
Chapter 9
Heterogeneous Graph Representation for
Industry Application

Abstract Heterogeneous Graph (HG) representation is closely related with the real-
world applications, as heterogeneous objects and interactions are ubiquitous in many
practical systems. HG representation methods deployed in real-world system should
consider capturing the complex interactions among objects as well as solving the
unique challenges existing in real-world systems, such as large-scale, dynamics, and
multi-source information. In this chapter, we focus on summarizing the industrial
level applications with HG representation. Particularly, we introduce several well de-
ployed systems that have demonstrated the success of HG representation techniques
in resolving real-world applications, including cash-out user detection, intent rec-
ommendation, share recommendation, and friend-enhanced recommendation. For
industrial-level applications, we pay more attention on two key components: HG
construction with industrial data and graph representation techniques on the HG.

9.1 Introduction

Heterogeneous objects and their relations are ubiquitous in many industrial-level
applications. For example, in an E-commerce recommendation system, there are
user, item, and shop objects, and the ternary interactions usually exist among these
objects. However, the type information will be inevitably ignored if we utilize a
homogeneous graph to model such data. Fortunately, the heterogeneous graph is a
natural tool to model such complex data without information loss.

Existing methods applied in industrial applications can be roughly concluded into
two categories. The first one focuses on performing subtle feature engineering from
the historical user behavior data. However, this kind of method is labor-consuming.
The other one is that the involved objects and their interaction are usually treated as
a homogeneous graph and a homogeneous graph is adopted to learn node represen-
tation. Therefore, the heterogeneous information is largely ignored by this kind of
method. But the heterogeneous information is very important for some scenarios.
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In this chapter, we will introduce several successful cases which have applied HG
representation methods on two categories of important industrial applications. The
first category of task is the cash-out user detection which aims to predict whether
a user will do cash-out transactions or not. And a novel Hierarchical Attention
mechanism based Cash-out User Detection model (named HACUD) is proposed
to learn the users’ features from the constructed HG. And the second category of
task is the recommendation. We first study intent recommendation, where a novel
Metapath-guidedEmbeddingmethod for IntentRecommendation (namedMEIRec)
is proposed to aggregate node information through multiple meta-paths in the triple-
interacted HG. Moreover, share recommendation, aiming to predict whether a user
will share an item with his friend, is first studied by theHeterogeneousGraph neural
network based Share Recommendation model (named HGSRec) method. Finally,
a novel friend-enhanced recommendation is studied, which multiplies the influence
of friends in social recommendation. Unlike previous mentioned methods which
need predefined meta-paths, we propose a novel Social Influence Attentive Neural
network (named SIAN), which does not require any manual selection of meta-paths.
Next, we will introduce each case in detail.

9.2 Cash-out User Detection

9.2.1 Overview

Cash-out frauds, which are to pursue cash gains with illegal or insincere means,
have seriously influenced the security of credit payment services and have become
major frauds on various kinds of credit payment services. The goal of cash-out user
detection is to predict whether a user will do cash-out transactions or not in the
future. Thus this problem can be formulated as a binary classification problem.

Conventional solutions first perform subtle feature engineering for each user, and
then a classifier, such as tree-based model or neural network, is trained based on
these features. However, this kind of methods make prediction mainly based on the
statistical features of a certain user, but seldom fully exploit the interaction relations
between users, which may be beneficial to the cash-out user detection problem.
In fact, interactions between users are important to the cash-out user detection
problem. Fig. 9.1a demonstrates a general scenario of credit payment service, where
there are three types of objects: users, merchants, and devices. Besides the attribute
information, these objects also have rich interaction information, e.g., the fund
transfer relation among users, the login relation between users and devices, and the
transaction relation between users and merchants. The cash-out users not only have
abnormal features, but also behave abnormally in interaction relations.

In order to tackle these problems, we propose a novel Hierarchical Attention
mechanism basedCash-outUserDetection model (namedHACUD), an HGmethod
to predict whether a user will do cash-out transactions or not in the future. The basic
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(a) Scenario of credit payment service(b) Network schema and meta-
path examples

Fig. 9.1 The AHG of the scenario of credit payment service.

idea of HACUD is to signi�cantly enhance the feature representation of objects
through fully exploiting interaction relations, i.e., with the help of meta-path based
neighbors in Attributed Heterogeneous Graph (AHG). HACUD assumes that the
feature representations of objects, besides intrinsic features, are also constituted
by the features of their neighbors. We propose the concept of meta-path based
neighbors to exploit rich structure information in AHG. Next we will explain HACUD
speci�cally.

9.2.2 Preliminaries

De�nition 1. Attributed Heterogeneous Graph (AHG). An AHG is denoted as
G= f V–E– -gconsisting of an object setV, a link setE and an attribute information
matrix1 - 2 RjV j� : . An AHG is also associated with a node type mapping function
q : V ! A and a link type mapping functionk : E ! R. A andR denote the sets of
prede�ned object and link types, wherejA j ¸ j R j ¡ 2.

De�nition 2. Meta-path based Neighbors. Given a userDand a metapathd (start
formD) in an AHG, the meta-path based neighbors is de�ned as the set of all visited
objects when the objectDwalks along the given metapathd.

Example 1. As shown in Fig. 9.1a, we construct an AHG to model the scenario of
credit payment service in which cash-out fraud usually happens. It consists of multi-
ple types of objects(i.e. User (* ), Merchant (" ), Device (� )) with rich attributes and

1In this work, the original attributes are discretized to the same dimension.
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relations (i.e. fund transfer relation between users and transaction relation between
users and merchants). Fig. 9.1b is the corresponding network schema and metapath
example. In the AHG, two users can be connected via multiple meta-paths, �User-
(fund transfer)-User� (** ) and �User-(transaction)-Merchant-(transaction)-User� (* "* ).
In addition, the meta-path based neighbor of Marry under meta-path*"* could
be merchant and Bob.

9.2.3 The HACUD Method

Fig. 9.2 The architecture of the proposed model.

9.2.3.1 Model Framework

We show the overall architecture of the model in Fig. 9.2. Firstly, the model aggregates
neighbors for each user based on di�erent meta-paths to integrate multiple aspects
of structure information in AHG, and then transforms and fuses the original features
for better representation learning. Considering that di�erent features and meta-paths
have di�erent importances, a hierarchical attention mechanism is also used to model
user preferences towards features and meta-paths.

9.2.3.2 Meta-path based Neighbors Aggregation

Similar to attributed network representation [18, 36], HACUD adopts to represent a
node w.r.t. a certain meta-path via aggregating features of its neighbors rather than
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the one-hot representation of its neighbors. For each userD, theaggregated features
based on meta-pathd can be get from the formula as below:

Gd
D =

Õ

92N d
D

Fd
D 9� G9– (9.1)

whereN d
D is the neighbors of nodeDbased on meta-pathd andG9 represents the

attribute information vector associated with node9.

9.2.3.3 Feature Fusion

For each userD, we can obtain its own featuref GDg as well as a set of its neighbor
aggregation features based on multiple meta-pathsf Gd

Dgd2P . For better representation
learning, afeature fusionpart is used to transform and fuse the original features.

Firstly, the original sparse features are projected to the low-dimensional dense
representations in order to obtain thelatent representationsof userD and his/her
neighbors based on di�erent meta-paths (i.e.,� D and� d

D), respectively:

� D = ,G D ¸ 1– �dD = , dGd
D ¸ 1d– (9.2)

where, � 2 R� � 3 and1� 2 R3 are the weight matrix and bias vector, respectively.�
is the dimension of original feature space2and3 is the dimension of latent representa-
tions. Next, the model fuses the latent representations of a user and his/her neighbors
based on each meta-path and adds a fully-connected layer for more complicated
interaction. For a meta-pathd, the above procedure to getfusional representation
5d
D w.r.t. meta-pathd is formulated as below,

5d
D = ReLU¹, d

� 6¹� D– �dDº ¸ 1d
� º• (9.3)

Here,Wd
� 2 R3� 23 and1d

� 2 R3 represent the weight matrix and bias vector based
on meta-pathd, respectively.

9.2.3.4 Hierarchical Attention

Intuitively, di�erent users are likely to have di�erent preferences over the features
based on di�erent meta-paths as well as attribute information. Concretely, a user
may place di�erent importance to di�erent-aspect features based on meta-paths.
Moreover, features also have di�erent importance for the prediction task. Therefore,
hierarchical attention mechanism is applied to capture user preferences towards
features and meta-paths.

Feature Attention. Since di�erent features might not contribute to the prediction
task equally, given the user latent representation� D and latent representation of

2The original attributes are discretized to sparse� -dimensional feature as the model input



6

his/her neighbors5d
D based on meta-pathd , a two-layer neural network is adopted

to implement the attention.

EEEd
D = ReLU¹, 1

5 »� D; 5d
D ¼ 1̧1

5º– (9.4)

UUUd
D = ReLU¹, 2

5EEEd
D ¸ 12

5º– (9.5)

where, �
5 and1�

5 denote the weight matrix and bias vector, respectively and»�; �¼
represents the concatenation of two vectors. The following is the standard setting of
neural attention networks with the softmax function.

Ûd
D–8=

exp¹Ud
D–8º

Í  
9=1exp¹Ud

D– 9º
• (9.6)

Then, the �nal representation of userD w.r.t. a meta-pathd can be computed as
follows,

e5d
D = ÛUUd

D � 5d
D – (9.7)

where �� � denotes the element-wise product.
Path Attention. Following [23], the attention weights over di�erent meta-paths

for collaboration can be learned. Firstly, there are the attention weight of meta-path
d for userDusing a softmax unit as follows:

VD–d=
exp¹I dT � e5�

D º
Í

d02P exp¹I d0T � e5�
D º

– (9.8)

whereI d 2 RjP j� 3 is the attention vector for meta-pathd and e5�
D is the concatenation

of userD's representations. After obtaining the path attention scoresVD–d, the �nal
representation aggregating all meta-paths is given as follows:

4D =
Õ

d2P

VD–d� e5d
D – (9.9)

where e5d
D is the representation of neighbors for userD based on meta-pathd in

Eq. 9.7.

9.2.3.5 Model Learning

In the end, the obtained �nal representation (i.e.4D) are fed into multiple fully
connected neural networks as follows,

I D = ReLU¹W ! � � �ReLU¹, 14D ¸ 11º ¸ 1! º– (9.10)

where, � and1� respectively denote the weight matrix and the bias vector for each
layer. The predicted cash-out probability is obtained via a regression layer with a
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sigmoid unit:
?D = sigmoid¹F)

? I D ¸ 1?º• (9.11)

Here F ? and 1? are the weight vector and the bias, respectively. The objective
function is maximum likelihood estimation, which can be formulated as follows:

L ¹� º =
Õ

hD–HD i 2 D

¹HD log¹?Dº ¸ ¹ 1� HDº log¹1� ?Dºº ¸ _jj� j j22– (9.12)

whereHD and?D represent the ground truth and the predicted cash-out probability
of userD, respectively.� is the parameter set of the proposed model and_ is the
regularizer parameter.

9.2.4 Experiments

9.2.4.1 Experimental Settings

Dataset.The datasets in this section are real-world data in Ant Credit Pay. We extract
two sub-datasets for the evaluation, namely Ten Days Dataset and One Month Dataset.
For both datasets, the model can predict the cash-out probability of users some day
in the future. In the datasets, the positive samples are users who have involved in
suspected cash-out transactions within one month and the negative samples are users
who have never involved in suspected cash-out transactions within one month. After
preprocessing, an attributed HG based on the two datasets is constructed, consisting
of 56.75 million users and 0.51 million merchants. In addition, the AHG contains
77.40 million fund transfer relations between users and 20.64 million transaction
relations between users and merchants.

Metrics. The metric isAUC (i.e. Area Under the ROC Curve), a widely used
metric for the performance of cash-out user detection.

Implementation Details. HACUD utilizes two hidden layers for prediction and
randomly initializes the parameters with a xavier initializer [10]. RMSProp [27] is
used as the optimizer. The batch size is set to 256, the learning rate to 0.002 and set
the regularizer parameter_ = 0•01 to prevent over�tting.

9.2.4.2 Performance Comparison

We report the comparison results of the HACUD and baselines w.r.t. the dimension
of latent representation3 in Table 9.1. The major �ndings from the experimental
results can be summarized as follows:

(1) HACUD outperforms all the baselines, which indicates that the model adopts
a more principled way to leverage interaction relations and attribute information for
improving prediction performance.
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Table 9.1 Results of e�ectiveness experiments on two datasets w.r.t. the dimension of latent
represantation3. A larger value indicates a better performance.

Algorithm
AUC

Ten Days Dataset One Month Dataset
3 = 16 3 = 32 3 = 64 3 = 128 3 = 16 3 = 32 3 = 64 3 = 128

Node2vec [11] 0.58930.59130.5926 0.5930 0.59800.60630.6009 0.6021
Metapath2vec [6] 0.59140.59030.5917 0.5920 0.60050.59760.5995 0.5983

Node2vec + Feature 0.64550.64640.6510 0.6447 0.65410.65610.6607 0.6518
Metapath2vec + Feature0.64560.64290.6469 0.6485 0.65500.65520.6523 0.6545

Structure2vec [5] 0.65370.65560.6598 0.6545 0.66410.66320.6657 0.6678
GBDT [9] 0.63890.63890.6389 0.6389 0.64670.64670.6467 0.6467

GBDT(CAD2C 0.69480.69480.6948 0.6948 0.69680.69680.6968 0.6968
HACUD 0.70660.71150.7056 0.7049 0.71320.71600.7109 0.7154

(2) Among these baselines, we can �nd that the overall performance order is as fol-
lows: (label + attribute + structure) based methods (i.e. GBDT(CAD2C, Structure2vec)
¡ (attribute + structure) based methods (i.e. Node2vec + Feature, Metapath2vec +
Feature)¡ structure or attribute only based method (i.e. Node2vec, Metapath2vec,
GBDT). It indicates that the better performances can be achieved through fusing
more information. In addition, structure information (i.e. interaction relations) is
really helpful for performance improvement.

(3) Compare the two variants of GBDT (i.e. traditional GBDT and GBDT(CAD2C),
we can �nd that GBDT(CAD2Csigni�cantly outperforms traditional GBDT and other
baselines, which further demonstrates the contribution of structural features provided
by meta-path based neighbors in AHG.

9.2.4.3 E�ects of Hierarchical Attention

One of the major contributions of HACUD is hierarchical attention mechanism which
learns the user preference towards features and meta-paths. In order to examine its
e�ectiveness, we compare the model with its two variants, namely HACUDn%0C� �CC
(HACUD without path attention) and HACUDn%0C� �CÇ�40 �CC (HACUD without
path and feature attention). For the performance comparison in Fig. 9.3, we can
�nd that the overall performance order is as follows: HACUD¡ HACUDn%0C� �CC¡
HACUDn%0C� �CÇ�40 �CC . The results show that the hierarchical mechanism is able
to better utilize the user feature and features generated by meta-paths in two aspects.
First, di�erent meta-paths have di�erent contributions to cash-out user prediction,
which cannot be treated equally (i.e. HACUDn%0C� �CC). Second, each user tends to
place di�erent importance to the various attributes for each meta-path. Ignoring such
in�uence may not be able to achieve the promising performance for fully exploiting
attribute and structure information (i.e. HACUDn%0C� �CÇ�40 �CC ).
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(a) Ten Days Dataset (b) One Month Dataset

Fig. 9.3 Performance comparison of hierarchical attention w.r.t. the dimension of latent represen-
tation3.

(a) Ten Days Dataset (b) One Month Dataset

Fig. 9.4 Performances comparison on di�erent meta-paths and corresponding attention values.

9.2.4.4 Impact of Di�erent Meta-paths

Furthermore, there is another experiment about the performances based on single
meta-path and corresponding average attention value in Fig. 9.4. As we have ob-
served, the performances of HACUD with di�erent meta-paths and the correspond-
ing attentions are positively correlated ( i.e. important meta-paths tend to attract
more attentions). In other words, the proposed HACUD model is potential to let
di�erent users focus on the proper meta-paths.

The more detailed method description and experiment validation can be seen
in [12].

9.3 Intent Recommendation

9.3.1 Overview

With the development of mobile Internet, a novel recommendation service, named
intent recommendation, in many e-commerce Apps (e.g., Taobao and Amazon)
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have emerged, which automatically recommends user intent (presented as several
words) in a search box according to users' historical behaviors when users open
an e-commerce App. Fig. 9.5a illustrates an intent recommendation example on
the Taobao mobile App. According to user historic information, an intent (e.g.,
presented as �air jordan�) will be automatically recommended in the search box
when a user opens the App. If the user clicks the search button, he/she will jump to
the corresponding item list page.

(a) Intent recommendation (b) Heterogeneous graph

Fig. 9.5 Intent recommendation example on Taobao mobile application and the corresponding
heterogeneous graph.

In this chapter, we de�ne the intent recommendation as follows: automatically
recommend a personalized intent for a user according to his/her historical behaviors
without query input. Here, in our application scenario, intent is presented as a
query, consisting of several words or terms simply and directly re�ecting user intent.
Existing methods for intent recommendation used in industry, such as Taobao and
Amazon, usually extract handcrafted features, and then feed these features to a
classi�er, e.g., GBDT [9] and XGBoost [4]. These methods heavily rely on domain
knowledge and need laboring feature engineering. They only utilize attribute and
statistic information of users and queries, and fail to take full advantage of the rich
interaction information among objects. However, the interaction information is very
abundant in real systems, and it is really critical to capture user intent.

As a general information modeling method, heterogeneous graph, consisting of
multiple types of objects and links, has been widely applied to many data mining
tasks [25, 24, 12]. In this chapter, we �rstly propose to model the intent recommen-
dation system with an HG, through which we can �exibly exploit its rich interaction
information. As shown in Fig. 9.5b, obviously, HG clearly demonstrates objects in
intent recommendation (e.g., users, items and queries) and their interaction rela-
tions. Furthermore, we present a novelMetapath-guidedEmbedding method for
IntentRecommendation (namedMEIRec). In order to fully utilize rich interaction
information in intent recommendation, we propose to learn structural feature repre-
sentations of users and queries with Heterogeneous Graph Neural Network (HGNN).
Concretely, we present the metapath-guided neighbours to aggregate rich neighbour
information, where di�erent aggregation functions are designed according to the
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characteristics of di�erent types of neighboring information. In addition, a uniform
term embedding mechanism is designed to signi�cantly reduce the parameter space.
With the static features used in existing systems, as well as the embeddings of users
and queries learned from interaction information, we build a prediction model for
intent recommendation.

9.3.2 Problem Formulation

De�nition 3. Intent Recommendation. Given a setŸ U, I , Q, W, A , B ¡ , where
U = f D1–� � � –D?g denotes the set of? users,I = f81–� � � –8@g denotes the set of@
items,Q = f @1–� � � –@Ag denotes the set ofAqueries,W = f F1–� � � –F=g denotes the
set of= terms,A denotes the attributes associated with objects, andB denotes the
interaction behaviors between di�erent types of objects. In our application, a query
@2 & or an item82 � , is constituted by several termsF 2 W. The purpose of intent
recommendation is to recommend the most related intent (i.e., query)@2 Q to a user
D2 U.

Example 2. Taking Fig. 9.5a for example, for a userD2 U, when he refreshes the
App, we can utilize information fromA andB to calculate the preference score of
Dfor a candidate query@2 Q, and recommend the query with the highest score as
user intent to the userD. It is worth noting that the recommended query re�ects user
intent through exploiting user historical interaction information.

9.3.3 The MEIRec Method

9.3.3.1 Model Framework

The basic idea of the proposed model MEIRec is to design a heterogeneous GNN for
enriching the representations of users and queries. With the help of HG built from
intent recommendation system, MEIRec leverages metapaths to guide the selection
of di�erent-step neighbors and designs a heterogeneous GNN to obtain the rich
embeddings of users and queries. Moreover, we represent di�erent types of objects
with uniform term embedding for less parameters learning, since queries and titles
of items are constituted by a small number of terms.

Fig. 9.6 shows the overall framework of MEIRec. First, we use the triple-object
HG containingŸ DB4A–8C4<–@D4AH ¡as input. Second, we use the uniform term em-
bedding to generate the initial embeddings of items and queries. Third, we aggregate
the information of metapath-guided neighbors to learn the embeddings of users and
queries via heterogeneous GNN. After that, we fuse the embeddings of users and
queries based on di�erent metapaths, respectively. Finally, with the fused embed-
dings of users and queries, accompanying with static features of users and queries,
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we predict the probability that a user will search a speci�c query. We illustrate these
steps in detail in the following sections.

Fig. 9.6 The framework of MEIRec.

9.3.3.2 Uniform Term Embedding

In previous neural-network based recommendation, every user or query should have
an unique embedding. In the intent recommendation scenario, there are billions
of users and queries. If we employ traditional collaborative �ltering or neural-
network based methods to represent all users and queries, it will make the number
of parameters tremendous. Note that queries and titles of items are constituted by
terms and the number of terms is not many. So we propose to represent the queries
and items with a small number of term embeddings. And thus we only need to learn
the term embeddings, rather than all object embeddings. This method is able to
signi�cantly reduce the number of parameters.

Speci�cally, we extract terms from the queries and items' titles3, and build a term
lexicon W = f F1–F2–� � � –F=� 1–F=g. Note that queries and items (i.e., their titles)
are the combination of several terms. For example, as shown in Fig 9.6a and b, query
�Hand Bag" is constituted by terms �Hand" and �Bag", and item �LV Hand Bag" is
constituted by terms �LV", �Hand" and �Bag". Since the number of the lexiconW is
far less than the number of the queries and users, the uniform term embedding can

3Terms are important words or phrases. We use the AliWS (Alibaba Word Segmenter) to segment
the queries and items' titles and select important words or phrases which contains rich meanings
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signi�cantly reduce the number of learned parameters. More importantly, the new
queries that have never been searched before can be represented by these terms.

9.3.3.3 Metapath-guided Heterogeneous Graph Neural Network

Inspired by the basic idea of the GCNs which generates node embeddings based on
local neighbors [16, 34], we �rst propose a metapath-guided heterogeneous GNN.
That is, we leverage metapaths to obtain di�erent-step neighbors of an object, and
the embeddings of users and queries are the aggregation of their neighbors under
di�erent metapaths.

Fig. 9.7 A toy example of metapath-guided information aggregation.

We present a toy example in Fig. 9.7 to illustrate this process. Here we describe
how to obtain the embedding U2 of userD2 based on multiple metapaths, such as
*�& and*&� . We �rst illustrate how we aggregate neighbor information along path
*�& . We use the uniform term embedding to obtain the initial embeddings of queries.
And then we aggregate the metapath-guided neighbors to get the metapath-guided
embedding of userD2. According to the network structure in Fig. 2(a), we get the1-st
step neighbors set ofD2 , N 1

UIQ¹D2º = f81–82g. For each node8: in the neighbors set
N 1

UIQ¹D2º, we extract the2-nd step neighbor setN 2
UIQ¹D2º = f @1–@2–@3g. After we

obtain the1-st step and2-nd step neighbors set ofD2, we aggregate the embeddings
of 2-nd step neighbors to obtain the1-st step neighbors' embeddings. Finally, we
aggregate the embeddings of1-st step neighborsf81–82g to obtain embedding* UIQ

2
of userD2. Following this process, we can get di�erent metapath-guided embeddings
of D2, such as* UQI

2 . Then we aggregate all the metapath-guided embeddings to get
�nal embedding ofD2 (i.e.,* 2).
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9.3.3.4 User Modeling

In our model, we aggregate the information of di�erent-step neighbors to obtain
the representation* 8 of userD8 via metapath-guided heterogeneous GNN. In this
section, we show how MEIRec models user embedding in detail.

As shown in the upper box in Fig 9.6c, in order to get the embedding* 8of userD8,
we select metapaths starting from target user. We �rst search di�erent-step neighbors
along the metapath, and then aggregate the embeddings of neighbors step by step.
Taking the metapath*�& (meaning user clicks the items which had been guided by
queries) for example, we can obtain di�erent-step neighbors of a userD8. After we
get the1-st step and2-nd step neighbors set, we aggregate the embeddings of2-nd
step neighbors (query) to obtain the1-st step neighbors' (item) embeddings and the
embedding� UIQ

9 of item89 in N 1
UIQ¹D8º based on the metapath*�& is:

� UIQ
9 = 6¹� @1– �@2–� � � º– (9.1)

where6¹�º is the average aggregation function. And the queries {@1–@2–� � � } are the
neighbors of item89.

Next, we aggregate1-st step neighbors' (item) embeddings to obtain the embed-
ding* UIQ

8 of userD8:
* UIQ

8 = 6¹� UIQ
1 – �UIQ

2 –� � � º– (9.2)

where the itemsf81–82–� � � gare the neighbors of userD8. Since users click queries or
items with timestamp, we model the neighbors of users (i.e., items or queries) as a
sequence data and utilize LSTM [2] to aggregate them.

Then we obtain the fused user embedding by aggregating embeddings based on
di�erent metapathsf d1– d2–� � � – d: g:

* 8 = 6¹* d1
8 –*d2

8 –� � � –*d:
8 º– (9.3)

where thed is metapath starting from user.

9.3.3.5 Query Modeling

Similar to user information aggregation, we also obtain the fused query embedding
&8 based on metapathsf d1– d2–� � � – d: g:

&8 = 6¹&d1
8 –&d2

8 –� � � –&d:
8 º– (9.4)

where thed is the metapath starting from query.
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9.3.3.6 Optimization Objective

In our model, we predict the probabilitŷH8 9of userD8 search the query@9 which
is in the range of [0,1] to ensure that the output value is a probability. Through
aggregating the neighbors of user and query, we obtain the fused user embedding
* 8 for userD8 and fused query embedding& 9 for query@9. In addition, there are
raw static features used in traditional methods, include attributes of users (queries)
and static features from interaction information. We feed these static features to a
Multi-Layer Perceptron for obtaining the representation of the static features( 8 9.
Then, we concatenate the embeddings of user, query and static features to fuse them.
Finally, we feed the fused embeddings into MLP layers to get the predict scoreĤ8 9.
Then we have:

Ĥ8 9= B86<>83¹ 5¹* 8 � & 9 � ( 8 9ºº– (9.5)

where the5¹�º is the MLP layers with only one output,B86<>83¹�º is the sigmoid
layer, and� is the embedding concatenate operation.

The loss function of our model is a point-wise loss function in Eq. 9.6.

� =
Õ

8– 92Y [ Y �

�
H8 9;>6Ĥ8 9̧ ¹ 1� H8 9º;>6¹1� Ĥ8 9º

�
– (9.6)

whereH8 9is the label of the instance (i.e. 1 or 0) and theY and theY � are the positive
and negative instances set, respectively.

9.3.4 Experiments

9.3.4.1 Experimental Settings

Dataset.We collect a real-world large-scale dataset from Taobao mobile application
from Android and IOS online. We �rst extract static features for user and query. And
we construct an HG based on interaction data collected during 10 days. For o�ine
experiments, we utilize the interaction data during 5 days. Speci�cally, each raw in-
teraction record in the collected dataset containsŸ DB4A–@D4AH–C8<4BC0<?–;014; ¡
representing that the recommended query has been shown to user at timestamp. And
the label indicates whether the user clicks the recommended query. Moreover, we
use training data for di�erent time periods (from 1 to 5 days) to predict the next
one-day. Therefore, we have three datasets with di�erent scales marked as 1-day,
3-day and 5-day. The detailed statistics of the data are shown in Table 9.2.
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Table 9.2 The statistics of the datasets.
Dataset 1-day 3-day 5-day

Training size (positive) 2,000,000 6,000,000 9,999,999
Training size (all) 8,000,000 23,999,998 39,999,997

Validation size (positive) 2,000,000 2,000,000 1,949,143
Validation size (all) 7,999,997 8,000,000 7,949,142

Train users 4,792,621 11,489,531 16,419,735
Train queries 871,133 1,653,865 2,163,574

Validation users 4,819,489 4,809,497 4,790,912
Validation queries 876,636 859,488 787,672

New users in validation set3,666,692 2,613,695 2,064,564
Density 4•8� 10� 7 3•1� 10� 7 2•8� 10� 7

Baselines and Evaluation Metrics.To validate the e�ectiveness of our pro-
posed model, we use the popular models used in industry (i.e., LR, DNN, and
GBDT) with di�erent feature settings and a popular neural network based model
NeuMF. In particular, LR/DNN/GBDT + DW/MP means that we feed the static
features of users and queries, as well as the pre-training embeddings learned by
DeepWalk (DW) [21]/MetaPath2vec (MP) [6] from structural information, into
LR/DNN/GBDT model. In our experiments, we use AUC [19] to evaluate the per-
formance of di�erent models for comparison. The large AUC value means better
performance.

9.3.4.2 O�ine Performance Evaluation

The performances of MEIRec and the baselines are reported in Table 9.3. The major
�ndings from the experimental results can be summarized as follows:

(1) MEIRec signi�cantly outperforms all the compared baselines. Compared to
the best performance of baselines (i.e., GBDT + MP or GBDT + DW, indicated with
�*� at Table 9.3), MEIRec o�ers an improvement of 2.1%~4.3% in the three datasets.
The results show that MEIRec achieves best results by using both static and structural
features. It indicates that our model adopts a more comprehensive way to leverage
static features and interaction relations for improving prediction performance.

(2) Among these baselines, we �nd that the order of overall performances is as
follows: at the method level, GBDT¡ DNN ¡ LR ¡ NeuMF. Due to that NeuMF
cannot learn the embeddings of new users and new queries appeared in the valida-
tion set, new objects' embeddings will be random variables, which makes the worst
performances of NeuMF. And at the feature level, (static features + heterogeneous
embeddings) based methods¡ (static features + homogeneous embeddings) based
methods¡ static features based methods. This ranking indicates that fusing more
information could usually get better performances. At both levels, we conclude that
choosing a model plays a key role in intent recommendation, and adopting appropri-
ate methods to fuse more information could signi�cantly improve the performance.
As a consequence, the MEIRec achieves best performances, due to the heterogeneous
GNN model and utilization of rich heterogeneous interactions.
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(3) As the scale of data increasing, our model outperforms the best baselines with
an increased margin (from 2.1% to 4.3%). The result further con�rms that our model
is more scalable for large-scale datasets.

Table 9.3 The AUC comparisons of di�erent methods. The * indicates the best performance of the
baselines. Best results of all methods are indicated in bold. The last row indicates the percentage
of improvements gained by the proposed method compared to the best baseline.

Method
1-day 3-day 5-day

40% 60% 80% 100% 40% 60% 80% 100% 40% 60% 80% 100%

NeuMF 0.6014 0.6066 0.6136 0.6143 0.6168 0.6218 0.6249 0.6291 0.6172 0.6224 0.6246 0.6295

LR 0.6854 0.6838 0.6884 0.6889 0.6844 0.6863 0.6857 0.6865 0.6817 0.6831 0.6827 0.6836
LR+DW 0.6878 0.6904 0.6898 0.6930 0.6888 0.6896 0.6898 0.6900 0.6838 0.6842 0.6863 0.6867
LR+MP 0.6918 0.6936 0.6950 0.6969 0.6919 0.6930 0.6933 0.6933 0.6874 0.6890 0.6898 0.6899

DNN 0.6939 0.6981 0.6991 0.6997 0.6966 0.6985 0.6999 0.7008 0.6996 0.7011 0.7017 0.7029
DNN+DW 0.6962 0.6980 0.7003 0.7024 0.7005 0.7017 0.7024 0.7030 0.7017 0.7029 0.7040 0.7047
DNN+MP 0.6984 0.6992 0.7024 0.7057 0.7025 0.7040 0.7051 0.7057 0.7017 0.7044 0.7060 0.7069

GBDT 0.7071 0.7071 0.7067 0.7073 0.7070 0.7071 0.7072 0.7071 0.7067 0.7068 0.7072 0.7066
GBDT+DW 0.7114 0.7119 0•7112� 0•7118� 0.7109 0.7106 0.7106 0.7104 0.7109 0.7112 0.7109 0.7114
GBDT+MP 0•7122� 0•7127� 0.7110 0.7111 0•7123� 0•7122� 0•7122� 0•7124� 0•7118� 0•7114� 0•7114� 0•7120�

MEIRec 0.7273 0.7302 0.7339 0.7346 0.7352 0.7369 0.7380 0.7390 0.7372 0.7401 0.7409 0.7425
Improvement 2.1% 2.5% 3.2% 3.2% 3.2% 3.5% 3.6% 3.7% 3.6% 4.0% 4.1% 4.3%

9.3.4.3 Online Experiments

To furtherly evaluate the proposed model, we conduct online experiments in Taobao
mobile App. We conduct a bucket testing (i.e., A/B testing) online to test the users'
response to our model against baseline. We select one bucket for baseline, and
another bucket for our model. And we select the GBDT model for comparison for
that GBDT is used in real system. We use the metric CTR, Unique Click4, and UCTR
to evaluate the online performance, where CTR and UCTR=Unique Click/Unique
Visitor indicate change of the click ratio and visit ratio.

The results are shown in Table 9.4. We can see that, compared to the GBDT,
MEIRec achieves performance improvement in all metrics, which indicates that in-
corporating interaction information can better capture user latent intent. Our model
gains the improvement of 0.70%, 4.79% and 1.54% for Android, IOS and Total
respectively in CTR. Since the CTR is to measure the ratio of clicks against im-
pressions, the improvement of CTR shows that our model can greatly improve the
user's search experience. In addition, the metric UCTR indicates how many unique
visitors click the recommended query, and it gains an improvement of 2.07%, 5.43%
and 2.66% for Android, IOS and Total. The improvement of UCTR shows that our
model has an advantage in attracting new users to search queries.

4The number of visitors who performed a click
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Table 9.4 Online A/B testing experiments results.

Data Methods CTR Unique Click UCTR

Android
GBDT 1.746% 256,116 13.939%

MEIRec 1.758% 260,634 14.229%
Improvement 0.70% 1.76% 2.07%

IOS
GBDT 0.7687% 62,462 5.2579%

MEIRec 0.8056% 65,895 5.5436%
Improvement 4.79% 5.50% 5.43%

Total
GBDT 1.4035% 318,578 10.5252%

MEIRec 1.4252% 326,529 10.8052%
Improvement 1.54% 2.50% 2.66%

The more detailed method description and experiment validation can be seen
in [8].

9.4 Share Recommendation

9.4.1 Overview

With the development of social e-commerce, a new recommendation paradigm, share
recommendation, has sprung up recently. In particular, share recommendation aims
to predict whether a user will share an item with his friend. Such recommendation
demand is ubiquitous in social e-commerce. The share recommendation is signif-
icantly di�erent from traditional recommendations, such as item recommendation
[29] and friend recommendation [32]. As shown in Fig. 9.8, we can �nd that item
recommendation aims to recommend an item to a user (i.e., essentially maximize
the probability%¹82jD2º) and friend recommendation aims to recommend a friend
to a user (i.e., maximize the probability%¹D4jD2º). Signi�cantly di�erent from the
above binary recommendations, the goal of share recommendation is to predict the
ternary interactions amongh*B4A– �C4<– �A84=3i , i.e., whether a user will share an
item with his friend, maximizing the probability%¹D3jD2–83º.
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Fig. 9.8 Share recommendation V.S. previous recommendations.

Fig. 9.9 A typical example for share recommendation.

Deliberately considering the characteristics of share recommendation, we need
to address the following challenges for modeling share recommendation.Rich Het-
erogeneous Information.Share recommendation usually contains complex hetero-
geneous information, including complex interactions among users and items, as well
as rich feature information of users and items.Complex ternary interaction. Dif-
ferent from simple binary interaction in traditional recommendations, exempli�ed
ashD2–82i interaction in the item recommendation andhD2–D4i interaction in friend
recommendation in Fig. 9.8, share recommendation faces complex ternary interac-
tion (e.g.,hD2–83–D3i in Fig. 9.8). We need to consider the suitability of a share
action, which evaluates the matching degree of three objects (e.g.,D2, 83, D3) in the
share action. According to the characteristic of the recommended item, a user will
recommend it to an appropriate friend, and thus how the item in�uence the user (or
the friend) should be considered.Asymmetric Share Action. The share action is
asymmetric and irreversible, which means the share action may not happen if we
swap the roles of the user and the friend.

In this section, we �rst study the problem of share recommendation and pro-
pose a novelHeterogeneousGraph neural network basedShareRecommendation
model (HGSRec). We model the share recommendation system as an attributed het-
erogeneous graph to integrate rich heterogeneous information, and then we design



20

HGSRec to learn the embeddings ofD, 8, Eand predict the probability of share action
hD–8–Ei happening. Speci�cally, after initializing node embedding via encoding rich
node features, a tripartite heterogeneous GNNs is designed to learn the embeddings
of D, 8, E, respectively, via aggregating their meta-path based neighbors, which en-
ables HGSRec �exibly fuse di�erent aspects of information. Furthermore, a dual
co-attention mechanism is proposed to dynamically fuse the multiple embeddings
of D(or E) under di�erent meta-paths, considering the in�uence of item8to userD
(or E), to improve the suitability ofhD–8–Ei . Finally, a transitive triplet representation
of hD–8–Ei is employed to predict whether share action happens.

9.4.2 Problem Formulation

De�nition 4. Share Recommendation. Given an attributed heterogeneous graph
G= ¹V–E– -º representing a share recommendation system, share recommendation
aims to predict a share actionhD–8–Ei (formulated withh*B4A– �C4<– �A84=3i , or
abbreviated withh*– �–+i ). Speci�cally, the purpose of share recommendation is
to recommend the most likely�A84=3 E2 F ¹Dº to *B4A D2 V* who would like to
share the�C4< 82 V� (hD–8i 2 E$ ), i.e.,argmaxE %¹EjD–8º. The labelHD–8–E2 f0–1g
indicates whether share action happens.

Example 3. Fig. 9.9a shows the attributed heterogeneous graph of share recommen-
dation. HereD2 has two friends denoting asF ¹D2º = f D1–D3g. Meta-path [26], a com-
posite relation connecting two nodes, is able to extract rich semantics. As shown in
Fig. 9.9b,*B4A1DH�C4<1DH*B4A(U-b-I-b-U for short) meaning the co-buying rela-
tions,*B4AB>280;*B4A(U-s-Ufor short) meaning the social relations,*B4A1DH�C4<
(U-b-I for short) meaning buy relations, and*B4AE84F�C4<E84F*B4A(U-v-I-v-U
for short) meaning the co-viewing relations. As shown in Fig. 9.8c, share recommen-
dation will recommend a most likely friend, likeD3 2 F ¹D2º, to a userD2 who would
like to share the shoes83, which essentially maximizes the probability%¹D3jD2–83º.

9.4.3 The HGSRec Method

9.4.3.1 Model Framework

The overall framework of HGSRec is shown in Fig. 9.10. Given a share action
Ÿ D–8–E ¡, the basic idea of HGSRec is to learn the embeddings ofD–8–Eto predict
the probability of the action happening, with the help of delicate designs, such as
tripartite heterogeneous GNNs, dual co-attention mechanism, and transitive triplet
representation.
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Fig. 9.10 The overall framework of the proposed HGSRec. (a) Initializing user and item embedding
via feature embedding. (b) Updating node embedding via tripartite heterogeneous graph neural
networks. (c) Fusing embedding dynamicially via the dual co-attention mechanism. (d) Modeling
asymmetric share action via transitive triplet representation.

9.4.3.2 Initialization with Feature Embedding

Firstly, we initialize node embedding via embedding their features. Di�erent from ID
embedding, feature embedding has two-fold bene�ts: (1) In real applications, there
are numerous of newly coming nodes every day. The feature embedding e�ectively
generates embeddings for previously unseen nodes by utilizing their features. (2)
The number of features is much less than the number of nodes, which signi�cantly
reduces the number of learnable parameters.

For the: -th node feature5: 2 Rj 5: j� 1, we initialize a feature embedding matrix
M 5: 2 R3� j 5: j, wherej 5: j means the number of values of feature5: and 3 is the
dimension of feature embedding. The embedding ofD's : -th feature is shown as
follows:

4
5*
:

D = " 5*
: � D5*

: • (9.1)

Considering all the features of userD, we can get the initial user embeddingGD, as
follows:

GD = f
�
, * �

�
j 5* j

k
: =1

4
5*
:

D

�
¸ 1*

�
– (9.2)

wherejj denotes the concatenation operation,, * and 1* denote the weight ma-
trix and bias vector, respectively. The same process can be done for item/friend
embedding.
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