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ABSTRACT

Pre-travel out-of-town recommendation aims to recommend Point-
of-Interests (POIs) to the users who plan to travel out of their
hometown in the near future yet have not decided where to go, i.e.,
their destination regions and POIs both remain unknown. It is a
non-trivial task since the searching space is vast, which may lead
to distinct travel experiences in different out-of-town regions and
eventually confuse decision-making. Besides, users’ out-of-town
travel behaviors are affected not only by their personalized pref-
erences but heavily by others’ travel behaviors. To this end, we
propose a Crowd-Aware Pre-Travel Out-of-town Recommendation
framework (CAPTOR) consisting of two major modules: spatial-
affined conditional random field (SA-CRF) and crowd behavior
memory network (CBMN). Specifically, SA-CRF captures the spa-
tial affinity among POIs while preserving the inherent informa-
tion of POIs. Then, CBMN is proposed to maintain the crowd
travel behaviors w.r.t. each region through three affiliated blocks
reading and writing the memory adaptively. We devise the elab-
orated metric space with a dynamic mapping mechanism, where
the users and POIs are distinguishable both inherently and geo-
graphically. Extensive experiments on two real-world nationwide
datasets validate the effectiveness of CAPTOR against the pre-
travel out-of-town recommendation task. The code is available at
https://github.com/xhran2010/CAPTOR.
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1 INTRODUCTION

With the advances of location-based services (LBS), e.g., Google
Maps and Yelp, Point-of-Interest (POI) recommendation has become
inevitable in our daily lives. Whereas, when a user travels out of
her/his hometown, traditional POI recommender systems may fail
since they are dedicated to recommending POIs within a specific
region. Most of the existing works [4, 6, 20, 39, 47, 51, 53] for out-
of-town recommendation aim to solve issues such as data sparsity,
interest drift and geographical gap.

However, a more challenging task, i.e., pre-travel out-of-town
recommendation, is rarely studied. Pre-travel recommender system
is devoted to recommending POIs to the users who plan to travel
out of their hometowns yet have not decided the destination region.
When deciding which city and/or spots to visit, a user would like to
search and compare a list of cities/points of interest. The pre-travel
out-of-town recommender can help the users make their decisions
more efficiently. For instance, in Fig. 1, to spend a vacation, a user
who resides in Chengdu is planning to travel somewhere else s/he
never visited before. In such case, the pre-travel recommender
should provide travel advice that fits the user’s interest on potential
POIs in different out-of-town regions. This is indeed challenging
since the candidate POIs are very diversified when out-of-town
POIs in different regions are fairly taken into account.
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Figure 1: An illustrative example of pre-travel out-of-town
recommendation.

In the literature, a body of research efforts has already been
made on the out-of-town recommendation problem. For example,
[39, 51-53] employed Latent Dirichlet Allocation (LDA) to infer
user’s behaviors on the designed probabilistic graph by taking the
preference, interest drift, spatiotemporal context into account. [47]
investigated the cross-city travel intention with the deep neural
topic model. [34] exploited region-based out-of-town pattern dis-
covery to address the data sparsity problem. [4, 20] utilized transfer
learning techniques to model the interest drift of out-of-town users.
Nevertheless, these methods may fail to tackle the pre-travel out-
of-town recommendation problem due to two key challenges. First,
as the destination region remains unknown, the candidates involve
a large number of diversified POIs from all other regions. Second,
the crowd behaviors, i.e., where other travelers regularly visit, tend
to affect the individual’s travel behavior. For example, an out-of-
town user who does not favor history might still have a try at the
historical spots as many other travelers did if s/he is in a city with
a long history. Plus, different regions may have totally different
crowd patterns. It is hard to capture and utilize the crowd behaviors
in different regions fittingly.

In out-of-town recommendation, the candidate POIs that users
might be interested in are highly diverse, which are attributed to
not only the intrinsic characteristics of POIs but also the cities
the candidates belong to. Therefore, it is wise to distinguish the
candidate POIs geographically and integrate such region profiles
into the POI representation for pre-travel out-of-town recommen-
dation. Moreover, regarding conformity, the crowd behaviors in
respective regions should be investigated for out-of-town users.
While treating conformity without focusing on the diversity among
candidates, just like the canonical collaborative filtering, appears
insufficient. Thus, a more dedicated solution is required for crowd
behavior maintenance and utilization.

To this end, in this work, we propose a Crowd-Aware Pre-Travel
Out-of-town Recommendation framework (CAPTOR). We equip
CAPTOR with two devised modules, namely spatial-affined condi-
tional random field (SA-CRF) and crowd behavior memory network
(CBMN). To be specific, in SA-CRF, a set of spatial-affined POI
embeddings are viewed as random variables constrained by both
pairwise energy and unary energy. The pairwise energy is respon-
sible for capturing the spatial affinity among POIs with the help
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of the attention mechanism over a spatial graph. The unary en-
ergy preserves generic POI properties. For CBMN, we maintain
crowd behavior memory matrices to group and summarize the
user’s hometown and out-of-town behaviors. Besides, we design
three blocks to write, read and maintain the memory group, respec-
tively. In particular, the write block updates the memory w.r.t. the
user’s out-of-town behaviors adaptively. The read block infers the
user’s memory embedding with a hierarchical attention network.
The reconstruction block bridges the user’s inferred memory and
factual memory. Accordingly, we perform the recommendation in
the elaborated metric space, which is divided into several subspaces
w.r.t. the user’s hometown through a dynamic mapping mechanism.

To summarize, the main contributions of our work are as follows:

e To the best of our knowledge, we are among the first to
study the pre-travel out-of-town POI recommendation prob-
lem, which can benefit the out-of-town users who have not
decided on the destination region in the upcoming vacation.
We propose a data driven approach, namely CAPTOR, to
tackling the pre-travel out-of-town recommendation prob-
lem. Several techniques, such as SA-CRF and CBMN, are
proposed to fulfill the pre-travel recommendation through
distinguishable representations by simultaneously capturing
the spatial affinity and crowd behaviors.

Extensive experiments conducted on two real-world datasets
validate the effectiveness of the proposed approach for pre-
travel recommendation.

2 RELATED WORK

POI Recommendation is generally differentiated from the tradi-
tional recommenders [19, 35, 37, 60] that are dedicated for online
services, with regard to the influential factors. Recent studies have
worked on incorporating various auxiliary information for POI rec-
ommendation. For instance, there have been studies focusing on the
spatial clustering phenomenon of users’ check-ins [24], intimate
relationships among neighboring POIs [27], and spatiotemporal
constraints [31] in human mobility. Besides, other types of factors
have also been exploited, such as texts [2, 39], photos [41, 58] and
social ties [21, 54]. On the other hand, from the point of view of
technologies, recent POI recommenders employ a joint learning
paradigm, where the check-in is depicted as a synchronized deci-
sion influenced by multiple factors together. For example, matrix-
factorization (MF) incorporates different factors into collaborative
filtering (CF) framework [16, 24, 40]. The generative model with the
help of Bayesian inference is another line of research [39, 42, 52].
Particularly, reinforcement learning techniques are explored for
planning problem of POIs [13, 56]. In addition, the next POI recom-
mendation task attracts lots of attention. Many deep models have
been explored, such as recurrent neural network (RNN) [26, 57],
Markov chain [3, 55] and attention mechanism [5, 23, 28].
Out-of-town Recommendation suggests new POIs for out-
of-town users to visit. The out-of-town recommendation is more
intractable due to issues like cold start and interest drift. [6] was the
first to solve the problem by studying the social influence. Existing
works [39, 51-53] mainly utilized Latent Dirichlet Allocation (LDA)
to model the interest drift with the help of user preferences, spa-
tiotemporal effects and POI contents. Besides, there have been deep
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(c) Metric Learning for Recommendation
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Figure 2: The illustration of CAPTOR framework. Figures (a)(b)(c) show the overview of CAPTOR, and Figures (d)(e) present the

respective inner structures of CBMN and SA-CRF.

learning approaches devoted to addressing the problem. [4, 20]
combined interest drift together with transfer learning, and learned
the user preference from both hometown and out-of-town cities.
[47] performed in-depth analysis of the user’s out-of-town travel
intentions with the neural topic model. [34] exploited region-based
out-of-town pattern discovery to address the data sparsity issue.
Nevertheless, few studies have touched the topic of pre-travel out-
of-town recommendation.

Memory Network was first proposed to access long-term mem-
ory for the question answering task [44]. [17, 33] utilized differen-
tiable operators, allowing them to access past experiences in an
end-to-end manner. With the progress of deep learning, external
memory mechanism has been shown to be effective in handling
long term and global signals in different areas such as reinforce-
ment learning [30], natural language processing [14, 36], computer
vision [8, 46], and recommender system [35, 59]. In this work, we
devise a novel crowd behavior memory network with hierarchical
reading, adaptive writing and memory reconstruction to maintain
diversified crowd behaviors in different regions and enhance the
recommendation for out-of-town users.

Conditional Random Field is a probabilistic graphical model
to leverage the pairwise relationship within a number of random
variables. [18] originally came up with CRF for sequential data
prediction. Recent works developed CRF models with neural net-
works to solve problems in various domains. For example, [7] armed
graph convolutional neural networks with CRF to encourage simi-
lar nodes to have similar features. [29] also applied CRF to graph
neural networks to exploit the correlation of node labels. Further-
more, [48] integrated this powerful tool to learn representations

1176

for consumer loan fraud detection. Inspired by the previous works,
we incorporate CRF to learn the spatial affinity of POIs in real
world, which plays an important role for pre-travel out-of-town
recommendation.

3 PROBLEM DEFINITION

We start by defining several relevant data structures and concepts
that help understand our problem.

Definition 1 (POI). A POl s a spatial item related to a geographi-
cal location. We usev to represent a POI r, to denote its located region,
and £ to denote its location as longitude and latitude coordinates.

Definition 2 (Check-in). If a user checks in a POI, it indicates
that s/he has a direct interaction with the POI in the real world.
Formally, we denote a user u’s check-in activity on POl v at time t
with a three-tuple ¢ = (u, t,0).

Definition 3 (User’s hometown). Given a user u, we denote a
region ry, as the user’s hometown where the user lives or works for a
period of time. !

Definition 4 (Out-of-town Travel Behavior). Given a user
u and her/his hometown ry, in which s/he leaves check-in records ¢y,
when s/he travels to the out-of-town region r, and also leaves check-in
records ¢, inro, we call such behavior an out-of-town travel behavior,
denoted as a five-tuple T = (u, Cp, Co, s To)-

Formally, given a set of users U = {ui}ll.gl, a set of regions

R = {ri}lfll, a set of POIs V = {Ul.}l(Vl

-1 » and the corresponding

!We develop an algorithm to discover a user’s hometown, which is available in
Appendix.
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Figure 3: (a) An example of the spatial affinity of POIs. (b)
The explanation of two types of Gibbs energy in SA-CRF.

out-of-town travel behavior records ¥ = {;} El‘ generated by U,
our problem is stated as below.

Problem 1 (Pre-travel Out-of-town Recommendation). Given

the historical out-of-town travel behavior records T generated by U,
learn a recommender F. Then, a new coming user u™ ¢ U shows up
with her/his hometown check-in records ¢y, being observed in r}, while
her/his out-of-town region r}; and out-of-town check-ins ¢, remain
unknown. Next, recommend a list of out-of-town POIs V* C V which

are not in rZ tou™ with F.

4 METHODOLOGY

4.1 Framework Overview

Fig. 2 presents the architecture of CAPTOR, which mainly consists
of two components, i.e., Spatial-Affined Conditional Random Field
(SA-CRF) and Crowd Behavior Memory Network (CBMN):

1) SA-CRF takes the spatial-affined POI embeddings as random
variables conditioned on preliminary POI embeddings, then incor-
porates CRF characterized by the Gibbs distribution, where the
energy function is defined as the composition of unary energy and
pairwise energy. 2) CBMN consists of three blocks to maintain the
group of crowd memory matrices. In particular, a write block takes
the out-of-town embedding as input and updates the crowd mem-
ory matrix adaptively. A read block uses a hierarchical attention
network to infer the user’s crowd-aware memory. In addition, a
memory reconstruction block is designed to bridge the inferred and
factual memories.

Then, users’ hometown behavior embeddings and memory em-
beddings are sent to a metric space and divide the metric space
into subspaces according to users’ hometown regions with a dy-
namic mapping mechanism. Finally, the parameters involved in
CAPTOR are learned by minimizing the composite loss consisting
of CRF loss, reconstruction loss and metric loss.

4.2 Spatial-Affined Conditional Random Field

Exploring the geographical properties has proved to be helpful in
the studies of POIs [22-24, 31]. According to Tobler’s first law of
geography [38], during short-term out-of-town travel, users are
inclined to pay visits to those POIs not very far from each other.
Therefore, it is vital to explore the spatial affinity of POIs in the
pre-travel out-of-town recommendation scenario. For example, in
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Fig. 3(a), with regard to the geographical distance among these POIs,
it is reasonable to assume that the spatial affinity of the POIs con-
nected with solid lines is stronger than that of those with dash lines.
Even more to the point, with the spatial affinity of POIs being mod-
eled, the affinity of regions can also be naturally captured, i.e., POIs
in different regions would have relatively distinct representations.
Such regional profile information could assist in learning the user’s
regional preference to facilitate recommendation, especially when
the candidates involve the POIs from different regions. Inspired
from CRF [18], a probabilistic model to infer dependencies within
a number of random variables, we devise a novel Spatial-Affined
CREF layer (SA-CREF) to capture the spatial affinity comprehensively.

Specifically, we first assign a preliminary embedding v; € R¢
to each POI v; and then view the spatial-affined POI embeddings

as random variables V = {vi} ll;‘;‘ which are conditioned on V =
{vi}llz | , where ¥; € R is the spatial-affined embedding of v;, and d
is the dimensionality. We build the CRF characterized by the Gibbs
distribution as below,

777 S ETIV), 0
where Z(-) and E(-) are the partition function and Gibbs energy
function, respectively.

As shown in Fig. 3(b), the Gibbs energy function consists of the

unary energy ¥, and the pairwise energy /p:

P(V|V) =

E(Vilvi) = e (vi, Vi) + Bp (Vi, V), (2)
where o and f§ are two hyper-parameters controlling the respective
contributions. Similar to [7], we define the unary energy as,

Yo (vi, Vi) = lIvi = Vill3.
By minimizing such unary energy, the spatial-affined POI embed-
dings are encouraged to preserve the inherent information from the
preliminary POI embeddings. With regard to the pairwise energy,
we intend to incorporate spatial information and enable the com-
ponent to handle the spatial affinity. Therefore, we first construct a
POI spatial graph Gs = (Vs, Es), where Vs =V is the set of POIs,
&g is the edge set indicating connectivity among POIs. Specifically,
we define spatial connectivity e} € & as,
1,

efj ={ 0

where d(-,-) denotes the geographical distance, py is a distance
threshold. Then, we can define the pairwise energy as,

d(vi,05) < pg,
otherwise,

Up e ¥) = viy [¥i =5 ;. ®
where y;; is the spatial strength between a pair of POIs. In order to
adaptively weigh the spatial strength among the POIs, we further
adopt an attention mechanism based on the POI spatial graph as,

é'/ij = (as)To (WS [371 @Vj]) N
__ exwp(&y)
ZzeN,- exp(&iz)’

where a® € R? and W3 € R%? are two trainable parameters, o(-)
is the activation function, @ is the concatenation operator, and N;

Yij
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denotes the set of adjacent POIs of v; in Gs. Through the constraint
in Eq. (3), the POIs that have stronger spatial affinity are forced to
be closer in the metric space as well.

In order to make it feasible to compute the posterior probability
in Eq. (1) and update the spatial-affined embeddings, we resort to
the mean-field approximation widely used in variational inference.
Specifically, the distribution Q(V) is derived by the independent
marginal distributions as,

Y
o) = [aG.
i=1

And we use Q(V) to approximate P(V|V) by minimizing

KL(0W)IPVIV)),

where KL(:||-) is the Kullback-Leibler divergence. From Egs. (1)
and (2), we can find that

~ ~ ~  — 2
0; @) ~exp|~|alvi-Wil +8 D vij [Fi Vil || @
JEN;
where Q7 is the optimal distribution of Q;. Then we acquire the

maximum probability of P(V|V) by performing the expectation of
Q7 since Q7 is proved to be a Gaussian function in Eq. (4). Hence,
we define the spatial aggregation of the affined embeddings as,

avi+ﬁ2j€Ni Yijv_li
a+Bien; vij

where V{j) = v;j. After L iterations following Eq. (5), we let the out-

=l+1 _ _
b , 1=0,--- L, )

come spatial-affined POI embeddings V; VI.L. In this way, the
spatial-affined POI embeddings can incorporate the spatial infor-
mation among POIs while retaining the inherent properties at the
same time.

Finally, we can define the CRF loss by minimizing the Gibbs
energy function in Eq. (2) as follows,

VI

Lo = Z allvi —Villa+ B Z vij |[vi _Vj”;

i=1 JEN;

(6)

4.3 Crowd Behavior Memory Network

As aforementioned, a user’s pre-travel decision is quite a compli-
cated process. On the one hand, when determining the destination
region, a user usually takes the general characteristics of the re-
gion into account. For example, if s/he prefers scenery, then s/he is
less likely to visit a well-developed metropolitan city where malls
and skyscrapers are more popular. On the other hand, a user’s POI
check-in activities in an out-of-town region are also entangled with
the behaviors of other travelers. To meet these, we propose a Crowd
Behavior Memory Network (CBMN). Please refer to Fig. 2(d) for
the framework overview of CBMN.

Specifically, we first employ two aggregators to summarize a
user’s hometown and out-of-town check-in behaviors separately.
Given a user u’s travel behavior record 7 = (u, ¢y, Co, T'h, 7o), her/his
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hometown and out-of-town behavior embeddings are derived based
on her/his check-in records as,

W = AGG ([Vl-] )
where AGG(+) is an arbitrary aggregation operation, such as aver-
age pooling, max pooling or attention pooling, and Vv; is the spatial-
affined embedding generated from SA-CRF in Section 4.2. Then, in
order to store the crowd behaviors in different regions, we maintain
a memory for each region and build an external memory matrix
group M € RIRIXmXd \where m is the number of memory slots. To
be specific, there are three blocks in CBMN, i.e., adaptive write
block, hierarchical read block and memory reconstruction block.
These three blocks are introduced to maintain the built memory
matrix group.

[En |
i=1

u" = AGG ([vl-]
2l @)
i=1

4.3.1 Adaptive Write Block. The write block is devised to au-
tomatically overwrite the memory according to the current user’s
out-of-town behaviors. We develop a gate-controlled forgetting
mechanism to determine how much behavioral information should
be passed into the memory.

To be specific, the gate for the i-th slot in the memory matrix of
region r, is calculated by

gi=o ((ag)T [v’ e Mro,i]),

where a9 € R?9 is a trainable parameter, and M,_; € R4 denotes
the i-th slot vector of memory matrix of region r,. Then the i-th
slot of the memory matrix of region r, is updated as

M;o,i =giM;, i + (1- gi)uo.

The updated memory matrix M, € REXM of region r, is,
o
r ’ ’ ’
M, = Mro,l’ Mro,Z’ o Mpm

After these propagations, the new crowd memory matrix of
region r, preserves part of the old crowd behavior information in
ro while absorbing the current user’s behavior knowledge traveling
toro.

4.3.2 Hierarchical Read Block. When a user is planning to
travel out-of-town, the crowd behaviors could affect her/his out-
of-town check-in behaviors. Thus, we propose a hierarchical read
block that utilizes a hierarchical attention network to derive the
crowd memory for each out-of-town user.

Firstly, we define a slot-level attention network for a user to
interact with the memory as follows,

i =)o (WP 03, ).
exp(s,)

I exp(ui,)’

where aP € RY and WP € R9%2d are parameters, M, € RAXm jg

the memory matrix of region r, and M,; € R denotes its i-th

column. Note that, as the user’s hometown behaviors are relatively

long-term and could profile the user’s inherent preference, we take
the hometown behavior embedding here as the query.

®)
”i,r =
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Given the user u and region r, we query the crowd memory
matrix of region r via the slot-level attention network in Eq. (8) and
obtain user-specific memory embedding on region r as,

m
_ S M,
my = Ty Mri -
i=1

Similarly, then we query user-specific memory of each region
with hometown embedding u” by another region-level attention
network,

©

M= @) o (W' [uh ® mi]) ,
e
CzBlen()

where a” € RY and W' € R9% are trainable parameters. b2t
indicates the correlation between the user’s inherent preference
and the i-th region’s user-specific memory embedding. Along this
line, we can infer the user-specific crowd memory as a mixture of
crowd memories of all regions. Formally, the inferred user-specific
crowd memory embedding is given by

m= Znirmi.
i=1

4.3.3 Memory Reconstruction Block. Given the user’s ground
truth out-of-town region r, and the corresponding crowd memory
matrix My, , we can obtain her/his factual crowd memory embed-
ding m,, by Eq. (9). We devise a supervised reconstruction loss to
bridge the inferred memory embedding and the factual memory
embedding as follows,

L=, @-m[; .

uel

(10)

(11)

4.4 Metric Learning for Recommendation

Inspired by the great success of metric learning in knowledge graph
embedding [1, 12, 25] and recommendation [11, 15, 31, 59], we
implement a metric-based out-of-town recommender. In general,
the triangle inequality in the embedding space can alleviate the
severe data scarcity issues in out-of-town recommendation.

We first partition the embedding space by users’ hometowns
with a dynamic mapping mechanism. In particular, given an out-
of-town user u, her/his related embeddings are encoded as

u = TZuh,
o (12)
v; =Ty, vi,
where TZ’ T'zfi € R are two dynamic transition matrices gener-

ated for each user:
d h o pd\"
T} =Rrh(W u’ +b ) ,
d=. . vd\"
T4 = Ry, (W )

where W € R4 and b? € R are trainable parameters, R €
RIXIRI i5 a learnable partition matrix, and R,, denotes the column
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vector in R w.r.t. region ry. With such dynamic mapping operations,
the embedding space is divided into several subspaces, making the
metric more distinguishable.

Taking the factual crowd memory into account, we integrate the
user’s memory into her/his preference, and calculate the distance
between such enriched preference and a POl v; as follows,

|Z . (13)

Then we learn the metric-based recommender under the Bayesian
personalized ranking (BPR) criterion. Given a positive out-of-town
POI v; € ¢, visited by u, we sample a corrupted POl v; ¢ ¢,. Based
on pairwise comparisons, the metric loss for pre-travel out-of-town
recommendation is defined as,

Ly = Z Z Z [5+e(u,vi)—e(u,vj)]+,

ueU ieé, j¢c,

e(u,0;) = H[uhr ® mru] -V

(14)

where [x]+ = max(x,0) denotes the standard hinge loss and ¢ is
the margin size.

4.5 Optimization and Recommendation

With Egs. (6), (11) and (14) we can jointly optimize the composite
loss function in an end-to-end fashion as below,

L=MLc+Lr+23Lp, (15)

where A1, A2 and A3 are three hyper-parameters to balance the
effects of different components in CAPTOR.

When carrying out the pre-travel out-of-town recommendation,
we aim to recommend a list of out-of-town POIs to a new coming
user u*. Specifically, we first derive her/his mapped hometown
behavior embedding u”" (i.e., the inherent preference) and inferred
memory embedding m, following Egs. (7), (10) and (12). Then we
select top-k out-of-town POIs whose mapped spatial-affined em-
beddings V] are closest to the concatenation of u”" and @, as the
recommendation list, where the distance is formulated as,

2
e(u*,vi) = H[ufr @ Iﬁ*] —{’T) )

(16)

5 EXPERIMENTS

We conduct experiments on two real-world nationwide datasets to
answer the following research questions:

e Q1: How does CAPTOR perform on the pre-travel out-of-
town POI recommendation task compared to the baseline
recommenders?

e Q2: How much do different components in CAPTOR con-
tribute to the recommendation performance?

e Q3: How do the settings of parameters in CAPTOR affect
the recommendation performance?

e Q4: How efficient is CAPTOR with regards to the computa-
tional cost?

5.1 Experimental Setups

5.1.1 Dataset. We evaluate CAPTOR framework on two real-
world nationwide travel behavior datasets: CN and US. The statistics
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Table 1: Statistics of our datasets.

Statistics Values
CN Us
# Users 53,330 3,889
# Regions 14 21
# POIs 14,813 24,389
# Check-ins 1,049,475 | 167,580
# Hometown check-ins 666,505 | 147,357
# Out-of-town check-ins | 382,970 20,223

of these two datasets are given in Table 1. In CN, the travel behav-
ior records were collected between 07/01/2019 and 12/31/2019 in
China from an online map service, where the user check-ins were
recorded. In US, the records between Apr. 2012 and Sep. 2013 in the
United States were generated from a global-scale Foursquare check-
in dataset published by Yang et al. [49, 50]. Afterward, for these two
datasets, we chose the users who left check-ins in both hometown
and out-of-town regions and reformed the check-in sequence of
each user as an out-of-town travel record, i.e., 7 = (u, ¢y, Co, Ths 7o)
(please refer to Definition 4).

To assure the data quality, we filtered out the POIs visited less
than 5 times in CN and 2 times in US. Then, we removed re-
gions where the amount of POIs is less than 500 in CN and 100
in US. Besides, we eliminated a user if her/his travel behavior
7 = (4, Cp, Co, Ths 7o) reaches one of the following three criteria:
(1) |y < 5in CN and |c| < 4in US; (2) |¢o| < 41in CN and [¢,| < 2
in US; (3) the frequency of (ry, o) in the whole dataset is less than
90 in CN and 10 in US. In both two datasets, we randomly split users
for each available hometown and out-of-town region pair, following
the proportions: 80%, 10% and 10%, and eventually form a training
set, a test set and a validation set with the same proportions. Note
that all of the users in the two datasets are treated anonymized,
guaranteeing the fairness of the evaluations.

5.1.2 Baselines. We compare our CAPTOR with the following
nine baselines:
1) A vanilla method:

e PopRec ranks POIs based on their popularity judged by
the number of check-ins and recommends the top-K most
popular out-of-town POIs.

2) Four general recommendation methods:

e BPR [32] employs Bayesian personalized ranking (BPR) to
optimize the matrix factorization model with a pairwise
ranking loss.

STA [31] embeds the users and POIs into a transition space
and takes spatiotemporal contexts as translation vectors.

e TEMN [59] integrates the topic model and memory network
to learn the latent patterns and neighborhood-based features.
A geographical module is further introduced to enhance the
recommendation.

ST-LDA [53] devises a probabilistic graphical model to learn
the region-dependent personalized and crowd’s preference
for out-of-town POI recommendations.

3) Four next item recommendation methods:
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SR-GNN [45] incorporates graph models to consider the
complex structure and transitions between items in the se-
quences for session-based recommendation.

GRU4Rec [10] uses RNNs to model the sequential interac-
tions for session-based recommendation.

TRAINOR [47] applied neural topic model to discover the
user’s complex travel intention for out-of-town recommen-
dation.

STAN [28] learns the explicit spatiotemporal correlations
within the POI check-in trajectory by a bi-attention system.

Particularly, STA, TEMN and STAN are proposed for POI rec-
ommendation, while ST-LDA and TRAINOR are tailored for out-of-
town recommendation.

5.1.3 Implementation Details. The dimensionality of all latent
representations was set to 128. In SA-CREF, the coefficients @ and
B of the two types of energy functions were respectively set to 1
and 3 for CN, and both set to 1 for US. The number of iterations
for updating the POI embedding (i.e., L) was set to 2. Moreover, the
distance threshold p; was set to 3 km for CN and 1 km for US. In
CBMN, we set the number of memory slots m to 3 for CN and 10
for US. In the metric-based recommender, we set the margin size §
to 1. In the optimization stage, we set A1 = A2 = A3 = 1in Eq. (15)
and utilized Adam optimizer to train CAPTOR with an initial learn-
ing rate as 0.001 and an L2 regularization with weight 107>, Note
that the evaluation was repeated three times using different initial
parameters, after which the average was reported.

5.1.4 Evaluation Metrics. We employ three widely-used metrics
for recommendation to evaluate the effectiveness of the pre-travel
out-of-town recommendation task, i.e., Hit Rate, Precision, and
NDCG [43] at a cutoff k, denoted as HR@k, Pre@k, and NDCG@k,
respectively. Particularly, following the common strategy in previ-
ous works [9], we treat a fixed number of negative POIs randomly
sampled from the candidate set together with the positive out-of-
town POIs as the final candidates for each user. In our experiments,
we set the number of negative POIs as 100.

5.2 Overall Performance (Q1)

Table 2 shows the overall performance results of our proposed CAP-
TOR compared to all the baselines on CN and US datasets. As can
be seen, CAPTOR achieves the best performance w.r.t HR@k and
Pre@k on two datasets. The improvements of HR@10 are 9.90% and
4.53% on CN and US, respectively, over the best baselines. In addi-
tion, CAPTOR beats all baselines w.r.t NDCG@10 and NDCG@15
on CN dataset with 6.88% and 5.90% improvements, respectively.
Besides, we have the following observations.

PopRec recommends POIs to out-of-town users by merely con-
sidering the check-in popularity, which is not personalized but
achieves better performances over some individualized baselines.
The possible reason lies that most out-of-town travelers tend to
pay visits to the landmarks with high prevalence (such as the Great
Wall and the Statue of Liberty).

Among the personalized methods, we can clearly observe that
next item recommendation methods exhibit considerable improve-
ments over the general recommendation methods on most metrics,
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Table 2: The overall recommendation performance comparison of CAPTOR and baselines. The best results are marked with
bold face, and the second best results are underlined. (*significantly outperform at the 0.01 level, paired t-test)

CN Us
Methods k=10 k=15 k=10 k=15
HR@k Pre@k NDCG@k | HR@k Pre@k NDCG@k | HR@k Pre@k NDCG@k | HR@k Pre@k NDCG@k
PopRec ‘ 0.5763  0.2670 0.3122 0.6752  0.2089 0.2629 0.3429  0.1617 0.2022 | 0.4102 0.1321  0.1732
BPR [32] 0.3162  0.1448 0.1651 0.3864  0.1181 0.1426 0.1226  0.0596 0.0662 | 0.1784 0.0583  0.0639
STA [31] 0.2846  0.1313 0.1272 0.4144  0.1278 0.1259 0.1366  0.0699 0.0718 | 0.1909 0.0646  0.0678
TEMN [59] 0.4892  0.2262 0.2449 0.5974  0.1842 0.2125 0.2479  0.1039 0.1299 | 0.3242 0.0905 0.1151
ST-LDA [53] 0.5349  0.2473 0.3471 0.6398  0.1976 0.3047 0.2400  0.1090 0.1526 | 0.3008 0.0943  0.1347
SR-GNN [45] 0.5994  0.2730 0.3290 0.7002  0.2125 0.2758 0.4003  0.1833 0.2364 | 0.4786 0.1472  0.2002
GRU4Rec [10] | 0.6495  0.2942 0.3600 0.7312  0.2216 0.2965 0.4175  0.1915  0.2462 | 0.4971 0.1539 0.2086
TRAINOR [47] | 0.6579  0.3038 0.3634 0.7553  0.2328 0.3022 0.3864 0.1714 0.2003 | 0.5141 0.1554  0.1829
STAN [28] 0.6676  0.3105 0.3723 0.7609  0.2363 0.3085 0.4136  0.1848 0.2269 | 0.5064 0.1527  0.1959
CAPTOR ‘ 0.7337* 0.3349* 0.3979" ‘ 0.8202* 0.2501* 0.3267* | 0.4364* 0.1942* 0.2286 |0.5268 0.1606 0.1980
whether the spatiotemporal features are included or not. One pos- 035
sible reason is that the former methods infer the user’s embedding 070 = e 030 = e
from the hometown behaviors, while the latter ones learn a sole 20.60 B CAPTOR-C |2 [ CAPTOR-C
. ®) Il CAPTOR-D @025 EEE CAPTOR-D
representation for each user from both hometown and out-of-town & 050 ]

. . I
check-ins. Such entangled representations may cause more con- 0.40 & 020
fusion in pre-travel recommendation. This also demonstrates the 030 015 ’_’_-
necessity of building a separate and distinguishable feature space. ' CN us ' CN us

Within the general recommendation methods, nearly all POI
recommendation methods that model spatiotemporal contexts out- 040 | — [ CAPTOR 0.80 | [ CAPTOR
perform BPR, suggesting that spatial and temporal signals fuel the %0-35 E gigg&ﬂ © 070 E EQEIZQZEA
pre-travel recommendation. In particular, ST-LDA shows relatively & 0-30 BN CAPTORD |@® BN CAPTOR-D
better performance than other POI recommendation methods most L%) 0.25 g 060
of the time since interest and geographical drift, and conformity 0.20 0.50
that occur in out-of-town scenario are considered. However, it 0.15 oN Us 0.40 oN Us
models the crowd’s preference implicitly from a probabilistic per-
spective, and the spatial affinity among POIs is not well captured.

. 3 K . 0.25 1 CAPTOR 1 CAPTOR
Regarding the next item recommendation methods, since STAN can =3 CAPTORM |, 030 =9 CAPTORM
learn the effect of time and distance intervals, it achieves the best éo_zo = g:ggg:g @0.25 = g:r;gg:g
performance among all the baselines on CN dataset. However, in 2 Qo020
pre-travel scenario, the distance interval varies significantly, which 015 Z .15
is difficult to capture for STAN, as well as TRAINOR. CAPTOR de-

signs SA-CRF to model the relative spatial affinity among POIs.
Therefore, the performance of CAPTOR is improved with satis-
factory margins. Moreover, on US dataset, GRU4Rec even slightly
outperforms CAPTOR w.r.t NDCG@k. One potential reason might
be that the data sparsity issue of US dataset is more severe, such that
the difficulty to fit this dataset climbs up for the large model, e.g.,
CAPTOR, in terms of the ranking metrics. But still, CAPTOR defeats
GRU4Rec with satisfactory margins in terms of HR@k and Pre@k,
which validates the effectiveness of modeling spatial affinity and
crowd behavior patterns.

5.3 Ablation Study (Q2)

To evaluate the effectiveness of different modules, we compare
CAPTOR with its variants:
1) CAPTOR-M removes the CBMN, such that the ability to store
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Figure 4: Contributions of different components in CAPTOR.

the crowd behaviors is deprived. 2) CAPTOR-C removes the SA-
CRF. As a result, the spatial affinity among POIs is neglected. 3)
CAPTOR-D uses the metric-based recommender without dynamic
mapping mechanism, and the embeddings are performed in a uni-
versal metric space.

Fig. 4 shows the comparison results over the evaluation metrics.
As can be seen, CAPTOR outperforms CAPTOR-C and CAPTOR-D
on both datasets w.r.t all metrics, proving the critical roles of POI
spatial affinity learning and separating metric spaces. Furthermore,
CAPTOR beats CAPTOR-M consistently on US while having a slight
fall on CN w.r.t HR@k and Pre@k. The reason could be that abun-
dant travel behavior records in CN overfit the memory network.
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Figure 5: Parameter sensitivity analysis on two datasets.

But still, the crowd behaviors are beneficial to the recommendation,
especially when there are no sufficient records.

5.4 Parameter Sensitivity Analysis (Q3)

Fig. 5 presents the parameter sensitivity analysis of CAPTOR on
two datasets.

The respective contributions of the unary and pairwise
energy o and f. We analyze how the respective contributions of
the unary energy and pairwise energy in Eq. (2) affect the recom-
mendation performance by varying one parameter from 1 to 9 while
fixing the other parameter to 1. For concise demonstration, we show
the performance variation with the ratio of @ and f. As shown in
Fig. 5(a), whether a or §§ gets too large, the metrics decrease on
both datasets. If « is much larger than f, the spatial affinity of POIs
would not be well captured. Conversely, if § excessively dominates
a, the inherent information of POIs could be neglected. Both of the
above situations are not expected. Therefore, it is important to find
a trade-off between « and S.

The number of memory slots m. To further investigate the
impact of the number of memory slots in CBMN, we vary m from
3 to 50 on both datasets. It turns out that the performances peak
when m is 50 on CN and 10 on US. Nevertheless, the metrics are
relatively stable as m increases. The reason behind is that m mainly
affects the dispersion of the crowd behavior information, whose
impact is weakened after the aggregation by the hierarchical read
block in CBMN.

5.5 Complexity Analysis (Q4)

We further analyze the computational complexity of CAPTOR. Gen-
erally, the computational cost mainly comes from SA-CRF, CBMN
and the dynamic mapping mechanism. Given a user u, the complex-
ity of SA-CRF is:

Tsa-crr = O (IV|d+L|&Es|d),
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Figure 6: An illustration of the “coarse-to-fine” prototype
strategy. The deeper the color, the higher the score.

where V|, L and |Es| are the numbers of POIs, iterations of the
spatial aggregation, edges in the POI spatial graph, respectively,
and d is the dimensionality. Then, the complexity of CBMN is:

Temm = O ((m+ ku)d +mIR| &),

where m and |R| are the numbers of memory slots and regions,
respectively, and k,, = |¢p| + |¢,| denotes the length of the user’s
interacted POIs in both hometown and out-of-town. Note that in
the recommendation stage, CBMN would have higher efficiency
without the cost of the adaptive write operation. Afterward, we
compute the complexity of the dynamic mapping mechanism as:

Tom = O (l’V|d2).

Overall, given a user u, the total complexity of CAPTOR is the
combination of 7sa_crr, TcsmN and Tpp as:

Tearror = O ((1VI+mIR) & + (LIE| +m+x,)d)  (17)

5.6

In practice, the pre-travel recommender could get overwhelmed
due to the large searching space where a huge number of POIs
act as candidates in different out-of-town regions. Essentially, the
efficiency issues should be addressed when deploying the pre-travel
out-of-town recommender system. Fortunately, the distinguishable
embeddings learned by CAPTOR can benefit the searching space
reduction for recommendation. As illustrated in Fig. 6, we could
reduce the candidates with a “coarse-to-fine” prototype strategy.
To be specific, in SA-CRF, because POIs in different regions
would have relatively distinct representations, i.e., the spatial affin-
ity of regions, we could develop a heuristic algorithm to directly
predict the probability of being a candidate region by aggregat-
ing the scores of sampled POIs in one region. In other words, the
sampled POIs in a region can provide us with a “sketch” describ-
ing a user’s preference towards this region. At the same time, the
crowd behaviors in respective regions have been adaptively stored
through CBMN. So we could incorporate the user embedding with
the specific region crowd memory when recommending POlIs in
the corresponding region. We will work on implementing such

Discussion on Applicability
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“coarse-to-fine” prototype for pre-travel recommendation in our
future work.

6 CONCLUSION

In this paper, we studied the pre-travel recommendation problem
for out-of-town users. We proposed a data driven framework CAP-
TOR to perform metric-based recommendation with distinguishable
representations by capturing spatial affinity and crowd behavior
simultaneously. Along this line, we devised a spatial-affined condi-
tional random field to model the spatial affinity among POIs on a
spatial graph. Then, the crowd behavior memory network was de-
vised to store the crowd travel behaviors adaptively and offer clues
to the travel decision-making. After that, the recommendation was
carried out in the metric space, where embeddings of users and POIs
are both distinguishable thanks to a dynamic mapping mechanism.
Extensive experiments on two real-world datasets demonstrated
the effectiveness of CAPTOR on pre-travel recommendation.
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A APPENDIX

A.1 Discovery of User’s Hometown

Basically, it is not easy to directly know a user’s hometown. Some
previous works [4] simply choose the region where a user u has the
largest number of check-ins as her/his hometown. Such straight-
forward method may lead to inaccurate hometown decisions. For
example, if u left a number of check-ins in one region a long time
ago, we can hardly say that the region is her/his hometown since
this evidence have low activeness and confidence. Therefore, we
design a dedicated way to decide u’s hometown. In particular, given
u’s check-in sequence in region r chronologically ordered:

& = [(u,11,01), (u, t2,02), - -+, (U, tn, 0n)],

we view these check-ins as the hometown evidence to support
rp = r (i.e. region r is u’s hometown). Intuitively, u’s recent check-
ins as hometown evidence should be paid more attention than the
records observed long ago. Thus, given a check-in ¢; in ¢,, we use
an exponential decay function to determine the importance:

M
w(c;)) =0T,
At = |to — 1,

(18)

where tj is the observation time for determining u’s hometown, T
is the width of the time window for collecting hometown evidence,
and O is the base of exponential function.

Furthermore, earlier check-ins are as evidential as current ones
in some cases, especially when the observed check-ins are limited.
Inspired by this, we set the base © in Eq. (18) as follows:

0 < Aty < At/

1,
At"—At, At < Aty < At”,

At"—-At >
where Aty, = |ty — t,|, and At together with At’’ are two scheduled
thresholds. In other words, given a user, if her/his latest check-in
activity in region r happens very recently, say, just three days ago,
then her/his other earlier check-ins in r are treated as important as
the latest one for determining her/his hometown.

Afterward, the supporting value for region r being considered

as u’s hometown can be calculated as below:
n

p(uir) =,

i=1

0 = 0(Aty) = {

w(ci)
N+¢€

where N is the number of all check-ins generated by u, and € is a
constant to avoid the sum of weights being divided by zero. Finally,
a user’s hometown can be determined by selecting the region with
the highest supporting value ¢.
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