of the representation model.

a5 3.2.2. Weighted Combination of Meta-Path Schemas

216 In order to cover the subtle semantic meanings of a HIN, sometimes a single meta-path is not
z7  enough, the weighted combination of n meta-paths could improve the performance of our model.
218 Suppose wy, Wy, . .., Wy, are the weights (Vi,w; > 0and }_}' ; w; = 1), then the unified loss function is
210 the weighted sum over the individual meta-path loss function. Mathematically, £, = Y/ w; Ly,
220 The weights for each meta-path schema could either be explicitly assigned by users or learned
2z during the training. Because weight learning is beyond the scope of this paper, we simply adopt the
222 grid searches to obtain the best wighted combination.

223 3.2.3. Negative Sampling

224 We adopt the idea of negative sampling [30] for training. Before applying such mechanism, we
225 should filter the training data as some paths extracted may be ‘cycles’, for example, a training data
226 entry could be (A1, A — P — A, A1). Obviously, it hurts the quality of the training data, because a
227 path instance with cycles is actually meaningless, e.g., an author has no relationship of co-authors
22 with himself. Therefore, we drop the inputing data with any cycle by checking duplicate nodes.

220 As for the negative sampling, we generate negative inputing data with those positive samples
230 simultaneously. For each extracted positive triplet as input data, (i, p, ), we generate negative triplets
a1 by randomly replacing either head nodes /' or tail nodes t'. We further filter the training data again
232 as some triplets with replaced nodes are still positive, so we need to make sure that those triplets are
233 truly negative. The reason we do not replace p is that for user-guided meta-path sampling, the choice
23 of meta-path schema is rather limited, thus triplets after replacing p are very likely to be still positive.

235 4. Experiments

236 In this section, we first introduce two real-world large-scale datasets DBLP [12] and YELP!,
237 along with the state-of-the-art baseline modes. Then we evaluate our proposed model TransPath on
238 two specific tasks,i.e., similarity search and node classification, and compare its performance with
230 baselines.

220 4.1. Datasets and Baselines

241 DBLP is a bibliographic dataset mainly containing computer science researches. To form a
22 HIN, we extract papers published between 1994 and 2014 from 20 conferences in 4 research fields.
2es  This HIN contains three types of nodes, i.e., papers(P), authors(A) and venues (V), and edges like
2as  authorships (P-A), authors’ publishing venues (A-V) and paper’s publishing venues (P-V). The
25 interested meta-paths, i.e., user-guided meta-paths are the co-authorship meta-path A-P-A and the
26 shared venue meta-path A-P-V-P-A.

247 YELP is released in Yelp Dataset Challenge, which is a social media dataset. To form a HIN,
2es  similarly, we extract data of the top 10 cities with the most businesses. This HIN contains four
200 types of nodes, businesses(B), reviews of businesses (R), words in business names (N) and words
20 in reviews (W), and edges like name word of a business (B-N), review of a business (B-R), and words
21 of a review (R-W). Similarly the interested meta-paths we choose for training are the shared name
22 word meta-path B-N-B and the shared review word meta-path B-R-W-R-B.

253 We compare the proposed model TransPath against six state-of-the-art network representation
s models, among which DeepWalk, node2vec and LINE are originally designed for homogeneous

1 https://www.yelp.com/dataset_challenge.
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=5 networks. They are applied to networks which treat all nodes and edges as homogeneous ones.
26 The other three namely, PTE, Esim and HIN2Vec are designed to address the learning issue on HIN
257 representation.

258 DeepWalk [8] adopted uniform random walks to capture the structure information of the HIN,
20 and conducted homogeneous SkipGram to learn the representation of the network.

260 node2vec [9] was derived from DeepWalk which used biased random walks to better explore
201 the structure of the network and also applied SkipGram to learn the network embedding.

262 LINE [11] encoded the first-order proximity and second-order proximity simultaneously which

263 could explore both the structure and the semantic information of a network, and it concatenated the
26 learned vectors of first-order and second-order together to form the final representation.

205 PTE [23] decomposed a HIN to a set of bipartite networks by edge types, and defined the
26 conditional probability of nodes of one type given other nodes of other types, and made such
267 conditional distribution close to its empirical distribution.

268 Esim [26] applied the meta-path guided sampling strategy and could also learn the
260 representation of meta-path, but its objective function is illy defined.
270 HIN2Vec [27] learned the embedding through the Hadamard multiplication of nodes and

2 meta-path but it sampled all meta-paths shorter than a certain length which led to its inefficiency.

a2 4.2. Similarity Search

273 In this section, we evaluate the models on similarity search, which aims to find the similar objects
27a  Of a specific node. We first introduce the details of the experimental set up and then present the results
s generated by default parameters. We observe that our model TransPath outperforms those baselines
ze  significantly and consistently. At last, we analyze the parameter sensitivity.

2z 4.2.1. Experimental Setup

278 We first introduce two groups which are labeled by human experts in DBLP. The first is research
270 area, where 3750 authors are divided into four areas, that is, ‘data mining’, ‘'machine learning’,
200 ‘database’, and ‘information retrieval’. The second is research group and it is more fine-grained
21 compared to the research area, where 103 authors are separated into four groups, that is, JiaWei
22 Han’, 'Christos Faloutsos’, 'Dan Roth” and "Michael I. Jordan’. For YELP, similarly, we also set two
203 groups labeled by human experts. One is business type, where 881 businesses are separated into four
2es  types, namely, ‘restaurant’, ‘shopping’, ‘hotel” and "health and medical’. Business with multiple types
zes are discarded so as to avoid ambiguity and these four types are the most popular ones. The other
2es 1S restaurant type, as the majority of the businesses belong to restaurants, and we further divide 270
207 restaurants into 5 cuisine types, namely, "Chinese’, 'Indian’, Japanese’, ‘Greek” and "Mexican’.

288 To evaluate the results of the experiment, we introduce the cosine similarity score and AUC

2s0  evaluation metric. For any pair of nodes u and v, their similarity score is calculated via the

uTv

ujl-||v
201 Furthermore, we could see that cosine similarity is equivalent to Euclidean distance if ||u|| = ||i‘r||Hl Q,
202 which makes the top-k similar nodes of the given node u efficiently explored via approximate nearest
203 neighbors [31] after normalizations.

However, it is hard to obtain the explicit rankings among all pairs of nodes, in which case we
can evaluate the similarity according to the labels of the node groupings I(-), thus improving model
efficiency. Intuitively, to rank other nodes given an individual node based on the similarity score,
the nodes from the same group (similar ones) tend to be ranked top in the list while the dissimilar
ones ranked correspondingly at the bottom. More specifically, we adopt the AUC score, and if a

200 cosine similarity between their learned latent vectors u, v, mathematically, sim(u,v) =
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model explores the similarity better, its AUC score should be higher. Mathematically, the AUC score
is defined as follows:

AUC =

Z Yo €VAI(u)=1(0) Al() £1(0) Lsim(u,0) >sim(u,v/)

6
oV Yoo/ eV AL(u)=1(v) Al (1) £1(2) 1 ©

20s  Notice that the models that conduct the similarity search over the whole dataset, while the AUC
20s metric is adopted merely on the subset of nodes where it has the group labels. The subset is usually
26 small as pairwise similarities among the subset are needed when calculating the AUC score.

207 As for the default parameters, the dimension of the learned node and meta-path is set to 128,
208 the negative sampling ratio is set to 5 and the sampling times is set to 2 million. The initial learning
200 rate in stochastic gradient descent is set to 0.01. The combination weights for different meta-paths
30 are learned by the grid searches among different groupings. For other baselines, we set the best
s1  configuration introduced in their original paper so as to achieve good performances. We do not
;02 conduct this task on HIN2Vec, as its source code is not available, and we directly borrow its results
s03  on next task node classification.

soa  4.2.2. Evaluation

Table 1. AUC Evaluation on DBLP dataset

Model Research Area  Research Gruop
DeepWalk 50.12% 50.31%
LINE 51.83% 52.89%
node2vec 52,47% 53.42%
PTE 74.40% 77.07%
Esim 83.58% 81.46%
TransPath(A-P-A) 55.25% 83.64%
TransPath(A-P-V-P-A) 85.35% 56.33%
TransPath(Combination) 86.23% 85.35%

Table 2. AUC Evaluation on YELP dataset

Model Business Type = Restaurant Type
DeepWalk 77.25% 76.45 %
LINE 78.89% 82.39%
node2vec 78.37% 81.36%
PTE 85.67% 83.77%
Esim 89.22% 88.73%
TransPath(B-N-B) 70.36% 72.48%
TransPath(B-R-W-R-B) 92.35% 93.04 %

305 From Table 1 and 2, we have the following observations. First of all, models like DeepWalk,

ss  LINE, node2vec which treat every nodes and edges in a network homogeneously all suffer from
307 poor performance on similarity search, which further proves the necessity of the heterogeneous
s embedding methods. TransPath and Esim outperform the model PTE significantly, which proves
s00  the effectiveness of the usage of meta-paths, since PTE merely adopts the heterogeneous SkipGram
a0 whereas extracting samples using the traditional random walks. In addition, TransPath also
s outperforms Esim consistently and we attribute this to the fact that our translation mechanism could
a1z better represent the semantic and structure information than that of Esim.

213 To be more specific, we could see that the choice of user-selected meta-path can make a real
aia  difference to the embedding performance. For example, in DBLP, A-P-V-P-A works much better than
a5 A-P-A on research area because the shared venue is more related to the shared research interests.
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Figure 3. Parameter Sensitivity

ais  On the contrary, working collaborations are more important in research groups, thus A-P-A is more
a7 straightforward and effective. In YELP, words in review can better describe a business or restaurant,
ae  despite that business names may contain some semantics. As a result, B-R-W-R-B performs better
s1s  on both business and restaurant type. Such phenomena demonstrate that user-guided meta-path is
s20 essential when searching the similar nodes, i.e., a more suitable meta-path defined by the user leads
sz to a better performance.

322 Regarding the combination of meta-paths, in DBLP, we can see that the combination of A-P-A
s22 and A-P-V-P-A is able to obtain the highest AUC scores. However, in YELP, B-R-W-R-B always
s22 works better so the combination is not necessary, which reminds us that we could compute the
sz AUC scores for each meta-path separately and then consider the combination method. In addition,
s26 the improvement of combined meta-paths is marginal which further illustrates the importance of
;27 choosing meta-paths guided by the user more suitably.

a2 4.2.3. Parameter Analysis

320 To conduct the analysis of parameter sensitivity, we select the dimension of learned latent
s0  vectors, the negative ratio of sampling, and the amount of total samples. We use A-P-V-P-A for
sa1 research area groupings, A-P-A for research group groupings and B-R-W-R-B for both business type
sz and restaurant type, since these meta-paths achieve relatively better performance.

333 Fig 3 illustrates the results of AUC score when varying the corresponding parameters.
:3¢  Specifically, from the curves in Fig 3(a), we observe that when dimension is set to 128, it obtains
a5 the best performance, this is due to that too small dimension is insufficient to capture the features,
:3s  while being too large will cause overfitting problem. Fig 3(b) demonstrates that the AUC scores
s37  are relatively not sensitive to the negative sampling ratio, and setting it to 5 is reasonable to
sss  balance the efficiency and effectiveness. From Fig 3(c), we find that if more samples are trained
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330 during optimization, the AUC scores keep an increasing trend and finally get converged. Therefore,
sa0  extracting 2 million samples is also rational considering the efficiency problem.

:a1 4.3. Node Classification

342 In this section, we apply models on another common task node classification. We introduce the
sa3  experimental setup in the first place and analyze the results compared with other baselines in detail.
sas We observe that TransPath is able to outperform other baseline models dramatically which further
a5 proves our model’s power on representing the HIN.

s 4.3.1. Experimental Setup

347 After learning the node vectors, we further apply these representations to a linear SVM classifier
as  as input feature vectors. We use micro — f1 and macro — f; score as evaluation metrics.
240 Regarding the training datasets, we directly apply the research area datasets in DBLP and

0 restaurant type datasets in YELP, in which research area could be classified as 'data mining’, ‘'machine
31 learning’, ‘database’, and ‘information retrieval” and restaurant type could be classified as ‘Chinese’,
2 ‘Indian’, Japanese’, ‘Greek” and "Mexican’.

353 As for the default parameters, the dimensionality of node vectors is set to 128, the ratio of
s negative sampling is set to 5 and the sampling times is set to 1 million. The learning rate in stochastic
s gradient descent is initiated as 0.025. For training, we choose meta-path A-P-V-P-A for DBLP and
356 B-R-W-R-B for YELP. For other baseline models, we directly adopt the best configuration published
357 in their own papers.

sss 4.3.2. Evaluation

Table 3. Node Classification on DBLP

Model micro — f1  macro — fi

DeepWalk 0.483 0.467
LINE 0.453 0.433
node2vec 0.497 0.477
PTE 0.414 0.396
Esim 0.517 0.502
HIN2Vec 0.605 0.594
TransPath 0.645 0.638

Table 4. Node Classification on YELP

Model micro — f1  macro — fi
DeepWalk 0.278 0.167
LINE 0.273 0.163
node2vec 0.279 0.168
PTE 0.224 0.133
Esim 0.231 0.132
HIN2Vec 0.302 0.192
TransPath 0.356 0.254
350 Notice that the source code of HIN2Vec is unavailable, so we directly borrow the results

s published in its original paper. Table 3 and table 4 illustrate the performance of node classification
se1  in detail, from which we have the following observations. First of all, Esim, HIN2Vec, and TransPath
32 which take advantage of meta-paths outperform DeepWalk, LINE, node2vec and PTE which only
ses adopt the traditional random walks. Such phenomenon illustrates that meta-paths could better
ses  explore the semantics and structure of a network, compared to much longer random walkers without
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ses any schema. In addition, we find that HIN2Vec and TransPath are still better than Esim, which we
ses  attribute to that through learning the representation for meta-paths, the relationships between nodes
sez  are captured more precisely, thus facilitating the classification. Moreover, TransPath obtains the best
see  Tresults on both datasets, compared with all the state-of-the-art baseline models including HIN2Vec,
ses  which further proves the advantage of user-guided meta-path sampling strategy and translation
a0 mechanism.

sn 5. Conclusion

372 In this paper, we propose a new model TransPath to address the representation learning
s73 issues of a heterogeneous information network (HIN). Transpath borrows the concept of translation
s7a  mechanism in knowledge graph so as to capture the semantic and structure information of a HIN.
sz Such mechanism regards a meta-path as a translation operation between head node and tail node,
s7e  thus learning the embeddings of meta-paths and nodes simultaneously. In addition, TransPath
377 also adopts a user-guided meta-path sampling strategy, so as to better explore the semantics of
szs  a path, and meanwhile improve model efficiency. We compare our proposed model TransPath
a0 with other state-of-the-art baseline models on two real-world datasets. We observe that TransPath
;0 outperforms these baselines significantly and consistently on both tasks, i.e., similarity search and
1 node classification.

382 As future work, we plan to further explore at least the following two directions:
363 e An automatic mechanism should be developed to learn and extract the interesting meta-paths
384 or their weighted combination from user-guided preferences and rankings; and
385 e We intend to further improve the translation mechanism so as to capture the semantics and
386 structure of a network more precisely. As illustrated in knowledge graph works, translation
367 mechanism still has many flaws, e.g., it is not able to represent complex relationships effectively.

sss  Author Contributions: Yang Fang and Xiang Zhao conceived and designed the experiments; Yang Fang
sso  performed the experiments; Xiang Zhao analyzed the data; Yang Fang and Zhen Tan wrote the paper.
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