
CONTEXT-AWARE NEXT POINT-OF-INTEREST

RECOMMENDATION WITH UNCERTAIN

CHECK-INS

ZHANG LU

SCHOOL OF COMPUTER SCIENCE AND ENGINEERING

2022



CONTEXT-AWARE NEXT POINT-OF-INTEREST

RECOMMENDATION WITH UNCERTAIN

CHECK-INS

ZHANG LU

School of Computer Science and Engineering

A thesis submitted to the Nanyang Technological University
in partial fulfilment of the requirement for the degree of

Doctor of Philosophy (Ph.D)

2022



Statement of Originality 

 
I hereby certify that the work embodied in this thesis is the result of original 

research, is free of plagiarised materials, and has not been submitted for a 

higher degree to any other University or Institution. 

 

 

 

 

 

            

. . . . . . . . . . . . . . . . .            . . . . . . . . . . . . . . . . .  . . . . . . . . . . 
Date                                            Zhang Lu 

 

9/3/2022 



Supervisor Declaration Statement 

 
I have reviewed the content and presentation style of this thesis and declare it 

is free of plagiarism and of sufficient grammatical clarity to be examined.  To 

the best of my knowledge, the research and writing are those of the candidate 

except as acknowledged in the Author Attribution Statement. I confirm that 

the investigations were conducted in accord with the ethics policies and 

integrity standards of Nanyang Technological University and that the research 

data are presented honestly and without prejudice. 

 

 

 

 

  

    9/3/2022             

. . . . . . . . . . . . . . . . .            . . . .  . . . . . . . . . . . . . . . . . . . . . . . 
Date                                    Assoc Prof Jie Zhang 

 

  



Authorship Attribution Statement 

 

This thesis contains material from 3 papers published in the following peer-reviewed 

journals and conference in which I am listed as an author.  

 

Chapter 3 is published as Lu Zhang, Zhu Sun, Jie Zhang, Horst Kloeden and Felix Klanner, 

“Modeling hierarchical category transition for next POI recommendation with 

uncertain check-ins.”  Information Sciences 515 (2020): 169-190.  

DOI: https://doi.org/10.1016/j.ins.2019.12.006 

 

The contributions of the co-authors are as follows: 

• I designed the model, conducted the data analysis and experiments, and 

prepared the manuscript draft. Dr. Zhu Sun discussed with me about how to 

properly present the key idea of the manuscript and revise it. 

• Prof. Jie Zhang provided the initial project direction and revised the manuscript. 

• Dr. Horst Kloeden and Dr. Felix Klanner are the project founding providers. 

 

Chapter 4 is published as Lu Zhang, Zhu Sun, Jie Zhang, Yu Lei, Chen Li, Ziqing Wu, 

Horst Kloeden and Felix Klanner. “An Interactive Multi-Task Learning Framework for 

Next POI Recommendation with Uncertain Check-ins.” In Proceedings of the 29th 

International Joint Conference on Artificial Intelligence, pp. 3551-3557, 2020. DOI: 

https://doi.org/10.24963/ijcai.2020/491. 

 

The contributions of the co-authors are as follows: 

• Prof. Jie Zhang and Dr. Zhu Sun provided the initial project direction. 

• I designed the model, conducted the experiments and prepared the 

manuscript. Dr. Zhu Sun discussed with me about the framework of the model. 

• Prof. Jie Zhang and Dr. Zhu Sun revised the manuscript. 

• Yu Lei, Chen Li and Ziqing Wu assisted in the data construction, data analysis 

and experiment conduction. 

• Dr. Horst Kloeden and Dr. Felix Klanner are the project founding providers. 



Chapter 5 is published as Lu Zhang, Zhu Sun, Jie Zhang, Yiwen Wu and Yunwen Xia. 

“Conversation-based Adaptive Relational Translation Method for Next POI 

Recommendation with Uncertain Check-ins.” IEEE Transactions on Neural Networks 

and Learning Systems, 2022. DOI: 10.1109/tnnls.2022.3146443 

 

The contributions of the co-authors are as follows: 

• Prof. Jie Zhang and Dr. Zhu Sun provided the initial project direction. 

• I designed the model, conducted the experiments and prepared the 

manuscript draft. 

• Prof. Jie Zhang and Dr. Zhu Sun revised the manuscript. 

• Yiwen Wu and Yunwen Xia assisted in the experiment conduction. 

 

 

 

 

                      

. . . . . . . . . . . . . . . . .            . . . . . . . . . . . . . . . . . . . . . . . . . . . 
Date                                Zhang Lu 

9/3/2022 



Acknowledgments

I would like to express my sincere gratitude towards my supervisor Prof. Jie Zhang, for

his patient guidance, encouragement, and great support during my Ph.D. journey. His

immense knowledge and insightful advice not only help me learn how to do research but

also benefit my future career development. I feel very grateful to my co-author Dr. Zhu

Sun for her constant support and elaborative guidance during the past three years. Many

thanks for her shared generous experience in research. I would like to thank Prof. Gao

Cong and Prof. Hong Xu for being my Thesis Advisory Committee members.

I would also like to appreciate my group members for their friendly help. They include

Zhiguang Cao, Wen Song, Ziqing Wu, Yiwen Wu, Yunwen Xia, Yu Lei, Chen Li, Cong

Zhang, Yaoxin Wu, Xiao Shao. I also want to thank my colleagues and administrators

at BMW-NTU Research Lab: Chan Jyh Huah, Jagadheesan Vignesh and Maggie Lee

Suh Chya. I am truly thankful for the support provided by BMW group members, Horst

Kloeden and Felix Klanner.

Last but not least, I would like to sincerely thank my parents and my husband for

their constant support, encouragement and love all the time.

v



Contents

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1 Introduction 2

1.1 Research Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Research Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Research Approaches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 Research Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.5 Dissertation Organization . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2 Literature Review 13

2.1 Context Features for Next POI Recommendation . . . . . . . . . . . . . 13

2.1.1 Categorical Context . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.2 Spatial Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.3 Temporal Context . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.4 Sequential Context . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2 Hierarchical Category Transition based Recommendation . . . . . . . . . 16

2.2.1 Latent Factor Model based Approaches . . . . . . . . . . . . . . . 17

2.2.2 Representation Learning Model based Approaches . . . . . . . . . 18

2.3 Multi-task Learning based Recommendation . . . . . . . . . . . . . . . . 19

2.3.1 Activity and Location aware Recommendation . . . . . . . . . . . 19

2.3.2 Multi-Task Learning for Recommendation . . . . . . . . . . . . . 20

2.4 Conversation based Recommendation . . . . . . . . . . . . . . . . . . . . 22

vi



2.4.1 Static Next POI Recommendation . . . . . . . . . . . . . . . . . . 22

2.4.2 Conversational Recommender System . . . . . . . . . . . . . . . . 23

2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3 HCT: Hierarchical Category Transition Method 26

3.1 Data Construction and Analysis . . . . . . . . . . . . . . . . . . . . . . . 27

3.1.1 Data Construction . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.1.2 Empirical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3 The HCT Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.1 Data Module . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.2 Training Module . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.3 Prediction Module . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.3.4 Model Optimization and Complexity Analysis . . . . . . . . . . . 42

3.4 Experiments and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.4.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.4.2 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4 iMTL: Interactive Multi-task Learning Method 54

4.1 Data Description and Analysis . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3 The iMTL Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.3.1 Temporal-aware Activity Encoder . . . . . . . . . . . . . . . . . . 58

4.3.2 Spatial-aware Location Preference Encoder . . . . . . . . . . . . . 59

4.3.3 Task-specific Decoder . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.3.4 Learning Strategy and Complexity Analysis . . . . . . . . . . . . 61

4.4 Experiments and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.4.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.4.2 Performance Comparison (RQ1) . . . . . . . . . . . . . . . . . . . 65

4.4.3 Detailed Study of iMTL (RQ2) . . . . . . . . . . . . . . . . . . . 67

4.4.4 Parameter Sensitivity Analysis (RQ3) . . . . . . . . . . . . . . . . 67

4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

vii



5 CART: Conversation-based Adaptive Relational Translation Method 69

5.1 The CART Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.1.1 Recommender Module . . . . . . . . . . . . . . . . . . . . . . . . 71

5.1.2 Conversation Module . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.1.3 Connection of Recommender and Conversation Modules . . . . . 77

5.1.4 Discussion on the Issue of Uncertain Check-ins . . . . . . . . . . . 77

5.1.5 Model Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.2 Experiments and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.2.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.2.2 Performance Comparison for CRS Methods (RQ1) . . . . . . . . . 84

5.2.3 Performance Comparison for Static Methods (RQ2) . . . . . . . . 85

5.2.4 Study on Quality of User Response (RQ3) . . . . . . . . . . . . . 89

5.2.5 Ablation Study (RQ4) . . . . . . . . . . . . . . . . . . . . . . . . 91

5.2.6 Hyper-parameter Analysis (RQ5) . . . . . . . . . . . . . . . . . . 93

5.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

6 Conclusions and Future Work 94

6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

List of Publications 98

List of Submissions 99

References 100

viii



Summary

The rapid development of next point-of-interest (POI) recommendation benefits from a

large number of check-ins shared by users in location-based social networks (LBSNs),

such as Foursquare and Yelp, which helps users explore their surroundings. Accordingly,

most existing studies assume that such check-ins reflect users’ exact visits, i.e., certain

check-ins. In reality, due to the privacy concern or the bias of the indoor navigation of

GPS, users may leave some uncertain check-ins at a collective POI, e.g., a shopping mall

containing multiple individual POIs. Such uncertain check-ins bring the challenges of

learning user preference and complete transition patterns, which are rarely investigated

by the existing next POI recommendation studies. Therefore, in this dissertation, we

focus on a new research problem that aims to recommend next individual POIs with

uncertain check-ins, and develop a series of effective algorithms by exploiting context

information mined from users’ historical check-in behaviors to resolve this problem.

In the next POI recommendation scenario, exploiting users’ preference transitions

over the categories of POIs, i.e., category transition, is of significance in improving rec-

ommendation accuracy. Moreover, POIs are typically organized by a category hierarchy

(CH). As a result, CH can better describe the correlations between POIs (categories) and

categories, which shows potential in easing the cold start issue in the recommendation

task. Existing studies either exploit the category transition or CH to improve the rec-

ommendation performance. However, they lack consideration of both effects in a unified

manner. In order to take advantage of their joint effects for better recommendation un-

der the uncertain check-in scenario, we first propose a HCT framework, which exploits

hierarchical category transitions for better multi-granularity user preference transition

learning. In this way, HCT predicts users’ preferred categories inside collective POIs.

As bounded to specific categories, HCT further adopts hierarchical dependencies in CH

ix



to capture the semantic relatedness of POIs, thus easing the cold start issue. Empirical

studies show the superiority of HCT against state-of-the-art algorithms.

Despite the pioneer effort HCT can address the challenge of uncertain check-ins to

some extent, it fails to well characterize users’ underlying activities over uncertain check-

ins and model the interplay between sequential activities and locations by considering the

spatiotemporal context. Therefore, we devise an interactive multi-task learning frame-

work – iMTL, which introduces: a temporal-aware activity encoder equipped with fuzzy

characterization to unveil the latent activity transition patterns; a spatial-aware location

preference encoder to capture the latent location transition patterns; and a task-specific

decoder to adopt the learned latent transition patterns and enhance both activity and

location prediction tasks in an interactive manner. Extensive experiments on real-world

datasets demonstrate that iMTL consistently outperforms the state of the arts.

Although the proposed HCT and iMTL have shown the capability of easing the issue

of uncertain check-ins, they suffer from the inability of recommending accurate POIs

when they fail to predict user’s accurate activity (i.e., immediate preference). In fact,

most existing next POI recommenders (i.e., static methods) face the inherent limitations

of capturing users’ accurate immediate preferences and adapting to their feedback re-

garding the recommendation results. The development of conversational recommender

system (CRS) techniques brings great potential in resolving the limitations of such static

recommenders. We further propose a conversation-based adaptive relational translation

(CART) approach for next POI recommendation over uncertain check-ins. It is equipped

with recommender and conversation modules to interactively acquire a user’s immedi-

ate preference and make dynamic recommendations. Specifically, the recommender built

upon the adaptive relational translation method performs location prediction via model-

ing both sequential behaviors and the immediate preference received from conversations;

and the conversation module aims to achieve successful recommendations in fewer con-

versation turns by learning a conversational strategy, whereby the recommender can be

updated via the user’s feedback. Experiments on real-world datasets show the superiority

of our proposed CART over state-of-the-art algorithms.

To sum up, in this dissertation, we propose a series of recommendation approaches by

exploiting context information mined from users’ check-in behaviors for more accurate

next POI recommendations under the uncertain check-in scenario.
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Chapter 1

Introduction

1.1 Research Scope

In recent years, the development of location-based social networks, such as Foursquare1

and Yelp2, has greatly promoted active research in the area of point-of-interest (POI)

recommendation [1, 2] and thus benefits both personal assistant service and businesses

(POI holders). One prominent research line is the next POI recommendation (a.k.a

sequential POI recommendation) where the goal is to recommend locations3, such as

restaurants, that users might be interested in at the next timestamp [3, 4]. Existing

studies, however, are mainly based on the commonly utilized check-in datasets (e.g.

Foursquare) and assume that such check-ins reflect users’ exact POI visits [5–8], i.e.,

certain check-ins. In reality, due to privacy concerns or the bias of the indoor navigation

of GPS, users do not always disclose some specific POI visits, especially in the gathering

places of numerous individual POIs, such as a shopping mall (namely collective POI)

that contains multiple individual POIs. Hence, they may leave uncertain check-ins at a

collective POI.

As illustrated in Fig. 1.1, Bob checked in at individual POIs 𝑙1 (e.g., office) at time

𝑡1 and 𝑙2 (e.g., gym) at time 𝑡2 successively, namely certain check-in. He then visited the

individual POI 𝑙6 inside the Building 𝑙5, which is defined as collective POI containing

multiple individual POIs (e.g., 𝑙6, 𝑙7, 𝑙8). Most existing sequential POI recommendation

studies are built upon Bob’s certain check-ins: 𝑙1 → 𝑙2 → 𝑙6. However, Bob may

1https://foursquare.com/
2https://www.yelp.com/
3‘POI’ and ‘location’ are interchangeably used in this dissertation.
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Fig. 1.1: An example of Bob’s certain and uncertain check-ins, where yellow triangles are
individual POIs (e.g., 𝑙1, 𝑙2); dotted circles are collective POIs (e.g., 𝑙4, 𝑙5); blue squares
are categories (e.g., 𝑐1, 𝑐2) that POIs belong to; 𝑡𝑖 is the particular check-in time.

leave a rough footprint, e.g., 𝑙5, instead of the precise POI 𝑙6. The accessible record

thus will become: 𝑙1 → 𝑙2 → 𝑙5, where the uncertain check-in at collective POI 𝑙5 is

involved. Based on such records, existing POI recommenders may recommend 𝑙5 at 𝑡3 to

Bob instead of 𝑙6 after he visited 𝑙2 at 𝑡2, because POIs 𝑙6, 𝑙7, 𝑙8 are unobserved in his

historical records (i.e., cold start POIs).

The above example shows the presence of users’ uncertain check-ins at collective

POIs in reality. It meanwhile emphasizes the necessity of investigation on a new research

problem, that is, recommending next precise individual POIs (either outside or inside

collective POIs), e.g., 𝑙2, 𝑙6, to users over uncertain check-ins. This, however, is non-

trivial and fronted with challenges: (1) the difficulty to learn complete and accurate

users’ check-in transition patterns with these uncertain check-ins at collective POIs; and

(2) the aggravation on cold start issue due to the uncertain check-ins at collective POIs.

To address the above challenges, in this dissertation, we focus on investigating how to

exploit context information originated from users’ historical check-in behaviors to achieve

more accurate next POI recommendations under the uncertain check-in scenario.

In the next POI recommendation, mining insights of users’ preference transitions

among locations, i.e., category transition, is significant in improving recommendation

accuracy. For example, Bob went to the gym (i.e., category/activity) and checked in

at a specific location 𝑙2 according to his activity. When his next preferred category 𝑐1

is predicted (i.e., 𝑐4 → 𝑐1), the POI candidate space is narrowed down by the pre-

dicted category. These category-aware next POI recommenders have been developed,

which model the category transition and derive a list POIs by considering the category

3
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Category Layer 2

Category Layer 1 ......

1l

2l

3l

4l

5l

6l

7l
POI

Thai RestaurantChinese Restaurant

Asia Restaurant

Fig. 1.2: An example of a two-layer category hierarchy for restaurants, where 𝑙1, . . . , 𝑙7
denote different restaurants; 𝑙1 − 𝑙4 are associated with the first-layer category ‘Chinese
Restaurant’; 𝑙5 − 𝑙7 belong to the first-layer category ‘Thai Restaurant’; both ‘Chinese
Restaurant’ and ‘Thai Restaurant’ at the first layer are associated with the second-layer
category ‘Asia Restaurant’.

preference and spatiotemporal context [1, 9, 10]. As bounded to specific categories, rec-

ommendations can be more accurate in comparison with solutions that directly model

users’ transition patterns among locations. Besides, as illustrated in Fig. 1.2, POIs are

typically organized by the category hierarchies (CHs). The dependencies4 between POIs

(categories) and categories at different layers of CHs can help better define semantic

relations of POIs from low (leaf) to high (root) levels [11, 12], thus assisting in more

accurate recommendation. Many recent studies show that CHs are effective in resolving

the cold start issue [13–15]. Typical examples for CHs include on-line products hierarchy

(e.g., Amazon web store [14]), video hierarchy (e.g, Micro-video [16, 17]), and so forth.

As there are different category transitions over different layers of CHs, it is, therefore, of

great potential in exploiting both category transition and category hierarchy in a unified

manner to comprehensively model user preference transition in different granularity.

Recently, multi-task learning (MTL) [18] has drawn much attention in natural lan-

guage processing [19] and speech recognition [20], with recommendation system being no

exception [7, 21–23]. It is capable of learning multiple related tasks simultaneously and

improving model generalization by leveraging potential correlations and common features

among related tasks. Recommendation systems intuitively refer to multiple related tasks,

4Based on the category hierarchy, we can obtain two types of dependencies: (1) the dependency
between a POI and its direct (bottom) category; and (2) the dependency between two categories at any
two consecutive layers of the hierarchy. For simplicity, we shorten it as: the dependencies between POIs
(categories) and categories.
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such as rating prediction, item recommendation, category recommendation and recom-

mendation explanation. As a result, exploiting related tasks into the MTL framework

can not only augment the single task learning but also enhance the recommendation

performance. Recent location-based MTL recommenders [7, 24] incorporate multiple re-

lated tasks, such as activity and POI prediction tasks, to improve the recommendation

accuracy. However, under the uncertain check-in scenario, they are insufficient in mod-

eling rich context information (e.g., spatiotemporal and sequential regularity) of users’

check-in trajectories for activity and POI predictions, as they fail to capture the under-

lying activity over uncertain check-ins and explore the interplay between different tasks.

Hence, how to model the context information under the uncertain check-in scenario by

taking advantage of the MTL framework is of significance for a more accurate next POI

recommendation.

Intuitively, most existing next POI recommenders (i.e., static methods) suffer from

the following inherent limitations: (1) the difficulty of capturing a user’s immediate pref-

erence since user preference often drifts with time; and (2) the difficulty of updating

the recommender with user’s feedback regarding the recommendation results. The de-

velopment of conversational recommender system (CRS) techniques [25–29] brings great

potential in resolving the limitations of these static recommenders, since they allow the

recommender to acquire a user’s immediate preference and achieve high-quality recom-

mendations via real-time conversations. The recent studies [30, 31] have demonstrated

the efficacy of multi-round setting of CRS for more accurate item recommendations.

Note that the multi-round CRS refers to that the system interacts with a user and makes

recommendation multiple times until the user accepts the recommendation or chooses to

quit. To this end, it is of great potential to build a location-aware CRS by integrating

the merits of both multi-round CRS and context-aware recommender for an enhanced

next POI recommendation over uncertain check-ins.

To summarize, in this dissertation, we devote to developing a series of novel recom-

mendation approaches by exploiting various context information to achieve more accurate

next POI recommendations with uncertain check-ins.
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1.2 Research Challenges

According to the research scope illustrated in Section 1.1, three recommendation prob-

lems are defined and investigated in this dissertation, i.e., hierarchical category transi-

tion based recommendation, interactive multi-task learning based recommendation, and

conversation-based recommendation. In this section, we will respectively demonstrate

their research challenges.

Hierarchical Category Transition based Recommendation. A user’s preference

transition over the categories of POIs (i.e., category transition) is capable of reflecting

the insights of his transition pattern on locations [1, 9, 10]. By studying the patterns of

user preference transition over categories of certain check-ins, we are able to infer possible

categories of uncertain check-ins. As bounded to specific categories, recommendations

can be more accurate in comparison with conventional solutions that directly model users’

transition patterns over individual POIs [11]. Some studies show that category hierarchies

(CHs) can help ease the cold start issue. As an example in Fig. 1.1, individual POIs,

e.g., 𝑙6 and 𝑙7, inside a collective POI 𝑙5 are all cold start POIs. Based on the CHs,

we can obtain their corresponding category representation from certain check-ins, which

enables the recommender to infer a user’s preferred category within a collective POI.

In addition to cold start POIs, the presence of uncertain check-ins may also result in

cold start categories at a lower layer, for example, the category 𝑐3 is unobserved in the

certain check-ins. Hence, we argue that 1) the category transitions over different layers

of CHs would help capture users’ preference transitions in different granularity, and 2)

the dependencies between POIs (categories) and categories at different layers of CHs can

better define semantic relations of POIs from low to high levels [11,12].

Although many recent studies either exploit category transitions [9, 10] or category

hierarchies [11] to achieve high-quality next POI recommendation, they neglect to con-

sider their joint effects in a unified manner. Therefore, how to comprehensively model a

user’s preference transitions by exploiting CHs is a challenging problem to be solved.

Multi-task Learning based Recommendation. Multi-task learning based rec-

ommenders have shown great advantages in improving prediction accuracy and explain-

ability, by leveraging potential correlations among multiple related tasks. In item rec-

ommendation, recent studies [21, 22] employ MTL framework to perform both rating
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prediction and recommendation explanation from user-generated reviews. In the next

POI recommendation, several MTL neural network based methods have been proposed

by integrating spatiotemporal and sequential context to perform the POI prediction task,

companioned by activity prediction task [7] or time prediction task [24].

However, we argue that the potential of MTL for next POI recommendation has not

been fully exploited. Inspired by the activity or location oriented sequential dependency

modeling for next POI recommendation, some studies [9,11,32] seek to explore sequential

activity patterns, so as to estimate an activity first and then predict a location based on

the predicted activity. Others attempt to mine sequential location patterns via recurrent

neural networks [8,33,34], due to its capability of capturing sequential information. While

the presence of uncertain check-ins may weaken the sequential dependencies and result

in fuzzy activities, which hinders the ability of these methods in user preference learning.

Besides, existing location based MTL methods neglect the interplay between related tasks

(i.e., activity and location prediction tasks) with considering the spatiotemporal context

and sequential regularity. To this end, how to effectively model the context of users’

check-in behaviors and characterize their underlying activities at collective POIs under

the MTL framework is the core challenge to be solved.

Conversation-based Recommendation. The development of conversational rec-

ommender system (CRS) techniques [25–29] brings revolution to the existing static rec-

ommenders. The CRS typically consists of a conversation module and a recommender

module, which allows the recommender to obtain a user’s immediate preference and fur-

ther recommends desired items via real-time conversations multiple times. Compared

with static next POI recommenders, CRS enables interactions with users to acquire their

immediate preference such as the desired activity and the POI type (individual or collec-

tive POI), which is one of the key point for a successful recommendation under uncertain

check-in scenario. While the static recommenders under this scenario is hard to suggest

accurate POIs when an undesired activity is predicted [32,35].

Recent studies [30, 31] have demonstrated the efficacy of multi-round setting of con-

versations for more accurate item recommendations. However, their factorization-based

recommender modules [36] adopt inner product to measure the similarity of user-item in-

teractions, which are insufficient to capture spatiotemporal and sequential context from
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users’ historical check-in behaviors. Hence, the key challenge is how to integrate the

merit of multi-round setting of conversation module and the powerful representation

ability of the recommendation module to build a location-aware CRS, so as to achieve

more accurate next POI recommendations with uncertain check-ins.

1.3 Research Approaches

In Section 1.2, we have demonstrated the research challenges regarding the three recom-

mendation problems. Next, we will illustrate the research approaches which are devised

to address the issue of uncertain check-ins in the next POI recommendation.

Hierarchical Category Transition based Recommendation. Inspired by the

studies which either exploit category transitions or category hierarchies to achieve high-

quality next POI recommendations, we consider to model their joint effects in a unified

manner, since there are different category transitions over different layers of CHs that

help to infer users’ preferred categories over uncertain check-ins. To this end, we pro-

pose a novel hierarchical category transition (HCT) framework based on representation

learning models (e.g., Skip-gram [37]), which exploits category transitions over different

layers of CHs to help thoroughly model users’ preference transition. Based on the hier-

archical category transition over certain check-ins, HCT is capable of predicting users’

preferred categories of uncertain check-ins at collective POIs. Moreover, the hierarchical

dependencies in CHs between POIs (categories) and categories could help capture better

semantic relatedness and learn better representations of both POIs and categories. By

sharing representations of common hierarchical categories with existing POIs, the cold

start POIs could be efficiently handled.

Multi-task Learning based Recommendation. To reach the full exploitation of

MTL for a more accurate next POI recommendation, we contribute a novel Interactive

Multi-Task Learning (iMTL) framework by jointly modeling both types of sequential

dependencies (i.e., activity and location) and the interplay between activity and location

prediction prediction tasks. In particular, a two-channel encoder, i.e., temporal-aware

activity encoder and spatial-aware location preference encoder, is devised to capture

the latent transitions of activities and locations via long-short term memory networks
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(LSTM) [38]. A fuzzy characterization strategy is proposed to better represent activity

over uncertain check-ins. Then the task-specific decoder aggregates the latent represen-

tations of the two-channel encoder in an interactive manner to perform both activity and

location prediction tasks. Moreover, enlightened by [39], we devise an auxiliary task of

POI type (i.e., individual or collective) prediction to enhance the performance of activity

prediction.

Conversation-based Recommendation. We investigate the location-aware CRS

under uncertain check-in scenario, thus mitigating the inherent limitation of static next

POI recommenders. We, therefore, propose a simple yet effective conversation-based

adaptive relational translation framework (CART) in a multi-round paradigm5, which

consists of recommender and conversation modules. Inspired by the recent success of

translation-based methods in location recommendation [40], we develop an adaptive rela-

tional translation-based recommender to model the rich context of users’ historical check-

ins and immediate preference in conversations. Meanwhile, the recommender adapts to

user’s feedback and achieves online updates by treating the rejected POIs obtained from

conversations as negative samples. In this way, it can naturally alleviate the issue of

the absence of the true negative samples in the static recommendation models [35, 41].

The conversation module seeks for the best conversational strategy (i.e., what attributes

to ask to quickly clarify the user preference, and when to recommend POIs), aiming to

achieve successful recommendations with fewer conversation turns. Moreover, it specially

designs the auxiliary reward for successful collective POI recommendation and adopts the

rating-based sampling strategy for individual POI selection inside such a collective POI.

As such, the proposed CART naturally resolves the issue of uncertain check-ins.

Running Example. Fig. 1.3(a) depicts a running example of conversation-based next

POI recommendation over uncertain check-ins. Bob is seeking a place for food to start

the conversation after visiting 𝑙2, and the system then asks the attribute of region 𝑔1.

If Bob confirms the asked region, the system continues to identify the attributes of a

fine-grained category (e.g. Thai restaurant) and POI type (e.g. collective POI). Given

5The objective of multi-round paradigm CRS is to make a successful recommendation with less turns
of conversations, where the template (e.g., Do you like ?) is used for wrapping attributes (e.g., Thai
restaurant as in Fig. 1.3(a)) to simulate the conversation (e.g., Do you like Thai Restaurant?).
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(b)(a)

Attribute: region

Attribute: POI type

Yes, I'd like something there.

Hi, I am looking for a place for food.

Bob

(CBD)

Turn 4: recommend individual POI 
                  inside collective POI     

Yes, thank you!

Yes

Yes
Region:

Region:

Region: Region:

Turn 1: do you like CBD ?

Turn 2: do you like Thai restaurant?
Attribute: category

Turn 3: do you like a collective POI?

Recommendation

Fig. 1.3: An illustration of conversation-based next POI recommendation with uncertain
check-ins. (a) An example of conversational recommendation process. (b) Examples of
certain and uncertain check-ins, where the location markers are individual POIs (e.g.,
𝑙1, 𝑙2); the POIs marked with a same color correspond to a same category, i.e., Travel
(black), Shop&Service (blue), Food (green), Entertainment (purple), Nightlife spot (red);
and the circle contains multiple individual POIs is collective POI (e.g., 𝑙3).

sufficient confirmed attributes after several turns and his historical sequential check-ins,

the recommender is confident to recommend a collective POI 𝑙3 at region 𝑔1. Meanwhile,

the system further selects individual POIs (e.g., 𝑙4) inside the confirmed 𝑙3 via our devised

rating-based sampling strategy. To this end, our CART is able to locate his preferred

individual POIs via accumulating his immediate preference from a coarse- to fine-grained

fashion, i.e., category-aware granularity: food → Thai restaurant; and spatial-aware

granularity: region → collective POI → individual POI.

1.4 Research Contributions

The contributions of this dissertation are summarized as follows:

• We are the first to propose a new research problem, that is, predicting next in-

dividual POIs to users over uncertain check-ins, and investigate this problem by

exploring and exploiting various context information from users’ historical check-in

behaviors to achieve more accurate recommendations.

• We first develop a novel hierarchical category transition (HCT) framework, which

exploits multi-granularity category transitions derived from CHs. The hierarchical
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dependencies between POIs (categories) and categories are adopted to address the

cold start issue, that is, recommending individual POIs inside collective POIs. We

make efforts to construct three new datasets with collective POIs that are suitable

for our study, based on which, we conduct extensive experiments to validate the

effectiveness of our proposed HCT by comparing with state-of-the-art baselines.

• We then propose a novel Interactive Multi-Task Learning (iMTL) framework by

taking advantage of two types of sequential dependencies (i.e., activity and loca-

tion). We devise a two-channel encoder, i.e., temporal-aware activity encoder and

spatial-aware location preference encoder, to capture the latent transitions of activ-

ities and locations. We further propose a fuzzy characterization strategy to better

represent activity over uncertain check-ins. The task-specific decoder aggregates

the latent representations of the two-channel encoder in an interactive manner to

perform both activity and location prediction tasks. Experimental results on three

real-world datasets show iMTL significantly outperforms the state of the arts w.r.t

next activity and POI recommendations.

• Lastly, we investigate the task of conversation-based next POI recommendation

with uncertain check-ins, highlighting the efficacy of multi-round conversations

between a user and the system in predicting more accurate POIs. To our best

knowledge, this is the first work to exploit CRS to address the issue of uncertain

check-ins in location recommendation community, which facilitates the research of

user mobility prediction. We devise the CART framework by taking advantage of

the adaptive relational translation-based method and CRS. That is, CART con-

sists of the tailored recommender module and the conversation module, seeking to

model a user’s rich context of historical check-ins and immediate preference in con-

versations to achieve successful next POI recommendation with fewer conversation

turns. We conduct extensive experiments to evaluate the performance of our pro-

posed CART framework on four real-world datasets. The results demonstrate the

superiority of CART over both state-of-the-art CRSs and static recommendation

methods for next POI recommendation over uncertain check-ins.
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Overall, to achieve the next POI recommendation with uncertain check-ins, we pro-

pose a series of novel recommendation approaches by exploiting various context infor-

mation from users’ historical check-in behaviors. First, by exploiting both effects of

the category transition and category hierarchy, a representation learning based approach

HCT is proposed; Second, although the pioneer effort HCT is able to address the issue

of uncertain check-ins to some extent, it fails to well characterize the underlying activ-

ities over uncertain check-ins and model the interplay between sequential activities and

locations, thus an interactive multi-task learning framework iMTL is devised; Third, to

address the intrinsic limitation of existing static next POI recommenders, we proposed

a conversation-based recommendation method CART to help clarify users’ immediate

preferences and make next POI recommendations with fewer conversation turns.

1.5 Dissertation Organization

The rest of the dissertation is organized as follows. In Chapter 2, we review the state-of-

the-art studies related to our research work. To achieve the next POI recommendation

with uncertain check-ins, Chapter 3 first presents HCT approach by jointly modeling

both category transitions and category hierarchies. Next, Chapter 4 introduces the

iMTL model to learn the two types of sequential dependencies by exploring users’ un-

derlying activity over uncertain check-ins. Chapter 5 illustrates the proposed CART for

conversation-based next location recommendation. Finally, in Chapter 6, we conclude

this dissertation and point out several directions of future work.
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Literature Review

As introduced in Chapter 1, this dissertation aims to achieve the next POI recommenda-

tion with uncertain check-ins by exploiting various context features from users’ historical

check-in behaviors. We first provide an overview of state-of-the-art studies that incor-

porate the context features for next POI recommendation. Then, we focus on research

efforts related to the three recommendation problems that have been defined in Chapter

1, i.e., hierarchical category transition based recommendation, multi-task learning based

recommendation and conversation-based recommendation, and point out their advan-

tages and limitations in resolving the issue of uncertain check-ins.

2.1 Context Features for Next POI Recommenda-

tion

With the development of the location-based social networks (LBSNs), users would like

to share their daily behaviors by checking in POIs, thus delivering a large amount of

user mobility records and promoting the location recommendation tasks on LBSNs, such

as general POI recommendation and next POI recommendation. Different from the

traditional item recommendation tasks (e.g., movies and goods), POI recommendation

is highly context-dependent, e.g., spatial and temporal contextual information is the

basis for representing user mobility [5, 42–46]. In this section, we review the research

studies that incorporate different context features on the POI recommendation task,

especially the next POI recommendation task. We categorize them based on the context

13



Chapter 2. Literature Review

they exploit, i.e., categorical context, spatial context, temporal context and sequential

context.

2.1.1 Categorical Context

POIs are often characterized by a hierarchical category tree, as illustrated in Fig. 1.2.

Obviously, category information reflects the activity/intention (e.g., food and entertain-

ment) of a user’s check-in behaviour at a specific location, which plays an important

role in alleviating the data sparsity issue [41]. To this end, many next POI recommen-

dation methods model the user preference over the categories of POIs to promote the

recommendation accuracy. For instance, a matrix factorization based method [11] aims

to factorize a user-category transition matrix to predict the next category first as the

user’s future activity, and then predict POIs corresponding to such a predicted category.

Then, a two-fold approach Listwise Bayesian Personalized Ranking (LBPR) [9] models

category lists by employing a third-rank tensor, so as to predict user’s category-level

preference first, then derive POIs by considering both spatial context and categorical

ranking influence. Inspired by the RNN based methods in modeling sequential location-

level behaviors, a semantic-enriched recurrent model (SERM) [6] models user intentions

by fusing activity semantics, spatiotemporal context and user preference in a unified

way. Considering the interplay between activity and location preferences, a multi-task

framework MCARNN [7] leverages the spatial-activity topic to perform both activity

and location predictions. More recently, a personalized long- and short-term preference

learning (PLSPL) is proposed to learn user’s location-level and category-level preference

via two parallel LSTM units.

2.1.2 Spatial Context

In LBSNs, spatial context (i.e., geographical influence), derived from users’ historical

check-in records has shown effectiveness in improving location recommendation perfor-

mance. According to Tobler’s First Law of Geography “Everything is related to every-

thing else, but near things are more related than distant things” [47], a user intuitively

prefers to visit nearby POIs than distant ones and tends to explore nearby POIs of a POI

that he is in favor of. To model the spatial context, various methods have been developed.
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They can be broadly categorized into distance-based methods and region-based meth-

ods. For distance-based methods, early studies [1, 48, 49] employ power-law distribution

to model the check-in probability regarding the distance between two locations visited

by a user. Due to the limitation of the above prior distribution in modeling the personal-

ized spatial preference on POIs, some efforts, such as Rank-GeoFM [50], PRME [4] and

LBPR [9], use the distance-based weight factor to fuse the geographical influence and

thus generate a ranking list of POIs. Other studies, such as ATST-GRU [51] and ATST-

LSTM [34], learn a low-dimensional dense vector to represent the geographical distance.

Region-based methods assume that POIs in the same region share a similar attraction

to users. Generally, they divide the whole geographical space into various geographical

regions and characterize the region-level influence [2, 52–54], so as to enhance the POI

recommendation and next POI recommendation tasks.

2.1.3 Temporal Context

Users exhibit different check-in preferences at different hours of a day, e.g., one may often

visit restaurants during lunchtime, while the other prefers the nightlife spot at midnight.

This motivates us to investigate such a significant property of user mobility over time.

Many studies [33–35,49, 55, 56] model this property by representing the exact time (i.e.,

dividing a day into 24 hours/time slots) or time interval between two location visits. For

example, the early time-aware POI recommendation [49] splits time into hourly-based

slots and models the temporal preference over POIs, thus suggesting the POIs for a user

at a specific time. Analogously, the time-enhanced matrix factorization method LRT [55]

models user preference at different time by utilizing temporal regularization and temporal

aggregation. The recent RNN-based method PLSPL [56] tends to represent each time

slot with latent vector to help capture the temporal influence on categories and locations,

and the extended RNN framework ST-RNN [33] seeks to model local temporal context

with time-specific transition matrices for different time intervals. More importantly, most

next POI recommendation approaches typically incorporate both spatial and temporal

contexts to help learn better user preference and thus achieve more accurate next POI

recommendations.
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2.1.4 Sequential Context

Sequential context (i.e., sequential regularity) has been widely investigated in the next

POI recommendation since user mobility exhibits sequential transitions, e.g., users usu-

ally go to shops after checking in at food places. Existing sequential POI recommenders

typically model users’ sequential regularities from historical check-in trajectories by em-

ploying first-order (i.e., Markov chain property) or high-order properties. Based on the

Markov chain property, the early work FPMC-LR [3] models two successive check-ins

with localized region constraint incorporated. The studies derived from metric embed-

ding, e.g., PRME [4], and Word2Vec, e.g., CAPE [57], attempt to model the sequential

check-ins and learn transition regularities by capturing the local co-occurrence of POIs

within a check-in trajectory. With the success of the RNN in capturing high-order sequen-

tial information, RNN and its variants have been adopted to model the whole sequential

behaviors for next POI recommendation [6, 33, 34, 58–60]. For instance, ST-RNN [33]

employs the recurrent structure to model the trajectory by considering time-specific and

distance-specific transition matrices to characterize spatiotemporal context. To capture

the spatiotemporal relations of neighbor check-ins and user’s long- and short-term pref-

erence, STGN [8] is devised to learn user’s sequential check-in behaviors under LSTM

architecture in a gate mechanism way. Later, ARNN [59] extends the LSTM with an

attention mechanism to capture the relevant behaviors within trajectories.

Existing next POI recommendation approaches typically model the joint effects of

multiple context features to learn user preference from the historical check-in trajecto-

ries. Therefore, in this dissertation, we focus on exploiting the above context features

to address the issue of uncertain check-ins in the next POI recommendation. In the fol-

lowing, we will provide a detailed literature review regarding the three recommendation

problems defined in Chapter 1.

2.2 Hierarchical Category Transition based Recom-

mendation

This section provides an overview of state-of-the-art next POI recommenders that are

highly related to our hierarchical category transition based recommendation. They can
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be broadly classified into two categories, namely latent factor model based approaches

and representation learning model based approaches.

2.2.1 Latent Factor Model based Approaches

Some studies focus on designing approaches based on latent factor models (LFMs) [61] by

employing sequential information between consecutive check-ins to achieve better next

POI recommendations. Specifically, based on Markov chain property [62], Cheng et

al. [3] exploit the tensor factorization method to model the user’s personalized check-in

transition. Zhang et al. [63] predict the probability of next location by additive Markov

chain. Zhao et al. [5] propose a ranking-based pairwise tensor factorization framework to

model successive POIs. However, these methods directly model users’ check-in sequences,

thus failing to mine users’ insights of check-in locations as well as the preference transition

patterns.

To this end, other studies endeavor to exploit the transition pattern of categories of

POIs to predict next POI. For instance, Liu et al. [11] investigate the patterns of users’

preference transitions over location categories, whereby a two-fold approach based on

matrix factorization is proposed. In particular, they first predict next preferred categories

for each user, based on which they further estimated precise POIs in the corresponding

categories. Later, He et al. [9] also propose a two-fold approach to predict the preferred

next category by using the tensor factorization method, and then predicted the next

POI based on the predicted category preference. Empirical studies have proven that

users’ category transitions are more effective in reflecting the insights of users’ transition

patterns, thus achieving high-quality next POI recommendation.

We, therefore, advance the state of the arts by developing HCT, which simultaneously

leverages category transition at different layers of the category hierarchy as well as the

hierarchical dependencies between POIs (categories) and categories, to help resolve our

proposed new research problem, that is, recommending next precise individual POIs

with uncertain check-ins. By doing so, the proposed HCT can not only capture users’

preference transition in different granularity, but also better address the cold start issue.
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2.2.2 Representation Learning Model based Approaches

Representation learning models (RLMs) have attracted a considerable amount of inter-

est from various domains, with recommender systems being no exception [64, 65]. The

popularization of RLMs in recommendation can be mainly attributed to the Word2Vec

techniques (e.g. CBOW and Skip-gram [37, 66]) originated from the natural language

processing (NLP) domain. Word2Vec has shown to be effective in capturing seman-

tic representations of words by modeling the context correlations of words in sentences.

RLMs have also been widely extended in next POI recommendation [53, 57, 67–69], and

have proven to be more effective than LFM based approaches [5, 68].

The pioneer work in [67] directly employs the Word2Vec to learn the representations

of POIs by considering POIs as words and all check-ins of a user as one sentence, for

next POI recommendation. Later, Liu et al. [68] first divide the whole check-in sequence

of a user into several sequences by different time frames (i.e., hour, day and week). Then

Skip-gram is applied to learn representations of POIs. Besides, temporal influence is

incorporated in their proposed method. Similarly, Zhao et al. [69] propose a temporal

POI embedding model that considers users’ daily check-in sequences. After that, Feng

et al. [53] present a POI2Vec model which learns the POI sequential transition of users.

Furthermore, they develop a binary tree over the POIs to incorporate geographical influ-

ence. Recently, Chang et al. [57] propose a content-aware POI embedding model which

exploits the check-in context (i.e., successive check-ins) and text content (i.e., descrip-

tions of POIs), to capture both the sequential transition pattern and characteristics of

POIs.

Despite the satisfactory performance achieved by the above methods, they cannot bet-

ter capture and model the insights of users’ preference transition patterns. Meanwhile,

they are not able to better handle the extremely cold start issue in next POI recommen-

dation. In contrast, we propose a hierarchical representation learning framework - HCT,

which aims to learn better representations of POIs by simultaneously considering cate-

gory transitions at different layers of the category hierarchy, as well as the hierarchical

dependencies of POIs (categories) and categories. In doing this, the proposed HCT is ca-

pable of better modeling users’ preference transition patterns over the uncertain check-ins

and handling the cold start issue caused by the individual POIs inside collective POIs.
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2.3 Multi-task Learning based Recommendation

Multi-task learning tends to enhance learning efficiency and prediction accuracy by learn-

ing multiple related objectives. Location-aware recommendations usually refer to mul-

tiple related prediction tasks, such as activity and POI predictions. In this section, we

present the related studies with respect to activity and location aware recommendation

as well as multi-task learning for recommendation.

2.3.1 Activity and Location aware Recommendation

In contrast to the next POI recommenders that solely model user’s location-level prefer-

ence, many methods that consider both effects of category-level and location-level prefer-

ence have shown to be effective in capturing more accurate user preference. They can be

generally classified into two categories: Markov-based models (MMs) and deep learning

based models (DLMs).

Markov-based based Models. Markov-based models (MMs) aim to learn the transi-

tion probability of successive movements. A line of research models the category transi-

tion patterns and performs next POI recommendations in a two-fold manner, i.e., predict

the most likely locations based on the inferred categories. An obvious advantage of this

two-fold approach is to reduce prediction space of locations. Liu et al. [11] introduce

a category-aware POI recommender, which combines MMs with matrix factorization to

learn the transition regularity by factorizing user-category and user-location matrices. It

predicts possible categories of next check-in locations and possible POIs corresponding

to the predicted categories. Meanwhile, it groups similar users by considering temporal

and category effects to improve the accuracy of category-level preference transition pre-

diction. Analogously, Ye et al. [70] propose a mixed hidden Markov model to model the

transition pattern and dependency between a user’s check-ins at the category level, so

as to predict the category for the next step and then suggest a location given the cate-

gory distribution. Later, He et al. [9] develop a Listwise Bayesian Personalized Ranking

(LBPR) approach to model the probability of category transition based on the first-order

Markov property. The proposed LBPR predict POIs by incorporating the spatial influ-

ence and category ranking influence according to the next category prediction results.
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However, these methods fail to incorporate the temporal regularity to infer user’s activity

preference. To address this limitation, Liao et al. [71] propose a Context-Aware Hybrid

(CHA) approach, which employs kernel density estimation to model the time variation

of location preference and designs a two-stage method to predict the next location based

on the inferred activity.

Deep Learning based Models. Deep neural networks have shown great potential in

various domains, e.g., speech recognition, natural language processing and recommenda-

tion system. Recurrent neural networks (RNNs) and their variants are especially widely

explored in the next POI recommendation. Several RNN-based methods which consider

user’s activity preference have been proposed to date. For instance, Yao et al. [6] pro-

pose a semantics-enriched recurrent model (SERM), which jointly models spatiotemporal

regularities and activity semantics by using a recurrent neural network. It is capable of

capturing activity preference over the check-in locations and achieving more accurate

next POI recommendation. Recently, Wu et al. [56] develop a long- and short-term pref-

erence learning method, which models the contextual features of POIs in users’ check-in

records by leveraging an attention mechanism, and learns the different influences of lo-

cations and categories by training two parallel LSTM models. Yu et al. [41] devise a

category-aware deep model by incorporating categorical and geographical influence to

reduce search space via a two-layer filter architecture.

Despite their success for the next POI recommendation, all the above methods fail to

mine the transition patterns due to the presence of uncertain check-ins and suffer from

the limitation of: (1) well characterizing the underlying activity over uncertain check-ins;

and (2) exploiting the spatial and temporal contexts in a fine-grained way.

2.3.2 Multi-Task Learning for Recommendation

A line of research focuses on generating explanations about the recommended items

by designing multi-task learning methods. For example, Wang et al. [72] develop a

multi-task learning method for the explainable recommendation, which combines two

tasks of item recommendation and textual explanation generation by adopting a joint

tensor factorization. In order to improve the interpretability of latent factor models,

Lu et al. [21] propose to perform rating prediction and recommendation explanation by
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integrating matrix factorization and adversarial sequence to sequence learning model.

It is capable of generating personalized reviews for each user and item, thus helping to

reveal personalized user preferences and item attributes. To better model the correlation

between the rating prediction and recommendation explanation, Chen et al [22] propose a

co-attentive multi-task learning (CAML) model by designing an encoder-selector-decoder

architecture, where the hierarchical co-attentive selector could effectively select cross

knowledge that is important for user-item interactions.

In the next POI recommendation, there are also some related studies that consider

different task combinations to enhance the performance POI prediction. For instance,

early work [7] designs a multi-task context aware RNN based model (MCARNN) by

considering users’ activity and location preferences simultaneously for both activity and

location recommendation. It adopts a gated RNN as the shared hidden layer for modeling

sequential dependency and temporal regularity from the sequential check-in data. Differ-

ent from the MCARNN that only utilizes the historical temporal information, Zhong et

al. [24] attempt to investigate the prediction of the user’s next check-in time to improve

POI recommendation, whereby they develop a multi-task neural network recommenda-

tion model (MTNR) to jointly learn when and where users prefer, i.e., learning user’s next

POI preference from the next check-in time prediction. To better capture the semantic

motivation of users’ check-in behaviors, Feng et al [73] propose a multi-task attentional

recurrent neural network model, which performs next POI recommendation cooperating

with next activity type prediction and next check-in time prediction.

Despite their success for next POI recommendation, all existing methods fail to ex-

plore either the underlying activities over uncertain check-ins or interplay between cor-

related tasks. In contrast, our proposed multi-task learning framework iMTL is designed

to learn temporal-aware activity preference and spatial-aware location preference for ac-

tivity and location predictions. It first represents users’ uncertain activities via a fuzzy

characterization strategy, then models the interplay between activity and location for

more accurate next POI recommendation, meanwhile, an auxiliary task of POI type

prediction is devised to enhance the performance of activity prediction.
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2.4 Conversation based Recommendation

Most existing next POI recommenders (i.e., static methods) focus on learning user’s accu-

rate preference for his next movement by exploiting various context features. However,

such static methods are hard to capture user’s immediate preference and incorporate

user’s feedback regarding the recommendation results. Conversation based recommenda-

tion bridges the gap between the static methods and user’s feedback. This section first

reviews the state-of-the-art static next POI recommendation methods that exploit the

different context effects, then focuses on conversational recommender systems.

2.4.1 Static Next POI Recommendation

Existing static next POI recommendation task is formulated as estimating a set of user-

POI affinity scores [7, 34, 46, 74] without interacting with users. It is typically achieved

by mining rich context information from users’ historical trajectories, such as spatiotem-

poral context [42, 44, 54], sequential regularity [8, 58, 75], categorical influence [9, 41] or

their joint effects [56,59,60,73], without interacting with users. By doing so, these static

methods are able to learn user preference on future movements. Despite their great suc-

cess for inferring user’s future preference on next location visit by modeling rich context

effects, these efforts posit that users’ accurate check-ins at individual POIs (i.e. certain

check-ins) are always available and accessible, ignoring the presence of uncertain check-

ins, which brings the issue of incomplete context information of check-ins and thus limits

the capability of the recommender system in decision-making [76]. To ease such an issue,

recent studies turn to model the context-aware sequential regularity as well as to char-

acterize the underlying activity over uncertain check-ins [32, 35]. However, these static

recommendation approaches face an intrinsic limitation: they cannot well capture user’s

immediate preference solely based on his historical behaviors, since they are not able to

interactively clarify a user’s current preference in the static model setting. It is, therefore,

hard to locate the desired POI when the system fails to predict accurate user’s activity

(e.g., category) for the approaches in [9, 32, 35, 41]. As collecting feedback on whether

the recommended POI satisfies the user demand could help enhance the recommender

systems [77], this directly motivates us to exploit a conversational technique in the next
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POI recommendation over the scenario of uncertain check-ins, due to its promising ability

in capturing immediate user preference through an interactive conversion.

2.4.2 Conversational Recommender System

The conversational recommender system (CRS) has been widely explored under different

assumptions and application scenarios [78], which provides a new possibility for capturing

immediate user preference via dynamic interaction with users [25, 26, 28, 29, 79–89]. For

example, a line of research [29,79,90] adopts the bandit methods (e.g., Thompson Sam-

pling [91]) to solve the exploit-explore issue in a CRS for cold start users. Other works

that incorporate natural language processing module [82, 83, 92–94] aim to understand

the user preference from their utterances and generate fluent responses for natural and

effective dialogues. As the CRS needs to interact with users multiple times for asking

the user preference on attributes or making recommendations, a good CRS should learn

a conversational strategy for when to ask or make recommendations.

There is another line of research that is closely related to our study. In particular,

Sun et al. [25] propose a conversational recommender model (CRM) to interactively ask

user clarification questions and make personalized recommendations. The CRM trains

a deep policy network to decide whether to ask an attribute or make recommendations

at each turn under the single-round setting (i.e., the CRS terminates once making a

recommendation regardless of the result is satisfactory or not). Moreover, the situation

for interactions between the user and system is complex in real applications. For example,

considering the user’s patience, the CRS should strategically ask questions to quickly

clarify the user’s current preference and achieve successful recommendations with fewer

conversation turns. To this end, recent studies focus on learning a conversational strategy

and taking advantage of a multi-round setting for better recommendation, i.e., the CRS

interacts with a user and makes recommendation multiple times until the user accepts

the recommendation.

The early study [30] propose a new CRS framework, i.e., Estimation-Action-Reflection

(EAR), which mainly handles the interactions between the conversational component

and recommender component under the multi-round setting and solves three fundamen-

tal problems as follows: 1) What attributes to ask? 2) When to recommend items? and
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3) How to adapt to users’ feedback? Later, the same authors develop a conversational

path reasoning framework by modeling the conversational recommendation as an inter-

active path reasoning problem on a user-item-attribute graph [31], with the assumption

that exploiting the attribute preference in an explicit way can better carry forward the

advantages of CRS. Inspired by the success of CRS with the multi-round setting, we

formalize our problem under this research line, whereby the CRS focuses on simulating

such a scenario instead of real dialogue: the system interacts with a user via asking

attributes (e.g., Thai restaurant) wrapped by the template (e.g., Do you like ?) multi-

ple times to clarify his preference and make recommendations until the user accepts the

recommendation results or chooses to quit [30].

We argue that an efficient location-aware CRS should delicately accommodate both

rich context of users’ check-in behaviors and the merit of multi-round CRS, so as to ease

the issue of uncertain check-ins in next POI recommendation. As such, our proposed

CART advances the state-of-the-art CRSs in two aspects: (1) the recommender module

models a user’s historical check-ins and immediate preference obtained in conversations,

which helps safely locate the accurate preference for a user’s next movement; and (2)

the conversation module aims to learn the conversational strategy and achieve successful

recommendations with fewer turns. Most importantly, it specially designs the auxil-

iary reward for successful collective POI recommendations and adopts the rating-based

sampling strategy for individual POI selection inside such a collective POI. In sum, this

results in a new angle of CRS for the next POI recommendation over uncertain check-ins.

2.5 Summary

This chapter presents an overview of the state-of-the-art efforts related to our study.

We first briefly introduce the context features that are widely explored in the next POI

recommendation. Then, we review the existing studies corresponding to the three rec-

ommendation problems defined in Chapter 1, i.e., hierarchical category transition based

recommendation, multi-task learning based recommendation and conversation based rec-

ommendation. To address the limitations of existing studies, we propose a series of rec-

ommendation approaches to resolve the problem of the next POI recommendation with

uncertain check-ins.
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(1) Most existing next POI recommenders ignore to consider both effects of category tran-

sition and category hierarchy. To help infer user preference over uncertain check-ins

and alleviate the cold start issue, We, therefore, develop a framework HCT to ex-

ploit category transitions over different layers of category hierarchies and hierarchical

dependencies in Chapter 3.

(2) Most existing multi-task learning neural network based recommenders are not sufficient

to model users’ sequential dependencies of the activity and location, as they neglect

the interplay between activity and location for the next POI recommendation. To

this end, we devise an iMTL to better learn users’ location preferences and activity

preference in an interactive manner in Chapter 4.

(3) Most conversation-based recommenders are not sufficient to model the rich context

information of users’ check-in behaviors, as they generally adopt the inner product to

measure the similarity of user-item interactions. Therefore, in Chapter 5, we propose

a location-aware conversational recommender CART model users’ context of location

visits and immediate preference in conversations to achieve successful next POI rec-

ommendation with fewer conversation turns.
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HCT: Hierarchical Category
Transition Method1

User’s preference transition over the categories of POIs ( i.e., category transition) has

been exploited to alleviate the sparsity issue in check-in data, as it is capable of deeply

reflecting the semantic of user’s transition pattern. By studying the patterns of user

preference transition over categories of certain check-ins, we are able to infer possible

categories of uncertain check-ins. Moreover, POIs are typically organized by the cate-

gory hierarchies (CHs), where the dependencies between POIs (categories) and categories

at different layers of CHs can help define their semantic relations. Modeling the CHs has

been illustrated to be effective in easing the cold start issue. Although most existing

studies either exploit the category transition or the category hierarchy to improve the

effectiveness of the next POI recommendation, they are insufficient to capture user pref-

erence due to the limited ability for modeling their joint effects in a unified manner.

In this chapter, we propose a novel hierarchical category transition (HCT) framework

which exploits multi-granularity category transitions derived from category hierarchies

to capture more accurate user preference. Then the hierarchical dependencies in CHs

assist in learning better representations of both POIs and categories. By sharing rep-

resentations of common hierarchical categories with existing POIs, the cold start POIs

could be efficiently handled. The experimental results verify the superior performance of

our proposed HCT against state-of-the-art approaches.

1The work in this chapter has been accepted by Information Sciences [32], 2020.
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The rest of this chapter is organized as follows. In Section 3.1, we first provide defi-

nitions of concepts, data construction and analysis. We then formulate the investigated

research problem in Section 3.2 and demonstrate the proposed HCT framework in Section

3.3. Section 3.4 presents the experimental results, followed by the conclusion in Section

3.5.

3.1 Data Construction and Analysis

3.1.1 Data Construction

For ease of presentation, we first provide definitions of concepts utilized in this work, as

follows:

Definition 1 (Collective POI) It denotes the gathering place with a number of indi-

vidual POIs. Typical examples include shopping mall, plaza, university, beach and garden

center, nightlife spot, etc. For instance, a shopping mall is one kind of collective POIs,

which contains various restaurants, coffee bars, clothes shops, and supermarkets, etc.

Different from existing next POI recommendation studies, each individual POI inside a

collective POI is unobserved in the users’ check-in sequences during the training procedure

of our study. In other words, we can only observe a collective POI instead of a precise

POI in a user’s check-in trajectory, if the visited POI is inside a collective POI.

Definition 2 (Individual POI) It denotes the single POI, such as restaurants, coffee

bars, and clothes shops, located either inside or outside collective POIs.

Definition 3 (Certain Check-in) If a user visits an individual POI outside the col-

lective POI, we name it as a certain check-in.

Definition 4 (Uncertain Check-in) If a user visits an individual POI inside a col-

lective POI, we name it as an uncertain check-in, since we cannot access the precise

individual POI visited by the user inside the collective POI.
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Alice Library 

3pm 8pm6:30pm

Bus stop 1 
5pm

Bus stop 2
7pm

JE mall 

Clarke 

nightlife spot

Italian restaurant CE bar  

Individual POI Certain check-in     Uncertain check-inCollective POI

(a) An example of check-in data used in existing models

Alice 8pm

6:30pm

JE mall 

Clarke 

nightlife spot

Library 
3pm

Bus stop 1 
5pm

Bus stop 2
7pm

(b) An example of check-in data that is available in reality.

Figure 1: A running example to illustrate Alice’s check-in sequences: (a) shows the sequence

that is utilized in most existing next POI recommendation approaches: Library → Bus stop

1 → Italian restaurant → Bus stop 2 → CE bar; and (b) depicts the sequence that may be

available in reality: Library → Bus stop 1 → JE mall → Bus stop 2 → Clarke nightlife spot.

in this paper. As shown in Figure 1(b), we can observe that Alice leaves several

uncertain check-ins at collective POIs (e.g., JE mall and Clarke nightlife spot)

in addition to the certain check-ins at individual POIs (e.g., Library). Given30

check-in sequence: Library → Bus stop 1 → JE mall → Bus stop 2, Alice may

visit the collective POI (i.e., Clarke nightlife spot) next. In this case, it is of

significance to recommend a precise individual POI (e.g., CE bar) inside Clarke

nightlife spot, as there are a number of choices in it. However, such issue has

rarely been investigated in existing studies.35

The above running example shows the presence of users’ uncertain check-ins

at collective POIs in reality; it meanwhile emphasizes the necessity of investiga-

tion on a new research problem, that is, recommending next precise individual

POIs (either outside or inside collective POIs) to users with uncertain check-ins.

This, however, is non-trivial and fronted with challenges: (1) the difficulty to40

learn complete and accurate users’ check-in transition patterns with these un-

certain check-ins at collective POIs; and (2) the aggravation on cold start issue

due to users’ uncertain check-ins at collective POIs. As all the individual POIs

inside collective POIs are unobserved in the users’ historical check-in sequences,

3

Fig. 3.1: A running example to illustrate Alice’s check-in sequences: (a) shows the se-
quence that is utilized in most existing next POI recommendation approaches: Library
→ Bus stop 1→ Italian restaurant→ Bus stop 2→ CE bar; and (b) depicts the sequence
that may be available in reality: Library → Bus stop 1 → JE mall → Bus stop 2 →
Clarke nightlife spot.

Let us consider the running example in Fig. 3.1 to further explain these concepts. The

check-in sequence of Alice is: Library → Bus stop 1 → JE mall → Bus stop 2 → Clarke

nightlife spot. In this case, JE mall and Clarke nightlife spot are collective POIs ; Library,

Bus stop 1, Bus stop 2 and all the single POIs inside JE mall and Clarke nightlife spot

(e.g., Italian restaurant and CE bar) are individual POIs. Alice’s check-ins on Library,

Bus stop 1 and Bus stop 2 are certain check-ins, whereas her check-ins on JE mall and

Clarke nightlife spot are defined as uncertain check-ins.

There is, however, no available public dataset containing collective POIs that is suit-

able for our research problem. We, therefore, construct new datasets based on the widely

utilized Foursquare dataset [95], via grouping individual POIs in different semantic re-

gions into collective POIs2. Foursquare is one of the most popular location-based social

networks (LBSNs), which records 33,278,683 check-ins by 266,909 users on 3,680,126

POIs in 415 cities of 77 countries from April 2012 to September 2013. As users’ check-

ins are always centered around a certain region (e.g., a city), we follow the state of the

2Note that we assume all accurate check-ins inside collective POIs are missing and replaced by
uncertain check-ins. Although users may randomly leave some accurate check-ins inside collective POIs,
it’s hard to construct a dataset that satisfies such more real user behaviors. Therefore, our study explores
the low-bound performance for the next POI recommendation under this assumption.
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Table 3.1: The statistics of three original POI datasets, where ‘SIN, NYC, LA’ refer to
Singapore, New York City, and Los Angeles, respectively.

# User # POI # Check-in # 1st-Layer Category # 2nd-Layer Category

SIN 2676 3440 116757 264 177
NYC 1982 4243 187750 210 165
LA 2109 2195 70189 167 103

arts [9, 53], and collect three POI datasets from Singapore, New York City and Los An-

geles. Additionally, we pre-process these datasets by filtering out users with fewer than

10 check-ins, as well as POIs with fewer than 10 visitors as in [4, 57].

Besides, two-layer category hierarchies (CHs) of POIs are obtained through the Venue

API3 of Foursquare. Note that the originally obtained CH of Foursquare is unbalanced,

where different POIs may belong to hierarchical categories with different depths. For

instance, from bottom to top, the POI ‘Baiano Bar Restaurant’ is labelled with a 5-layer

hierarchical category: Baiano Restaurant → Brazilian Restaurant → South American

Restaurant → Latin American Restaurant → Food, where ‘Baiano Restaurant’ is the

first-layer (more localized) category and ‘Food’ is the fifth-layer (more general) category;

while ‘Chinese restaurant→ Asia restaurant’ is the two-layer CH of ‘Din Tai Fung’ (POI),

where ‘Chinese restaurant’ is the category at the first layer, and ‘Asian restaurant’ is the

category at the second layer. For simplicity, following [11, 14], we trim the CH by only

keeping the bottom-two category layers for each POI. This makes sense from two aspects:

(1) the categories at higher layer always represent larger concepts, which may inevitably

introduce noise leading to inaccurate category transition patterns [12]; and (2) based on

the preliminary data analysis, we find that the minimum layer (depth) of CH for all the

POIs is two. That is to say, all the POIs have a two-layer CH at least, while there are

only 72% of POIs with three-layer CH, 14% of POIs with four-layer CH, and 2% of POIs

with five-layer CH. Therefore, we adopt the two-layer balanced CH to cover all the POIs

in our study.

The statistics of three original datasets are summarized in Table 3.1. Based on the

three original datasets, we construct new datasets with collective POIs via Google Map

in four steps. First, we find out the geographical center of each collective POI (e.g.,

shopping mall) as the seed. In particular, we consider collective POIs with different

3https://developer.foursquare.com/docs/resources/categories
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Table 3.2: A running example of mapping the original check-ins to newly-constructed
check-ins for Alice in SIN.

1st 2nd 3rd 4th 5th

Original
Library Bus stop 1 Italian restaurant Bus stop 2 CE bar

(individual) (individual) (individual) (individual) (individual)

New
Library Bus stop 1 JE mall Bus stop 2 Clarke nightlife spot

(individual) (individual) (collective) (individual) (collective)

Table 3.3: The statistics of three newly-constructed POI datasets, where ‘SIN, NYC, LA’
refer to Singapore, New York City, and Los Angeles, respectively.

# User # POI # Check-in # 1st-Layer Category # 2nd-Layer Category

SIN 2676 1633 116757 234 177
NYC 1982 2454 187750 179 152
LA 2109 1576 70189 150 103

semantics, including shopping mall, plaza, university, beach, garden center, nightlife

spot, amusement park, etc. Second, we group individual POIs which gather around

the seed within a distance threshold in a coarse- to fine-grained way. We empirically

set different thresholds, i.e., 0.5𝑘𝑚, 0.8𝑘𝑚 and 1𝑘𝑚 for Singapore, New York City and

Los Angeles, respectively, to cover as many individual POIs as possible (coarse-grained

way). Third, to ensure the quality of constructed collective POIs, we manually check

whether the individual POIs grouped by the second step are correctly classified into the

right collective POIs (fine-grained way). Lastly, for all user-POI check-in records, we

replace all individual POIs by their associated collective POIs, if the individual POIs are

inside collective POIs. By doing so, the total records of user-POI check-ins in the new

datasets retained the same as that of the original datasets. Table 3.2 depicts an example

of mapping the original check-ins to the new ones.

Moreover, we also label all newly-constructed collective POIs with hierarchical cate-

gories. The 1st-layer categories are just their corresponding semantics, such as shopping

mall, plaza, nightlife spot, university, etc. The 2nd-layer categories are the existing ones

in Foursquare, such as shop & service, entertainment, etc. For instance, the two-layer

CHs for JE Mall and Clark night spot in the running example from bottom to root are:

JE Mall → shopping mall → shop & service; and Clark nightlife spot → nightlife spot

→ entertainment. The statistics of three newly-constructed datasets are summarized in

Table 3.3.
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(a) SIN (b) NYC (c) LA

Fig. 3.2: All individual POIs marked by red dots for the three POI datasets.
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It is worth mentioning that our defined collective POI is different from the geograph-

ical region proposed by [52], in two aspects: (1) one geographical region is always associ-

ated with a specific function, such as education or business. In contrast, each collective

POI may contain various POIs with different functions. For example, a shopping mall

consists of restaurant, clothes shops, supermarkets and book store, etc; and (2) the users’

precise check-ins in geographical region can be completely observed in [52]; whereas we

cannot access the precise individual POIs that a user visited in the collective POI.

3.1.2 Empirical Analysis

We conduct extensive analysis on the three real-world POI datasets to obtain insightful

guidance that assists in resolving the proposed research problem.

Presence of Collective POIs. To validate the presence of collective POIs in reality, we

locate and visualize all the POIs in the three original datasets by Google Map4. Fig. 3.2

shows the distributions of original individual POIs in SIN, NYC, and LA, respectively.

Several interesting findings are obtained: (1) we observe that some POIs are indeed

4https://www.google.com/maps
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Figure 5: Distribution of sequences over the number of collective POIs visited by day.
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Figure 6: Distribution of check-ins over the number of visited categories within a collective

POI.
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Figure 7: Distribution of check-ins over the number of individual POIs visited under each

category within a collective POI.

Figure 5 shows the percentage of sequences w.r.t. the number of collective POIs.

We observe that around 70% check-in sequences include at least one collective

POI, and most of them include less than three collective POIs, on the three

datasets. We then investigate the number of unique categories of individual330

16

Fig. 3.4: Distribution of sequences over the number of collective POIs visited by day.

densely located in a certain area, while some are not; (2) we find that most of the regions

with dense POIs located in are collective POIs, such as shopping mall, university or

beach. Fig. 3.3 shows examples of individual POIs (marked by red dots) and collective

POIs (marked by yellow dots) in SIN, NYC and LA, where we can observe different

kinds of collective POIs, for example, VivoCity mall in Fig. 3.3(a), New York University

in Fig. 3.3(b) and Marina Beach in Fig. 3.3(c); and (3) through calculation, we further

notice that there are around 60%, 50%, 30% individual POIs which are inside collective

POIs for the three datasets, respectively. These findings help verify the presence of

collective POIs and the significance of our proposed research problem.

Uncertain Check-in Patterns on Collective POIs. In the new datasets, for all user-

POI check-in pairs, the visited individual POI is replaced by its corresponding collective

POI, if it is inside the collective POI, as shown in Table 3.2. Therefore, the total number

of user-POI check-in pairs keeps the same as the original datasets. Based on the three

new datasets, we analyze users’ check-in behaviours over collective POIs in a day.

We first study users’ daily check-ins over the number of collective POIs. In particular,

we split the check-ins of each user into sequences by day, and then count the number of

unique collective POIs that appear in each sequence. Fig. 3.4 shows the percentage of

sequences w.r.t. the number of collective POIs. We observe that around 70% check-in

sequences include at least one collective POI, and most of them include less than three

collective POIs, on the three datasets.

We then investigate the number of unique categories of individual POIs visited by

users within a collective POI. For the consecutive check-ins at the same collective POI
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Figure 5: Distribution of sequences over the number of collective POIs visited by day.
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Figure 6: Distribution of check-ins over the number of visited categories within a collective

POI.
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Figure 7: Distribution of check-ins over the number of individual POIs visited under each

category within a collective POI.

Figure 5 shows the percentage of sequences w.r.t. the number of collective POIs.

We observe that around 70% check-in sequences include at least one collective

POI, and most of them include less than three collective POIs, on the three

datasets. We then investigate the number of unique categories of individual330

16

Fig. 3.5: Distribution of check-ins over the number of visited categories within a collective
POI.
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Figure 5: Distribution of sequences over the number of collective POIs visited by day.
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Figure 7: Distribution of check-ins over the number of individual POIs visited under each

category within a collective POI.

Figure 5 shows the percentage of sequences w.r.t. the number of collective POIs.

We observe that around 70% check-in sequences include at least one collective

POI, and most of them include less than three collective POIs, on the three

datasets. We then investigate the number of unique categories of individual330

16

Fig. 3.6: Distribution of check-ins over the number of individual POIs visited under each
category within a collective POI.

of each user, we count the number of categories that the visited individual POIs belong

to. The results are shown by Fig. 3.5. We notice that more than 95% of check-ins at

collective POIs are associated with no more than two categories, on the three datasets.

Finally, we study the check-in distribution over the number of individual POIs visited

under each category within one collective POI by users. The results are depicted by

Fig. 3.6, where we find that more than 80% of check-ins at collective POIs have no more

than 2 visited individual POIs under each category, on the three datasets. These findings

provide invaluable guidance for selecting collective POIs, categories as well as individual

POIs inside the selected collective POIs when generating recommendations, which will

be introduced in Section 3.3.
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Table 3.4: Notations for HCT.

Notations Descriptions

𝑢 User 𝑢
𝑙𝑖, 𝑙𝑘 , 𝑙𝑔, 𝑙𝑚, 𝑙𝑛 POIs 𝑙𝑖, 𝑙𝑘 , 𝑙𝑔, 𝑙𝑚, 𝑙𝑛
H Category hierarchy
𝑁H Number of layers of the category hierarchy H
𝑐
𝑗

𝑙𝑖
Category of POI 𝑙𝑖 at layer 𝑗

D𝑙 POI set
D𝑛𝑒𝑔

𝑙
The set of negative POIs

C(𝑙𝑖) Hierarchical category set for POI 𝑙𝑖
D𝑐 𝑗 The set of categories at layer 𝑗
𝜏𝑖 Timestamp
⟨𝑢, 𝑙𝑖, 𝜏𝑖, C(𝑙𝑖)⟩ Check-in activity of user 𝑢
𝑠𝑢 Sequence of check-in activities of user 𝑢 in a day
S The set of total check-in sequences for all users
𝑊 Size of sliding window
𝑁 Number of negative samples
𝑑 Embedding size
v Embedding vectors
L Objective function

3.2 Problem Formulation

Before diving into the investigated problem, we first introduce some definitions utilized

in this work for ease of understanding. We list some important notations in Table 3.4.

Definition 5 (Check-in Activity) A check-in activity is denoted by a ⟨𝑢, 𝑙𝑖, 𝜏𝑖, C(𝑙𝑖)⟩
tuple, which means that user 𝑢 visits POI 𝑙𝑖 at time 𝜏𝑖. Each POI is geocoded by latitude

and longitude, and associated with a well-defined hierarchical category set from bottom to

top C(𝑙𝑖) = {𝑐1𝑙𝑖 , 𝑐
2
𝑙𝑖
, . . .}, where 𝑐 𝑗

𝑙𝑖
is the associated category of POI 𝑙𝑖 at layer 𝑗 in the cat-

egory hierarchyH . As an example in Fig. 1.2, C(𝑙1) = {𝐶ℎ𝑖𝑛𝑒𝑠𝑒 𝑅𝑒𝑠𝑡𝑎𝑢𝑟𝑎𝑛𝑡, 𝐴𝑠𝑖𝑎 𝑅𝑒𝑠𝑡𝑎𝑢𝑟𝑎𝑛𝑡}.

Definition 6 (Check-in Sequence) For each user, we sort all of her check-ins chrono-

logically, and then divide them into different sequences by day according to [69]. A check-

in sequence for user 𝑢 is defined as: 𝑠𝑢 = {⟨𝑢, 𝑙1, 𝜏1, C(𝑙1)⟩, ⟨𝑢, 𝑙2, 𝜏2, C(𝑙2)⟩, . . . ,
⟨𝑢, 𝑙𝑛, 𝜏𝑛, C(𝑙𝑛)⟩}, where 𝜏1 to 𝜏𝑛 belong to the same day.
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Given the above definitions, we formally introduce our investigated research problem,

that is to recommend the next individual POI with uncertain check-ins at collective POIs,

as follows:

Definition 7 (Next Individual POI Recommendation with Uncertain Check-

ins) Given the current check-in activity ⟨𝑢, 𝑙𝑖, 𝜏𝑖, C(𝑙𝑖)⟩ of user 𝑢 within 𝑠𝑢, our goal is

to generate a recommendation list with top-𝐾 POIs that user 𝑢 would be interested in at

time 𝜏𝑖+1. Two cases need to be taken into consideration: (1) if the POIs in the list are

all individual POIs, it’s the final recommendation; and (2) if there is any collective POI

in the list, we need to further recommend precise individual POIs inside the associated

collective POI.

3.3 The HCT Framework

To achieve the goal of next individual POI recommendation with uncertain check-ins, we

propose a novel hierarchical category transition (HCT) framework based on representa-

tion learning techniques. This is motivated by studies in [57, 69], which learn the POI

representations through Skip-gram [66] using the POI transition. Different from these

conventional methods, we extend Skip-gram to model the category transitions at differ-

ent layers of CHs as well as the hierarchical dependencies between POIs (categories) and

categories. In this way, we can leverage the hierarchical category transition of certain

check-ins (outside collective POIs) to infer preferred categories for uncertain check-ins

(inside collective POIs), thus comprehensively modeling users’ preference transitions.

Besides, the hierarchical dependencies between POIs and categories assist in resolving

the cold start issue, that is, recommending individual POIs inside collective POIs. The

proposed HCT is mainly composed of three modules: data, training and prediction, as

depicted by Fig. 3.7. For ease of understanding, we will use the example in Fig. 3.7 to

demonstrate each module in the following.

3.3.1 Data Module

As shown in Fig. 3.7, all the POIs 𝑙1, 𝑙2, · · · , 𝑙7, · · · (either individual or collective) are

characterized by a two-layer category hierarchy H , where 𝑙1, 𝑙2, 𝑙4, 𝑙6, 𝑙7 are individual
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Fig. 3.7: An example to illustrate the overview framework of the proposed HCT, which is
composed of three modules: Data Module, Training Module and Prediction Module. The
blue (e.g., 𝑙1) and yellow (e.g., 𝑙3) circles represent the individual POI and the collective
POI, respectively; the green (e.g., 𝑐11) and white (e.g., 𝑐21) circles separately represent
the first-layer and the second-layer categories that a POI (e.g., 𝑙1) belongs to. The red
arrow (e.g., 𝑐11 → 𝑐12 → 𝑐13 → 𝑐11) stands for the category transition at different layers,
while the purple arrow (e.g., 𝑙1 → 𝑐11 → 𝑐21) refers to the dependencies between POIs
and categories as well as categories at different layers of H . The correct mark indicates
that HCT is able to infer the next possible category (e.g., 𝑐12/𝑐

2
1) that user 𝑢 will visit in

the collective POI (e.g., 𝑙5) based on her current visited category (e.g., 𝑐11/𝑐
2
1); contrarily,

the cross mark suggests that HCT cannot directly infer the next possible individual POI
(e.g., 𝑙6) in the collective POI (e.g., 𝑙5) for user 𝑢 based on her current visited POI (e.g.,
𝑙4).

POIs; 𝑙3, 𝑙5 are collective POIs; 𝑙6, 𝑙7 are individual POIs inside collective POI 𝑙5. The

historical check-in sequence of user 𝑢 is represented by 𝑙1 → 𝑙2 → 𝑙3 → 𝑙4 → 𝑙5, which is

split into two parts: training and test. In particular, we take 𝑙1 → 𝑙2 → 𝑙3 → 𝑙4 as the

training data, which is then converted into a two-layer hierarchical category transition

to help model user check-in preference; and 𝑙5 is the test data, which is the ground-truth

for evaluating the generated Top-𝐾 recommendations in Prediction Module. As HCT

adopts the hierarchical dependencies to help characterize check-in activities, the training

sequence (𝑙1 → 𝑙2 → 𝑙3 → 𝑙4) is thus converted to a two-layer category transition by

mapping each POI in the sequence into their corresponding categories in the category

hierarchy H , that is 𝑐11 → 𝑐12 → 𝑐13 → 𝑐11 at the first layer and 𝑐21 → 𝑐21 → 𝑐22 → 𝑐21 at

the second layer. Note that, both the two-layer category transition and the hierarchical

dependencies between POIs and categories will be as input for the Training Module.

36



Chapter 3. HCT: Hierarchical Category Transition Method

3.3.2 Training Module

In the training module, we extend the Skip-gram [66] to model both the hierarchical

dependencies between POIs (categories) and categories, and the hierarchical category

transition, thus learning better representations of POIs and categories for high-quality

next POI recommendation. The Skip-gram (Word2Vec) model is originated from the

natural language processing (NLP) domain, which is an efficient method for learning dis-

tributed vector representations for words by capturing a large number of precise syntactic

and semantic word relationships [66].

Object Function. Basically, HCT attempts to learn the representations of both POIs

and categories by maximizing the following objective function:

L(S) =
∑︁
𝑠𝑢∈S

∑︁
⟨𝑙𝑖 ,C(𝑙𝑖) ⟩∈𝑠𝑢

∑︁
0<𝑤≤𝑊

log𝑃(⟨𝑙𝑖+𝑤 , C(𝑙𝑖+𝑤)⟩|⟨𝑙𝑖 , C(𝑙𝑖)⟩), (3.1)

where S is the set of total check-in sequences for all users; for ease of presentation,

hereafter we simplify 𝑠𝑢 = {⟨𝑢, 𝑙1, 𝜏1, C(𝑙1)⟩, ⟨𝑢, 𝑙2, 𝜏2, C(𝑙2)⟩, . . . , ⟨𝑢, 𝑙𝑛, 𝜏𝑛, C(𝑙𝑛)⟩} by only

remaining the POI and hierarchical category set, that is, 𝑠𝑢 = {⟨𝑙1, C(𝑙1)⟩, ⟨𝑙2, C(𝑙2)⟩, . . . ,
⟨𝑙𝑛, C(𝑙𝑛)⟩}; 𝑊 controls the size of the sliding window; 𝑃(·) denotes the probability that

a user will visit 𝑙𝑖+𝑤 belonging to C(𝑙𝑖+𝑤) given her current location 𝑙𝑖 belonging to C(𝑙𝑖),
which is formulated by considering the hierarchical dependencies and category transitions

as follows:

𝑃(⟨𝑙𝑖+𝑤 , C(𝑙𝑖+𝑤)⟩|⟨𝑙𝑖 , C(𝑙𝑖)⟩) = 𝑃(𝑙𝑖 |C(𝑙𝑖))︸       ︷︷       ︸
1○

𝑃(C(𝑙𝑖+𝑤) |C(𝑙𝑖))︸                ︷︷                ︸
2○

𝑃(𝑙𝑖+𝑤 |C(𝑙𝑖+𝑤))︸              ︷︷              ︸
3○

, (3.2)

where 𝑃(𝑙𝑖 |C(𝑙𝑖)) denotes the probabilistic dependency of POI 𝑙𝑖 to its associated hierar-

chical categories C(𝑙𝑖) = {𝑐1𝑙𝑖 , 𝑐
2
𝑙𝑖
, · · · }, that is, the probability of visiting POI 𝑙𝑖 for users

given the preferred categories C(𝑙𝑖); 𝑃(C(𝑙𝑖+𝑤) |C(𝑙𝑖)) denotes the probability of visiting

POI belonging to C(𝑙𝑖+𝑤) given the current POI belonging to C(𝑙𝑖). Therefore, 𝑃(𝑙𝑖 |C(𝑙𝑖))
and 𝑃(C(𝑙𝑖+𝑤) |C(𝑙𝑖)) respectively model the hierarchical dependencies, and the hierarchi-

cal category transitions, as depicted by Fig. 3.8(a). Hence, HCT fuses two components:

(1) hierarchical dependencies for better representations of POIs and categories as well as

better semantic relatedness measurement; and (2) hierarchical category transitions for
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Fig. 3.8: The illustration of modeling the hierarchical dependencies and category transi-
tions.

better multi-granularity user preference transition learning. Next, we will elaborate the

two components, respectively.

Modeling Hierarchical Dependencies. Given the current check-in activity ⟨𝑙𝑖, C(𝑙𝑖)⟩,
where C(𝑙𝑖) = {𝑐1𝑙𝑖 , 𝑐

2
𝑙𝑖
, · · · , 𝑐 𝑗

𝑙𝑖
, · · · }, HCT attempts to predict the probabilistic depen-

dency of 𝑙𝑖 to its associated category at the first layer (𝑐1
𝑙𝑖
) as well as that of category at

𝑗-𝑡ℎ layer (𝑐
𝑗

𝑙𝑖
) to category at ( 𝑗 + 1)-𝑡ℎ layer (𝑐

𝑗+1
𝑙𝑖

), as depicted in Fig. 3.8(b). They can

be calculated by the following soft-max functions:

𝑃(𝑙𝑖 |𝑐1𝑙𝑖 ) =
exp(v⊤

𝑙𝑖
· v𝑐1

𝑙𝑖

)∑
𝑙𝑖′ ∈D𝑙

exp(v⊤
𝑙𝑖′
· v𝑐1

𝑙𝑖

) , (3.3)

𝑃(𝑐 𝑗
𝑙𝑖
|𝑐 𝑗+1
𝑙𝑖
) =

exp(v⊤
𝑐
𝑗

𝑙𝑖

· v
𝑐
𝑗+1
𝑙𝑖

)∑
𝑐
𝑗

𝑙𝑖′
∈D

𝑐 𝑗
exp(v⊤

𝑐
𝑗

𝑙𝑖′
· v

𝑐
𝑗+1
𝑙𝑖

) , (3.4)

where POI 𝑙𝑖 and category 𝑐
𝑗

𝑙𝑖
are represented by low-dimensional continuous vectors

v𝑙𝑖 ∈ R𝑑 and v
𝑐
𝑗

𝑙𝑖

∈ R𝑑 in the same space, respectively; and 𝑑 is the dimension; 𝑙𝑖′ ∈ D𝑙 is

the negative POI that does not belong to 𝑐1
𝑙𝑖
; 𝑐

𝑗

𝑙𝑖′
∈ D𝑐 𝑗 is the negative category at layer

𝑗 that does not belong to 𝑐
𝑗+1
𝑙𝑖

; D𝑙 is the set of all POIs; D𝑐 𝑗 is the set of all categories

at layer 𝑗 .

Modeling Hierarchical Category Transition. We simultaneously model the hierar-

chical category transition as shown in Fig. 3.8(b). With the CH, the check-in sequences

of POIs are mapped into category transitions at different layers of the CH. HCT attempts
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to predict the probability of category 𝑐
𝑗

𝑙𝑖+𝑤
, given category 𝑐

𝑗

𝑙𝑖
of the current POI 𝑙𝑖, which

is calculated by:

𝑃(𝑐 𝑗
𝑙𝑖+𝑤
|𝑐 𝑗
𝑙𝑖
) =

exp(v⊤
𝑐
𝑗

𝑙𝑖+𝑤

· v
𝑐
𝑗

𝑙𝑖

)∑
𝑐
𝑗

𝑙𝑖′
∈D

𝑐 𝑗
exp(v⊤

𝑐
𝑗

𝑙𝑖′
· v

𝑐
𝑗

𝑙𝑖

) . (3.5)

where 𝑐
𝑗

𝑙𝑖′
is the negative category that does not co-occur with category 𝑐

𝑗

𝑙𝑖
. By consid-

ering the hierarchical category transition over the certain check-ins, we are able to infer

the possible categories of those uncertain check-ins, thus can address the challenge of

modeling incomplete check-in transition. Besides, it also facilitates to learn user pref-

erence in different granularity. For instance, the category transition at the higher layer

describes more general user preference transition. If a certain category transition at the

lower layer is unavailable, we may turn to category transition at the higher layer.

Modeling User Preference. Inspired by [96], the proposed HCT additionally models

the dynamic user preference by considering her recently visited POIs and the associated

hierarchical category sets. Specifically, we formulate the dynamic user representation by

incorporating the representations of POIs (visited before current time 𝜏) as well as the

associated hierarchical category sets, given by:

v𝑢 =
∑︁

⟨𝑢,𝑙𝑖 ,𝜏𝑖 ,C(𝑙𝑖) ⟩∈𝑠𝑢
⋂(𝜏𝑖<𝜏)

exp−(𝜏−𝜏𝑖) · (v𝑙𝑖 +
∑︁

𝑐
𝑗

𝑙𝑖
∈C(𝑙𝑖)

v
𝑐
𝑗

𝑙𝑖

), (3.6)

where v𝑢 is the dynamic representation of user 𝑢; ⟨𝑢, 𝑙𝑖, 𝜏𝑖, C(𝑙𝑖)⟩ is the check-in activity

in 𝑠𝑢 before time 𝜏.

3.3.3 Prediction Module

In the prediction module, HCT consists of three steps to achieve the goal of next individ-

ual POI recommendation with uncertain check-ins, as depicted by the Prediction Module

in Fig. 3.7: (1) top-𝐾 POI recommendation, (2) top-𝐾𝑐𝑎𝑡 category recommendation and

(3) top-𝐾𝑝𝑜𝑖 individual POI recommendation. We will introduce them step by step.

Top-𝐾 POI Recommendation. Different from traditional category transition based

methods first predicting the next preferred categories, we directly generate a list with

top-𝐾 (either individual or collective) POIs given the current location in the first step,
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as we believe that the POI transition patterns would be implicitly captured by consid-

ering the hierarchical dependencies between POIs and categories in the training module.

The category transition is mainly used in the second step, namely, Top-𝐾𝑐𝑎𝑡 category

recommendation. Therefore, given a user 𝑢 with her currently visited POI 𝑙𝑖 (e.g., 𝑙4),

we compute the ranking score for each POI 𝑙𝑘 (e.g., 𝑙2, 𝑙5) in the candidate pool5 by

considering both user’s dynamic preference and the correlation of POIs,

𝑟 (𝑢, 𝑙𝑘) = v⊤𝑢 · v𝑙𝑘 + v⊤𝑙𝑖 · v𝑙𝑘 , (3.7)

where the first term (v⊤𝑢 · v𝑙𝑘) denotes user 𝑢’s preference towards POI 𝑙𝑘 , and the second

term (v⊤
𝑙𝑖
· v𝑙𝑘) denotes the correlation between candidate POI 𝑙𝑘 (either individual or

collective) with the current POI 𝑙𝑖.

Based on the above equation, we select top-𝐾 POIs with highest ranking scores as the

initial recommendation list. Note that if the top-𝐾 POIs are all individual POIs, then it

is the final recommendation list. Otherwise, if there are collective POIs (e.g., 𝑙5) inside

the list, we only remain no more than Top-𝐾𝑐𝑜𝑙 (𝐾𝑐𝑜𝑙 = 2) collective POIs as candidates

by their respective ranking scores in the top-𝐾 list, as our data analysis in Section 3.1

shows that most check-in sequences include less than three collective POIs. For each

candidate collective POI 𝑙𝑘 (e.g., 𝑙5) inside the list, we further utilize a two-step way to

recommend precise individual POIs inside 𝑙𝑘 , namely top-𝐾𝑐𝑎𝑡 category recommendation

and top-𝐾𝑝𝑜𝑖 individual POI recommendation, as introduced next.

Top-𝐾𝑐𝑎𝑡 Category Recommendation. Since the individual POI 𝑙𝑔 (e.g., 𝑙6, 𝑙7) inside

the collective POI 𝑙𝑘 (e.g., 𝑙5) cannot be observed in users’ check-in sequences, HCT

cannot learn the representations for these individual POIs, thus cannot directly calculate

the POI transition probability. That is to say, HCT is not able to directly predict next

possible individual POI (e.g., 𝑙6) in the collective POI (e.g., 𝑙5) for user 𝑢 based on

her current visited POI (e.g, 𝑙4), as illustrated by the cross mark between 𝑙4 and 𝑙6 in

the Prediction Module of Fig. 3.7. In contrast, HCT can learn the representations of

categories of these individual POIs inside collective POIs through the observed certain

category transition, thus would calculate the category transition probability. Hence, we

adopt the hierarchical category transition of user 𝑢 to help infer her preferred categories

5The candidate pool for user 𝑢 refers to all the POIs excluding her current POI 𝑙𝑖.
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inside collective POI 𝑙𝑘 (e.g., 𝑙5) based on her current visited category, as illustrated by

the correct marks between 𝑐11(𝑐
2
1) and 𝑐

1
2(𝑐

2
1) in the Prediction Module of Fig. 3.7.

Specifically, given the hierarchical category set of her current POI 𝑙𝑖: C(𝑙𝑖) = {𝑐1𝑙𝑖 , 𝑐
2
𝑙𝑖
, . . .}

(e.g., C(𝑙4) = {𝑐11, 𝑐
2
1}), we first predict possible hierarchical category sets inside 𝑙𝑘

that user may prefer. For each candidate category set C(𝑙𝑔) = {𝑐1
𝑙𝑔
, 𝑐2
𝑙𝑔
, . . .}6 (e.g.,

C(𝑙6) = {𝑐12, 𝑐
2
1}), where 𝑙𝑔 is inside the collective POI 𝑙𝑘 , we compute the ranking score

by considering user’s dynamic preference and the hierarchical category transition, given

by,
𝑟 ′(𝑢, C(𝑙𝑔)) = v⊤𝑢 ·

∑︁
𝑐
𝑗

𝑙𝑔
∈C(𝑙𝑔)

𝛼 𝑗 · v𝑐 𝑗

𝑙𝑔

+
∑︁

𝑐
𝑗

𝑙𝑖
∈C(𝑙𝑖) ,𝑐 𝑗

𝑙𝑔
∈C(𝑙𝑔)

𝛼 𝑗 · v⊤
𝑐
𝑗

𝑙𝑖

· v
𝑐
𝑗

𝑙𝑔

, (3.8)

where 𝛼 𝑗 controls the importance of category at layer 𝑗 , as we believe that categories at

different layers have different impacts on characterizing the interactions between users

and POIs.
∑𝑁H
𝑗=1 𝛼 𝑗 = 1, where 𝑁H is the number of layers of category hierarchy H . We

then predict top-𝐾𝑐𝑎𝑡 (𝐾𝑐𝑎𝑡 = 2) preferred hierarchical category sets within 𝑙𝑘 , as our data

analysis in Section 3.1 demonstrates that more than 95% of check-ins at collective POIs

are associated with no more than two categories. We further recommend individual POIs

inside 𝑙𝑘 bounded to these categories to user 𝑢, as we introduce next.

Top-𝐾𝑝𝑜𝑖 Individual POI Recommendation. For each preferred hierarchical cate-

gory set (e.g., C(𝑙𝑔)), there may be a number of individual POIs (e.g., 𝑙𝑚, 𝑙𝑛) characterized

by this set, that is, C(𝑙𝑔) = C(𝑙𝑚) = C(𝑙𝑛). To select preferred individual POIs under cer-

tain category, most of the conventional approaches [9] consider the geographical influence

between candidate POIs and current POI, and recommend candidate POIs with short

distance to current POI. However, it is not suitable for our scenario, since individual

POIs (e.g., 𝑙𝑔, 𝑙𝑚, 𝑙𝑛, · · · ), that are inside the collective POI (e.g., 𝑙𝑘 = {𝑙𝑔, 𝑙𝑚, 𝑙𝑛, · · · }) and
characterized by the same hierarchical category set (e.g., C(𝑙𝑔) = C(𝑙𝑚) = C(𝑙𝑛)), almost

have the same distance to the current POI 𝑙𝑖. Besides, we cannot access other informa-

tion (e.g., check-in popularity, ratings) for these individual POIs except the geographical

information, as they cannot be observed in the check-in data.

Therefore, we propose incorporating the local geographical influence to help select

individual POIs under a certain category set (e.g., C(𝑙𝑔)). Specifically, we rank all the

6There may be a number of individual POIs inside 𝑙𝑘 that are characterized by the same hierarchical
category set as 𝑙𝑔. We only consider all unique hierarchical category sets.
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Table 3.5: Update Rules for HCT.

v𝑙𝑖 ← v𝑙𝑖 + 𝜂(1 − 𝜎(v⊤𝑙𝑖 · v𝑐 𝑗

𝑙𝑖

))v
𝑐
𝑗

𝑙𝑖

v𝑙𝑖+𝑤 ← v𝑙𝑖+𝑤 + 𝜂(1 − 𝜎(v⊤𝑙𝑖+𝑤 · v𝑐 𝑗

𝑙𝑖+𝑤
))v

𝑐
𝑗

𝑙𝑖+𝑤

v
𝑐
𝑗

𝑙𝑖

← v
𝑐
𝑗

𝑙𝑖

+ 𝜂
[
(1 − 𝜎(v⊤𝑙𝑖 · v𝑐 𝑗

𝑙𝑖

))v𝑙𝑖 + (1 − 𝜎(v⊤𝑐 𝑗

𝑙𝑖

· v
𝑐
𝑗+1
𝑙𝑖

))v
𝑐
𝑗+1
𝑙𝑖

+ (1 − 𝜎(v⊤
𝑐
𝑗

𝑙𝑖+𝑤
· v

𝑐
𝑗

𝑙𝑖

))v
𝑐
𝑗

𝑙𝑖+𝑤

]
v
𝑐
𝑗

𝑙𝑖+𝑤
← v

𝑐
𝑗

𝑙𝑖+𝑤
+ 𝜂

[
(1 − 𝜎(v⊤𝑙𝑖+𝑤 · v𝑐 𝑗

𝑙𝑖+𝑤
))v𝑙𝑖+𝑤 + (1 − 𝜎(v⊤𝑐 𝑗

𝑙𝑖+𝑤
· v

𝑐
𝑗+1
𝑙𝑖+𝑤
))v

𝑐
𝑗+1
𝑙𝑖+𝑤

+ (1 − 𝜎(v⊤
𝑐
𝑗

𝑙𝑖+𝑤
· v

𝑐
𝑗

𝑙𝑖

))v
𝑐
𝑗

𝑙𝑖

]
v
𝑐
𝑗+1
𝑙𝑖

← v
𝑐
𝑗+1
𝑙𝑖

+ 𝜂
[
(1 − 𝜎(v⊤

𝑐
𝑗

𝑙𝑖

· v
𝑐
𝑗+1
𝑙𝑖

))v
𝑐
𝑗

𝑙𝑖

+ (1 − 𝜎(v⊤
𝑐
𝑗+1
𝑙𝑖+𝑤
· v

𝑐
𝑗+1
𝑙𝑖

))v
𝑐
𝑗+1
𝑙𝑖+𝑤

]
v
𝑐
𝑗+1
𝑙𝑖+𝑤
← v

𝑐
𝑗+1
𝑙𝑖+𝑤
+ 𝜂

[
(1 − 𝜎(v⊤

𝑐
𝑗

𝑙𝑖+𝑤
· v

𝑐
𝑗+1
𝑙𝑖+𝑤
))v

𝑐
𝑗

𝑙𝑖+𝑤
+ (1 − 𝜎(v⊤

𝑐
𝑗+1
𝑙𝑖+𝑤
· v

𝑐
𝑗+1
𝑙𝑖

))v
𝑐
𝑗+1
𝑙𝑖

]

(3.9)

v𝑙𝑖′ ← v𝑙𝑖′ − 𝜂
[
𝜎(v⊤𝑙𝑖′ · v𝑐 𝑗

𝑙𝑖

)v
𝑐
𝑗

𝑙𝑖

+ 𝜎(v⊤𝑙𝑖′ · v𝑐 𝑗

𝑙𝑖

)v
𝑐
𝑗

𝑙𝑖+𝑤

]
v
𝑐
𝑗

𝑙𝑖′
← v

𝑐
𝑗

𝑙𝑖′
− 𝜂

[
𝜎(v⊤

𝑐
𝑗

𝑙𝑖′
· v

𝑐
𝑗+1
𝑙𝑖

)v
𝑐
𝑗+1
𝑙𝑖

+ 𝜎(v⊤
𝑐
𝑗

𝑙𝑖′
· v

𝑐
𝑗+1
𝑙𝑖+𝑤
)v

𝑐
𝑗+1
𝑙𝑖+𝑤

]
v
𝑐
𝑗+1
𝑙𝑖′

← v
𝑐
𝑗+1
𝑙𝑖′
− 𝜂𝜎(v⊤

𝑐
𝑗+1
𝑙𝑖′
· v

𝑐
𝑗+1
𝑙𝑖

)v
𝑐
𝑗+1
𝑙𝑖

(3.10)

POIs characterized by C(𝑙𝑔) within 𝑙𝑘 based on their distance to the geographical center

of 𝑐1
𝑙𝑔

in an ascending order, and then select the top-𝐾𝑝𝑜𝑖 (𝐾𝑝𝑜𝑖 = 2) individual POIs,

as indicated by our data analysis in Section 3.1 that more than 80% of check-ins at

collective POIs have no more than 2 visited individual POIs under each category. The

final recommendation list is thus composed of both individual POIs (e.g., 𝑙2) in the initial

Top-𝐾 recommendation list as well as those (e.g., 𝑙6) in the selected collective POIs where

the maximum number should be 𝐾𝑐𝑜𝑙 × 𝐾𝑐𝑎𝑡 × 𝐾𝑝𝑜𝑖.

3.3.4 Model Optimization and Complexity Analysis

Model Optimization. It is computationally expensive to calculate the probabilities in

Eq.(3.3)-(3.5), as the denominators need to sum over the entire POI or category set. We,

therefore, apply the negative sampling technique [37] to help reduce the training time
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complexity. We take Eq.(3.3) as an example, which is transformed as below:

log𝑃(𝑙𝑖 |𝑐1𝑙𝑖 ) = log𝜎(v⊤𝑙𝑖 · v𝑐1
𝑙𝑖

) +
𝑁∑︁

𝑙𝑖′ ∈D
𝑛𝑒𝑔

𝑙

log𝜎(−v⊤𝑙𝑖′ · v𝑐1
𝑙𝑖

), (3.11)

where 𝜎(𝑥) = 1/(1 + exp(−𝑥)) is the sigmoid function; D𝑛𝑒𝑔

𝑙
is the set of negative POIs;

𝑙𝑖′ is the sampled negative POI that is not associated with category 𝑐1
𝑙𝑖
; 𝑁 is the number

of negative samples.

The objective function of HCT is to optimize Eq.(3.1). To learn the model, we update

the corresponding parameter along the ascending gradient direction, defined as below:

v𝑡+1 = v𝑡 + 𝜂𝜕L(v)
𝜕v

, (3.12)

where 𝜂 is the learning rate. More specifically, given the current and next check-in

activities, we get the updating rule by calculating the gradient, defined by Eq.(3.9) in

Table 3.5. Simultaneously, we update the negative samples 𝑙𝑖′, 𝑐
𝑗

𝑙𝑖′
and 𝑐

𝑗+1
𝑙𝑖′

by Eq.(3.10)

in Table 3.5. The learning algorithm of HCT is summarized in Algorithm 1, which is

mainly composed of three modules: data module (lines 2-4), training module (lines 5-11),

and prediction module (lines 12-15).

Complexity Analysis. The computational time is mainly taken by evaluating the

objective function L and updating the related variables. The time to compute L in each

iteration is approximate to O((𝑊 ·𝑁 ·𝑑) |D|), where𝑊 is the window size; 𝑁 is the number

of negative samples; 𝑑 is the embedding size; |D| is the size of all check-in activities. In

practice, 𝑊, 𝑁, 𝑑 ≪ |D|. Therefore, the time complexity of the proposed HCT is linearly

with the number of check-in activities |D|, thus being scalable for large-size datasets.

3.4 Experiments and Analysis

We conduct extensive experiments on the three newly-constructed POI datasets to eval-

uate the effectiveness of our proposed hierarchical category transition (HCT) framework.

3.4.1 Experimental Setup

Datasets. Our experiments are conducted on the three newly-constructed real-world

datasets described in the Section 3.1. We divide the datasets into training set and test
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Algorithm 1: The Procedure of HCT.

Input: S,H , 𝑑, 𝜂,𝑊, 𝑁, 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
Output: Final individual POI recommendation list

1 Initialize: v with normal distribution;
// Data Module

2 foreach 𝑢 ∈ U do
3 Split check-in sequences by day;
4 Map daily check-in sequences into category transition by H ;

// Training Module

5 for 𝑡 = 1; 𝑡 ≤ 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛; 𝑡 + + do
6 foreach 𝑠𝑢 ∈ 𝑆 do
7 foreach ⟨𝑙𝑖, C(𝑙𝑖)⟩ ∈ 𝑠𝑢 do

// C(𝑙𝑖) = {𝑐1𝑖 , 𝑐2𝑖 , . . .}
8 foreach ⟨𝑙𝑖+𝑤, C(𝑙𝑖+𝑤)⟩ ∈ 𝑠𝑢 do

// C(𝑙𝑖+𝑤) = {𝑐1𝑖+𝑤, 𝑐2𝑖+𝑤, . . .}
9 Update parameters according to Eq. (3.9);

10 foreach 𝑙𝑖′ ∈ D𝑛𝑒𝑔

𝑙
, 𝑐

𝑗

𝑙𝑖′
∈ D𝑛𝑒𝑔

𝑐 𝑗
, 𝑐

𝑗+1
𝑙𝑖′
∈ D𝑛𝑒𝑔

𝑐 𝑗+1
do

11 Update parameters according to Eq. (3.10);

// Prediction Module

12 foreach 𝑢 ∈ U do
// 1○ Top-𝐾 POI Recommendation

13 Calculate the score according to Eq. (3.7) and select top-𝐾 POI;
// 2○ Top-𝐾𝑐𝑎𝑡 Category Recommendation

14 Calculate the score according to Eq. (3.8) and select top-𝐾𝑐𝑎𝑡 categories;
// 3○ Top-𝐾𝑝𝑜𝑖 Individual POI Recommendation

15 Rank POIs by geographical distance and select top-𝐾𝑝𝑜𝑖 individual POIs.

set based on the timestamp, where the earlier check-ins are as the training set, and the

most recent check-ins are as the test set. In particular, we adopt 90% of each dataset as

the training set, and the rest as the test set, as in [97]. Following [4], given a user and

her current location, we predict her next check-in, and use all her next check-ins in the

test set within the successive 𝜏 = 6 hours as the ground-truth.

Comparison Methods. To evaluate the effectiveness of our proposed HCT method,

the following state-of-the-art algorithms are compared: (1) Most Popular (MP): it

recommends the most popular POIs to each user; (2) BPRMF [98]: it is the classic

Bayesian personalized ranking model based on matrix factorization; (3) ME [4]: it is
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the metric embedding model which learns the user’s sequential transition for next POI

recommendation; (4) LBPR [9]: it is the listwise Bayesian personalized ranking method,

which predicts users’ preferred next categories first, and then recommend individual

POIs based on the geographical influence; and (5) SG [57]: it is the recent Skip-gram

based POI embedding method which models user’s sequential transition for next POI

recommendation.

All the comparison methods are not directly suitable for our investigated problem,

i.e., recommending individual POIs with uncertain check-ins at collective POIs. To this

end, we adapt these methods by following the same procedure as our HCT. First, we

generate a top-𝐾 POI recommendation list for each method. If there is no collective POI

inside the list, we treat this list as the final recommendation results. Second, if there are

collective POIs inside the recommendation list, we also only remain 𝐾𝑐𝑜𝑙 = 2 collective

POIs as candidates by their respective ranking scores in the top-𝐾 list. Third, for each

collective POI, we select the 𝐾𝑐𝑎𝑡 = 2 most popular categories within this collective POI.

The popularity is calculated based on all users’ certain check-in behavior. Lastly, we

further select 𝐾𝑝𝑜𝑖 = 2 individual POIs under each selected category by using the same

strategy as HCT does. The final recommendation is thus composed of both individual

POIs in the initial top-𝐾 list, as well as those in the selected collective POIs, where the

maximum number should be 𝐾𝑐𝑜𝑙 × 𝐾𝑐𝑎𝑡 × 𝐾𝑝𝑜𝑖.

Evaluation Metrics. Following [97], we use two standard metrics, namely precision@K

and recall@K to evaluate the performance of all the methods. Given the top-K recom-

mended POIs for each user,

precision@𝐾 =
|𝑆𝑅𝑒𝑐

⋂
𝑆𝑉𝑖𝑠𝑖𝑡𝑒𝑑 |
𝐾

(3.13)

recall@𝐾 =
|𝑆𝑅𝑒𝑐

⋂
𝑆𝑉𝑖𝑠𝑖𝑡𝑒𝑑 |

|𝑆𝑉𝑖𝑠𝑖𝑡𝑒𝑑 |
(3.14)

where 𝑆𝑅𝑒𝑐 is the set of top-K recommended POIs, and 𝑆𝑉𝑖𝑠𝑖𝑡𝑒𝑑 is the set of actually POIs

that the user visited within the successive 𝜏 = 6 hours in the test set as in [3, 4]. We

study the performance of all comparison methods by averaging the precision and recall

of all users. Generally, the higher precision and recall, the better the recommendation

performance.
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Parameter Settings. We find out the optimal parameter settings for all comparison

methods by either empirical study or following suggestions in the original papers. Specif-

ically, we apply a grid search in {50, 100, 150, 200, 250, 300} to find out the optimal value

for embedding size 𝑑; a grid search in {0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1.0} to find out

the best settings for learning rate and regularization coefficient; and a grid search in

{1, 2, 3, 4} to find out the best setting for window size 𝑊 ; 𝐾𝑐𝑜𝑙 = 2, 𝐾𝑐𝑎𝑡 = 2, 𝐾𝑝𝑜𝑖 = 2;

𝜏 = 6; the list size of LBPR is set to 2; for ME, 𝛼 = 0.2 controlling the importance of user

preference and sequential influence; for HCT, 𝑑 = 200, 𝜂 = 0.001; 𝑁 = 100, 30, 20 for the

number of negative POIs, negative categories at the first and second layer, respectively;

a grid search in [0, 1] stepped by 0.1 is applied to find out the best settings for 𝛼 𝑗 , which

controls the importance of category at different layers of the CH.

3.4.2 Results and Analysis

To systematically evaluate all the methods, we design an all-around evaluation procedure

regarding to the three components in prediction module: (1) top-𝐾 POI recommendation,

(2) top-𝐾𝑐𝑎𝑡 category recommendation, and (3) top-𝐾𝑝𝑜𝑖 individual POI recommendation.

Additionally, we further investigate the impacts of hyper-parameters on the final recom-

mendation results, followed by the evaluation of time complexity for all the comparison

methods.

3.4.2.1 Results on Top-𝐾 POI Recommendation

We first study the performance of all comparisons on Top-𝐾 POI recommendation, which

may recommend both individual and collective POIs. Note that, our data analysis in

Section 3.1 shows that most check-in sequences include no more than two collective POIs.

Therefore, we only remain 𝐾𝑐𝑜𝑙 = 2 collective POIs in the top-𝐾 list. We vary 𝐾 with

values in {1, 5, 10, 15, 20}, and the results on the three datasets are depicted by Fig. 3.9.

From the results, several interesting findings are noted as follows.

(1) As the value of 𝐾 increases, the precision of all methods decreases, while the

recall increases. These results are in accordance with all existing next POI recommen-

dation approaches [53,69]. (2) The popular-based method MP is generally outperformed

by other methods, implying the superiority of latent factor models, metric embedding
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Figure 10: Performance comparison for top-K POI recommendation on the three datasets.

embedding model (ME). This helps demonstrate the effectiveness of represen-600

tation learning models on achieving better recommendation accuracy, which is

also in accordance with the conclusion in early study [20, 21, 31]. (5) The pro-

posed HCT consistently outperforms all the other comparisons across all the

metrics on the three datasets, and the improvements are significant with paired

t-test (p-value < 0.01). This suggests that, considering the hierarchical category605

transition as well as the hierarchical dependencies between POIs and categories

is better than modeling check-in sequential transition directly.

5.2.2. Results on Top-Kcat Category Recommendation

Given the Top-K recommendation list in the first step (See Section 5.2.1),

if there is any collective POI inside the list, we further recommend the pre-610

ferred categories inside the collective POI to users. Based on this, we finally

recommend individual POIs inside collective POIs to users. Here we study the

accuracy of the recommended categories, as it greatly influences the final indi-

vidual POI recommendation results. We vary the values of: (1) the number of

32

Fig. 3.9: Performance comparison for top-𝐾 POI recommendation on the three datasets.

models and representation learning models on user preference inference. (3) The latent

factor model based methods LBPR outperforms BPRMF and metric embedding model

ME, which indicates that incorporating category transition is helpful for better next POI

recommendation. (4) The representation learning model based methods (SG and HCT)

perform better than the latent factor models (LBPR and BPRMF) and metric embedding

model (ME). This helps demonstrate the effectiveness of representation learning models

on achieving better recommendation accuracy, which is also in accordance with the con-

clusion in early study [5,53,68]. (5) The proposed HCT consistently outperforms all the

other comparisons across all the metrics on the three datasets, and the improvements

are significant with paired t-test (𝑝-value < 0.01). This suggests that, considering the

hierarchical category transition as well as the hierarchical dependencies between POIs

and categories is better than modeling check-in sequential transition directly.

Given the top-𝐾𝑐𝑎𝑡 recommended categories for each selected collective POI, we fi-

nally recommend individual POIs under each preferred category. Our data analysis in

Section 3.1 suggests that more than 80% of check-ins at collective POIs have no more

than 2 visited individual POIs under each category. We vary the number of individual
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Figure 11: Performance comparison w.r.t. category correctness on the three datasets.

collective POIs (Kcol = {1, 2, 3, 4, 5}) in the top-K list; and (2) the number of615

preferred categories (Kcat = {1, 2, 3, 4, 5}) inside each collective POI. Therefore,

there will be 5 ∗ 5 = 25 combinations between Kcol and Kcat, which together

determine the total number of recommended categories. Note that for a fair

comparison, we fix K = 5.

Figure 11 shows the performance of all comparisons with respect to differ-620

ent combinations of Kcol and Kcat on the three datasets. From the results, we

notice that: (1) with the increasing of Kcol and Kcat, the precision of all com-

parisons decreases whereas the recall increases. The reason behind is simialr as

that of top-K POI recommendation; (2) the methods (HCT and LBPR) incor-

porating category transition achieves better performance than other baselines625

(MP, BPRMF, ME and SG) with popularity-based strategy, as we mentioned

in Comparison Methods (See Section 5.1). This helps validate the effectiveness

of category transition on capturing user preference transition; and (3) our pro-

posed HCT outperforms LBPR, indicating that fusing the hierarchical category
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Fig. 3.10: Performance comparison w.r.t. category correctness on the three datasets.

POIs with 𝐾𝑝𝑜𝑖 = {1, 2, 3, 4} to investigate its impacts on the final recommendation re-

sults, which is composed of both individual POIs in the initial top-𝐾 list as well as these

in the selected collective POIs. For a fair comparison, we fix 𝐾 = 5, 𝐾𝑐𝑜𝑙 = 2, 𝐾𝑐𝑎𝑡 = 2.

The overall performance of all comparisons is summarized in Fig. 3.11. We observe

that: (1) similar as the results on top-𝐾 POI recommendation and top-𝐾𝑐𝑎𝑡 category

recommendation, all the methods achieve a smaller value w.r.t. precision while a larger

value w.r.t. recall with the increasing of 𝐾𝑝𝑜𝑖; (2) the proposed HCT performs the best

among all the comparisons, which implies that the incorporation of hierarchical category

transition and category dependencies is effective for resolving our investigated problem.

In particular, the final recommendation results are composed of both individual POIs

within the initial top-𝐾 recommendation list as well as the individual POIs under the

preferred categories inside the selected collective POIs. That is to say, the performance

is influenced by both top-𝐾 POI recommendation and top-𝐾𝑐𝑎𝑡 category recommenda-

tion. The methods (MP, BPRMF, ME, and SG) based on popularity-aware strategy for

category recommendation achieve comparable performance in the second step, as shown

in Fig. 3.10, while different performance in the final recommendation has been easily
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Figure 12: Performance comparison for the Top-Kpoi individual POI recommendation on

three datasets.

transition is capable of better addressing the challenge of incomplete transition630

pattern caused by uncertain check-ins, thus achieving superior performance.

5.2.3. Results on Top-Kpoi Individual POI Recommendation

Given the top-Kcat recommended categories for each selected collective POI,

we finally recommend individual POIs under each preferred category. Our data

analysis in Section 3 suggests that more than 80% of check-ins at collective POIs635

have no more than 2 visited individual POIs under each category. We vary the

number of individual POIs with Kpoi = {1, 2, 3, 4} to investigate its impacts on

the final recommendation results, which is composed of both individual POIs in

the initial top-K list as well as these in the selected collective POIs. For a fair

comparison, we fix K = 5,Kcol = 2,Kcat = 2.640

The overall performance of all comparisons is summarized in Figure 12. We

observe that: (1) similar as the results on top-K POI recommendation and top-

Kcat category recommendation, all the methods achieve a smaller value w.r.t.
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Fig. 3.11: Performance comparison for the Top-𝐾𝑝𝑜𝑖 individual POI recommendation on
three datasets.

observed. This indicates the importance of predicting correct collective POIs in the first

step.

3.4.2.2 Effects of Hyper-parameters

We further analyze the effects of hyper-parameters in our experiments, including the

embedding size 𝑑, the number of window size𝑊 , the contribution of categories at different

layers of the CH 𝛼 𝑗 and the data sparsity issue. To achieve a fair comparison, we only

vary the value of the investigated parameter with all the other parameters fixed.

Effect of Embedding Size 𝑑. To investigate the effect of embedding size 𝑑 on the final

recommendation performance, we vary the value of 𝑑 in the range of [50, 300] stepped by

50 for BPRMF, ME, LBPR, SG and HCT, as MP is the popularity-based method and

unaffected by parameter 𝑑. The results on the three datasets are depicted by Fig. 3.12,

where we can observe that with the increasing of 𝑑, the performance of all the methods

improves, and finally keeps stable. The best performance is respectively obtained with

𝑑 = 100, 200, 100, 100, 200 for BPRMF, ME, LBPR, SG, and HCT on the three datasets.
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Figure 13: The effect of embedding size d.

and finally keeps stable. The best performance is respectively obtained with

d = 100, 200, 100, 100, 200 for BPRMF, ME, LBPR, SG, and HCT on the three700

datasets. Besides, our proposed method HCT generally outperforms other com-

parison methods with the varying of d on the three datasets.

Effect of Window Size W . To investigate the effect of window size W in SG

and HTC10, we vary the value of W in the range of [1, 4] stepped by one. The

resutls on the three datasets are shown in Figure 14, where we notice that: (1)705

our proposed method HCT significantly outperforms SG across different settings

of W on the three datasets; (2) the performance of both SG and HCT goes up

first and then drops a lot with the increasing of W . The best performance is

achieve with W = 2 for both SG and HCT on the three datasets.

Effect of Parameter αj. We investigate the effect of parameter αj in Eq. (8)710

on the final recommendation performance, which controls the importance of

10There is no parameter W in the other comparison methods.
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Fig. 3.12: The effect of embedding size 𝑑.

Besides, our proposed method HCT generally outperforms other comparison methods

with the varying of 𝑑 on the three datasets.

Effect of Window Size 𝑊. To investigate the effect of window size𝑊 in SG and HTC7,

we vary the value of 𝑊 in the range of [1, 4] stepped by one. The resutls on the three

datasets are shown in Fig. 3.13, where we notice that: (1) our proposed method HCT

significantly outperforms SG across different settings of 𝑊 on the three datasets; (2) the

performance of both SG and HCT goes up first and then drops a lot with the increasing

of 𝑊 . The best performance is achieve with 𝑊 = 2 for both SG and HCT on the three

datasets.

Effect of Parameter 𝛼 𝑗 . We investigate the effect of parameter 𝛼 𝑗 in Eq. (3.8) on

the final recommendation performance, which controls the importance of categories at

different layers of the hierarchy. As a two-layer category hierarchy is considered in our

study, we use 𝛼1 and 𝛼2 to respectively denote the weights of categories at layer 1 and

layer 2, where 𝛼1 + 𝛼2 = 1. We vary 𝛼2 in the range of [0, 1] with interval 0.1. Fig. 3.14

7There is no parameter 𝑊 in the other comparison methods.
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Figure 14: The effect of window size W .

categories at different layers of the hierarchy. As a two-layer category hierarchy

is considered in our study, we use α1 and α2 to respectively denote the weights

of categories at layer 1 and layer 2, where α1 +α2 = 1. We vary α2 in the range

of [0, 1] with interval 0.1. Figure 15 depicts the results on the three datasets,715

where α2 = 0 (α1 = 1) indicates that only categories at the first layer are taken

into consideration; whereas α2 = 1 (α1 = 0) means that only categories at the

second layers are incorporated.

Based on the results, we can observe that: (1) the performance with α2 = 0

is better than that with α2 = 1 suggesting that the categories at lower layer will720

cover more semantic relatedness than the categories at upper layer in modeling

user’s preference transition; (2) the best performance is obtained when α2 = 0.2

(α1 = 0.8), which implies that only an appropriate combination of categories at

different layers of the hierarchy can help deliver better recommendation perfor-

mance; and (3) the similar performance variance with the change of α2 on the725

three datasets demonstrates the robustness of our proposed HCT.
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Fig. 3.13: The effect of window size 𝑊 .

depicts the results on the three datasets, where 𝛼2 = 0 (𝛼1 = 1) indicates that only

categories at the first layer are taken into consideration; whereas 𝛼2 = 1 (𝛼1 = 0) means

that only categories at the second layers are incorporated.

Based on the results, we can observe that: (1) the performance with 𝛼2 = 0 is better

than that with 𝛼2 = 1 suggesting that the categories at lower layer will cover more

semantic relatedness than the categories at upper layer in modeling user’s preference

transition; (2) the best performance is obtained when 𝛼2 = 0.2 (𝛼1 = 0.8), which implies

that only an appropriate combination of categories at different layers of the hierarchy

can help deliver better recommendation performance; and (3) the similar performance

variance with the change of 𝛼2 on the three datasets demonstrates the robustness of our

proposed HCT.

Effect of Data Sparsity. To investigate the effect of data sparsity on the final rec-

ommendation results, we adopt different proportion of training data in the range of

[40%, 90%] scaled by 10%, as in [97]. The results are illustrated in Fig. 3.15, where we

observe that: (1) MP is unaffected by the size of training data, as there is no training
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Figure 15: The effect of αj .

Effect of Data Sparsity. To investigate the effect of data sparsity on the

final recommendation results, we adopt different proportion of training data in

the range of [40%, 90%] scaled by 10%, as in [45]. The results are illustrated in

Figure 16, where we observe that: (1) MP is unaffected by the size of training730

data, as there is no training process for MP; (2) as the proportion of training

data increases, the performance of all the other methods except MP improves

gradually, which suggests that sufficient training data can help improve the

performance; and (3) the proposed HCT consistently outperforms all the other

comparison methods across different proportions of training data on the three735

datasets, which demonstrates the superiority of HCT on dealing with the data

sparsity issue.

5.2.6. Time Complexity.

To evaluate the time complexity, we show the training time per epoch of the

all comparison methods except MP on the three datasets, with 90% training740

data in Table 9. From the table, we notice that the training time of HCT is

still comparable with the non-deep learning baselines (BPRMF, ME, LBPR,

SG), though slightly higher. The increased computation of HCT is mainly at-

tributed to that the embeddings of POIs and hierarchical categories are trained

simultaneously, instead of merely training embedding of POIs (i.e., BPRMF,745

ME and SG) or categories (i.e., LBPR). On the other hand, our proposed HCT

significantly (paired t-test with p-value < 0.01) outperforms all the non-deep
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Fig. 3.14: The effect of 𝛼 𝑗 .
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Figure 16: The effect of data sparsity.

Table 9: The training time (second) of all the comparison methods per epoch.

BPRMF ME LBPR SG RNN GRU LSTM HCT

SIN 4.83 9.24 6.78 5.22 44.29 50.27 57.84 19.83

NYC 8.50 13.03 10.54 7.50 36.95 55.38 63.61 25.34

LA 3.62 7.76 4.31 3.48 25.21 31.36 40.52 12.15

learning baselines with a lift of 17%, 11% regarding to precision and recall on

average, respectively. In comparison with the deep learning baselines (RNN,

GRU, LSTM), our proposed HCT far exceeds them (two or three times faster)750

with regarding to the training time. Additionally, HCT is also capable of achiev-

ing comparable recommendation accuracy. To sum up, HCT realizes a better

balance between recommendation accuracy and time complexity.

6. Conclusion and Future Works

In this paper, we develop a novel hierarchical category transition (HCT)755

framework based on representation learning techniques, aiming to resolve our
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Fig. 3.15: The effect of data sparsity.

process for MP; (2) as the proportion of training data increases, the performance of all

the other methods except MP improves gradually, which suggests that sufficient training

data can help improve the performance; and (3) the proposed HCT consistently outper-

forms all the other comparison methods across different proportions of training data on

the three datasets, which demonstrates the superiority of HCT on dealing with the data

sparsity issue.
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3.5 Summary

Category transitions and category hierarchies have proven to be effective in capturing

users’ preference transitions and relations between categories, respectively. This chapter

develops a novel hierarchical category transition (HCT) framework based on represen-

tation learning techniques, aiming to resolve a realistic problem in next POI recom-

mendation, that is, recommending next precise individual POI to users with uncertain

check-ins. By exploiting: (1) the category transitions at different layers of the CH and

(2) the hierarchical dependencies between POIs (categories) and categories in the CH,

HCT is capable of capturing users’ preference transition patterns over uncertain check-ins

in different granularity, and well addressing the cold start issue caused by the uncertain

check-ins at collective POIs (individual POIs inside collective POIs are all cold start

POIs). Extensive experiments on the three real-world datasets show the superiority of

HCT against state-of-the-art algorithms.
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iMTL: Interactive Multi-task
Learning Method1

In Chapter 3, we first formulate a new research problem of recommending next POIs with

uncertain check-ins. Then, we propose HCT by exploiting both effects of the category

transitions and hierarchical dependencies to resolve our proposed research problem. This

chapter further leverages context features derived from users’ historical trajectories for

better recommendations. In recent years, studies on the next POI recommendation

mainly seek to learn users’ transition patterns (i.e., category-level and location-level

preference transitions) from trajectories. However, most existing methods suffer from

the transition pattern vanishing issue due to the presence of uncertain check-ins (i.e.,

fuzzy and incomplete sequential behaviors), which hinders the user preference learning

and leads to inaccurate prediction. We, therefore, explore users’ underlying activities over

uncertain check-ins and model the interplay between sequential activities and locations

to ease the issue of uncertain check-ins.

In this chapter, we propose a novel interactive multi-task learning (iMTL) framework

to better exploit the interplay between activity and location preference. Specifically,

iMTL introduces: (1) temporal-aware activity encoder equipped with fuzzy character-

ization over uncertain check-ins to unveil the latent activity transition patterns; (2)

spatial-aware location preference encoder to capture the latent location transition pat-

terns; and (3) task-specific decoder to make use of the learned latent transition patterns

1The work in this chapter has been accepted by the 29th International Joint Conference on Artificial
Intelligence (IJCAI) [35], 2020.
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and enhance both activity and location prediction tasks in an interactive manner. Exten-

sive experiments on the three real-world datasets show the superiority of iMTL against

state-of-the-art next POI recommendation approaches.

The remainder of this chapter is organized as follows. In Section 4.1, we first report

the data description and analysis. We then illustrate the proposed iMTL framework in

Section 4.2. Section 4.3 presents the experimental results, followed by the conclusion in

Section 4.4.

4.1 Data Description and Analysis

Although the pioneer work HCT is able to handle the issue of uncertain check-ins in the

next POI recommendation, it faces the challenge of selecting individual POIs inside a

collective POI when a possible category is predicted, because the other information of

such POIs is unavailable except for their categories. Enriching the side information of

those POIs is an intuitive way to help ease the cold start issue. Hence, we consider as-

signing ratings for all POIs by merging Foursquare and Yelp based on their geographical

information and categories. In this way, we can only collect three datasets, i.e., Char-

lotte (CLT), Calgary (CAL) and Phoenix (PHO), which contain rating information. We

then group individual POIs into different collective POIs followed by [32]. For instance,

individual POIs, e.g., 𝑙6, 𝑙7, 𝑙8, are grouped into a collective POI 𝑙5 as shown in Fig. 1.1.

The original check-ins 𝑙1 → 𝑙2 → 𝑙6 are converted to 𝑙1 → 𝑙2 → 𝑙5. Each check-in record

is formed as a tuple (𝑢, 𝑙, 𝑡, 𝑐, 𝑦, 𝑔), meaning that user 𝑢 visited POI 𝑙 at time 𝑡, where 𝑙

is associated with category 𝑐 and POI type 𝑦 (𝑦 = 0 denotes individual POI; 𝑦 = 1 refers

to collective POI) as well as geocoded by 𝑔, i.e., (latitude, longitude). Following [4], we

remove users and POIs with fewer than 10 check-ins. Besides, each individual POI is

assigned with rating derived from Yelp. The statistics of the newly-constructed datasets

are shown in Table 4.1, and three interesting observations are noted by the data analysis.

Observation 1: temporal-aware activities

User’s activities, which can be represented by categories of POIs [7], vary with the tem-

poral context [70]. Fig. 4.1(a) shows the ratio of check-ins for the top-4 most popular
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Table 4.1: The statistics of three newly-constructed POI datasets.

# User # POI # Check-in # Category

CLT 1580 1791 20940 239
CAL 301 985 13954 184
PHO 1623 2441 22620 251

# User # POI # Check-in # Category
CLT 1580 1791 20940 239
CAL 301 985 13954 184
PHO 1623 2441 22620 251

Table 1: The statistics of three newly-constructed POI datasets.

tion with uncertain check-ins, we propose an Interactive
Multi-Task Learning (iMTL) framework by taking advantage
of both types of sequential dependencies (i.e., activity and lo-
cation). In particular, a two-channel encoder, i.e., temporal-
aware activity encoder and spatial-aware location preference
encoder, is devised to capture the latent transitions of ac-
tivities and locations via long-short term memory networks
(LSTM) [Hochreiter and Schmidhuber, 1997]. A fuzzy char-
acterization strategy is proposed to better represent activity
over uncertain check-ins. Then the task-specific decoder ag-
gregates the latent representations of the two-channel encoder
in an interactive manner to perform both activity and loca-
tion prediction tasks. Moreover, enlightened by [Girshick,
2015], we devise an auxiliary task of POI type (i.e., individ-
ual or collective) prediction to enhance the performance of
activity prediction. Experimental results on three real-world
datasets show iMTL significantly outperforms state-of-the-
arts on next POI recommendation with uncertain check-ins.

2 Related Work
Next POI Recommendation. A line of research models
sequential activity patterns and generates the most likely
locations given activities in a two-fold manner, such as
CateMF [Liu et al., 2013], LBPR [He et al., 2017] and
CAH [Liao et al., 2017]. Another line adopts variants of
RNNs to better capture sequential location patterns, such as
ST-RNN [Liu et al., 2016], DeepMove [Feng et al., 2018],
STGN [Zhao et al., 2019a] and ATST-LSTM [Huang et al.,
2019]. SERM [Yao et al., 2017] further fuses activity with
location patterns in a multi-modal fashion. However, these
efforts fail to mine the transition patterns due to the presence
of uncertain check-ins. The recently proposed HCT [Zhang
et al., 2019], built upon Skip-gram [Mikolov et al., 2013],
explores this issue by considering both activity and location
transition patterns. However, it fails to: (1) well characterize
the underlying activity over uncertain check-ins; and (2) ex-
ploit the spatial and temporal contexts in a fine-grained way.
Multi-Task Learning for Recommendation. Multi-task
learning (MTL) has been widely applied in recommender
systems, thanks to its capability in improving model per-
formance and generalization [Caruana, 1997]. Most stud-
ies adopt MTL to assist in item recommendation and expla-
nation, such as MT [Lu et al., 2018], CAML [Chen et al.,
2019] and MORS [Zhao et al., 2019b]. The recently pro-
posed MCARNN [Liao et al., 2018] considers users’ activ-
ity and location preferences simultaneously for both activity
and location recommendation. However, our iMTL differs
from MCARNN in three aspects: (1) iMTL well represents
users’ uncertain activities via fuzzy characterization strategy
while MCARNN ignores the underlying activities over uncer-
tain check-ins; (2) iMTL delicately explores the interplay be-
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Figure 2: Three observations obtained from the data analysis.

tween activity and location for next POI recommendation via
an interactive manner; whilst MCARNN directly adopts the
multi-modal embeddings for activity and location as the in-
put of recurrent model; (3) iMTL performs model training by
deriving pair-wise ranking loss of activity and location to im-
prove the prediction performance of uncertain activity, while
MCARNN solely focuses on observed check-in records.

3 Data Description and Analysis
There is no available dataset with collective POIs, which
is suitable for our investigation. Hence, we collect three
datasets, i.e., Charlotte (CLT), Calgary (CAL) and Phoenix
(PHO), from Foursquare [Yang et al., 2016] and group indi-
vidual POIs into different collective POIs followed by [Zhang
et al., 2019]. For instance, individual POIs, e.g., l6, l7, l8, are
grouped into a collective POI l5 as shown in Fig. 1. The orig-
inal check-ins l1 → l2 → l6 are converted to l1 → l2 → l5.
Each check-in is formed as (u, l, t, c, y, g), meaning that user
u visited POI l at time t, where l is associated with category
c and POI type y (y = 0 denotes individual POI; y = 1
refers to collective POI) as well as geocoded by g (latitude
and longitude of l). Following [Feng et al., 2015], we re-
move users and POIs with fewer than 10 check-ins. Be-
sides, each individual POI is assigned with rating derived
from Yelp (www.yelp.com/dataset/challenge). The statistics
of the newly-constructed datasets are shown in Table 1, and
three interesting observations are noted by the data analysis.

Obs.1: temporal-aware activities. User’s activities, which
can be represented by categories of POIs [Liao et al., 2018],
vary with the temporal context [Ye et al., 2013]. Fig. 2(a)
shows the ratio of check-ins for the top-4 most popular loca-
tion categories w.r.t the check-in time on CLT. Due to space
limit, we omit the results for CAL and PHO, where similar
trends can be observed. The temporal activity pattern is ob-
vious, e.g., the check-ins of shops occur most often between
10am and 8pm. In contrast, the check-ins of night life start
to rise quickly at 7pm and peak at 11pm. These imply that
users’ activities exhibit the strong temporal pattern.

Obs.2: choice-driven check-ins at collective POIs. Due
to the extreme challenge of modeling uncertain check-ins, we
mine underlying factors that affect users’ check-ins at collec-
tive POIs. Specifically, we explore the consecutive check-ins
containing collective POIs, e.g., l2 → l5 in Fig. 1. We search
for the POIs (e.g., lk) near l5, i.e., dist(lk, l5) ≤ △d. We
find that Bob visited l5 instead of l3 and l4 (both are the ac-
cessible POIs which meet Bob’s activity c1). This is in align
with the intuition that users tend to visit collective POIs with

Fig. 4.1: Three observations obtained from the data analysis.

location categories w.r.t the check-in time on CLT2. The temporal activity pattern is ob-

vious, e.g., the check-ins of shops occur most often between 10am and 8pm. In contrast,

the check-ins of night life start to rise quickly at 7pm and peak at 11pm. These imply

that users’ activities exhibit the strong temporal pattern, which may significantly impact

the recommendation performance.

Observation 2: choice-driven check-ins at collective POIs

Due to the extreme challenge of modeling uncertain check-ins, we attempt to mine un-

derlying factors that affect users’ check-in behaviors at collective POIs. Specifically, we

explore the consecutive check-ins containing collective POIs within a trajectory. Taking

𝑙2 → 𝑙5 in Fig. 1.1 as an example, we first search for the POIs (e.g., 𝑙𝑘) near 𝑙5, i.e.,

𝑑𝑖𝑠𝑡 (𝑙𝑘 , 𝑙5) ≤ △𝑑, where △𝑑 is the distance threshold. Then we find that Bob visited 𝑙5

instead of 𝑙3 and 𝑙4 (both are the accessible POIs which meet Bob’s activity 𝑐1). This

is in align with the intuition that users tend to visit collective POIs with more choices

(choice-driven), e.g., 𝑙5 contains more individual POIs corresponding to the category 𝑐1.

Fig. 4.1(b) shows the different ratio of POIs satisfies the choice-driven over all accessible

POIs varying △𝑑 within 2𝑘𝑚 on three datasets. We find that more than 75% uncertain

2Due to the similar trends on the three datasets, we thus only show the results on CLT to avoid
repeatedly visualize the similar results.
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check-ins within 0.4𝑘𝑚 are affected by the scale of POIs (choices) on three datasets. Note

that the proportion of cases on CAL and PHO that satisfy the choice-driven property is

higher than on CLT.

Obseration 3: rating-driven check-ins at cold start POIs

All individual POIs inside the collective POIs are unobserved in users’ check-in records in

our scenario, i.e., cold start POIs. It is hard to recommend such POIs even with their geo-

location as claimed in HCT [32]. We assign a rating for each individual POI by merging

Foursquare and Yelp datasets based on its geographical and category information, as such

side information could help ease the cold start issue [15]. We compute the ratio of check-

ins over the ratings, and plot the cumulative distribution function (CDF) in Fig. 4.1(c).

We find that users prefer individual POIs with higher ratings inside the collective POI.

For instance, more than 70% check-ins inside the collective POIs correspond to individual

POIs with ratings larger than 3 in CLT.

4.2 Problem Formulation

A trajectory of a user 𝑢 is his daily historical check-in records, i.e., (𝑢, 𝑙, 𝑡, 𝑐, 𝑦, 𝑔), in

chronological order. We can obtain two types of sequences derived from a trajectory:

• The 𝑖-th temporal-aware activity (category) sequence of user 𝑢 is denoted by a set of

activity tuples, i.e., A𝑢,𝑖 = {𝐴𝑢𝑡1 , 𝐴
𝑢
𝑡2
, . . .}, where 𝐴𝑢𝑡𝑘 = (𝑐

𝑢
𝑡𝑘
, 𝑦𝑢𝑡𝑘 , 𝑡

𝑢
𝑘
), 𝑦𝑢𝑡𝑘 ∈ {0, 1}.

• The 𝑖-th spatial-aware location sequence of user 𝑢 is denoted by a set of location tuples,

i.e., L𝑢,𝑖 = {𝐿𝑢𝑡1 , 𝐿
𝑢
𝑡2
, . . .}, where 𝐿𝑢𝑡𝑘 = (𝑙

𝑢
𝑡𝑘
, 𝑔𝑢𝑡𝑘 ).

Given a temporal-aware activity sequence A𝑢,𝑖 and a spatial-aware location sequence

L𝑢,𝑖, our goal is to predict user 𝑢’s next activity 𝑐𝑡𝑛+1 and location 𝑙𝑡𝑛+1 at next timestamp

𝑡𝑛+1. If 𝑐𝑡𝑛+1 happens at a collective POI 𝑙𝑡𝑛+1 , we need to further recommend precise

individual POIs inside 𝑙𝑡𝑛+1 given 𝑐𝑡𝑛+1 .
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Fig. 4.2: The architecture of the proposed iMTL, which mainly consists of three mod-
ules: (1) temporal-aware activity encoder including a fuzzy characterization strategy, (2)
spatial-aware location preference encoder, and (3) task-specific decoder. The left subfig-
ure illustrates the fuzzy characterization strategy for the uncertain activity representa-
tion based on Observation 2. For instance, collective POI 𝑙12 contains three categories as
shown in the first row of the table; the second row contains the corresponding number of
individual POIs under each category within 𝑙12; 𝛽 in the third row is the ratio of #POI
to total #POI inside 𝑙12.

4.3 The iMTL Framework

The overall architecture of iMTL is outlined in Fig. 4.2. It mainly consists of a two-

channel encoder (i.e., temporal-aware activity and spatial-aware location preference en-

coders) and a task-specific decoder. The two-channel encoder, equipped with embedding,

aggregation and recurrent layers, aims to capture the sequential correlations of activity

and location preferences. Then the representations encoded by the recurrent layer are

utilized in the task-specific decoder to interactively perform three (i.e., the next activity,

POI type and POI) prediction tasks.

4.3.1 Temporal-aware Activity Encoder

Given an activity tuple 𝐴𝑢𝑡𝑘 = (𝑐
𝑢
𝑡𝑘
, 𝑦𝑢𝑡𝑘 , 𝑡

𝑢
𝑘
) of user 𝑢, 𝑦𝑢𝑡𝑘 = 1 represents 𝑐𝑢𝑡𝑘 is an uncertain

activity, which happens at collective POI 𝑙𝑢𝑡𝑘 (e.g., Building 𝑙5 in Fig. 1.1). To better

represent such an uncertain activity, we propose a fuzzy characterization strategy inspired

by Observation 2:

c𝑢𝑡𝑘 =
∑︁𝑀

𝑗=1
𝛽 𝑗c 𝑗 , (4.1)

where 𝑀 is the total number of categories inside 𝑙𝑢𝑡𝑘 ; c 𝑗 ∈ R
𝐷𝑐 is the embedding of 𝑗-

th category. Since a user prefers a collective POI with more choices given his activity

(Observation 2), we thus use 𝛽 𝑗 to control the possibility of each activity inside 𝑙𝑢𝑡𝑘 , which
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is defined by the scale of individual POIs belong to 𝑐 𝑗 inside 𝑙
𝑢
𝑡𝑘
(see Fig. 4.2). Therefore,

c𝑢𝑡𝑘 can be used to denote the fuzzy representation of user 𝑢’s uncertain activity, as well

as the functionality (e.g., food-oriented) of the collective POI 𝑙𝑢𝑡𝑘 . Meanwhile it also well

accommodates the scenario where 𝑦𝑢𝑡𝑘 = 0, that is, 𝑐𝑢𝑡𝑘 is a certain activity. In that case,

𝑀 = 1, and c𝑢𝑡𝑘 is thus the representation of user 𝑢’s certain activity.

Furthermore, inspired by Observation 1, modeling sequential activities by incorporat-

ing temporal contexts is essential to generate accurate user’s next activity. Hence, the

temporal-aware activity aggregation x𝑢𝑡𝑘 is ultimately represented by:

x𝑢𝑡𝑘 = W𝑐c
𝑢
𝑡𝑘
+W𝑡t

𝑢
𝑘 +W𝑦y

𝑢
𝑡𝑘
+ b, (4.2)

where W is the weight matrix; b is the bias term; t𝑢
𝑘
∈ R𝐷𝑡 is the embedding of temporal

context with one day mapped into 24 hours; and y𝑢𝑡𝑘 ∈ R
𝐷𝑦 is the embedding of POI

type. Subsequently, x𝑢𝑡𝑘 is fed into the recurrent layer to infer the hidden state of user 𝑢’s

activity at 𝑡𝑘 :

h𝑢𝑡𝑘 = LSTM(x𝑢𝑡𝑘 , h
𝑢
𝑡𝑘−1), (4.3)

where LSTM(·) captures the sequential correlations of activities, and h𝑢𝑡𝑘−1 encodes the

previous activity until 𝑡𝑘−1.

4.3.2 Spatial-aware Location Preference Encoder

As a user’s mobility is generally affected by the distance between the current location and

the next visiting one [4], the spatial-aware location preference encoder aims to capture se-

quential location correlations by considering the spatial contexts. Hence, the aggregation

x̃𝑢𝑡𝑘 for each location tuple 𝐿𝑢𝑡𝑘 = (𝑙
𝑢
𝑡𝑘
, 𝑔𝑢𝑡𝑘 ) is defined as:

x̃𝑢𝑡𝑘 = W𝑙 l
𝑢
𝑡𝑘
+W𝑑d

𝑢
𝑡𝑘
+ b̃, (4.4)

where l𝑢𝑡𝑘 ∈ R
𝐷𝑙 is the embedding of POI 𝑙𝑢𝑡𝑘 ; and d𝑢𝑡𝑘 ∈ R

𝐷𝑑 is the embedding of the

distance interval 𝑑𝑢𝑡𝑘 between 𝑙𝑢𝑡𝑘−1 and 𝑙𝑢𝑡𝑘 based on 𝑔𝑢𝑡𝑘−1 and 𝑔𝑢𝑡𝑘 . Note that we round

the distance into integer (e.g., 2.12 → 2), to reduce the number of parameters. x̃𝑢𝑡𝑘 is

then fed into the recurrent layer to infer the hidden state h̃𝑢𝑡𝑘 of location preference at 𝑡𝑘 ,

formulated as,

h̃𝑢𝑡𝑘 = LSTM(x̃𝑢𝑡𝑘 , h̃
𝑢
𝑡𝑘−1). (4.5)
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4.3.3 Task-specific Decoder

The task-specific decoder aims to interactively perform three (i.e., the next activity, POI

type and location) prediction tasks based on the latent representations, i.e., h𝑢𝑡𝑛 and h̃𝑢𝑡𝑛 ,

learned from the two-channel encoder.

Activity Prediction with Auxiliary Task. We predict user 𝑢’s next activity in

the dot-product way, and the probability of next possible activity 𝑐𝑡𝑛+1 at time 𝑡𝑛+1 is

calculated by:

𝑟𝑢𝑡𝑛+1,𝑐𝑡𝑛+1
= (W𝑐

ℎh
𝑢
𝑡𝑛
)⊤(W𝑐c𝑡𝑛+1 +W𝑦y𝑡𝑛+1 +W𝑡t

𝑢
𝑛+1 + b), (4.6)

where the first term W𝑐
ℎ
h𝑢𝑡𝑛 represents the user representation by encoding the dynamic

hidden states, and the second term W𝑐c𝑡𝑛+1 +W𝑦y𝑡𝑛+1 +W𝑡t
𝑢
𝑛+1 + b denotes the temporal-

aware activity representation.

Although the fuzzy characterization strategy can help mine the user’s underlying

activity, it may introduce some noise in the process of activity prediction. Inspired

by [39], we thus perform the major task (i.e., activity prediction) with the help of the

auxiliary task (i.e., POI type prediction). This is mainly because of two reasons: (1) POI

type prediction is related to the activity prediction, as it triggers the presence of either

certain or uncertain activities3; (2) jointly learning both tasks can enhance the model

generalization by averaging the inevitable noise introduced by the uncertain activity

representation. The POI type prediction task is formulated as below, where 𝜎 is the

sigmoid function,

𝑟𝑢𝑡𝑛+1,𝑦𝑡𝑛+1
= 𝜎(W𝑦

ℎ
h𝑢𝑡𝑛). (4.7)

Location Prediction with Interactive Fashion. Considering the interplay between

the user’s activity and location visit, that is, the next location check-in is affected by the

activity [32], we propose an interactive multi-task learning strategy to generate the next

location prediction under the help of activity prediction with auxiliary task. Inspired

by [22], we concatenate the latent representations learned in the two-channel encoder

together with the predicted results of activity and POI type:

H𝑢
𝑡𝑛
= [h̃𝑢𝑡𝑛 ;h

𝑢
𝑡𝑛
; 𝑟𝑢𝑡𝑛+1,𝑐𝑡𝑛+1

c𝑡𝑛+1 ; 𝑟
𝑢
𝑡𝑛+1,𝑦𝑡𝑛+1

y𝑡𝑛+1], (4.8)

3To accurately predict the activity and POI type greatly helps us locate the user’s activity that
happens inside a collective POI, rather than search for other individual POIs under the predicted activity.

60



Chapter 4. iMTL: Interactive Multi-task Learning Method

Algorithm 2: Learning Strategy of iMTL.

Input: Θ,A,L, user set U, max iter, 𝜆, 𝜂
Output: iMTL model {Θ}

1 Initialize the set of model parameters Θ;
// Training instances generation

2 foreach 𝑢 ∈ U do
3 foreach A𝑢,𝑖 ∈ A𝑢 and L𝑢,𝑖 ∈ L𝑢 do
4 Sample negative activities and locations

// Parameter Update

5 for 𝑖𝑡𝑒𝑟 = 1; 𝑖𝑡𝑒𝑟 ≤ 𝑚𝑎𝑥 𝑖𝑡𝑒𝑟; 𝑖𝑡𝑒𝑟 + + do
6 foreach 𝑢 ∈ U do
7 Randomly select a batch of instances
8 foreach 𝜃 ∈ Θ do

9 𝜃 ← 𝜃 − 𝜂 ∗ 𝜕J
𝜕𝜃

Hence, the probability of 𝑢’s next POI 𝑙𝑡𝑛+1 at time 𝑡𝑛+1 is formulated as:

𝑟𝑢𝑡𝑛+1,𝑙𝑡𝑛+1
= (W𝐻H

𝑢
𝑡𝑛
)⊤(W𝑙 l𝑡𝑛+1 +W𝑑d

𝑢
𝑡𝑛+1 + b̃), (4.9)

where the first termW𝐻H
𝑢
𝑡𝑛
denotes the user representation, and the second termW𝑙 l𝑡𝑛+1+

W𝑑d
𝑢
𝑡𝑛+1 + b̃ denotes the spatial-aware location representation. In sum, the activity pre-

diction task assists in the location prediction task, which in turn influences the activity

representation learning during the model training with back-propagation, that is, they

are interactively enhanced by each other. Furthermore, we consider two cases due to the

presence of collective POIs: 1) if 𝑦𝑢𝑡𝑛+1 = 0 meaning 𝑙𝑢𝑡𝑛+1 is an individual POI, we directly

recommend individual POIs related to activity 𝑐𝑢𝑡𝑛+1 ; and 2) if 𝑦𝑢𝑡𝑛+1 = 1, we further se-

lect individual POIs characterized by 𝑐𝑢𝑡𝑛+1 inside 𝑙𝑢𝑡𝑛+1 with higher ratings according to

Observation 3.

4.3.4 Learning Strategy and Complexity Analysis

We adopt the Bayesian Personalized Ranking [98] to define the loss functions of activity

and location prediction tasks. Followed by [34], we generate the training instances Ω

in a recursive way for each temporal-aware activity sequence and spatial-aware location
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sequence. For each instance, we then uniformly sample the negative activities and loca-

tions. In particular, regarding the collective POIs, the negative samples come from the

nearby POIs as defined in Observation 2. The loss functions for the two prediction tasks

are formulated by:

J𝑐 =
∑︁
(𝑐≻𝑐′)∈Ω

ln (1 + 𝑒−(𝑟
𝑢
𝑡,𝑐−𝑟𝑢𝑡,𝑐′)),

J𝑙 =
∑︁
(𝑙≻𝑙 ′)∈Ω

ln (1 + 𝑒−(𝑟
𝑢
𝑡,𝑙
−𝑟𝑢

𝑡,𝑙′)),
(4.10)

where 𝑐′ is the negative activity for 𝑐, and where 𝑙′ is the negative location for 𝑙. Mean-

while, the loss function of POI type prediction (binary classification) is defined by:

J𝑦 = −
∑︁|Ω|

𝑘=1
𝑦𝑡𝑘 log(𝑟𝑢𝑡𝑘 ,𝑦𝑡𝑘 ) + (1 − 𝑦𝑡𝑘 )log(1 − 𝑟

𝑢
𝑡𝑘 ,𝑦𝑡𝑘
). (4.11)

Ultimately, we seek to minimize the sum loss:

J = 𝜆𝑐J𝑐 + 𝜆𝑙J𝑙 + 𝜆𝑦J𝑦 +
𝜆

2
| |Θ| |2, (4.12)

where 𝜆𝑐, 𝜆𝑙 , and 𝜆𝑦 (𝜆𝑐 + 𝜆𝑙 + 𝜆𝑦 = 1) are weights to balance the importance of different

losses; 𝜆 is the regularization coefficient; and Θ = (W, c, y, t, l, d, b, b̃) is the set of model

parameters to be learned. We use AdaGrad [99] to optimize the network parameters.

Algorithm 2 shows the model training process composed of two parts: training instances

generation (lines 2-4) and parameter update (lines 5-9).

Complexity Analysis. In the training process of iMTL, the computational complexity

of the two-channel encoder and decoder is O(𝐷2), where 𝐷 is the embedding size. The

complexity of recurrent units is O(1). Consequently, given the training instances Ω with

the average sequence length 𝑆, the overall complexity for each training iteration would

be O(|Ω| · 𝑆 · 𝐷2). In sum, the complexity of iMTL is linear to |Ω| and quadratic to the

embedding size 𝐷.

4.4 Experiments and Analysis

We investigate the effectiveness of iMTL with the goal of answering the following three

research questions.

RQ1: How does our proposed iMTL perform compared with the state-of-the-art methods

w.r.t. both activity and POI recommendation tasks?

62



Chapter 4. iMTL: Interactive Multi-task Learning Method

RQ2: How do different components of iMTL (e.g., fuzzy characterization strategy) affect

its performance?

RQ3: How do hyper-parameters affect iMTL?

4.4.1 Experimental Setup

Datasets and Metrics. We conduct experiments on the three datasets as shown in

Table 4.1. Following [34], we treat the first 80% sequences of each user as training set, the

latter 10% as the validation set and the last 10% as test set. Note that for validation and

test sets, we also remain the real visited individual POIs under collective POIs as ground-

truth for POI prediction. Two standard metrics are adopted to evaluate the performance

of all methods, namely Recall (Rec@K) and Mean Average Precision (MAP@K). Given

a training/testing set with |Ω| samples, the two metrics are formulated as follows:

Rec@𝐾 =
1

|Ω|

|Ω|∑︁
𝑖=1

|𝑆𝑖
𝑅𝑒𝑐

⋂
𝑆𝑖
𝑉𝑖𝑠𝑖𝑡𝑒𝑑

|
|𝑆𝑖
𝑉𝑖𝑠𝑖𝑡𝑒𝑑

|
(4.13)

MAP@𝐾 =
1

|Ω|

|Ω|∑︁
𝑖=1

|𝑆𝑖
𝑅𝑒𝑐

⋂
𝑆𝑖
𝑉𝑖𝑠𝑖𝑡𝑒𝑑

|
rank𝑖

(4.14)

where 𝑆𝑖
𝑅𝑒𝑐

is the top-K ranked list of recommended categories/POIs, and 𝑆𝑖
𝑉𝑖𝑠𝑖𝑡𝑒𝑑

is the

set of ground truth categories/POIs visited by users, rank𝑖 denotes the position of the

ground truth POI in the ranked list.

Comparison Methods. We compare iMTL with eight state-of-the-art approaches:

• MostPop: It recommends next activity and POI via popularity.

• CateMF [11]: It factorizes user-category and user-location matrices to generate

the next activity and POI by considering the spatial factor and other similar users’

preferences.

• LBPR [9]: It is a Listwise Bayesian Personalized Ranking method, which first

recommends next activities and then predict next POIs by incorporating the geo-

graphical factor and the activity ranking influence.
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• ME [4]: It is a state-of-the-art metric embedding model for next POI recommen-

dation, which integrates the sequential and geographical context information and

individual preference.

• ST-RNN [33]: It is an extended RNN method for next location recommendation

that models local temporal and spatial contexts through the time-specific transition

matrices and distance-specific transition matrices, respectively.

• ATST-LSTM [34]: It is an attention-based long and short-term memory network

for next POI recommendation, which focuses on the relevant check-in behaviors in

a trajectory by using spatiotemporal contextual information.

• MCARNN [7]: It is a multi-task context-aware recurrent neural network, which

exploits the spatial-activity topic for next activity and location prediction.

• HCT [32]: It is a state-of-the-art approach for a next activity and POI recom-

mendation with uncertain check-ins, by modeling the multi-granularity category

transitions and category hierarchies.

Note that if the predicted activity happens at a collective POI, we need to further

recommend next precise individual POIs inside the collective POI given the activity. As

those individual POIs are cold start ones, we rank such POIs related to the predicted

activity via their ratings based on Observation 3.

Parameter Settings. The parameters for all the baselines are tuned to achieve the

best results or set as suggested by the original papers. For iMTL, the weight matrices,

embeddings and hidden states are randomly initialized over uniform distribution. We

apply a grid search in [20, 200] stepped by 20 to find the optimal settings for embedding

size 𝐷𝑐 = 𝐷𝑦 = 𝐷𝑡 = 𝐷 𝑙 = 𝐷𝑑, and they are set to 120/140/120 for CLT, CAL and

PHO, respectively (Fig. 4.5(a)). The number of recurrent layers is 3; the learning rate

𝜂 = 0.0001; the iteration numbers are 25/20/30 for CLT, CAL and PHO, respectively

(Fig. 4.5(b)); 𝜆𝑐 = 0.4, 𝜆𝑦 = 𝜆𝑙 = 0.3, 𝜆 = 0.0025 (Fig. 4.5(c)). The distance threshold

△𝑑 = 2𝑘𝑚 for searching the negative POIs near the collective POI.
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Table 4.2: Performance comparison of activity and location tasks on the three datasets.
The best performance is boldfaced; the runner up is labeled with ‘*’; ‘Improve’ refers to
the improvements (Paired t-test with 𝑝-value < 0.01) that iMTL achieves relative to the
‘*’ results.

Activity Prediction Task

CLT CAL PHO

Rec@10 MAP@10 Rec@10 MAP@10 Rec@10 MAP@10

MostPop 0.1321 0.0435 0.1063 0.0417 0.1102 0.0430

CateMF 0.1516 0.0482 0.1238 0.0454 0.1214 0.0506

ME - - - - - -

LBPR 0.1829 0.0558 0.1425 0.0618 0.1647 0.0624

ST-RNN - - - - - -

ATST-LSTM - - - - - -

MCARNN 0.1935 0.0621 0.1579 0.0751 0.1974 0.0776

HCT 0.1984∗ 0.0614∗ 0.1602∗ 0.0764∗ 0.2010∗ 0.0781∗

iMTL 0.2213 0.0709 0.1724 0.0887 0.2311 0.0947

Improve 11.5% 15.5% 7.6% 16.1% 15.0% 21.3%

Location (POI) Prediction Task

CLT CAL PHO

Rec@10 MAP@10 Rec@10 MAP@10 Rec@10 MAP@10

MostPop 0.0305 0.0104 0.0317 0.0119 0.0323 0.0125

CateMF 0.0323 0.0124 0.0341 0.0155 0.0352 0.0180

ME 0.0401 0.0137 0.0416 0.0205 0.0434 0.0207

LBPR 0.0446 0.0174 0.0483 0.0226 0.0525 0.0218

ST-RNN 0.0421 0.0162 0.0479 0.0230 0.0506 0.0243

ATST-LSTM 0.0465 0.0201 0.0522 0.0328 0.0591 0.0260

MCARNN 0.0458 0.0210 0.0545 0.0364 0.0608 0.0275

HCT 0.0477∗ 0.0204∗ 0.0617∗ 0.0372∗ 0.0662∗ 0.0301∗

iMTL 0.0534 0.0238 0.0691 0.0443 0.0769 0.0352

Improve 11.9% 13.3% 12.0% 16.4% 16.2% 16.9%

4.4.2 Performance Comparison (RQ1)

Table 4.2 presents the performance (Rec@𝐾 and MAP@𝐾) of all methods across the

three datasets. Note that, ME, ST-RNN and ATST-LSTM do not consider category

information, thus cannot predict next activity.

In terms of both tasks, the non-RNN based methods (Pop, CateMF and ME, LBPR)

generally perform worse than RNN based baselines (ST-RNN, ATST-LSTM, MCARNN),

demonstrating the efficacy of RNN on modeling the sequential dependency. As for RNN

65



Chapter 4. iMTL: Interactive Multi-task Learning Method

CLT CAL PHO
0.1

0.15

0.2

A
ct

iv
ity

-R
ec

@
10

CLT CAL PHO
0.05

0.06

0.07

0.08

0.09

A
ct

iv
ity

-M
A

P@
10

iMTLV1 iMTLV2 iMTLV3 iMTLV4 iMTLV5 iMTL

Figure 6: Performance comparison for variants of iMTL on the three datasets w.r.t activity prediction task.

CLT CAL PHO
0.02

0.04

0.06

0.08

PO
I-

R
ec

@
10

CLT CAL PHO
0.01

0.02

0.03

0.04

PO
I-

M
A

P@
10

iMTLV1 iMTLV2 iMTLV3 iMTLV4 iMTLV5 iMTL

Figure 7: Performance comparison for variants of iMTL on the three datasets w.r.t activity prediction task.

Fig. 4.3: Performance comparison for variants of iMTL on the three datasets w.r.t activity
prediction task.
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Fig. 4.4: Performance comparison for variants of iMTL on the three datasets w.r.t POI
prediction task.

based methods, ATST-LSTM performs better than ST-RNN, which indicates the ef-

fectiveness of attention mechanism in modeling check-in sequence. They, however, are

outperformed by MCARNN, due to its ability of capturing both sequential activities and

locations via the MTL method. HCT performs better than RNN based methods, as it

carefully designs and models the hierarchical dependencies between activity and location

to ease the issue of next POI recommendation with uncertain check-ins. Overall, our

proposed iMTL consistently achieves the best performance w.r.t. the two tasks across

the three datasets. This is mainly because: (1) iMTL models user’s uncertain activity

via fuzzy characterization strategy; (2) iMTL adopts the auxiliary task (i.e., POI type

prediction) to assist in activity prediction; and (3) iMTL exploits the interplay between

activity and POI via an interactive multi-task learning framework.
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Fig. 4.5: Parameter sensitivity analysis on POI prediction task.

4.4.3 Detailed Study of iMTL (RQ2)

To investigate the effectiveness of different components of iMTL, we compare it with five

different variants: (1) iMTL𝑤/𝑜 𝑓 𝑢𝑧 (iMTL𝑉1) removes the fuzzy characterization on users’

uncertain activities. Following [32], we directly use the category of a collective POI to

represent the activity, instead of the fuzzy representation; (2) iMTL𝑤/𝑜 𝑎𝑢𝑥 (iMTL𝑉2) re-

moves the auxiliary task, i.e., POI type prediction; (3) iMTL𝑤/𝑜 𝑓 𝑢𝑧−𝑎𝑢𝑥 (iMTL𝑉3) ignores

both fuzzy characterization and auxiliary task; (4) iMTL𝑤/𝑜 2𝑐 (iMTL𝑉4) merges the two-

channel encoder into one by using multi-modal embedding manner; and (5) iMTL𝑤/𝑜 𝑖𝑛𝑡𝑒𝑟

(iMTL𝑉5) removes the interactive learning method by performing the three prediction

tasks in parallel.

We report the results in Fig. 4.3 and Fig. 4.4, where iMTL significantly outperforms

its variants regarding to both activity and location prediction tasks. We notice that

iMTL𝑤/𝑜 𝑓 𝑢𝑧−𝑎𝑢𝑥 performs worse than either iMTL𝑤/𝑜 𝑓 𝑢𝑧 or iMTL𝑤/𝑜 𝑎𝑢𝑥, which suggests

that both fuzzy characterization strategy and auxiliary task indeed improve the recom-

mendation performance. Generally, the performance decrease of iMTL𝑤/𝑜 𝑎𝑢𝑥 far exceeds

that of iMTL𝑤/𝑜 𝑓 𝑢𝑧, implying that the auxiliary task (i.e., POI type prediction) plays

a more important role than the fuzzy characterization strategy. Both iMTL𝑤/𝑜 2𝑐 and

iMTL𝑤/𝑜 𝑖𝑛𝑡𝑒𝑟 underperform iMTL, indicating the advantages of the two-channel encoder

and interactive multi-task learning strategy. In summary, our proposed iMTL benefits

from the four delicately designed components.

4.4.4 Parameter Sensitivity Analysis (RQ3)

Fig. 4.5 depicts the results (Rec@10) of parameter sensitivity analysis on POI prediction

and similar trends can be observed with other settings of 𝐾. In Fig. 4.5(a), the perfor-
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mance of iMTL climbs up as the embedding size increases, and gradually becomes stable

with the size around 120. We further study the convergence property of iMTL as shown

in Fig. 4.5(b), where we observe that iMTL can converge within 30 iterations on the three

datasets. Fig. 4.5(c) shows the performance of varying the combination weights 𝜆𝑐 and 𝜆𝑙 ,

which control the importance of the activity and location prediction tasks, respectively.

Note that the importance of the POI type prediction task 𝜆𝑦 is determined by 1−𝜆𝑐 −𝜆𝑙 .
From the results, we find that iMTL performs best with 𝜆𝑐 = 0.4, 𝜆𝑙 = 𝜆𝑦 = 0.3, which

implies that all the three tasks are vital for more accurate next POI recommendation

with uncertain check-ins.

4.5 Summary

In this chapter, we propose an interactive multi-task learning (iMTL) framework for

the next POI recommendation with uncertain check-ins. In particular, we devise a two-

channel encoder, i.e., temporal-aware activity encoder and spatial-aware location pref-

erence encoder, to capture the transitions of activities and locations, whereby a fuzzy

characterization strategy is proposed to better represent activity over uncertain check-

ins. The task-specific decoder then interactively aggregates the latent representations of

the two-channel encoder to perform both activity and location prediction tasks. Experi-

mental results show the superiority of iMTL over the state of the arts w.r.t next activity

and location recommendation tasks.
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Chapter 5

CART: Conversation-based
Adaptive Relational Translation
Method1

In Chapter 3 and 4, we focus on exploiting context features from users’ historical trajecto-

ries into representation learning based model or multi-task learning based model to help

resolve the issue of uncertain check-ins in the next POI recommendation task. However,

existing next POI recommendation methods (i.e., static methods), including HCT and

iMTL, are hard to capture user’s immediate preference and incorporate user’s feedback

regarding the recommendation results. Conversational recommendation systems (CRS)

bring promising potential in allowing the system to acquire user’s immediate preference

via interactions and adapt to user’s feedback. We argue that the value of a CRS for

the next POI recommendation task has not reached its full potential, since an efficient

location-aware CRS should delicately accommodate both the rich context of users’ check-

in behaviors and the merit of multi-round CRS.

In this chapter, we propose a conversation-based adaptive relational translation method

(CART) for next POI recommendation over uncertain check-ins. It is equipped with rec-

ommender and conversation modules to interactively acquire users’ immediate preference

and make dynamic recommendations. Specifically, the recommender built upon the adap-

tive relational translation method performs location prediction via modeling both users’

historical sequential behaviors and the immediate preference received from conversations;

1The work in this chapter is accepted by IEEE Transactions on Neural Networks and Learning
Systems [100], 2022.
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and the conversation module aims to achieve successful recommendations in fewer con-

versation turns by learning a conversational strategy, whereby the recommender can be

updated via the user response. Extensive experiments on four real-world datasets show

the superiority of our proposed CART over the state-of-the-art methods.

The remaining of this chapter is organized as follows: In Section 5.1, we first propose

the CART framework, which is composed of recommender and conversation modules.

Section 5.2 presents the experimental results, followed by the conclusion in Section 5.3.

5.1 The CART Framework

Fig. 5.1 depicts the architecture of our proposed CART under the multi-round setting,

aiming to simulate the conversation process, that is, enquiring a user’s preference towards

attributes or making recommendations until the user accepts the recommendation or

chooses to quit. This enables users to interact with an agent via iterative conversations

and then performs recommendation by two modules: (1) Recommender Module,

which is an adaptive relational translation method to jointly model a user’s historical

sequential behaviors and the immediate preference obtained in conversations; and (2)

Conversation Module2, which seeks the best strategy for action selection and achieves

a successful recommendation with the fewer conversation turns. In particular, it consists

of a State Vector, Policy Network and User Response. At each conversation turn, the

State Vector serves as a bridge between the recommender and conversation modules,

encoding the user preference and conversation history. The Policy Network plays a role

of action generator, which decides on whether to ask an attribute (e.g., a category) or

make a recommendation (e.g., a specific POI) based on the input state vector, and returns

an up-to-date reward according to the user response.

Notations. Let 𝑢 ∈ U denote a user 𝑢 from the user set U and 𝑙 ∈ L denote a

POI (i.e., location) from the POI set L. For each user 𝑢, we order all his check-ins by

timestamp, and then split them into sequences by day, denoted as S𝑢. Thus, the 𝑗-th

check-in sequence of 𝑢 refers to a set of time-ordered check-ins within a day: S𝑢, 𝑗 =

2Following the user simulation settings in [30, 31], we use templates as wrappers to interact with a
user for conversation process rather than considering language understanding and generation.
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Table 5.1: Notations.

Notations Descriptions

U,L, C User set, location set, category set
𝑢, 𝑙, 𝑐, 𝑡 User 𝑢 ∈ U, location 𝑙 ∈ L, category 𝑐 ∈ C, time 𝑡
𝑔, 𝑦 Geographical region, POI type
S𝑢 Check sequences of user 𝑢
S𝑢, 𝑗 The 𝑗-th check sequence of user 𝑢: S𝑢, 𝑗 ∈ S𝑢
𝑠𝑢𝑡𝑖 Check-in activity of 𝑢 at 𝑡𝑖: 𝑠

𝑢
𝑡𝑖
= (𝑙𝑡𝑖 , 𝑡𝑖, 𝑐𝑡𝑖 , 𝑔𝑡𝑖 , 𝑦𝑡𝑖 )

u, l, t, c, g, y Embeddings associated with 𝑢, 𝑙, 𝑡, 𝑐, 𝑔, 𝑦
P𝑢 𝑢’s immediate preferences obtained in conversations
𝛼, 𝛽 Attention weights of relations
v State vector
r𝑠𝑒𝑞, r𝑖𝑚𝑚 Relation embeddings
𝑑 (𝑢, 𝑙) Distance between 𝑢 and 𝑙
𝑃𝑢,𝑙𝑡 Probability of 𝑢 visiting 𝑙 at time 𝑡
A Action space
𝑅𝑒+∗ , 𝑅𝑒

−
∗ Positive/negative reward

𝜋𝜃 (𝑎𝑛 |v𝑛) Policy network and 𝑎𝑛 ∈ A
𝛾 Discount factor

{𝑠𝑢𝑡1 , 𝑠
𝑢
𝑡2
, . . . , 𝑠𝑢𝑡𝑛}, S

𝑢, 𝑗 ∈ S𝑢; each check-in 𝑠𝑢𝑡𝑖 = (𝑙𝑡𝑖 , 𝑡𝑖, 𝑐𝑡𝑖 , 𝑔𝑡𝑖 , 𝑦𝑡𝑖 ) means that a user 𝑢

visits a POI 𝑙𝑡𝑖 at geographical region 𝑔𝑡𝑖 and time 𝑡𝑖 (timestamps are discretized into 24

slots in a day); 𝑐𝑡𝑖 ∈ C is the category of 𝑙𝑡𝑖 ; and 𝑦𝑡𝑖 is the type of 𝑙𝑡𝑖 , where 𝑦𝑡𝑖 = 0 refers

to an individual POI, otherwise a collective POI. We list some important notations in

Table 5.1.

Research Problem. Given user 𝑢’s historical check-in sequence S𝑢, 𝑗 = {𝑠𝑢𝑡1 , 𝑠
𝑢
𝑡2
, . . . , 𝑠𝑢𝑡𝑘 }

and the next check-in time 𝑡𝑘+1, our goal is to recommend the next POI 𝑙𝑡𝑘+1 in multi-

round conversations by maximizing the accumulated reward given the limited conversa-

tion turns. Note that if the recommended 𝑙𝑡𝑘+1 is a collective POI, we further predict

individual POIs inside 𝑙𝑡𝑘+1 .

5.1.1 Recommender Module

With the aim of making more accurate next POI recommendations over uncertain check-

ins, we design a translation-based recommender under the multi-round setting of CRS,

which is capable of modeling the rich context information (e.g., spatiotemporal context

and immediate preference) of location visits. Hence, the proposed recommender not
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Fig. 5.1: The framework of CART, which is composed of recommender and conversation
modules.

only delicately captures users’ context-aware preference but also overcomes the inherent

limitation of inner product in FM [40], which is adopted as the recommender in state-of-

the-art CRS methods [25,30].

5.1.1.1 Basic Translation Method

TransE is a representative method among the various knowledge graph based tech-

niques [101, 102], which aims to embed the triples (ℎ, 𝑟, 𝑡) into a transition space that

satisfies h + r ≈ t, where ℎ, 𝑟, 𝑡 represent head entity, relation and tail entity, respec-

tively3. It has been widely studied in recommender systems due to its promising ability

over factorization-based methods [102, 103]. Hence, the affinity of user 𝑢 and POI 𝑙 is

defined as:

𝑑 (𝑢, 𝑙) = | |u + r − l| |22. (5.1)

Note that there are various translation-based methods [104–106] which can model

different relational patterns, e.g., symmetric/asymmetric, inversion and composition. In

our study, we mainly focus on taking advantage of translation-based methods to alleviate

the inherent issue of factorization-based methods, instead of exploring the efficiency of

different translation-based methods. We thus propose a simple yet effective TransE-based

recommender. The key point is, therefore, to capture the translation vector r (i.e., the

3We use lowercase in bold (e.g., h, r, t, u, l) to denote the embedding of the corresponding notation
(e.g., ℎ, 𝑟, 𝑡, 𝑢, 𝑙).
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relation embedding encodes a user’s spatiotemporal sequential check-in behaviors and

immediate preference in conversations) in the following model description.

5.1.1.2 Adaptive Relational Translation Method

In the next POI recommendation scenario, the sequential regularity of a user’s location

visit is of significance in capturing his personalized preference [41,56,59]. Enlightened by

the recent success of context-aware relation representation in [40], we construct an adap-

tive relation vector to translate a user 𝑢 to the next POI 𝑙 by considering both historical

sequential behaviors S𝑢, 𝑗 = {𝑠𝑢𝑡1 , 𝑠
𝑢
𝑡2
, . . . , 𝑠𝑢𝑡𝑘 } and immediate preference P𝑢 obtained in

conversations, i.e., (𝑢, < S𝑢, 𝑗 ,P𝑢 >, 𝑙), via attention-based mechanisms.

Since both S𝑢, 𝑗 and P𝑢 affect user 𝑢’s next movement, they can be naturally treated

as translation relations inspired by [40, 102]. We thus encode the two types of relations

derived from the above two factors. Regarding S𝑢, 𝑗 , we adopt the context-level attention
to capture 𝑢’s personalized varying attentions on different historical check-ins:

s𝑢𝑡𝑖 = 𝑓 (l𝑡𝑖 , t𝑖, c𝑡𝑖 , g𝑡𝑖 , y𝑡𝑖 ), 𝑠𝑢𝑡𝑖 ∈ S
𝑢, 𝑗 (5.2)

𝑜𝑠𝑡𝑖 = MLP𝑐 ( [u; s𝑢𝑡𝑖 ]), (5.3)

𝛼𝑢,𝑠𝑢𝑡𝑖
= softmax(𝑜𝑠𝑡𝑖 ) =

exp(𝑜𝑠𝑡𝑖 )∑𝑘
𝑖=1 exp(𝑜𝑠𝑡𝑖 )

, (5.4)

where s𝑢𝑡𝑖 encodes the context-aware check-in activity4; 𝑓 (·) is the element-wise summa-

tion; MLP𝑐 (·) is a two-layer attention network (see bottom left of Fig. 5.1), and its input

is the concatenation of u and s𝑢𝑡𝑖 ; the softmax function is used to calculate the normal-

ized impact weight; and 𝑘 is the length of S𝑢, 𝑗 . Therefore, the sequential regularity can

be encoded by the relation embedding r𝑠𝑒𝑞, which is the weighted sum of the check-in

activity embeddings:

r𝑠𝑒𝑞 =
∑︁𝑘

𝑖=1
𝛼𝑢,𝑠𝑢𝑡𝑖

· s𝑢𝑡𝑖 . (5.5)

In our conversation scenario, we can acquire 𝑢’s immediate preferred attributes P𝑢
for next location visit at time step 𝑡𝑘+1, for example, Bob specifies a Thai restaurant

(i.e., category) as his preferred attribute. A good relation needs to encode such acquired

4c𝑡𝑖 is represented by the weighted combination of embeddings of all categories inside 𝑙𝑡𝑖 , if 𝑦𝑡𝑖 = 1
as in [35].
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attributes as well as the time information to better localize his desired POIs, since the

time factor is also a vital context information in users’ next movement prediction [35,40],

e.g., the check-ins of shops usually happen between 10am and 6pm; while the check-ins

of nightlife spots are more likely to occur after 7pm. We thus generate the relation

embedding r𝑖𝑚𝑚 based on P𝑢:

r𝑖𝑚𝑚 =
∑︁

𝑝𝑖∈P𝑢
p𝑖 + t𝑘+1, (5.6)

where 𝑝𝑖 would be one of the preferred attributes at 𝑡𝑘+1 in the conversation session, e.g.,

𝑐𝑡𝑘+1 , 𝑔𝑡𝑘+1 , 𝑦𝑡𝑘+1 .

Although the above two relations (i.e., 𝑟 𝑠𝑒𝑞 and 𝑟𝑖𝑚𝑚) contribute to the next preferred

POI prediction, different users are supposed to have varying attention to different rela-

tions due to users’ complex behavioral preference. To capture the importance of such two

relations, we further propose a relation-level attention to calculate the impact weight:

𝑜𝑟 𝑖 = MLP𝑟 ( [u; r𝑖]), (5.7)

𝛽𝑢,𝑟 𝑖 = softmax(𝑜𝑟 𝑖 ) =
exp(𝑜𝑟 𝑖 )∑|R |
𝑖=1 exp(𝑜𝑟 𝑖 )

, (5.8)

where MLP𝑟 (·) is a two-layer attention network (see upper left of Fig. 5.1), and its input

is the concatenation of u and r𝑖; |R | is the number of relations, and two types of relations

𝑟 𝑠𝑒𝑞 and 𝑟𝑖𝑚𝑚 are considered in our study. As a result, the final relation embedding r in

Eq.(5.1) is formulated as,

r =
∑︁|R |

𝑖=1
𝛽𝑢,𝑟 𝑖 r

𝑖 . (5.9)

Finally, given 𝑢’s historical sequential behaviors S𝑢, 𝑗 and immediate preference P𝑢 in
the conversation session, the probability of 𝑢 visiting 𝑙𝑡𝑘+1 at 𝑡𝑘+1 is predicted by:

𝑃𝑢,𝑙𝑡𝑘+1
∝ 1

𝑑 (𝑢, 𝑙𝑡𝑘+1)
. (5.10)

5.1.2 Conversation Module

The conversation module consists of a State Vector, a Policy Network and a User Re-

sponse. The State Vector serves as the bridge between the recommender and conversation
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modules; the Policy Network aims to learn the strategy of action selection to determine

whether to ask an attribute or make a recommendation; and the User Response returns

user feedback on such an action selection, whereby the immediate user preference can be

obtained.

5.1.2.1 State Vector

The state vector encodes a user’s preference over different attributes and the conversa-

tion history. As such, the state vector v is represented by the concatenation of three

components:

v = [v𝑝𝑟𝑒; vℎ𝑖𝑠; v𝑐𝑎𝑛𝑑], (5.11)

𝑑 (𝑢, 𝑝) = | | (u +
∑︁

𝑝𝑖∈P𝑢
p𝑖 + t𝑘+1) − p| |22, (5.12)

where each dimension of v𝑝𝑟𝑒 ∈ R|P | encodes the user preference on each attribute 𝑝,

evaluated by Eq.(5.12); |P | is the size of all attributes5. The term (u + ∑
𝑝𝑖∈P𝑢 p𝑖 +

t𝑘+1) represents the context-aware user representation by considering user 𝑢’s immediate

preference P𝑢 at time step 𝑡𝑘+1. vℎ𝑖𝑠 ∈ R𝑁 (𝑁 is the maximum conversation turn) encodes

the conversation history, where each dimension encodes 𝑢’s feedback (i.e., reward) at each

turn 𝑛, and we will detail the settings on reward in the Policy Network. v𝑐𝑎𝑛𝑑 encodes the

size of current candidate POI set (|L𝑐𝑎𝑛𝑑 |) via the binary features [30], where |L𝑐𝑎𝑛𝑑 | will
be reduced with the increasing of preferred attributes in P𝑢, and the recommendation

action will be triggered if |L𝑐𝑎𝑛𝑑 | is smaller than a threshold (𝐿𝑚𝑖𝑛) to avoid asking more

attributes.

5.1.2.2 Policy Network and User Response

The action selection is derived from the policy network in the conversation module.

Inspired by [25,30], we adopt a two-layer neural network which can be optimized with the

standard policy gradient method. Specifically, the input is generated by the State Vector,

and the output is normalized to be a probability distribution over all actions by a softmax

operation. Our action space consists of all attributes of POIs and a recommendation

action, i.e., A |P |+1 = {{𝑎𝑎𝑠𝑘 (𝑝), 𝑝 ∈ P} ∪ 𝑎𝑟𝑒𝑐}. At each turn, the conversation module

5The attributes considered in this study include categories, geographical regions and types of POIs.
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will take an action determined by the Policy Network and receive an up-to-date reward

from the User Response (i.e., a user provides positive/negative response on either 𝑎𝑎𝑠𝑘

or 𝑎𝑟𝑒𝑐). We define the rewards as follows:

• 𝑅𝑒+
𝑎𝑠𝑘

/ 𝑅𝑒−
𝑎𝑠𝑘

: a positive/negative reward when the user gives positive/negative

feedback on the asked attribute;

• 𝑅𝑒+𝑟𝑒𝑐 / 𝑅𝑒
−
𝑟𝑒𝑐: a positive/negative reward when the user accepts/rejects the recom-

mended POIs;

• 𝑅𝑒−
𝑞𝑢𝑖𝑡

: a strongly negative reward if the user quits the conversation, i.e., reaching

the maximum turn 𝑁.

In the scenario of uncertain check-ins, the proposed CRS interacts with a user to

obtain his immediate preference, e.g., the desired activity and POI type, which helps

to locate the desired individual POI inside a collective POI. We thus specially design

an auxiliary reward w.r.t. 𝑅𝑒+𝑟𝑒𝑐 inspired by the observations in [35]. That is, a user’s

check-in behaviors at a collective POI 𝑙 are affected by the diversity of 𝑙, since users

usually prefer collective POIs with more choices. Such an auxiliary reward is considered

when the user accepts the recommended collective POI 𝑙:

𝑅𝑒+𝑟𝑒𝑐 =

{
𝑅𝑒+𝑟𝑒𝑐, 𝑦 = 0

𝑅𝑒+𝑟𝑒𝑐 + 𝜔
𝑚𝑝

𝑀𝑙
, 𝑦 = 1

(5.13)

where
𝑚𝑝

𝑀𝑙
is the auxiliary reward; 𝑚𝑝 is the number of individual POIs w.r.t. the preferred

attribute 𝑝, e.g., two individual POIs (𝑙4 and 𝑙5) belong to Thai restaurant in Fig. 1.3(b);

and 𝑀𝑙 is the total number of individual POIs in 𝑙, e.g., 𝑀𝑙3 = 8, as 𝑙3 contains eight

individual POIs; 𝜔 is the normalization coefficient.

We denote the policy network as 𝜋𝜃 and 𝜋𝜃 (𝑎𝑛 |v𝑛) represents the probability of taking

an action 𝑎𝑛 ∈ A given the state v𝑛 at the 𝑛-th turn. Following [107], the policy network

is optimized through reinforcement learning (RL):

𝜃 ← 𝜃 + 𝜂 ▽ log𝜋𝜃 (𝑎𝑛 |v𝑛)𝑅𝑒𝑛, 𝜃 ∈ Θ (5.14)

where 𝜃 ∈ Θ is the parameter of the policy network; 𝜂 is the learning rate; 𝑅𝑒𝑛 =∑𝑁
𝑛′=𝑛 𝛾

𝑛′𝑅𝑒𝑛′ is the sum of rewards from turn 𝑛 to the final turn 𝑁; and 𝛾 is a discount

factor.
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5.1.3 Connection of Recommender and Conversation Modules

Once a recommendation action is triggered in the conversation module, the recommender

needs to suggest top-𝐾 POIs for user 𝑢. To this end, it first constructs the relation

vector r derived from user 𝑢’s historical check-ins S𝑢, 𝑗 and immediate preference P𝑢 in

conversations using Eqs.(5.5-5.9), and then calculates the probability of user 𝑢 visiting

each candidate POI based on Eq.(5.10). Note that the rejected POIs in conversations will

be treated as negative samples to update the recommender. In the scenario of uncertain

check-ins, considering user 𝑢’s desired POI could be a collective POI 𝑙 we propose a

rating-based sampling strategy, i.e., 𝑙𝑖 ∼ 𝑟𝑎𝑡𝑒(𝑙𝑖)/
∑𝑀𝑙

𝑖=1 𝑟𝑎𝑡𝑒(𝑙𝑖), to select the individual

POI 𝑙𝑡𝑘+1 corresponding to user 𝑢’s preferred attributes P𝑢 inside POI 𝑙, where 𝑟𝑎𝑡𝑒(𝑙𝑖)

is the rating of POI 𝑙𝑖. This helps achieve a relatively fair recommendation rather than

simply selecting such individual POIs with higher ratings as in [35].

5.1.4 Discussion on the Issue of Uncertain Check-ins

We highlight the overview of CART in dealing with the issue of uncertain check-ins in

next POI recommendation from three aspects. (1) The uncertain check-ins over collective

POIs increase the difficulty of predicting accurate user activity (i.e., category) of next

movement. The proposed CRS enables the system to interact with users to acquire,

for example, their desired activities and POI types, which is one of the key challenges

for a successful next POI recommendation under the uncertain check-in scenario. (2)

In the scenario of uncertain check-ins, a user’s check-in behaviors at a collective POI 𝑙

are affected by the diversity of 𝑙, since users usually prefer collective POIs with more

choices [35]. We thus specially design an auxiliary reward when the user accepts the

recommended collective POI 𝑙. (3) Considering a user’s desired POI 𝑙 could be a collective

POI, we need to further select an individual POI inside 𝑙. Hence, we design a rating-

based sampling strategy for fairly choosing individual POI corresponding to the user’s

activity inside a collective POI, rather than simply selecting individual POIs with higher

ratings.
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5.1.5 Model Optimization

Most existing static next POI recommendation studies directly treat the non-interacted

POIs as negative samples to optimize the Bayesian Personalized Ranking (BPR) or Bi-

nary Cross-Entropy (BCE) objectives [9,33,35,41,46], assuming that the interacted POIs

should gain higher prediction scores than those not being interacted with. However, users

do not explicitly indicate that they dislike those non-interacted POIs, which results in

the lack of true negative samples for such static models. In CRS, we are not only able

to acquire a user’s immediate preference but also explicitly obtain rejected POIs from

his response. We thus take such rejected POIs as the negative samples to train the

recommender. The loss function is defined via a BPR loss,

J = −
∑︁
𝑢∈U

∑︁
S𝑢, 𝑗∈S𝑢

∑︁
𝑙 ′∈L𝑢

𝑟𝑒 𝑗

ln 𝜎(𝑃𝑢,𝑙𝑡𝑘+1− 𝑃𝑢,𝑙 ′) + 𝜆 | |Θ̄| |
2, (5.15)

where L𝑢
𝑟𝑒 𝑗

is a set of rejected POIs for 𝑢 received from conversations; 𝜆 is the regular-

ization coefficient; and Θ̄ is the parameter set of the recommender.

Note that, we do not train our proposed CART from scratch. Following [30, 31],

our training process comprises two stages: (1) the offline training aims to pre-train

the recommender and conversation modules on the training set, where the maximum

entropy strategy is used for determining which attribute to ask; and (2) in the online

training stage, the pre-trained CRS is optimized by interacting with the user simulator

through the conversation module on the training set. Algorithm 3 shows the online

training of the CART. In particular, at each conversation turn 𝑛, the conversation module

performs state generation and action selection (lines 6-7). If an action 𝑎𝑛 asking an

attribute 𝑝 (i.e., 𝑎𝑎𝑠𝑘 (𝑝)) is accepted by 𝑢, 𝑝 will be added into 𝑢’s preferred attribute

set P𝑢; otherwise 𝑎𝑎𝑠𝑘 (𝑝) will be removed from 𝑢’s action space A𝑢 (lines 8-12). If 𝑎𝑛

is making a recommendation (i.e., 𝑎𝑟𝑒𝑐), then the top-𝐾 POI list L𝑢𝑟𝑒𝑐 is generated by

the recommender. The conversation succeeds & quits if L𝑢𝑟𝑒𝑐 contains 𝑢’s desired POI;

otherwise such rejected POIs are removed from the POI candidate set L𝑢
𝑐𝑎𝑛𝑑

but added

into L𝑢
𝑟𝑒 𝑗

(explicit negative samples) for updating the recommender (lines 13-20). Finally

the policy network gets updated if the conversation session succeeds or quits (line 21).

Moreover, once the model has been well-trained, CART performs incremental training

78



Chapter 5. CART: Conversation-based Adaptive Relational Translation Method

Algorithm 3: The online training for CART

Input: U,L,S, 𝑁,P, 𝐿𝑚𝑖𝑛, 𝜔, 𝜂, 𝛾, 𝜆
Output: Top-𝐾 recommendation list

1 Initialize model parameters Θ and Θ̄;
2 foreach 𝑢 ∈ U do
3 foreach turn 𝑛 = 1, 2, . . . , 𝑁 do
4 if 𝑛 > 𝑁 then
5 Fail & quit

// State Vector

6 Compute state v𝑛 according to Eq.(5.11)
// Policy Network

7 Take an action 𝑎𝑛 ∼ 𝜋𝜃 (·|v𝑛)
// User Response

8 if 𝑎𝑛 = 𝑎𝑎𝑠𝑘 (𝑝) then
9 if 𝑢 accepts 𝑝 then

10 P𝑢 = P𝑢 ∪ 𝑝, get a reward 𝑅𝑒+
𝑎𝑠𝑘

11 else
12 A𝑢 = A𝑢 \ 𝑎𝑎𝑠𝑘 (𝑝), get a reward 𝑅𝑒−

𝑎𝑠𝑘

13 else
14 Recommend top-𝐾 POIs L𝑢𝑟𝑒𝑐 ⊂ L𝑢𝑐𝑎𝑛𝑑
15 if 𝑢 accepts L𝑢𝑟𝑒𝑐 then
16 Succeed & quit, get a reward 𝑅𝑒+𝑟𝑒𝑐

17 else
18 L𝑢

𝑐𝑎𝑛𝑑
= L𝑢

𝑐𝑎𝑛𝑑
\ L𝑢

𝑟𝑒 𝑗

19 L𝑢
𝑟𝑒 𝑗

= L𝑢𝑟𝑒𝑐, get a reward 𝑅𝑒−𝑟𝑒𝑐
20 Update recommender Θ̄ using L𝑢

𝑟𝑒 𝑗

21 Update policy network Θ

with the ever-growing of users’ check-in records, instead of updating it from scratch. In

particular, if there are new check-in records for some users coming, we will only update

the relevant model parameters (e.g., user and POI embeddings) for these users.

5.2 Experiments and Analysis

To evaluate the performance of our proposed CART, we conduct experiments on four

real-world datasets with the goal of answering the following research questions.

79



Chapter 5. CART: Conversation-based Adaptive Relational Translation Method

Table 5.2: Statistics of the four datasets.

Dataset #User #POI #1st-Layer #2nd-Layer #Check-in

CAL 301 985 9 184 13,954
CHA 1,580 1,791 10 239 20,940
PHO 1,623 2,441 8 251 22,620
SIN 2,676 3,440 15 264 116,757

RQ1: does our proposed CART outperform the representative CRS methods?

RQ2: how does our CART compared with state-of-the-art static recommendation

methods?

RQ3: how does the quality of user response affect CART?

RQ4: how do different components of CART affect its performance?

RQ5: how do different hyper-parameters affect CART?

5.2.1 Experimental Setup

5.2.1.1 Datasets

We perform experiments on four real-world datasets utilized in [32, 35] that contain

collective POIs constructed from Foursquare in four cities, i.e., Calgary (CAL), Charlotte

(CHA), Phoenix (PHO) and Singapore (SIN)6, as summarized in Table 5.2. Following [30,

102], we remove the users with less than 10 interactions and split the sequences of each

user in the ratio of 7:2:1 for training, validation and test.

5.2.1.2 Action Space

In real application, asking an attribute from a large attribute space leads to lengthy

conversations. Following [30], we consider the 1st-layer category provided by Foursquare

Venue Category Hierarchy7 as the parent attributes, e.g., ‘food’ is the 1st-layer category

which contains several 2nd-layer child categories {‘Korean restaurant’, ‘Malay restau-

rant’, · · · , ‘Thai restaurant’}. As depicted by Table 5.2, the number of 1st-layer category

6Note that there is no rating information in SIN dataset, we thus use the popularity (i.e., the check-in
frequency of a POI) as a substitute since it is a significant factor in recommendation [108]. Specifically,
we evenly divided such frequency into five groups corresponding to the range of ratings [1,5].

7https://developer.foursquare.com/docs/build-with-foursquare/categories/
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is far less than that of the 2nd-layer category. In our location-service scenario, the par-

ent attribute of geographical region contains child attributes such as {𝑔1, 𝑔2, 𝑔3, 𝑔4} in
Fig. 1.3(b). Similarly, the parent attribute of POI type contains such child attributes

𝑦 = {0, 1}. As a result, we obtain the shrinking attribute space, which only contains

the parent attributes of category, geographical region and POI type. Taking CAL as

an example, its final output (i.e., action space) size of the policy network is 12, that is,

9 (1st-layer category)+1 (geographical region)+1 (POI type)+1 (recommendation) = 12.

Following [30], the system selects a parent attribute to ask, and the user can reply with

multiple child attributes.

5.2.1.3 User Simulator

The CRS needs to interact with users to make recommendations, which is expensive to

acquire real dialogue resources [29]. Following [25, 30], we create a user simulator to

enable CART to be trained and evaluated in the interactive process. Given 𝑢’s historical

sequential behaviors S𝑢, 𝑗 (e.g., 𝑙1 → 𝑙2), the user simulator aims to simulate a conver-

sation session for an observed interaction (𝑢, 𝑙), where 𝑙 is treated as 𝑢’s desired POI

to seek for next movement and P𝑙 is the oracle set of attributes preferred by 𝑢 in this

session. As such, the session is initialized by a random selected attribute from P𝑙 and
then goes in the loop as shown in Algorithm 3.

5.2.1.4 Evaluation Metrics

We adopt two standard metrics to evaluate the CRS methods by following [30]: (1)

success rate (SR@𝑛), which measures the ratio of successful conversations, i.e., correctly

recommending the desired POI by turn 𝑛; and (2) average turns (AT), which records

the average turns (i.e. average conversation length) needed to end the session. As such,

higher SR denotes better recommendation, and smaller AT represents more efficient

conversations. Specifically, SR@𝑛 and AT are defined by:

𝑆𝑅@𝑛 =

∑𝑛
𝑖=1#successful conversations(𝑖)

#conversations
, (5.16)

𝐴𝑇 =

∑𝑛
𝑖=1 𝑖 ×#successful conversations(𝑖)∑𝑛
𝑖=1#successful conversations(𝑖) , (5.17)
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where #successful conversations(𝑖) is the number of successful conversations (i.e., suc-

cessful test samples) at turn 𝑖 among all the test samples; #conversations is equal to the

number of all test samples. Additionally, to compare the performance of static state-of-

the-arts with CART, we adopt recall (Recall@𝐾) and mean reciprocal rank (MRR@𝐾)

to measure the ranking quality for the top-𝐾 recommended POIs. Note that we calculate

the recall and MRR of top-𝐾 POIs by turn 𝑛 for the CART, that is, the recall and MRR

are the accumulated scores from conversation turn 1 to turn 𝑛. Note that we calculate

the recall and MRR for the CART after the conversation finishes.

5.2.1.5 Baselines

Following [30], we compare the proposed CART with five state-of-the-art CRS methods:

• Max Entropy: It is a rule-based method which aims to select an attribute with

the maximum entropy within the current candidate POIs, and such system follows

certain probability to make recommendations as in [30].

• CRM [25]: It is a single-round CRS method which consists of a belief tracker

to encode the state vector and the policy network to perform action selection. We

follow [30] to adapt it to a multi-round setting without considering natural language

understanding module; therefore the adapted CRM serves as an upper bound study.

• Qrec [28]: It is a question-based recommender system based on the extended

matrix factorization, which is originally designed for interactively asking questions

based on the descriptions and reviews of items. To generate the question pool, we

use the item attributes in this work.

• EAR [30]: It is a state-of-the-art approach with a multi-round CRS setting, where

a three-stage solution is devised and its recommender is built upon factorization

machine [36].

• SCPR [31]: it is a CRS method that performs interactive path reasoning on a

graph under the multi-round setting.
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The recent CRS methods, such as [26,79,82], are beyond the scope of our study, since

they either let the CRS recommend items without asking users’ preferred attributes or

focus on natural language understanding and generation. Besides, we compare with nine

state-of-the-art static methods for next POI recommendation:

• MostPop: It recommends the next POI via popularity.

• LBPR [9]: It is a listwise Bayesian personalized ranking method, which predicts

the next category and POI in a two-fold way.

• ST-RNN [33]: It is a RNN-based method which models temporal and spatial

context with time- and distance-specific transition matrices.

• MCARNN [7]: It is a multi-task learning framework to capture a user’s activity

and location preferences.

• STA [40]: It is a translation-based method to model the users’ spatiotemporal

context;

• PLSPL [56]: It is a unified framework to characterize a user’s long-term and short-

term preferences.

• HCT [32]: It is the pioneer work to handle the next POI recommendation with

uncertain check-ins.

• iMTL [35]: It is a multi-task learning framework to jointly model a user’s context

of check-in behaviors and targets at resolving the issue of uncertain check-ins.

• CART-CRS: It is a variant of our CART, which removes the conversion mod-

ule and only encodes a user’s historical sequential behaviors (see ‘Recommender

module’ in Fig. 5.1) for next POI recommendation.
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5.2.1.6 Training Details and Parameter Settings

We tune all hyper-parameters on the validation set and empirically find out the opti-

mal parameter settings for all the methods. Specifically, the embedding size is searched

in the range of [20, 200] stepped by 10; the learning rate and regularization coefficient

are searched in {0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, 0.1}. For our proposed CART,

the size of embeddings is 50, which are randomly initialized over uniform distribution;

we adopt SGD optimizer with learning rate and regularization coefficient being 0.001;

the rewards are empirically set as: 𝑅𝑒+
𝑎𝑠𝑘

= 1, 𝑅𝑒−
𝑎𝑠𝑘

= −1, 𝑅𝑒+𝑟𝑒𝑐 = 2, 𝑅𝑒−𝑟𝑒𝑐 = −2
𝑅𝑒−

𝑞𝑢𝑖𝑡
= −3; the discount factor 𝛾 = 0.7; the normalization coefficient 𝜔 = 2; the

max turn 𝑁 = 10; the threshold to trigger recommendation action 𝐿𝑚𝑖𝑛 = 10; the

length of the recommendation list 𝐾 = 10; and the number of recommended individ-

ual POI inside a collective POI 𝐾1 = 3. For the settings of CRS baselines (i.e., CRM,

Qrec, EAR and SCPR), the embedding size is {60, 100, 60, 60}; the learning rate and

regularization coefficient are {0.001, 0.1, 0.01, 0.01} and {0.01, 0.01, 0.001, 0.001}, respec-
tively; other parameters are set as suggested in the related papers. Regarding the set-

tings of static baselines, the embedding size and the learning rate for LBPR, ST-RNN,

MCARNN, STA, PLSPL, HCT and iMTL are set to {100, 100, 200, 100, 100, 200, 120}
and {0.001, 0.01, 0.01, 0.0001, 0.001, 0.001, 0.0001}, respectively; the list size of LBPR is

set to 2; the window size of HCT is set to 2 and the weights of categories at layer 1

and layer 2 are 0.2 and 0.8 which are selected in [0,1] stepped by 0.1. Furthermore,

to illustrate the robustness of the results, we have run the experiments under the same

setup with different random seeds ten times and reported the overall performances by

mean±standard deviation in Tables 5.3 - 5.5.

5.2.2 Performance Comparison for CRS Methods (RQ1)

Table 5.3 presents the results of all CRS methods on SR@10 and AT across the four

datasets. Fig. 5.2 presents the recommendation success rate (SR*@𝑛) at different turns

(𝑛 = 1 to 10), where SR* denotes the difference of each method with the strongest baseline

SCPR and the SR*@𝑛 for SCPR is set to be zero for ease of presentation. As a whole,

we can observe that our proposed CART achieves the best performance in comparison
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with state-of-the-art baselines. This firmly demonstrates the superiority of our proposed

CART, that is, generating high-quality recommendation with less conversation turns.

Specifically, all methods start with SR=0, as they tend to accumulate a user’s im-

mediate preference (i.e., attributes) at the beginning of a conversation session. Max

Entropy and Qrec generally underperform (RL) based baselines (CRM, EAR, SCPR and

CART), which indicates that learning a better conversational strategy benefits the action

selection, i.e., whether to ask an attribute or make recommendations. EAR and SCPR

perform better than CRM, implying the efficacy of encoding both user preference and

conversation history for the state vector of the policy network. Our CART outperforms

the strongest baseline SCPR, mainly due to three reasons: (1) it delicately models both

historical sequential behaviors and immediate preference via a translation-based method,

which benefits the next POI recommendation by absorbing rich context information and

overcoming the limitation of the FM-based recommender; (2) it designs an auxiliary

reward when recommending a desired collective POI to well accommodate the fact that

users usually prefer collective POIs with more choices; and (3) it adopts the rating-based

sampling strategy for recommending next individual POIs within the desired collective

POI in a fair way (i.e., making such POIs with low ratings have a chance to be recom-

mended).

5.2.3 Performance Comparison for Static Methods (RQ2)

We compare the static methods with our proposed CART on the four datasets evaluated

by Recall@𝐾 and MRR@𝐾 (𝐾 = 10), We follow the setting in [35] to select individual

POIs within a predicted collective POI via the ratings for these static methods. Regarding

CART, we examine its performance under different conversation turns from 1 to 10. The

results are shown in Fig. 5.3, where we use two y-axises to visualize the results of the

static methods (i.e., bar) and the proposed CART (i.e., blue line), respectively. Note

that the scale of left y-axis is generally in the range of (0, 0.08), whilst the right one is

in the rage of (0, 0.9).
Our CART significantly improves the performance comparing with these static meth-

ods, which implies the effectiveness of dynamic interaction (i.e., conversation module) for

more accurate recommendations. Specifically, it far exceeds the runner up iMTL by 10
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TABLE II: Performance (represented by means and standard deviations) of all methods on the four datasets measured by SR@10 and AT,
where the best performance is boldfaced; and the runner up is underlined.

CAL CHA PHO SIN
SR@10 AT SR@10 AT SR@10 AT SR@10 AT

Max Entropy 0.686±0.003 6.13±0.636 0.501±0.001 6.31±0.671 0.503±0.007 6.30±0.836 0.427±0.003 6.89±0.772
CRM 0.699±0.024 4.57±0.511 0.466±0.017 4.59±0.782 0.495±0.052 4.31±0.935 0.634±0.014 5.61±0.823
Qrec 0.702±0.011 5.40±0.220 0.675±0.003 4.56±0.669 0.742±0.013 6.04±0.610 0.765±0.005 5.70±0.440
EAR 0.715±0.019 4.53±1.040 0.691±0.008 4.56±0.653 0.721±0.022 4.29±0.682 0.806±0.009 4.46±0.545
SCPR 0.884±0.010 3.42±0.340 0.922±0.012 2.97±0.722 0.963±0.002 3.65±0.656 0.907±0.012 4.29±0.633
CART 0.937±0.010 3.13±0.500 0.948±0.012 2.54±0.978 0.975±0.004 3.58±0.891 0.922±0.012 4.14±0.642
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Fig. 1: Success Rate* (SR*@n) of CRS methods at each conversation turn. SR*@n refers to the difference of each method w.r.t SCPR.
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Fig. 2: Success Rate* (SR*@n) of CRS methods at each conversation turn. SR*@n refers to the difference of each method w.r.t SCPR.

10), where SR* denotes the difference of each method with the
strongest baseline SCPR and the SR*@n for SCPR is set to be
zero for ease of presentation. As a whole, we can observe that
our proposed CART achieves the best performance in compar-
ison with state-of-the-art baselines. This firmly demonstrates
the superiority of our proposed CART, that is, generating high-
quality recommendation with less conversation turns.

Specifically, all methods start with SR=0, as they tend to
accumulate a user’s immediate preference (i.e., attributes) at
the beginning of a conversation session. Max Entropy and

Qrec generally underperform (RL) based baselines (CRM,
EAR, SCPR and CART), which indicates that learning a
better conversational strategy benefits the action selection, i.e.,
whether to ask an attribute or make recommendations. EAR
and SCPR perform better than CRM, implying the efficacy
of encoding both user preference and conversation history for
the state vector of the policy network. Our CART outperforms
the strongest baseline SCPR, mainly due to three reasons:
(1) it delicately models both historical sequential behaviors
and immediate preference via a translation-based method,

Fig. 5.2: Success Rate* (SR*@𝑛) of CRS methods at each conversation turn. SR*@n
refers to the difference of each method w.r.t SCPR.

and 17 times w.r.t. MRR@10 and Recall@10 on average within 3 turns. That is, CART

is able to achieve better next POI recommendations after clarifying the user immediate

preference (i.e., attributes) within 3 turns. It shows the great merit brought by CRS

to the location-based recommendation community. For the comparison of static meth-

ods, baselines (MostPop, ST-RNN and PLSPL) ignoring the user activity (i.e., category

of POIs) generally perform worse than those considering the user activity (e.g., LBPR,

MCARNN, HCT, iMTL and CART-CRS). This verifies the efficacy of modeling a user’s

activity in next POI recommendation. Both STA and CART-CRS generally outperform

LBPR, which suggests the superior generalization ability of the translation-based method

for better recommendation. Moreover, regarding the multi-task based baselines, iMTL

performs better than MCARNN, as it is tailored to model a user’s uncertain activity and

perform POI type prediction, thus helping more accurate activity and POI prediction.
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Fig. 2: Performance comparison between static recommendation baselines and the proposed CART w.r.t. Recall and MRR@5/10.Fig. 5.3: Performance comparison between static recommendation baselines and the
proposed CART.
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Table 5.4: Performance comparison of the CART and CART-𝑟𝑎𝑛𝑑 with fixed maximum
turn and random turn, respectively.

CART CART-𝑟𝑎𝑛𝑑

SR@10 AT SR@𝑁 AT

CAL 0.937±0.010 3.13±0.500 0.725±0.005 3.46±0.420
CHA 0.948±0.012 2.54±0.978 0.763±0.003 2.76±0.383
PHO 0.975±0.004 3.58±0.891 0.804±0.003 2.52±0.579
SIN 0.922±0.012 4.14±0.642 0.752±0.016 4.23±0.614

5.2.4 Study on Quality of User Response (RQ3)

In this section, we aim to evaluate the impact of the quality of user response on our

proposed CART via simulating a user’s random interaction behaviors in the testing pro-

cess8. The user simulator is widely employed to simulate conversation sessions [25,30,31].

However, such user simulator is built upon an assumption: the user would clearly express

his preferences by responding to each question (i.e., asked attributes and recommenda-

tions) at each conversation turn until he accepts the recommendations or chooses to quit

(i.e., reaching the maximum turn). There is no denying that such simulation has many

limitations, but it is the most practical way at the current offline research stage [31].

However, in the real application scenario, one major issue is that the user may ran-

domly interact with the system during the conversation sessions, instead of keeping in-

teractions as stated in the above assumption. We, therefore, consider the following three

cases in the testing process for a more comprehensive study: (1) no interactions : a user

does not respond to either the asked attributes or recommendations; (2) random interac-

tions : a user randomly interacts with the system, for example, he may respond only once

to the asked attributes or recommendations, thus it is hard to identify a user’s preference

or know whether the recommendations meet his need; (3) full interactions : a user keeps

interacting with the system until he accepts the recommendation or chooses to quit.

In this study, our focus is to build a location-aware CRS by employing a user simulator

following the state-of-the-art [30] under case (3), for seeking the best strategy of action

selection, so as to achieve more accurate next POI recommendations in fewer conversation

turns. Hence, our work serves as an upper bound study of practical applications as we do

8We do not simulate a user’s random interaction behaviors in our model training, because we can
control the data quality in the training process.

89



Chapter 5. CART: Conversation-based Adaptive Relational Translation Method

T
ab

le
5.5:

P
erform

an
ce

(rep
resen

ted
b
y
m
ean

s
an

d
stan

d
ard

d
ev
iation

s)
of

d
iff
eren

t
varian

ts
of

C
A
R
T
w
.r.t.

S
R

an
d
A
T

across
th
e
fou

r
d
atasets,

w
h
ere

th
e
b
est

p
erform

an
ce

is
b
old

faced
;
an

d
th
e
ru
n
n
er

u
p
is
u
n
d
erlin

ed
.

C
A
L

C
H
A

S
R
@
5

S
R
@
7

S
R
@
1
0

A
T

S
R
@
5

S
R
@
7

S
R
@
10

A
T

C
A
R
T
-r

𝑠
𝑒
𝑞

0.228±
0
.0
4
5

0
.5
15±

0.04
2

0
.9
1
8±

0
.0
0
5

7
.4
5±

0
.4
4
2

0
.3
6
7±

0
.0
2
3

0.527±
0.016

0.909±
0.019

6.09±
0.863

C
A
R
T
-𝑟
𝑎
𝑡𝑡𝑛

0.228±
0
.0
4
0

0
.3
39±

0.03
4

0
.6
3
2±

0
.0
0
4

8
.5
5±

0
.4
5
0

0
.8
8
7±

0
.0
0
6

0.891±
0.003

0.893±
0.024

3.15±
0.901

C
A
R
T
(F

M
)

0.415±
0
.0
6
3

0
.4
79±

0.02
0

0
.7
7
8±

0
.0
0
9

6
.2
4±

0
.6
0
4

0
.3
5
6±

0
.0
3
6

0.472±
0.013

0.847±
0.021

6.15±
0.828

C
A
R
T
-v

𝑝
𝑟
𝑒

0
.8
9
4±

0
.0
3
8

0
.9
1
2±

0
.0
1
2

0
.9
2
9±

0
.0
0
5

4
.3
9±

0
.4
9
7

0
.6
8
4±

0
.0
1
4

0.921±
0.018

0.946±
0.020

4.31±
0.934

C
A
R
T
-v

ℎ
𝑖𝑠

0.707±
0
.0
9
4

0
.7
84±

0.00
7

0
.8
6
5±

0
.0
0
5

5
.5
5±

0
.5
4
6

0
.7
9
0±

0
.0
2
3

0.915±
0.004

0.946±
0.009

3.97±
0.905

C
A
R
T
-v

𝑐
𝑎
𝑛
𝑑

0.818±
0
.0
6
3

0
.8
47±

0.00
3

0
.8
6
5±

0
.0
1
0

3
.7
7±

0
.2
8
1

0
.9
2
5±

0
.0
1
0

0.943±
0.011

0
.9
5
1±

0
.0
1
8

2.75±
0.832

C
A
R
T
-𝑛
𝑒
𝑔

0.679±
0
.0
6
8

0
.7
90±

0.01
0

0
.8
2
5±

0
.0
0
7

4
.6
2±

0
.3
4
5

0
.2
3
9±

0
.0
0
7

0.488±
0.005

0.745±
0.013

6.57±
0.770

C
A
R
T
-𝑎
𝑢
𝑥
𝑖

0.846±
0
.0
2
6

0
.8
70±

0.00
3

0
.9
1
4±

0
.0
0
5

3
.4
2±

0
.4
5
8

0
.8
9
3±

0
.0
1
0

0.920±
0.012

0.943±
0.010

2.64±
0.855

C
A
R
T
-𝑠𝑎
𝑚
𝑝

0.789±
0
.0
2
0

0
.8
24±

0.00
4

0
.8
3
6±

0
.0
1
1

3
.2
7±

0
.5
3
0

0
.7
6
4±

0
.0
1
5

0.767±
0.020

0.769±
0.022

2.56±
0.966

C
A
R
T

0.865±
0
.0
3
6

0
.8
77±

0.00
6

0
.9
3
7±

0
.0
1
0

3
.1
3±

0
.5
0
0

0
.9
3
9±

0
.0
1
1

0
.9
4
6±

0
.0
1
4

0.948±
0.012

2
.5
4±

0
.9
7
8

P
H
O

S
IN

S
R
@
5

S
R
@
7

S
R
@
1
0

A
T

S
R
@
5

S
R
@
7

S
R
@
10

A
T

C
A
R
T
-r

𝑠
𝑒
𝑞

0.845±
0
.0
1
4

0
.9
48±

0.01
0

0
.9
7
0±

0
.0
1
3

4
.4
1±

0
.7
9
0

0
.8
2
1±

0
.0
3
0

0.868±
0.026

0.903±
0.010

5.26±
0.800

C
A
R
T
-𝑟
𝑎
𝑡𝑡𝑛

0.651±
0
.0
1
0

0
.8
02±

0.01
7

0
.9
4
9±

0
.0
1
4

4
.6
7±

0
.8
1
1

0
.8
1
6±

0
.0
2
2

0.872±
0.011

0.895±
0.008

4.61±
0.762

C
A
R
T
(F

M
)

0.705±
0
.0
0
4

0
.7
25±

0.00
4

0
.7
5
3±

0
.0
0
2

4
.3
4±

0
.6
1
6

0
.6
3
7±

0
.0
1
6

0.753±
0.005

0.858±
0.011

5.39±
0.804

C
A
R
T
-v

𝑝
𝑟
𝑒

0.547±
0
.0
1
0

0
.8
31±

0.01
5

0
.9
7
1±

0
.0
1
1

5
.5
7±

0
.7
5
2

0
.8
3
8±

0
.0
3
5

0.880±
0.006

0.914±
0.012

4.34±
0.647

C
A
R
T
-v

ℎ
𝑖𝑠

0.908±
0
.0
0
8

0
.9
72±

0.01
0

0
.9
7
8±

0
.0
0
5

3
.6
1±

0
.7
0
4

0
.7
7
4±

0
.0
1
2

0.863±
0.010

0.887±
0.008

4.62±
0.755

C
A
R
T
-v

𝑐
𝑎
𝑛
𝑑

0.653±
0
.0
2
4

0
.8
20±

0.02
0

0
.9
4
6±

0
.0
1
2

4
.8
0±

0
.7
3
3

0
.7
6
7±

0
.0
2
7

0.881±
0.018

0.913±
0.014

4.93±
0.813

C
A
R
T
-𝑛
𝑒
𝑔

0.489±
0
.0
1
2

0
.6
25±

0.00
4

0
.7
6
4±

0
.0
0
5

4
.5
8±

0
.8
4
5

0
.7
7
1±

0
.0
1
3

0.825±
0.010

0.848±
0.006

5.01±
0.688

C
A
R
T
-𝑎
𝑢
𝑥
𝑖

0.866±
0
.0
1
2

0
.9
55±

0.00
8

0
.9
6
2±

0
.0
0
5

3
.9
0±

0
.7
2
5

0
.8
2
2±

0
.0
1
0

0.885±
0.012

0.910±
0.012

4.57±
0.720

C
A
R
T
-𝑠𝑎
𝑚
𝑝

0.721±
0
.0
1
8

0
.7
41±

0.01
2

0
.7
4
8±

0
.0
1
0

3
.8
2±

0
.6
3
3

0
.7
8
6±

0
.0
1
0

0.890±
0.015

0.892±
0.014

4.88±
0.705

C
A
R
T

0
.9
7
1±

0
.0
1
0

0
.9
7
3±

0
.0
0
4

0
.9
7
5±

0
.0
0
4

3
.5
8±

0
.8
9
1

0
.8
7
6±

0
.0
2
0

0
.9
2
0±

0
.0
1
0

0
.9
2
2±

0
.0
1
2

4
.1
4±

0
.6
4
2

90



Chapter 5. CART: Conversation-based Adaptive Relational Translation Method

not consider the real users’ random behaviors during the interaction process. However,

our proposed CART also works in cases (1) and (2). Specifically, in case (1), CART will

degenerate to the static recommender to provide recommendations merely based on a

user’s historical check-in behaviors (see ‘Recommender Module’ in Fig. 5.1). In case (2),

to simulate a user’s random interaction behaviors, we randomly sample a conversation

turn 𝑁 in the range of [1, 10]. That is, a user would randomly interact with the system

by 𝑁 turns instead of the fixed maximum turn 𝑁 (i.e., 𝑁 = 10).

Table 5.4 presents the comparison results of our CART in cases (2) and (3). Note that

the performance on case (1), that is, the degenerated CRS (i.e., CART-CRS), is shown

in the comparison of static recommendation baselines (see Fig. 5.3). From the table,

we notice that overall CART performs better than CART-𝑟𝑎𝑛𝑑, as it is challenging for

accurate recommendations within a very limited conversation turns (e.g., CART could

recommend a correct POI with four turns, but it may fail when sampling a small con-

versation turn 𝑁 = 2). In addition, we observe that CART-𝑟𝑎𝑛𝑑 generally outperforms

both CRM and Qrec that adopt the fixed maximum turn as indicated in Table 5.3. This

suggests the effectiveness of CART on learning conversational strategy in action selection

and thus achieving successful recommendations with fewer conversation turns.

5.2.5 Ablation Study (RQ4)

To examine the efficacy of different components of CART, we compare its different vari-

ants from four aspects: (1) ablating important components from the recommender mod-

ule, where CART-r𝑠𝑒𝑞 removes the sequential relation; CART-𝑟 𝑎𝑡𝑡𝑒𝑛 omits the relation-

level attention, but directly performs sum aggregation for 𝑟 𝑠𝑒𝑞 and 𝑟𝑖𝑚𝑚; and CART(FM)

indicates that the translation-based method is replaced by the FM-based method as

adopted in state-of-the-art EAR [30]; (2) ablating each component in the state vector,

where CART-v𝑝𝑟𝑒 removes the vector of user preference; CART-vℎ𝑖𝑠 omits the vector of

conversation history; and CART-v𝑐𝑎𝑛𝑑 discards the vector encoding the size of candidate

POIs; (3) testing the impact of online update, where CART-𝑛𝑒𝑔 implies that we do not

update the recommender by the immediate rejected POIs in conversations as negative

samples; (4) validating the efficacy of the designed auxiliary reward and rating-based
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Fig. 5: Results of parameter sensitivity.
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Fig. 5.4: Results of parameter sensitivity.

sampling strategy, where CART-𝑎𝑢𝑥𝑖 indicates that we do not consider the auxiliary re-

ward in Eq.(5.13), and CART-𝑠𝑎𝑚𝑝 means that we simply select individual POIs within

a collective POI via higher rating as in [35].

The results are reported in Table 5.5, where the CART generally outperforms its

variants. Following the above four aspects, several interesting findings can be noted. (1)

The CART without considering r𝑠𝑒𝑞 or 𝑟 𝑎𝑡𝑡𝑛 performs worse than itself, e.g., less SR

at the beginning turns (SR@5 in CAL) and larger AT in CAL and CHA. This indicates

modeling the user’s sequential behaviors and considering the attentive impacts of differ-

ent relations indeed boost the performance. Besides, CART achieves better performance

than CART(FM) under the same CRS settings, which suggests the superior general-

ization ability of translation-based methods over FM-based methods. (2) By removing
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v𝑝𝑟𝑒 or vℎ𝑖𝑠, the value of SR drops heavily at the several beginning turns on the four

datasets, while gradually increases at the future turns, which naturally results in high

AT (i.e., lengthy conversations). The possible reason is that without v𝑝𝑟𝑒 and vℎ𝑖𝑠 as prior

knowledge, the system needs to ask more attributes before making a recommendation;

meanwhile, the candidate POI length v𝑐𝑎𝑛𝑑 is important since it assists in deciding when

to recommend. (3) The performance decrease of CART-𝑛𝑒𝑔 on SR (with a drop of 30.2%

on average) and AT (with a drop of 37.1% on average) indicating the advantage of online

update; (4) CART-𝑎𝑢𝑥𝑖 and CART-𝑠𝑎𝑚𝑝 underperform CART on SR but achieve com-

parable AT, which shows that the design of auxiliary reward and rating-based sampling

strategy are beneficial for a better next POI recommendation.

5.2.6 Hyper-parameter Analysis (RQ5)

Fig. 5.4 reports results regarding the parameter sensitivity on SR@10 and AT across the

four datasets. Figs. 5.4(a-b) present the performance of CART with varying embedding

size (other optimal hyper-parameters fixed), where the best performance achieves with

the embedding size around 50. Figs. 5.4(c-d) show the convergence property of the

CART, and we observe that it can converge within 20 iterations on the four datasets.

5.3 Summary

The conversational recommendation system has shown great potential in resolving the

limitation of static recommendation methods. In this chapter, we propose a novel CART,

which is the first work to commence conversation-based location service over uncertain

check-ins. In particular, the adaptive relational translation based recommender aims to

model a user’s historical sequential behaviors and immediate preference received from

conversations, and the conversation module seeks the conversational strategy for action

selection and achieves successful recommendations with fewer conversation turns. Mean-

while, we design the auxiliary reward and rating-based sampling strategy to delicately

consider the presence of collective POI in our scenario. Experimental results on real-

world datasets show the superiority of CART on providing more accurate next POI

recommendation over uncertain check-ins.
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Chapter 6

Conclusions and Future Work

In this chapter, we first summarize the contributions of this dissertation, and then discuss

several promising directions for future work.

6.1 Conclusions

The large amount of check-in trajectories delivered by users through the location-based

services has greatly promoted the research in the next POI recommendation. Most ex-

isting next POI recommenders assume that these check-ins reflect users’ real visits (i.e.,

certain check-ins), ignoring the presence of uncertain check-ins, which hinders their ability

in dealing with the uncertain activities and incomplete context information. Therefore,

in this dissertation, we aim to recommend next POIs for users with uncertain check-ins

by exploring context information from their historical check-in behaviors. In particu-

lar, we attempt to investigate three recommendation problems, i.e., hierarchical cate-

gory transition based recommendation, multi-task learning based recommendation and

conversation-based recommendation.

Category transitions and category hierarchies are help to capture the insights of user’s

transition pattern over locations and effective in resolving the cold start issue, respec-

tively. Existing studies either exploit the category transitions or category hierarchies for

enhanced recommendation. They, however, fail to jointly model both effects in a unified

manner, since there are different category transitions over different layers of category

hierarchies (CHs).
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In Chapter 3, we, therefore, focus on the problem of hierarchical category transition

based recommendation by exploiting the categorical context: (1) the category transitions

at different layers of the CHs, and (2) the hierarchical dependencies between POIs (cate-

gories) and categories in the CHs. The proposed HCT framework is able to predict users’

preferred categories of uncertain check-ins at collective POIs based on the hierarchical

category transition over certain check-ins. Moreover, the hierarchical dependencies in

the CHs could help capture better semantic relatedness and learn high-quality represen-

tations of both POIs and categories. We conduct extensive experiments on the three

datasets and demonstrate the superiority of our proposed HCT over the state-of-the-art

next POI recommendation methods.

Despite HCT can alleviate the issue of uncertain check-ins in the next POI recom-

mendation, it suffers from the challenges of characterizing the user’s underlying activities

over uncertain check-ins and modeling the interplay between sequential activities and lo-

cations. Recently, multi-task learning (MTL) based recommendation models have shown

efficacy in improving recommendation performance by leveraging correlations among mul-

tiple related tasks. However, we argure that the potential of MTL based recommenders

for next POI recommendation has not been fully exploited. Existing MTL methods ne-

glect to explicitly model the interplay between related tasks (i.e., activity and location

prediction tasks) with considering the spatiotemporal context and sequential regularity.

In Chapter 4, we thus concentrate on the problem of multi-task learning based recom-

mendation. To achieve full exploitation of MTL for more accurate next POI recommenda-

tions, we devise an interactive multi-task learning framework (iMTL) to further resolving

the issue of uncertain check-ins. In particular, iMTL equips with a two-channel encoder,

i.e., temporal-aware activity encoder and spatial-aware location preference encoder, to

capture the transitions of activities and locations, whereby a fuzzy characterization strat-

egy is proposed to better represent activity over uncertain check-inns. The task-specific

decoder then interactively aggregates the latent representations of the two-channel en-

coder to perform both activity and location predictions. Experimental results on the

three datasets show the superiority on iMTL against the state-of-the-art algorithms w.r.t

next activity and location recommendation tasks.

Existing next POI recommendation approaches (i.e., static methods), including HCT

and iMTL, focus on learning user’s accurate preference for his next check-in by exploiting
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various context information from historical behaviors. However, such static methods

suffer from the inherent limitation of capturing user’s immediate preference (i.e., exact

intent) and incorporating user’s feedback regarding the recommendation results. With

the development of conversational techniques, the conversational recommendation system

(CRS) has brings great potential in resolving the limitation of static recommenders,

which motivates us to exploit a CRS in the next POI recommendation over the scenario

of uncertain check-inns.

In Chaper 5, we investigate the problem of conversation based recommendation. To

further ease the issue of uncertain check-ins in the next POI recommendation, we build

a novel location-aware CRS, namely conversation-based adaptive relational translation

framework (CART), which is composed of a recommender module and conversation mod-

ule. Specifically, the adaptive relational translation based recommender aims to model a

user’s historical sequential behaviors and immediate preference received from conversa-

tions, and the conversation module seeks the conversational strategy for action selection

and achieves successful recommendations with fewer conversations. Meanwhile, we de-

sign the auxiliary reward and rating-based sampling strategy to delicately consider the

the presence of collective POIs in our recommendation scenario. Experiments on real-

world datasets show the superiority of CART on providing more accurate next POI

recommendation over uncertain check-ins.

To sum up, in this dissertation, we develop a series of recommendation approaches by

exploiting context information from users’ check-in behaviors, to resolve the problem of

next POI recommendation with uncertain check-ins. Extensive experiments demonstrate

the effectiveness of our proposed methods.

6.2 Future Work

In this dissertation, we mainly concentrate on exploiting various context features to

resolve the issue of uncertain check-ins in the next POI recommendation. Based on the

current studies, we present two promising directions to improve the recommendation

performance for future work.

Data Augmentation for Improving Recommendation. Existing next POI recom-

mendation methods, a.k.a sequential POI recommendation (SPR), are built upon the
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observed historical trajectories, e.g., 𝑆 = {𝑙𝑡1 , 𝑙𝑡2 , . . . , 𝑙𝑡𝑘 }. They aim to model user’s

historical sequential behaviors and predict a POI that user would like to visit at the

next timestamp 𝑡𝑘+1, i.e., 𝑃(𝑙𝑡𝑘+1 |𝑆). In recent years, RNN and its variants have been

extensively explored in SPR task, due to its promising ability in modeling sequential in-

formation. Despite the success of such RNN based models in next POI recommendation,

they still suffer from the sparsity of user-location interactions. Intuitively, it is unlikely for

a user to leave a check-in record every time when he visit a POI. As such, the sequential

check-ins exploited in the current SPR models may lose some possible check-in records

(e.g., 𝑙∗) between any successive location visits, e.g., 𝑙1 → 𝑙∗ → 𝑙2, which impedes the

ability of such methods in inferring accurate user preference. Therefore, we would like to

complement the possible missing check-in behaviors (i.e., inferring possible activities and

POIs) by taking advantages of sequential data augmentation techniques [109], to boost

the next POI recommendation over the uncertain check-in scenario.

Inferring Future Preference for Improving Recommendation. With the as-

sumption that users’ next location visits are highly correlated with their latest check-in

behaviors, some studies focus on modeling users’ short-term behaviors, e.g., 𝑆short =

{𝑙𝑡1 , 𝑙𝑡2 , . . . , 𝑙𝑡𝑘 }, for next POI prediction, i.e., 𝑃(𝑙𝑡𝑘+1 |𝑆short). Other recent efforts consider

to fuse both long-term and short-term sequential behaviors to achieve state-of-the-art

performance. Generally, existing SPR methods mainly model user’s past sequential be-

haviors to infer the preference of his next movement. In fact, a user’s next movement

(e.g., 𝑙𝑡𝑘+1) may be affected by his future POI visits (e.g., 𝑙𝑡𝑘+2) in addition to his past

trajectories, i.e., 𝑆short and 𝑆short, since he may have activity planning in mind. In recent

years, a few studies on sequential item recommendation tend to enhance recommendation

performance by fusing explicit or implicit future signals [110–112]. To this end, in the

static next POI recommendation scenario, although it is always impossible to acquire

users’ explicit future behaviors, we attempt to infer their implicit future potential pref-

erence derived from users’ historical behaviors. In the conversational recommendation

scenario, we are able to obtain user’s explicit future behaviors/demands, such as shop-

ping and going to a cinema, through the real time interactions. Hence, the CRS could

not only improve the next POI recommendation performance but also recommend a trip

plan regarding user’s next sequential POI visits.
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