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Abstract: Human mobility trajectories are fundamental resources for analyzing mobile behaviors in urban computing
applications. However, these trajectories, typically collected from location-based services, often suffer from sparsity
and irregularity in time. To support the development of mobile applications, there is a need to recover or estimate
missing locations of unobserved time slots in these trajectories at a fine-grained spatial-temporal resolution. Existing
methods for trajectory recovery rely on either individual user trajectories or collective mobility patterns from all
users. The potential to combine individual and collective patterns for precise trajectory recovery remains unexplored.
Additionally, current methods are sensitive to the heterogeneous temporal distributions of the observable trajectory
segments. In this paper, we propose CLMove (where CL stands for contrastive learning), a novel model designed
to capture multilevel mobility patterns and enhance robustness in trajectory recovery. CLMove features a two-stage
location encoder that captures collective and individual mobility patterns. The graph neural network based networks
in CLMove explore location transition patterns within a single trajectory and across various user trajectories. We also
design a trajectory-level contrastive learning task to improve the robustness of the model. Extensive experimental
results on three representative real-world datasets demonstrate that our CLMove model consistently outperforms
state-of-the-art methods in terms of trajectory recovery accuracy.
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1 Introduction

As location-based services gain widespread pop-
ularity, location-based data have become readily
and abundantly available. Such data include vari-
ous sources, such as user check-in data in location-
based social networks (Yang DQ et al., 2015) and
geo-location records collected from devices during
the use of location-based services (Chandio et al.,
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2016). These location-based data facilitate the de-
signs of many applications in mobile and ubiqui-
tous computing, such as next-location recommen-
dation (Yang DQ et al., 2015; Liu et al., 2016; Feng
et al., 2018), urban function prediction (Noulas et al.,
2015; Wang et al., 2020), and urban social diver-
sity assessment (Hristova et al., 2016).
the granularity of human mobility data from these
sources is often not as good as that of the data

However,

from transportation systems, such as the global po-
sitioning system (GPS) module in taxis, primarily
due to irregular and infrequent user contributions to
location-based services.

The sparsity of human trajectory data
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inevitably hinders the performances of downstream
applications. For example, with a limited number of
mobility data entries, it is difficult to accurately rec-
ommend the next location or point of interest (POI)
for a user (Xi et al., 2019). Furthermore, for tasks
such as human traffic prediction and mobility pattern
recognition, the occurrence of missing data weakens
model performance (Li L et al., 2013). The evolving
landscape of mobile computing across diverse scenar-
ios poses a pressing demand for accurate recovery of
human mobility trajectory.

Existing recovery methods either extract mo-
bility patterns from collective mobility data encom-
passing all users (Salakhutdinov and Mnih, 2007; Lin
et al., 2021) or rely on user-specific historical data
to capture individual mobility patterns (Feng et al.,
2018; Sun et al., 2021; Xia et al., 2021; Dhont et al.,
2022).
ignored.

The combined effect of both data sources is

We observe three limitations in existing trajec-
tory recovery models. First, human mobility exhibits
both periodicity and a high degree of freedom and
variation (Cho et al., 2011; Fang ZH et al., 2021).
Fig. 1a presents examples of historical trajectories
for both the target user and other users, showing
the trajectory of the target user that requires re-
covery. As noted, individual mobility patterns can
be observed from one’s historical trajectories. The
blue box highlights the distinct pattern of regular
morning commutes to the workplace on weekdays in
the target user’s trajectories. This pattern is crucial
for inferring the missing location of the workplace in
the target trajectory. In addition, the target user
typically engages in leisure activities, such as shop-
ping, after work. However, relying solely on individ-
ual mobility patterns is inadequate for pinpointing
locations visited after playing tennis in the target
trajectory, especially if the user has no prior history
of tennis activity. The green box demonstrates the
collective transition patterns observed from the tra-
jectories of other users (such as user 1 and user 2),
for instance, moving from the tennis court to the
canteen. These collective mobility patterns can fa-
cilitate the recovery of the missing canteen location
in the target trajectory.

It is important to strike a balance between incor-
porating collective information and preserving per-
sonalized patterns (Fang ZH et al., 2021).

Second, for each individual user, each daily tra-
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Fig. 1 An illustrative example of mobility pat-
terns and temporal irregularity of observed trajectory
points: (a) mobility patterns; (b) temporal irregular-
ity of the observed trajectory points (References to
color refer to the online version of this figure)

o Observed location

jectory shows a unique intra-trajectory location tran-
sition pattern for a day. However, due to the sparsity
of the trajectory, the information from a single tra-
jectory alone might be insufficient for modeling indi-
vidual patterns. Thus, aggregating multiple trajec-
tories becomes necessary to compensate for missing
information and to capture inter-trajectory transi-
tion patterns. For example, in Fig. la, when analyz-
ing the historical trajectories of the target user, we
can identify intra-trajectory patterns, such as tran-
sitions from a restaurant to a bar or from a shopping
mart to a bar, within each trajectory. Yet, these his-
torical trajectories are often incomplete and sparse,
which limits the utility of such intra-trajectory pat-
terns for reconstructing the entire trajectory. To
address this challenge, we jointly consider the tem-
poral and spatial information across trajectories and
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use the locations that appear in multiple trajecto-
ries (e.g., the bar in the figure) as a pivot to aggre-
gate them. This enables the identification of inter-
trajectory patterns, such as transitions from a shop-
ping mall to a restaurant, highlighted by a yellow
arrow in the figure. Effective trajectory information
aggregation is essential for leveraging other trajec-
tory data without introducing noise.

Finally, the observable trajectory points are ir-
regular and sparse, primarily because the location
information is recorded only when users access the
services. Fig. 1b presents an example of trajectory
irregularity, displaying a user’s simplified trajecto-
ries on weekdays and weekends. Although a person’s
actual daily trajectory is temporally coherent, the
check-ins are recorded sparsely and at irregular in-
tervals, posing challenges in accurately reconstruct-
ing the missing locations with a limited number of
observed trajectory points.

To address these three limitations, we propose
our model CLMove, where CL stands for contrastive
learning. To fully consider the periodicity and vari-
ability of trajectory data, we combine the collective
and individual patterns by separating the learning of
users’ spatial patterns into two stages. (1) We train
a location encoder through self-supervised learning
on collective trajectories in the city. This pretraining
step obtains location embeddings that capture gen-
eral spatial patterns. (2) We apply a novel graph
neural network (GNN) based location encoder to
fine-tune the location embeddings based on user-
specific historical data. This fine-tuning process al-
lows us to capture the specific individual patterns.

To tackle the second limitation, we design a
GNN-based location encoder that jointly captures
the location transition patterns within individual
trajectories and across different trajectories in an
iterative manner. Finally, to improve the robustness
of the model when dealing with different incomplete
trajectory contexts, we incorporate a trajectory-level
contrastive learning task. This task lets the model
learn similar trajectory embeddings for two subtra-
jectories from the same original trajectory. Based on
the location embeddings learned in previous steps,
we apply an attention-based mobility trajectory re-
covery module to reconstruct the trajectory. We
conduct extensive experiments on three real-world
datasets, namely, Foursquare, GeoLife, and Porto
Taxi. Our CLMove model consistently outperforms

state-of-the-art methods in terms of trajectory re-
covery accuracy.

Our contributions are summarized as follows:

1. We propose a novel neural network based
model for trajectory recovery. Our model effectively
captures the collective and individual spatial pat-
terns using a pretrained location encoder module and
a novel fine-tuned GNN-based location encoder. An
attention-based mobility trajectory recovery module
is applied to fuse the historical trajectory into the
target trajectory.

2. We design a trajectory-level contrastive learn-
ing task to improve the robustness of the model when
encountering unpredictable distribution of missing
trajectory points. To the best of our knowledge, this
is the first model that uses contrastive learning for
accurate mobility trajectory recovery.

3. We conduct extensive experiments on three
representative real-world datasets to evaluate the
performance of CLMove. The results demonstrate
the superiority of CLMove over state-of-the-art
baselines.

2 Related works

We review two important lines of related works:
human mobility recovery and contrastive learning
and its applications in mining trajectories.

2.1 Human mobility recovery

There is increasing interest in understanding
and recovering human trajectory. Human mobility
recovery approaches can be divided into two cat-
egories: human mobility recovery with road net-
works (Wu H et al., 2016; Li XC et al., 2020; Ren
et al., 2021; Chondrogiannis et al., 2022; Fang ZQ
et al., 2022; Park et al., 2022; Zhang et al., 2022)
and trajectory recovery without limitation of road
networks (Wei et al., 2012; Luo et al., 2018). The
former considers the trajectories of objects moving
in a road network, which are mostly recorded by the
GPS of vehicles and have a relatively fine-grained
temporal resolution. Our work falls within the lat-
ter category, which does not have road networks as
input but pays attention to using spatial-temporal
patterns of users’ trajectories for recovery.

Rule-based methods (Gonzélez et al., 2008;
Wei et al., 2012) infer and recover the trajec-
tory of humans through construction of the moving
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relationship graph among locations. Since the tran-
sition relationship of locations in trajectories is com-
plicated, deep learning technologies have been suc-
cessfully applied in the task of human mobility re-
covery.
eral time series has been extensively studied (Luo
et al., 2018). However, the general time-series re-
covery model ignores the unique spatial-temporal
dependence in human mobility data. Apart from
this type of models, mobility prediction models (Feng
et al., 2018; Lin et al., 2021) for recovery are avail-
able for adoption. These models incorporate the hu-
man mobility periodicity patterns and consider the
location transition relationship with recurrent neural
networks (RNNs) and attention mechanisms. How-
ever, these models cannot make use of the mobility
data that appear after the missing locations, and
the performance of these models is acceptable only
when the data are dense enough. Aiming at recov-

The recovery of the missing value of gen-

ery, the context-enhanced trajectory reconstruction
(CTR) (Chen GS et al., 2019) model extracts the
features of users’ mobility data and uses a tensor fac-
torization based method, but the tensors are limited
to be low-ranked ones. The bidirectional spatial and
temporal dependence and users’ dynamic preference
(Bi-STDDP) (Xi et al., 2019) model combines bidi-
rectional temporal information to learn users’ histor-
ical representation but fails to consider the different
impacts of different historical trajectory points on
recovery. Further considering the spatial-temporal
dependence of historical data of users, some recent
studies (Sun et al., 2021; Xia et al., 2021) have
designed attention-based methods to capture the
multilevel periodicity of human mobility and fuse it
into recovery. Considering users’ collective mobility
patterns, GETNext (Yang S et al., 2022) proposes a
user-agnostic global trajectory flow map and a novel
graph-enhanced Transformer (GET) model to pre-
dict the missing location in a trajectory. To alleviate
the cold-start problem, Si et al. (2024) applied a
Transformer encoder in the TrajBERT model to cap-
ture bidirectional mobility patterns and designed a
novel spatial-temporal-aware loss function to refine
the prediction.

2.2 Contrastive learning

Contrastive learning is a useful representative
self-supervised learning approach that uses large-
scale datasets while avoiding the cost of manual
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annotation. Contrastive learning has been widely
used in areas such as computer vision, natural lan-
guage processing (NLP), and graph representation
learning. The core idea of this approach is to train
the model to maximize the similarity between pos-
itive sample pairs while retaining the dissimilarity
of negative samples. To construct positive sam-
ples, when one sample from the training dataset
is taken, data augmentation techniques generate a
transformed version of the sample. The original
sample and the transformed sample are considered
a positive sample pair. Different data augmentation
methods are applied in different areas. For trajec-
tory data, point downsampling and point distort-
ing are widely used (Deng et al., 2022; Zhou et al.,
2022). Point downsampling (Li XC et al., 2018) mod-
els the nonuniform sampling rate of trajectories by
randomly masking some trajectory points in a tra-
jectory. Point distorting fits the characteristics of
noisy points in trajectories by randomly distorting
the coordinates of trajectory points.

Only considering maximization of the similar-
ity between positive samples will cause a collapsing
solution; i.e., all the input samples have the same
output representation. This renders the model un-
able to learn any knowledge. To avoid a collaps-
ing solution, many methods such as SimCLR (Chen
T et al., 2020), MoCo (He et al., 2020), and Sim-
Siam (Chen XL and He, 2021) have been proposed.
SimCLR constructed negative sample pairs by com-
bining one sample with the remaining samples in the
batch or training dataset; MoCo turned one branch
of the Siamese network into a momentum encoder;
SimSiam adopted the stop-gradient operation with-
out negative samples.

3 Methodology

This section presents the design of our approach,
as shown in Fig. 2. We first formally define the
mobility trajectory recovery problem in Section 3.1.

For the key components of our approach, we
first design an unsupervised pretrained location en-
coder that learns the pretrained location embeddings
through the data from the whole user group in the
same city (Section 3.2).
specific location transition patterns through fine-
tuning the location embeddings, we propose a GNN-
based location encoder that can simultaneously

Then, to capture user-
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Fig. 2 Main architecture of CLMove

consider the intra- and inter-trajectory mobility pat-
terns (Section 3.3). After obtaining the location em-
beddings, we improve the robustness of the model
when encountering unpredictable incomplete trajec-
tory contexts through a proposed trajectory-level
contrastive learning task (Section 3.4). Finally, we
apply an attention-based trajectory mobility recov-
ery module to fuse the historical spatial-temporal
patterns of users into the target recovery trajectory

and recover missing locations (Section 3.5).
3.1 Problem definition

In this subsection, we introduce the definition
and notations we use in this paper and then define
the problem to be addressed.

As in previous works (Feng et al., 2018; Sun
et al., 2021; Xia et al., 2021), we define a trajectory as
a time-ordered sequence of discrete trajectory points.
We split one day into discrete time intervals (e.g.,
every 30min) and form T time slots of one user’s
trajectory. Each trajectory point represents the lo-
cation of the user in a certain time slot. To represent
location, we partition the whole geographical space
of the trajectories, denoted by L, into equally sized

grid cells, and each grid cell is a location I € L.

Instead of tracking the trajectory of users con-
tinuously, we can observe only the discrete location
record when users access the location-based services
and contribute their data. In one time slot ¢ of day
d, if the user has multiple records of >1 locations,
the location ! with the largest number of records is
considered as the location of the user in that time
slot, and the trajectory point is represented as 9.
If user u does not have an observable record in time
slot t in day d, then 19! is denoted by a predefined
null, named “missing location.”

Following the previous definition of trajectory
points, each trajectory has T trajectory points,
which represent a user’s mobility trajectory in one
day. Let 7,4 : 131 — 142
u’s trajectory of day d.

— 1%T denote user

For a target day C, we define 7. as the
target trajectory of the user and the trajectories
{TYT2,---T¢~1} in the past days as the histori-
cal trajectories. Given a user’s historical trajectories
with the target trajectory 7,C, the goal of the model
is to recover the target trajectory, by predicting the
users’ real locations for the missing null ones in 7,¢.
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3.2 Pretrained location encoder

To represent the trajectory points in a trajec-
tory, we need to learn the time embedding and loca-
tion embedding of each trajectory point. From the
trajectories of the whole user group, we can learn
the transition relationship of locations which can be
used to learn the pretrained location embeddings.
Although different users have different user-specific
mobility patterns, this module can incorporate the
collective mobility patterns shared by all users into
location embeddings.

Inspired by the impressive results attained
through language modelings in NLP, we apply the
mask location prediction task and use the Trans-
former encoder module (Vaswani et al., 2017) with
the time encoder (TE), which shares the same archi-
tecture of the time encoder in Section 3.5, to pretrain
the location embeddings.

For each historical trajectory 7¢ = {I1%1 —
1492 — ... 5 14T} € Ty from all users’ histori-
cal trajectories, we randomly mask one of the not-
missing trajectory points I%™ to be the null location
lyan. Considering the temporal influence, we rep-
resent the trajectory point embedding as the sum of
the time embedding from a time encoder, which is de-
tailed in Section 3.5, and the pretrained location em-
bedding. We use a Transformer encoder that aims at
reconstructing the masked location embedding with
the input of all the trajectory point embeddings of
the masked trajectory:

{id,l id,2 L id,T}
=TransEnc(I®! + TE(1),1%% + TE(2),---, (1)
Lot + TE(d, n), - - - I%T + TE(T)),

where the n'" trajectory point in the trajectory is
masked, 14" is the reconstructed location embed-
ding of the masked trajectory point, and location
embeddings are trainable parameters. With the re-

constructed location embedding 197 we calculate

the probability of the masked location to be m as
follows: .
[dmn pm
Pin(m) =
> ker (™ 1F)

where (-) represents the inner product, I™ and I*
represent the location embeddings, and L represents
all the locations.

To train the

(2)

encoder, we use  Cross-
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entropy as the loss function:  Losspretrain =
=Y rdeT. y®og(P4m(19m)), where This repre-
sents all users’ historical trajectories, and y®"
is the one-hot representation of the masked
trajectory point 14", This module captures the
collective temporal-spatial patterns by learning the

pretrained location embeddings.
3.3 Fine-tuned GNN location encoder

With the pretrained location encoder, we can
train the location embedding with collective seman-
tic information. However, the location embedding
is not specific enough for the mobility trajectory re-
covery task because each user has his or her own
temporal-spatial pattern and the pretrained loca-
tion embeddings cannot capture it. To fully use the
historical trajectories of users and capture the user-
specific periodicity patterns, we design a GNN lo-
cation encoder to fine-tune the location embeddings
in the historical and target trajectories for ensuing
the trajectory recovery task. It is worth noting that
when training the fine-tuned GNN location encoder,
the input pretrained location embedding is frozen
and is not updated during training. The model de-
sign for this part is discussed in Section 4.4.4.

Considering every single trajectory separately to
capture the location transition patterns is insufficient
due to the sparsity of trajectories. Some works (Feng
et al., 2018; Xia et al., 2021) aggregate a user’s histor-
ical trajectories into one dense trajectory by extract-
ing the location with the highest visiting frequency in
the corresponding time slot. However, this method
cannot use all the historical data of users and may
bring noise since the continuous trajectory points in
the aggregated dense trajectory may not happen on
the same day and cannot reflect the mobility pat-
terns of the user.

To solve the above challenge, we design a fine-
tuned GNN location encoder for simultaneously cap-
turing the intra- and inter-trajectory location tran-
sition patterns in this module. The intra-trajectory
patterns consider the location transition patterns
separately, which can totally use the historical trajec-
tories of the user, while the inter-trajectory location
transition patterns can consider multiple trajectories
together, which can address the sparsity of the data
and learn higher-level location transition patterns.

First, we construct a weighted directed graph
for each trajectory, where the nodes in the graph
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represent locations. Then, we capture the intra-
trajectory location transition patterns by applying
intra-graph information propagation in each graph
through a GNN model. At the same time, we con-
sider the relationship among the nodes representing
the same location in different trajectory graphs. We
apply inter-graph information propagation in multi-
ple graphs through an attention-based method. The
intra-graph information propagation step and inter-
graph information propagation step are combined in
an iterative manner to obtain the fine-tuned location
embeddings of trajectories in this module.

3.3.1 Graph construction

First, for capturing the complex transition pat-
terns hidden in each trajectory, we construct a graph
for each trajectory. Given a trajectory 7¢ = {19! —
142 — ... = 14T} we treat the nonrepeating loca-
tions on the trajectory as the nodes {ly,1ls,, -+ ,In}
and treat each I%? — [+ relationship as a direct
edge. Considering the direction of the edge, we con-
struct two directed graphs G} and G, for a trajec-
tory. Since the location transition relationship can
appear repeatedly, we calculate the weight of the cor-
responding edge as the frequency of the relationship.
Then, we normalize the weights of edges with the
same source node. The weighted adjacency matrices
of the two graphs are A} and AY).

For example, for trajectory 73 = {l1 — l4 —
lo = Iy — Iy} in Fig. 3, the corresponding graph
has three nodes {l1,12,1l4}. For Gy, there will be four
directed edges {ll — l4,l4 — l2712 — ll,ll — lg},
which consider the transition relationship between
14% — 1%+ Since Iy, as the source node, has
two transition patterns with the same frequency, the
weights of these two patterns are 0.5 after normal-
ization. The corresponding weights of the edges
are {0.5, 1, 1, 0.5}. Using the same graph con-
struction method, G, which considers the relation-
ship between 1%t — [%? has four directed edges

7,
7
L

Graph construction
=[l,—1,—1—1,-1)

[yl —l,—1,—1] @ @
T, T

1,1, —1]

{l4 — ll,l2 — l4,l1 — l2,l2 — ll} with Weights {1,
0.5, 0.5, 1}.

For the historical trajectories 7.}, 7.2, - - , 7,61
and target trajectory 7;0 of user u, we can construct
the corresponding graphs G and G‘é and obtain the
adjacency matrices Al and A} for each trajectory

7.2,
3.3.2 Node embedding update

To simultaneously capture the intra- and inter-
trajectory location transition patterns, we design an
iterative node embedding update method to update
the node embeddings.

First, for modeling the complex transition pat-
terns among the graph’s nodes, which correspond
to locations in trajectories, we apply a GNN-based
method. GNN has achieved impressive performance
in many areas by aggregating adjacent nodes’ embed-
dings to update node embeddings. We adopt a gated
GNN (Li YJ et al., 2016), which has been proven
to be able to capture complex transitions among
nodes (Wu S et al., 2019; Sun et al., 2021). In a
gated GNN, the propagation information from adja-
cent nodes is first calculated through a linear trans-
formation in two directed graphs separately. Then,
the propagation information of the nodes in the two
directed graphs A; and Ao is concatenated in each
step s as follows:

M®* =Concat(AS (LSS~ 'Wy + by),
AG (L™ Wo + bo)),

where ¢ € {1,2,---,C'} represents each trajectory of
the user, L% = [I7°,15°,--- | 15°] is the calculated
location embedding of the nodes in step s, N is the
number of nodes in graph Ay, and Wi, W, by, and
bo are learnable parameters for two directed graphs
G1 and Go. The location embedding in step 0 is
obtained from the pretrained location encoder which
considers the collective mobility patterns. To update
the information passed from the adjacent nodes from

— Intra-graph information
propagation step s,

< Intra-graph information
propagation step s,

Fig. 3 A proof-of-concept example of node embedding update
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the previous step of node embedding, the gated GNN
uses the gated recurrent unit (GRU) (Chung et al.,
2014; Seng et al., 2021).
trajectory updated node embedding in step s as

We calculate the intra-

Lo = GRU(L®*™ Y, M©*). (4)

The preceding part deals with intra-graph infor-
mation propagation, which can successfully model
the location transition patterns in each trajectory.
However, it ignores the relationship between multiple
historical trajectories and learns the location embed-
dings in each trajectory independently. For example,
a user tends to go to different restaurants for dinner
after work. If we consider only the transition pattern
“workplace — restaurant,” the relationship between
different restaurants will be ignored.

At the same time, the sparsity of the trajectory
makes independent consideration of each trajectory
insufficient for modeling individual location transi-
tion patterns. We can consider multiple trajectories
together to complement the missing information and
capture the inter-trajectory transition patterns. For
example, in Fig. 1, the user has the mobility pattern
“shopping — having dinner — drinking.” Due to the
lack of records, both the trajectories cannot capture
this pattern.

To solve these disadvantages, we need to enable
different trajectories to exchange information. We
let the nodes representing the same location in dif-
ferent trajectories act as anchors and let the nodes
propagate information among themselves. We imple-
ment inter-trajectory information propagation after
intra-graph information propagation in each step.

In step s, the location I may act as a node with
node embedding {I'*,1%5 ... 1™} in historical
trajectories {77%,7'%,--- , 7'M} and the node em-
bedding 15 in the target trajectory 7¢ after intra-
graph information propagation. We update these
node embeddings for the same location in different
trajectories through an attention-based method. For
each location embedding 1% in the historical trajec-
tories, we define the similarity between it and the
corresponding location embedding in another histor-
ical trajectory 155 as ad and update the node em-
bedding in historical trajectories as follows:

M
1 =3 al(Wigl), (5)
=1
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where
exp (<VVl1l~d>S7 m2[i,s>)
L exp (<m1id>s, leij»s>)

of =

When we update the node embeddings in the
graph of historical trajectories, we use Eq. (5). For
the node embeddings in the graph of the target tra-
jectory, we consider both the historical trajectories
and the target trajectory when calculating ad.

For node embedding update,
gate the adjacent nodes’ information from the
intra-trajectory graph and the same location infor-
mation from the inter-trajectory graphs iteratively
in each step. The iterative update of node embed-
dings enables the location embeddings to model the

we propa-

mobility patterns of both intra- and inter-trajectory
graphs.

A proof-of-concept example is illustrated in
Fig. 3, which has five time slots {t1,t2, - ,t5},
four locations {l,l3,13,l4}, and three trajectories
{T1, T2, T3} of a user. The three graphs on the
right are constructed from these three trajectories.
Due to space limitation, we show one of the two
directed graphs of a trajectory in Fig. 3, with the
same principle being applied to both. The update
process for location embeddings involves both intra-
and inter-graph information propagation steps. Tak-
ing location l; as an example, each graph first up-
dates its own embedding using adjacent node in-
formation within the graph, leading to trajectory-
specific I; embeddings. In this step, GNN enables
intra-trajectory information propagation and cap-
tures the intra-trajectory mobility patterns. Then,
these trajectory-specific I; embeddings are aggre-
gated across different graphs, enriching the I; em-
bedding in one graph with information from all tra-
jectories. The attention-based aggregation among
multiple trajectories helps capture inter-graph infor-
mation propagation. This update process, applied
similarly to other locations, iteratively refines the
embeddings to encapsulate both intra- and inter-
trajectory mobility patterns. After several steps,
we can obtain the fine-tuned location embedding for
each trajectory point.

This module considers the location transition
patterns of historical trajectories to fine-tune the lo-
cation embedding in the historical and target tra-
jectories for the subsequent trajectory recovery task.
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The output node embedding 14 of the last step S
is considered as the final trajectory point embedding
of the trajectory 7.

3.4 Contrastive learning task

With the pretrained location encoder and fine-
tuned location encoder, we can obtain the trajectory
point embeddings of historical and target trajecto-
ries, which are then used by the trajectory recovery
module (Section 3.5) for recovering the missed tra-
jectory point in the target trajectory. However, due
to the requirement of users’ contribution in location-
based services, the distribution of the observable tra-
jectory points in a trajectory is usually sparse, irreg-
ular, and unpredictable. Since the trajectory point
embedding is closely related to the other observable
trajectory points, the robustness of the model en-
countering different distributions of the observable
trajectory points is essential for improving the qual-
ity of trajectory point embeddings.

To improve the robustness of the model when
encountering different incomplete trajectory con-
texts, we design a trajectory-level embedding con-
trastive learning task. For one targeted recovery
route of a user, due to the randomness of the time
at which the user visits the location-based services
and contributes the relevant information, the dis-
tribution of the observable trajectory points can be
different. For one missing trajectory point, different
observable trajectory point distributions have differ-
ent influences on its recovery. The distribution shift
reduces the robustness of the model. Unfortunately,
directly minimizing the difference caused by the dis-
tribution shift is hard. Therefore, we replace it by
indirectly maximizing the similarity of the trajec-
tory representations modeled by the distributions of
different observable trajectory points.

For one targeted recovery trajectory, we ran-
domly mask the same number of trajectory points
of the original trajectory to construct two sub-
trajectories 7¢ and 7'¢. These two trajectories
correspond to the same route while having differ-
ent observable trajectory point distributions. With
the pretrained and fine-tuned location encoders, we
can obtain the location embeddings {I',12,--- 1M}
and {112, I’M'} of the two different randomly
masked target trajectories. Then, we want to learn
the trajectory embeddings of 7¢ and 7'¢ and max-
imize the similarity between them. It is noteworthy
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that the location embeddings are the output of the
fine-tuned GNN location encoder, which means that
the location embeddings have integrated some histor-
ical information of the users. It makes constructing
similar trajectory embeddings under different mask-
ing situations more feasible.

We aggregate the fine-tuned location embed-
dings of the target trajectory with an attention-based
trajectory encoder to obtain the trajectory embed-
dings. The trajectory embedding t© of the trajectory
T can be calculated as follows:

M
tC =Y ail’, (6)
=1

where

exp(qTa(W.l'))
Y M exp(qTo(Weld))’

Q; =

g and W, are learnable parameters and o(-) repre-
sents the rectified linear unit (ReLU) function. The
trajectory embedding #'C of the trajectory 7' can
be calculated using Eq. (6) in the same way.

Inspired by Chen XL and He (2021), we max-
imize the similarity between two trajectory embed-
dings while avoiding collapsing solutions by using
the stop-gradient operations. With ¢t and ¢/, we
apply a multilayer perceptron (MLP) layer as the
predictor, denoted as h, on one of the trajectory em-
beddings to predict the other one, while applying the
stop-gradient operation on the other embedding to
avoid the collapsing solutions:

P =n(t%), p'“ =n(t'c). (7)
We minimize the negative cosine similarity between
the predictor output embedding p© and the trajec-

tory encoder output embedding +'“, as follows:
C 1C
p t
D(pc7 tlc) = ) (8)
P12 11l
where || - ||2 is the l3-norm. To calculate a sym-

metrized loss with the stop-gradient operation, the
loss of the trajectory embedding contrastive learning
task is

1
Losse == (D(p©, stopgrad(t'“
5(D(p pgrad(t™)) (9)
+ D(p'®, stopgrad(t©))).
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This contrastive learning task then further trains the
location embeddings to adapt different distribution
scenarios of missing points.

3.5 Trajectory recovery module

In this module, we first use a time encoder to in-
tegrate spatial-temporal patterns. Then, we fuse the
historical spatial-temporal patterns into the target
trajectory recovery. Finally, a trajectory recovery
layer generates locations as recovery.

3.5.1 Time encoder

To integrate the spatial-temporal patterns, we
add the time embedding to the corresponding loca-
tion embedding as the trajectory point embedding.
The time embeddings should have the same dimen-
sion as the location embeddings. Following Vaswani
et al. (2017), we calculate the time embedding for
each time slot t as follows:

{ TE(t, 2i) = sin(¢/100 000%/%), (10)

TE(t, 2i + 1) = cos(t/100 000%/%),

where 4 is the dimension of the embedding. For
a trajectory point with location I and time slot ¢
in trajectory 7, the trajectory point embedding is
et = TE(t) 4+ 1%°, where 147 is the output at the
last step of the fine-tuned GNN location encoder.

3.5.2 Historical trajectory aggregator

We next proceed to combine the information
from the properly processed historical trajectories
and target trajectory to recover the missing loca-
tions. A direct solution to recover a trajectory point
in the target trajectory is to aggregate the related
representation of the location of the trajectory point
and obtain the historical-related trajectory point em-
bedding, which can provide additional information
for recovery. To implement the solution, we calculate
the similarity of the recovered trajectory point and
trajectory point embeddings in all the historical tra-
jectories and aggregate all trajectory point embed-
dings according to their similarity levels. For clarity,
we separate the aggregation into two steps. First, we
aggregate information at the trajectory point level.
For each trajectory, we apply the cross-attention
layer to compare the representation of the recovered
trajectory point with all the points in the trajectory
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and gain the trajectory-related embeddings. Then,
we apply the soft attention layer to aggregate all the
trajectory-related embeddings for recovery.

In the cross-attention layer, we calculate the
similarity between the trajectory point of time slot
t in the target trajectory 7¢ and time slot k in the
historical trajectory T as oy k,q and the trajectory-
related embedding as follows:

T
éra=» aiaWee™, (11)
i=1
where
exXp (<Wclec’ta Wc2ed"i>)
Q. d =

ST exp (WeieCt, Weaedd))’

é:,q represents the additional information that the
trajectory 7% can provide for the recovery of the '
trajectory point in the target trajectory, e®! is the
representation slot ¢ in the target trajectory 7¢, e®*
is the representation of time slot k in the historical
trajectory 7¢, and T is the number of time slots in
the trajectory.

To stabilize the learning process and enable the
model to jointly attend to information at different
positions, we apply the multihead attention mecha-
nism. We concatenate all the output embeddings of
H heads and apply a transformation matrix for the
final embedding with historical trajectory informa-
tion. We add a residual connection to preserve the
current information of the target trajectory point:

é"!=ReLU(W_4 - Concat(é] 4,€7 4, ..., é1;)+e™").
(12)
To further combine all the historical informa-
tion, the soft attention layer leverages the soft atten-
tion mechanism to calculate the similarity between
the representation e of the t' trajectory point in
the target trajectory 7¢ and the corresponding his-
torical trajectory embedding é*? in 7% With the
similarity oy.q, we aggregate the historical-related
embedding as follows:

(13)

where

ar; = q o(Wae' + Woé'' +b),
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e, is the aggregated embedding with all the historical
information, q is a learnable parameter, and C' — 1
is defined as the number of historical trajectories.
With a residual connection for preserving the current
information, the final trajectory point embedding of
the target trajectory is

C.,t).

e, = W3 - Concat (e}, e (14)

3.5.3 Trajectory recovery layer

With the predicted trajectory point embedding
e:, we apply a trajectory recovery layer for calculat-
ing the probability that the missing location is I at
time slot ¢ in the target trajectory:
<ét7 ls>
A N )
where P;(s) is the probability of the location of the
t*" trajectory point to be location s, and I* is the
corresponding pretrained location embedding. The
location with the maximum probability is identified
as the recovery result.

(15)

3.6 Model training

To train the model, we use cross-entropy as the
loss function:

LosSiee = —

S yllog(py),

TEDteTM

(16)

where y! is the one-hot representation of the
ground-truth location of the ' trajectory point
in the trajectory 7, TM represents all the miss-
ing trajectory points of trajectory 7, D repre-
sents all the trajectories to be recovered, and p; =
[P (1), Pi(2), -, Bi(L)].

To better capture the spatial proximity, as in
Sun et al. (2021), we add a noise contrastive estima-
tion (NCE) based distance loss, as follows:

Lais = Z Z Z wZ’t . max(||éT’t - epH2
)

TeDteTM penat),
agN @)

— 17" — e?|2,0),
(17)
where

Wt — exp(Dist(p, %))

! ZieN(th) exp(Dist(1;,15))’
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I represents the ground-truth location of the ¢*
trajectory point in trajectory T, N(I%) represents
the top K locations nearest to the target location
1%, p and q are the pretrained location embeddings,
and Dist(-) represents the distance between two lo-
cations. For each missing trajectory point, we treat
p € N(l%) as positive neighbors and randomly sam-
ple K locations g ¢ N(I%) as negative samples.
Then, we randomly choose K pairs of positive and
negative samples; further, we calculate the NCE-
based distance loss as in Eq. (17). With this loss, we
aim to increase the embedding similarity between
positive pairs and decrease the embedding similarity
between negative pairs.

Finally, we have the total loss as Loss =
Losspec + A1Loss. + AsLossgis, where A\; and Ay are
hyperparameters to balance the three losses.

4 Experiments
4.1 Datasets

We use three representative datasets for our
study. (1) The GeoLife dataset (Zheng et al.,
2008, 2009, 2010) was collected from Microsoft
Research Asia’s Geolife project, which had data
from 182 users over a period of > 5 years (from
April 2007 to August 2012), which is commonly
used in the learning of trajectories (Sun et al.,
2021; Xia et al., 2021). Each trajectory can be
represented by a sequence of time-stamped points,
each of which contains information on latitude and
longitude. (2) The Foursquare dataset (Yang DQ
et al., 2015) was collected from the Foursquare
social network from April 12, 2012 to February 16,
2013, which is also widely used in the learning of
trajectories (Feng et al., 2018; Sun et al., 2021).
Each record in the dataset represents a check-in
event, and it contains the anonymized user ID,
the latitude and longitude of the POI, and the
corresponding time stamp. We normalize the collec-
tion period into 14 days while keeping the original
order of the trajectory. (3) The Porto Taxi dataset
(https://www.kaggle.com/competitions/pkdd-15-
predict-taxi-service-trajectory-i/overview) provides
the accurate trajectories of 442 taxis running in the
city of Porto, Portugal, from July 1, 2013 to June 30,
2014. It is widely used in the learning of trajectory
prediction (Deng et al., 2022; Xu et al., 2022; Gao



1490

et al., 2023). It provides the anonymous identifiers
of taxi drivers and the latitudes and longitudes of
the taxis. Although the trajectory of the taxi is
partly determined by the passenger, we assume that
the taxi’s trajectory is also related to the driver’s
personal driving habits, and we hope that our model
can capture this pattern.

For location representation, we partition the
city into equally sized grids. As in Sun et al. (2021),
we set the side length as 500 m for each grid in the
datasets. Following previous works (Sun et al., 2021;
Xia et al., 2021), we set the time interval as 30 min,
which means that each trajectory has 48 trajectory
points. For model training and testing, we filter out
the trajectories with < 12 trajectory points observed
and filter out the users with < 5 trajectories for the
datasets. The final detailed statistics of the prepro-
cessed datasets are summarized in Table 1.

4.2 Baselines

To demonstrate the effectiveness of our pro-
posed method, we compare it with some rule-based
models, classic sequential data processing models,
and state-of-the-art deep learning models.

Top is an intuitive counting based model. The
top K popular locations in the training set are used
as the recovery results for each missing location.

Time Top recovers the missing location as the
top K popular locations in the corresponding time
slot in the training set.

LSTM (Liu et al., 2016), short for long short-
term memory network, considers the trajectory
points earlier than the predicted trajectory points
and uses a forward RNN for recovery.

BILSTM (Zhao et al., 2018), short for bidi-
rectional long short-term memory network, extends
LSTM by a bidirectional LSTM network to consider
the bidirectional trajectory points for prediction.

DeepMove (Feng et al., 2018) uses a historical
attention module to aggregate the historical trajec-
tory information into the target trajectory and con-
siders the user preferences. We use the prediction of
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the next location as the recovery result.

AttnMove (Xia et al., 2021) designs various at-
tention mechanisms to model mobility regularity and
historical pattern of users for trajectory recovery.

PeriodicMove (Sun et al., 2021) is a state-of-the-
art mobility trajectory recovery model that leverages
a GNN-based attention mechanism for trajectory
recovery.

GETNext (Yang S et al., 2022) is a state-of-
the-art POI recommendation model. It proposes a
user-agnostic global trajectory flow map and a novel
graph enhanced Transformer model to capture the
collaborative mobility patterns. Similar to Deep-
Move, we use the prediction of the next location as
the recovery result.

TrajBERT (Si et al., 2024) applies the Trans-
former encoder to capture the bidirectional mobil-
ity patterns and to design a novel spatial-temporal-
aware loss function to refine the prediction.

4.3 Experimental settings

For all datasets, we sort each user’s trajectories
by time and take the first 70% trajectories excluding
the first three trajectories as the training dataset.
The first three trajectories (Xia et al., 2021) of a
user can guarantee that each recovered trajectory
has at least three historical trajectories. The follow-
ing 10% and the remaining 20% trajectories make
up the validation dataset and test dataset, respec-
tively. To evaluate the performance, we randomly
mask 10 observed trajectory points in the trajectory
and use the observed location as the ground truth.
For the contrastive learning task, we construct a pos-
itive sample for each target trajectory by applying a
different random mask policy on the ground truth.

To implement our model, we use PyTorch, a
widely used open source machine learning frame-
work. For our model, we set the hidden size to be 128.
The Adam optimizer is used to optimize our model,
with a default learning rate of 0.001 and minibatch
size of 50. We set the dropout rate to be 0.3 in the
trajectory recovery layer to prevent overfitting. The

Table 1 Basic statistics of mobility datasets

Dataset City Duration Number of users Number of locations Number of trajectories
GeolLife Beijing >5 years 61 2280 1653
Foursquare New York 10 months 315 2435 2146
Porto Taxi Porto 1 year 433 1088 90 253
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contrastive learning loss weight A\; and distance loss
weight Ao are set to be 0.1.

To evaluate the performance of the model, we
apply three key metrics, namely, Recall@K (Liu
et al., 2016; Xi et al., 2019; Sun et al., 2021; Xia
et al., 2021), Distance@K (Sun et al., 2021; Xia et al.,
2021), and mean average precision (MAP) (Liu et al.,
2016; Xi et al., 2019; Sun et al., 2021; Xia et al.,
2021). For one trajectory point to be recovered, if
the ground-truth location is in the predicted top K
probability ranked list, recall value is 1; otherwise,
the value is 0. The average recall value for all the
trajectory points to be recovered is RecallQK. A
larger Recall@K value implies a better performance.
Distance@K of a trajectory point is the smallest geo-
graphical distance between the center of the ground-
truth location and the center of the locations in the
predicted top K probability ranked list. A smaller
MAP
is a widely used metric for ranking tasks that can
consider the global ranked list. Therefore, we use it
to evaluate the whole ranked list of all the locations.
A larger MAP implies a better performance.

Distance@K implies a better performance.
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4.4 Experimental results
4.4.1 Overall performance

We compare our model with baselines, and the
experimental results are shown in Table 2. We have
the following observations:

First, the rule-based models have the worst per-
formance for almost all evaluation metrics on all
datasets. Although the most frequently visited lo-
cation could reflect the mobility patterns, the per-
formance of rule-based models is still not acceptable
for recovery. The RNN-based models achieve better
performance than rule-based models because they
can characterize location transition patterns. The
bidirectional model performs better than the single-
direction one because the former can consider more
information in recovery.

Second, the models that consider historical tra-
jectories have smaller distances than the ones that
consider just the target trajectory. A possible reason
is that historical data can basically reflect the geo-
graphical mobility patterns of users, which makes
the model more user-specific.

Table 2 Overall performance comparison

Dataset Model Recall@l  Recall@3  Recall@5  Distance@l  Distance@3  Distance@5b MAP
Top 0.016 0.071 0.100 8451 7444 7351 0.069

Time Top 0.032 0.078 0.116 8628 6908 6158 0.080

LSTM 0.050 0.105 0.160 8971 6775 5884 0.109

BiLSTM 0.156 0.242 0.291 8628 5998 5128 0.221

GeoLife DeepMove 0.130 0.282 0.351 8037 5852 4982 0.233
AttnMove 0.130 0.219 0.260 7900 5842 5071 0.191

PeriodicMove 0.173 0.295 0.359 7860 5063 4146 0.260

GETNext 0.214 0.300 0.338 11 328 6284 4788 0.271

TrajBERT 0.217 0.285 0.309 13 613 7706 6025 0.260

CLMove 0.224 0.362 0.421 6331 4174 3434 0.318

Top 0.021 0.051 0.067 9338 8560 7359 0.055

Time Top 0.018 0.045 0.064 9708 8312 7552 0.048

LSTM 0.022 0.039 0.045 9209 8037 7059 0.037

BiLSTM 0.113 0.184 0.221 9321 5946 4924 0.172

Foursquare DeepMove 0.253 0.385 0.435 5428 3037 2402 0.340
AttnMove 0.235 0.317 0.350 6493 4349 3632 0.294

PeriodicMove 0.259 0.397 0.451 5686 3057 2418 0.349

GETNext 0.241 0.445 0.530 12 201 5462 3739 0.368

TrajBERT 0.192 0.248 0.269 12 982 7584 5789 0.230

CLMove 0.272 0.452 0.510 5247 2581 1991 0.384

Top 0.093 0.207 0.260 1240 1144 1100 0.189

Time Top 0.103 0.217 0.286 1236 1114 1047 0.201

LSTM 0.106 0.217 0.288 1265 1146 1092 0.203

BiLSTM 0.150 0.262 0.335 1250 990 868 0.247

Porto Taxi DeepMove 0.167 0.281 0.345 1259 951 843 0.261
AttnMove 0.160 0.275 0.346 1260 917 789 0.257

PeriodicMove 0.169 0.281 0.349 1245 925 799 0.264

GETNext 0.112 0.218 0.283 1186 1093 1052 0.197

TrajBERT 0.154 0.269 0.338 1270 997 886 0.249

CLMove 0.172 0.289 0.359 1243 920 791 0.270

Best results are in bold
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Finally, our model outperforms all the baselines
for all the chosen evaluation metrics on all datasets
(except for the distance metrics in the Porto Taxi
dataset and the Recall@5 metric in the Foursquare
dataset, where our model slightly underperforms by
4.8%, 0.3%, 0.2%, and 3.8% compared to the best re-
sults). Specifically, recall of our model outperforms
the best baseline by 3.2%-20.7% on the GeoLife
dataset and 1.8%-2.9% on the Porto Taxi dataset.
Distance of our model outperforms that of the best
baseline by 17.2%-19.4% on the GeoLife dataset and
3.3%—-17.1% on the Foursquare dataset. MAP of our
model outperforms that of the best baseline by 17.3%
on the GeoLife dataset, 4.3% on the Foursquare
dataset, and 2.3% on the Porto Taxi dataset. These
great improvements indicate that our approach can
well model human mobility patterns.

4.4.2 Ablation study

To evaluate the effectiveness of each component
of the model, we perform a series of ablation studies
by removing them one by one (Xi et al., 2019; Sun
et al., 2021; Xia et al., 2021). The results are shown
in Table 3. We gradually remove the contrastive
learning loss in training, use randomly initialized lo-
cation embeddings instead of the pretrained loca-
tion embeddings, and remove the inter-graph loca-
tion embedding update. The results show that our
model outperforms all the ablations and the effec-
tiveness of our model design is proved.

4.4.3 Robustness analysis

One challenge in trajectory recovery is the spar-
sity of data. To assess the model’s performance un-
der different degrees of data sparsity, we conduct a
robustness analysis experiment following the prac-
tices in prior studies (Sun et al., 2021; Xia et al.,
2021). We control data sparsity by altering the ratio
of missing trajectory points in historical trajectories

from 0% to 80% to simulate potential sparse data
scenarios in the real world. In the 0% scenario, all
historical trajectories are used for recovery. For the
20%, 40%, 60%, and 80% scenarios, the correspond-
ing percentages of trajectory points in each histori-
cal trajectory are randomly masked as missing. The
higher the missing rate in historical trajectories, the
sparser the data.

We compare CLMove with two baselines specif-
ically designed for trajectory recovery tasks, namely,
PeriodicMove and TrajBERT. Fig. 4 shows Recall@1
and MAP of the three models under five different
data sparsity levels. As expected, the recovery per-
formance of all models decreases with the increase of
data sparsity. Additionally, CLMove maintains the
best performance across all levels of data sparsity
compared to the other two models, which demon-
strates its robustness in handling various sparsity
scenarios in mobility data.

4.4.4 Effect of pretrained location embedding

During the training of the fine-tuned GNN loca-
tion encoder, we freeze the pretrained location em-
bedding. We compare the frozen mode with the
not-frozen mode in Table 4. For most metrics and
datasets, we can find that the frozen mode is bet-
ter, which is consistent with the results of previous
work (Deng et al., 2022). The reason might be that if
the pretrained location embedding is not frozen dur-
ing the training of the fine-tuned GNN location en-
coder, then the collective pattern information stored
in the pretrained location embedding would be mod-
ified and dropped, and it thus goes against the re-
covery of the trajectory.

4.4.5 Sensitivity of hyperparameter hidden size

We further investigate the sensitivity of the hid-
den size of the hyperparameter. We change the hid-
den size in {8,16,32,64,128,256}. From Fig. 5, we

Table 3 Ablation study

Model GeolLife Foursquare Porto Taxi
Recall@l Distance@l MAP Recall@l Distance@l MAP Recall@l Distance@l MAP
CLMove 0.224 6331 0.318 0.272 5247 0.384 0.172 1243 0.270
w/o contrastive learning 0.216 6553 0.310  0.267 5428 0.376  0.171 1243 0.269
w/o pretrained location encoder 0.178 7593 0.260  0.261 5438 0.360 0.164 1261 0.260
w/o inter-graph embedding update 0.173 7860 0.260  0.259 5686 0.349  0.162 1260 0.259

w/o0: without. Best results are in bold
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Table 4 Effect of pretrained location embedding

GeolLife Foursquare Porto Taxi
Model
Recall@l  Distance@1 MAP  Recall@l Distance@l MAP  Recall@l Distance@l MAP
Frozen 0.224 6331 0.318 0.272 5247 0.384 0.172 1243 0.270
Not-frozen 0.211 6056 0.318 0.263 5386 0.373 0.160 1265 0.257
Better results are in bold
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Fig. 4 Comparison of model performance under different missing rates of observable trajectory points:
(a) Recall@1 of GeoLife dataset; (b) Recall@1l of Foursquare dataset; (c) Recall@1 of Porto Taxi dataset; (d)
MAP of GeoLife dataset; (e¢) MAP of Foursquare dataset; (f) MAP of Porto Taxi dataset
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(b) Recall@K and MAP of Foursquare dataset; (c) Recall@K and MAP of Porto Taxi dataset; (d) Distance@QK
of GeoLife dataset; (e) Distance@K of Foursquare dataset; (f) Distance@K of Porto Taxi dataset
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can observe that as the hidden size increases, the
performance of the model increases first, and when
it reaches a threshold, the performance starts to be
stable. Experimental results show that for the three
datasets, a hidden size of 128 is enough.

5 Conclusions and future work

In this paper, we propose CLMove, a novel hu-
man mobility trajectory recovery model based on
contrastive learning. CLMove encodes individual
and collective mobility patterns into location embed-
dings by the action of a pretrained and fine-tuned lo-
cation encoder. For the fine-tuned location encoder,
the encoded information is propagated in both inter-
and intra-trajectory modes through a GNN-based
network in an iterative way. We further design a
trajectory-level contrastive learning task to improve
the robustness of CLMove. Extensive experimental
analysis of three real-world datasets shows the effec-
tiveness of our proposed model.

In the future, we plan to apply our model to
other datasets with different granularities to evalu-
ate the capability of our model when facing a finer-
granular scenario. Furthermore, we plan to extend
the proposed model by integrating more kinds of
data sources, such as POI information, into our
model.
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