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ABSTRACT

While exploring human mobility can benefit many applications
such as smart transportation, city planning, and urban economics,
there are two key questions that need to be answered: (i) What is the
nature of the spatial diffusion of human mobility across regions with
different urban functions? (ii) How to spot and trace the trip pur-
poses of human mobility trajectories? To answer these questions,
we study large-scale and city-wide taxi trajectories; and furtherly
organize them as arrival sequences according to the chronological
arrival time. We figure out an important property across different
regions from the arrival sequences, namely human mobility synchro-
nization effect, which can be exploited to explain the phenomenon
that two regions have similar arrival patterns in particular time
periods if they share similar urban functions. In addition, the arrival
sequences are mixed by arrival events with distinct trip purposes,
which can be revealed by the regional environment of both the
origins and destinations. To that end, in this paper, we develop a
joint model that integrates Mixture of Hawkes Process (MHP) with
a hierarchical topic model to capture the arrival sequences with
mixed trip purposes. Essentially, the human mobility synchroniza-
tion effect is encoded as a synchronization rate in the MHP; while
the regional environment is modeled by introducing latent Trip
Purpose and POI Topic to generate the Point of Interests (POIs) in
the regions. Moreover, we provide an effective inference algorithm
for parameter learning. Finally, we conduct intensive experiments
on synthetic data and real-world data, and the experimental results
have demonstrated the effectiveness of the proposed model.
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1 INTRODUCTION

The pervasiveness of GPS-equipped devices have accumulated large-
scale human mobility data, such as taxicab GPS trajectories, cell-
phone traces, geo-tagged posts and photos. Such fine-grained tra-
jectory data, including where and when people leave, where and
when they arrive, represent an invaluable source of information
for understanding the nature of and exploring the semantics of
human mobility, which can be benefit many applications such as
smart transportation, city planning and governance, and urban
economics [7, 21, 26, 27].

In most cases, people’s mobility behaviors after they leave the
taxi remains un-tracked, and we have no clues about their specific
destinations and afterward activities. Therefore, in order to extend
the analysis of human mobility, the focus of this paper is to develop
a general probabilistic model to describe the arrival events at a
region and spot trip purposes simultaneously. Then, the following
two key questions need to be answered: (i) What is the spatial
diffusion of human mobility across functional regions? (ii) How to
spot and trace the latent trip purposes of taxi trajectories?

To answer these questions, we study the large-scale and city-
wide taxi trajectories. We observe and identify a very important
property of human mobility, which is, human mobility synchro-
nization. In other words, if two regions share similar spatial con-
figurations and urban functions in a particular time period, the
two regions are likely to have similar patterns of arrival events.
For instance, in the Greater New York area, there are two famous
international airports (Newark and JFK) providing domestic and
international flight services. It is likely that trips to the two places
usually share similar purposes: to fly out or to pick up others; as
Figure 1 shows, the distributions of arrival events around the two
places in a common workday shares similar temporal patterns, with
peaks in the early morning and afternoon.

In particular, a trajectory can be regarded as a mobility arrival
event consisting of three elements: the destination region, the origin
region, and the time period and each arrival event is associated
with a trip purpose. However, it is difficult to identify the trip
purpose of a single arrival event with high confidence, if each
trip is analyzed individually and independently. Alternatively, we
organize arrival events as a sequence in terms of chronological
arrival times, so as to obtain higher confidence for identifying
trip purposes at an aggregate level. For instance, if we observe
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JFK international airport arival distribution on workdays ~ Newark intemnational airport arrival distribution on workdays
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Figure 1: Taxi arrival distribution of JFK Airport and
Newark Airport

massive arrival events from 7AM to 9AM in a specific region, it
is likely that the trip purposes are to work. Moreover, suppose
this region has many companies, banks, office buildings, then the
function of the region is likely to be office function, and we have
higher confidence to identify the trip purposes of arrival events as
to work. Furthermore, assuming there are two regions of office
function, we observe massive arrival events in both regions from
7AM to 9AM. Based on the synchronization property, we have
much higher confidence to identify the trip purposes of the arrival
events in both regions are to work. While the above intuition
demonstrates the correlations among mobility arrivals, functional
regions, and trip purposes, how to jointly model the correlations
for describing mobility arrivals and tracing trip purposes is still a
technical question.

In addition, trip purposes are not only relevant to the urban
function of the destinations but also related to the origins. For
example, a trajectory from a residential region to an office region
is likely to be associated with a working purpose. However, a
region in urban areas contains different types of POIs and thus is
usually mixed with multiple functionalities [33], making it difficult
to exploit functional regions for spotting trip purposes. For example,
the Times Square is one famous scenic spot mixed with numerous
office buildings. The arrival events in Times Square then can be
attributed to various purposes. To overcome the challenge, we
exploit a topic modeling method, where origin and destination
regions are regarded as documents and POIs are regarded as words,
for profiling the portfolios of POI topics in each region.

Along this line, we provide a unique perspective of modeling
human mobility data as a stochastic process for simultaneously
capturing mobility arrival events and trip purposes. Specifically, we
develop a unified probabilistic model by combining a multivariate
Hawkes mixture model with a hierarchical POI topic model. First,
the Hawkes mixture model exploits the synchronization property
to describe mobility arrivals and trace trip purposes. In particu-
lar, we first organize trajectories as a sequence of chronological
arrival events, with each having a specific trip purpose. We then
introduce a mixture of Hawkes processes to track the arrival se-
quences with distinct trip purposes, by assuming each Hawkes
process corresponds to a kind of trip purposes. Essentially, in mod-
eling the arrival sequences, the emergence of arrival events with
a specific purpose at a region can possibly synchronize to other
similar regions, such effect is modeled with a synchronization rate.
Second, the trip purpose of an arrival can be inferred by its POI
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topics of origin and the POI topics of destination. Then, we intro-
duce a latent variable POI Topic to model the mixture of regional
functionalities with regards to POI distributions. Therefore, a hier-
archical topic model can be extended by establishing connections
between POI Topic and the latent trip purpose. Also, we provide
an effective learning algorithm for estimating the parameters. Fi-
nally, we conduct intensive experiments on both synthetic data and
real-world data, and the experimental results have demonstrated
the effectiveness of our proposed model.

2 PRELIMINARY
2.1 Arrival Sequences

In order to distinguish the traffic flow into different purposes and
identify the corresponding arrival patterns in aggregate, we firstly
transform the independent arrival events into arrival sequences.
To be more specific, we firstly divide the map according to the
latitude and longitude, resulting in multiple divided small regions
in the city. Then, each taxi trajectory from one region to another
can be regarded as an event, with each consisting of the origin
and destination, as well as the time. Considering the arrival time
chronologically, we can organize the events as an arrival sequence.

Usually the events in time sequences are homogeneous and
only the underlying temporal patterns can be extracted from the
sequences. Nevertheless, the arrival events are assumed to have
distinct types or goals, and in order to reveal the hidden purposes
of the taxi trips, we resort to the regional environment, which can
be further depicted by the POIs located in the regions, since the
POIs in a region can be viewed as a set of independent functionali-
ties, and together reflecting the functional mixtures of the regions.
Therefore, the arrival events are heterogeneous with the informa-
tion about the POIs around the origins and destinations, as well
as the arrival time, which can be defined as a three-element tuple:
(Porerigin pordestination aprival time).

Furthermore, the events are assumed to be inter-correlated with
each other because different regions with similar functionality may
synchronize with each other on the arrival events. For example, in
holiday seasons, when we see people flock in one particular business
area of a city, the other region with shopping malls assembled has
higher probability to have a great number of arrival events at the
same time. In this paper, we define such effect across different
regions as human mobility synchronization effect.

DEFINITION 1. (Human mobility synchronization) Human
mobility synchronization refers to the phenomenon that the arrival
events with a particular trip purpose at two or more regions has similar
arrival rate at the same time.

By discovering the synchronization effect across different re-
gions, the arrival patterns with a specific trip purpose can be mutu-
ally learned from the synchronized regions, and to better reveal the
distribution of urban functions in the city. Therefore, the arrival se-
quence with several different trip purposes contains heterogeneous
events which are also self-correlated.

2.2 Problem Definition

Given a city map and taxi trajectories, along with the accurate
positions of POIs on the map, we can organize the taxi trajectories
as arrival sequences accordingly. The arrival sequence consists of
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a set of arrival events E = {E1,Ey, - - - , EN}, in which each event
corresponds to a three-element tuple (W,?, W,fl , tn), representing
the POIs around the origin and the destination, and the arrival time
respectively. Here W) = {wgl, wgz, o+, w2, -} indicates the set
of POIs in the regions of the origin point Oy, with each element in
the set w), representing one particular POl in the region. Assume
that there are M trip purposes underlying all the taxi trajectories,
and then the problem can then be defined as follows, i) modeling
the heterogeneous and self-correlated arrival sequences; ii) identi-
fying the M types of trip purposes from the arrival sequences; iii)
revealing the traffic flow with different trip purposes at different
time periods for each region.

3 MODEL
3.1 Hawkes Process

Before we introduce the model for the arrival sequences, we briefly
introduce the Hawkes Process [12]. Point process models the events
in a time sequence with N events {Ej,--- ,EnN}. It generally as-
sumes that historical events before time ¢, which is H (¢), can in-
fluence the future events with a conditional intensity function as
follows,
E[N(t + At)|H;] .
— ¢Y)
The above intensity function simply depicts the expected rates
conditioned on the past events. Obviously, Hawkes Process does
not follow Markovian property since the events at ¢ are not only
influenced by the events at time t — 1. More formally, the univariate
Hawkes Process N(t) is defined by,

AtH(®) = lim

t
At) = p(t) + f 4t — 5)dN(s). @

where p is the base intensity, g(-) is a kernal function describing
the time decay effect of past events on current events. With the
Hawkes Process, the self-exciting property can be captured, and
such property is indeed a common phenomenon in different types
of sequences. In our previously defined arrival sequences, such
property may not hold if the events are treated as a univariate
Hawkes Process with same intensity function, because the influence
across different regions cannot be encoded through the self-exciting
process.

Obviously, the univariate Hawkes Process can be extended to
handle multi-dimensional random processes, which is know for
multivariate Hawkes Process (MHP). In the multivariate case, differ-
ent dimensions are correlated with each other, and a kernal function
garq is introduced to model the triggering effect between a pair
of dimensions. To be more specific, suppose the sequence can be
described by a D-dimensional variable, then for each dimension d,
the intensity function can be defined separately as follows,

D t
@ =0+ Y, [ gaalt-9aNe©.  ©)
d'=1v%

Considering the arrival sequences, each region i can be treated as
a separate dimension; however, the arrival events at the same region
may show distinct arrival patterns if trip purposes are considered
separately, thus we have to exploit mixture of Hawkes Process
(MHP) to incorporate the latent trip purposes in modeling the
heterogeneous arrival sequences.
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3.2 Mixture of Hawkes Processes in Modeling
Arrival Sequences

In this paper, we aim to model the previously defined arrival se-
quences in terms of the arrival time at different regions of the city,
and meanwhile with distinct trip purposes. Moreover, the inter-
correlations between the events, or the synchronization effect across
different regions are considered to uncover the arrival patterns of
the trip. Since we assume that there are M types of trip purposes
underlying all the arrival sequence, we then exploit MHP to model
the heterogeneous arrival sequences.

We partition the city map into different regions, and let the
“regions” be labeled as i = 1, 2, ..., I. Then, the arrival sequence can
be regarded as a series of events at these I regions. We assume that
there are M trip purposes underlying the taxi trajectories, then for
each region i, the arrival events with purpose m can be modeled
as one particular Hawkes Process. Therefore, we introduce a set
of latent variables {G,} to represent the purpose of each event E,
respectively. Specifically, G, = {Gn1,...,Gppr} is a binary vector
with Gp, = 1if and only if the arrival event E, belongs to purpose
m.

Meanwhile, according to the definition of human mobility syn-
chronization, the arrival patterns of trips with similar purposes can
synchronize across different regions. Therefore, suppose there is a
synchronization structure for trip purpose m between the regions,
which can be represented as a set of non-negative weights {ai’;?},
i,j=1,2,...,1,m=1,2,...,M over all the regions distributed in the
map.

Therefore, we model the arrival sequence with synchronization
structure in the framework of mixture of Hawkes Process [32].
Specifically, we have a multivariate Hawkes Process {Np, ;(t)},
representing the number of arrival events at region i, with trip
purpose m at time ¢, and the intensity can be defined as,

I t
K@) = i+ Y [ glt=s)aNmy9). @
=T e

Here pi;, m specifies the rate that region i got visited sponta-
neously with trip purpose m. The base rate of visiting with purpose
m is given by yn,, and the specific rate related to the region with
node i is y;, thus y; m = piym. The function g(t) : R+ —» Ry isa
kernel function expressing the time-decay effect. We can pick g(t)
to be a function that is equal to zero when ¢ > 2 (hours), such that
we capture the temporal regularity of human mobility.

We can further extend Eq. (4) in a more practical form as follows,

Liym(t) = piym + ), Gimafhg(t—1)) . 5)

<t

3.3 Hierarchical Topic Modeling for Trip
Purposes

As discussed previously, the trip purpose can be reflected by the
neighborhood environment of both the origin place and the desti-
nation place, because the POIs in the neighborhood corresponds
to travelers’ afterward activities when they leave the taxi in an ag-
gregate level. However, the regional environment is usually mixed
with multiple categories of POIs, in order to better uncover the
urban functionality of a region, we introduce a latent variable POI
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Topice {1,---,r, -+, R} to represent the mixture of POIs, which is
indeed in spirit of traditional topic model such as LDA [1]. Then,
the POIs W° located in the origin neighborhood and the POIs W4
in the destination neighborhood can be regarded as words in docu-
ments, which can be generated from POI Topic specific probability
distribution.

Then, the purpose of a trip G, can be recovered from the POI
Topics of both ends of the trajectories. For example, if the origin
place is identified to be a residential area with houses, gardens, and
supermarkets, while the destination region consists of many office
buildings, the trip purpose can be inferred as pairwise POI Topics
(“residential”— “office”), which can be semantically explained as
a working purpose trip. Since the trip purpose is a latent variable
itself, the POI Topics of both ends are generated from a purpose-
specific probability distribution respectively. Furthermore, we as-
sume that each G, is sampled i.i.d from a multinomial distribution
parameterized by a multinomial distribution 7 = [, ..., mp].

In a nutshell, we can construct a hierarchical topic model with
the two latent variables, i.e., trip purpose and POI Topic. Then, for
each trip from origin point o to destination point d, the POIs locate
in the origin and destination regions are generated as follows,

o Generate a purpose m ~ Multi(r)
e Generate the POI Topic for the origin z, ~ Multi(®,;)
— For each POI w? in the origin neighborhood
- Generate the POI w° ~ Multi(f;w)
o Generate the POI Topic for the destination z; ~ Multi(®p,2)
— For each POI w? in the origin neighborhood
- Generate the POI w? ~ Multi(fzw)

Therefore, the POIs around the origin point o and destination

point d generated by the trip purpose G can be written as,

pWo,WG) = 3 " p(WOIz0)p(WIz9)p(z°, 2|G).

z9 od

O

3.4 Joint MHP for Arrival Sequences

Considering both the mixture of Hawkes Processes and the hierar-
chical topic modeling for trip purposes, we can jointly model the
arrival sequences by incorporating the temporal arrival events and
the regional environment. Here, we provide a toy example to show
how the arrival sequences with multiple trip purposes are modeled.
As shown in Figure 2, in modeling the arrival sequences at Time
Square and Wall Street, both the regional environment of the ori-
gins and destinations are taken into account, which are generated
from the latent trip purposes. Because both Time Square and Wall
Street are mixed with scenic spots and office buildings, the arrival
sequences show different patterns with regards to specific latent
trip purposes. For example, in the early morning, the arrival events
are mostly for working purpose coming from residential areas such
as Newport, Brooklyn, etc. While in later time of the day, travel-
ers may also arrive at the spots for sightseeing purpose, and their
origin places are usually mixed with hotel, and other scenic spots.
Furthermore, since the arrival events are similar at the two places,
a synchronization effect between the two areas will collaboratively
influence the arrival events of each other.

Specifically, given the sequence E, each event n is represented
by {tn,in, < W‘,’le >}, and suppose the latent trip purpose G,
is given, then the likelihood of the arrival sequences can be written
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Figure 2: Toy example of Joint MHP for modeling arrival
sequences
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L(G.t, W) = ﬂ PGRP(WG, WHIG)P(tnlGr). (1)

3.5 Model Inference

Assuming that the latent variable G and then z are observed, then
the likelihood function for the complete data (G, z, t, W) =
with ty = 0 and t5 = T, is given by

L(G,z,t, W)

=T, Hf,lep(w wz,zo,zdlcnm

X[ mAi,. m(tn)]Cmm X exp (_ > oM f A, m(s)ds) :
i=1
®)

We introduce a mean-field fully factorized variational distri-
bution parametrized by multinomial distribution ¢’s and {’s as
follows:

M
o(Grn- 21, ) = ﬂq<cn|¢n)x [TaEz xaGzm - ©)
n=1 m=1

Thus, by using the concavity of log-function, a tight lower bound
of the log likelihood can be introduced

L(t,W) =log (f L(G, z,t, W)d{(G, z)})
{(G,2)

f log (L(G, 2, w)-2UG:2)
(G,2))

dq({(G,2)})
=E¢[L(G.z,t,W)]+8E[g] = ¢,
where L(G,z,t,W) = log L(G, z, t, W) is the log-likelihood and

S (10)

) dq({(G,2)})

&lgl = —E[log q(¢)] — E[log q({°)] - E[log ({*)]
== Z Z Pnm log pnm
n_ m_ u d d
- Z Z é/mr" log gmr" - Z gmrd logg
m=1r°=1 m=1,d=q

(l 1)

The right-hand side £ in (10) is the so-called evidence lower

bound (ELBO), which will be used as the surrogate to the true
log-likelihood in inference and in learning. We then have,

{(Gn, zn, th, W)},
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N M
L =3 2 dnm(logmm +Eqllog i, m(tn)] + Eqlog pm(Wy))
n=1 m=

[Aim(s)]ds + Elq] -

(12)
To calculate (12) more explicitly, we make use of the formula (5)
and we further have

I M
E [Ai,m(s)]
I M
= Z [lellT"'f Z ¢lma1”9 tl)dsl (13)
i=1m= tj<s
I AI
= TZ Z levli'*'zg(T_tn) Z‘ﬁnmzagi .
i=1 m=1 n=1 m=1 i=1

To deal with the sum involving Eg4[log A;,,, m(tn)], we make use
of the formula (5) and we write Eq[log A;,,, m(tn)] = Eq[log(ympi +

> Glmal” g(tn — t7))], after that we apply Jensen’s inequality:
t1<tp

Eq[log Aip,m(tn)]

= Eq[IOg(Ymﬂi+ Z Glm“i’;qing(tn—tl))]

YmMi 9(tn —17)
> nnnlog(,;" )+1Z Pumn™ log('”n—m ”
nn =1 ln

o1
= Nnnlog(ympi,) + E Pimnyy, log(ap; g9(tn — 7))
n-1

—1pn log(npn) — ; b1mnyy log(ny) -

Here the set of branching variables {™,m = 1,2, ...., M} are
chosen such that each ™ is a N X N lower-triangular matrix with
n-th row n* = [, ....nm, 17 . The branchings 7 also satisfies the
following conditions

(15)

n—1
M+ ) Dumilfl =1 (16)
=1

While for E4[log p(W3, Wd |Gn)], since we introduce the fully
factorized variational distribution (9), we now have

Eq[log p(W$, W2, 20, 241Gp)]
= Eq [log p(z0|Gn)] + Eq[logp(wo 1Zo)]
+ Eq [log p(z4|Gn)] + Eq logp(W E2))
= Z é(mz0 log gmzu + Z Z §,31 20 log B0, s,
Zo

zu—

(17)

d d d
i z}il gmzd log gmzd i z,jzil ng gmvzd 0g fzd.
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Summarizing (12), (13), (14), and (17), we can maximize the ELBO
by introducing the constraints er\rle ¢nm = 1 as Lagranging multi-
plier. Then, the variational distribution ¢ can be inferred as follows,

¢nm oC Ty ¢ prior

R d
x H (évr?er)g'"ro H ((d d)gmrd : POI topics
ro=1
R R C d yyd
X (1)—[ 1—[ (ﬁ;’ Cn)gmro nc” 1_[ 1_[ (ﬁfdcd)gmrd ncd : POls
re=le rd=1cd=1

x(ym/,lin)”nn : self triggering

n-1 m
X IH (ag‘ing(tn - tl))¢lm”ln : influences from the past
=1

N
><I I (", 9(t1 - tp))?tm 1 . influences to the future
=n+1

X exp (—Q(T —tn,tn) él al.':l.) : influences by trip purpose.
i=
(18)
We can see from (18) that the inference for ¢ can be decom-
posed to different building blocks of the joint model including the
influence in MHP and the purposes inferred from the regional en-
vironment.
Furthermore, we can infer the variational multinomial {° and
14 d by taking the derivative with respect to ELBO with the nor-

N
2 Pnm
malization condition as Lagrangian, and let e = “=—— we can
1- Z_l ¢nm
get
C
Goor o< [ [ (Bre)™ie, (19)
c=1
C
w,
Zor o [ ] (Bro)® (20)
c=1

After updating the variational parameters ¢ and {, we can pro-
ceed to estimate and update the parameters involved in the joint
model including the self-instantaneous visit rates y;, the per-region
visit rates y;, the synchronization rates ocg.’ € R}rz, the regular-
ization prior for sampling the purposes 7, and the multinomial
distribution of POIs over topics frc,

N
TTm & Z ¢nm s (21)
n=1
M N
Z_lldmm El 8in.iMnn
i o T . (22)
2 YmT
m=1
Z_:l Pnminn
Ym < — 7 > (23)
> wiT
i=1
N n-1
Z_] > ¢nm¢lm’7;’;511151n1
apt = =2 , (24)
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4 EXPERIMENT
4.1 Synthetic Data

We simulate data with pre-defined M trip purposes by running
Ogata’s modified thinning algorithm [23]. Specifically, given model
dimensions (M, I, T), the parameters (g, y, , ) can be drawn. Then,
we can randomly generate the distribution of the arrival events,
including the arrival time, and the corresponding POI distribution
of the origin and destination points. We mix the trips with different
purposes into one arrival sequence by ordering the events chrono-
logically. The POIs located in the regions were sampled from the
hierarchical topic models. In this experiment, 2,000-50,000 events
involving M = 10 purposes, Z = 10 latent topics, C = 50 words and
I = 50 nodes are generated.

Since the simulated data has the “label” of trip purposes, we
can then testify whether our model can accurately distinguish
traffic flow with particular purposes from all the trajectories. More
specifically, the parameter ¢ inferred from the joint model reveal
the trip purpose distribution of each arrival event, and we can label
an event by the purpose with the largest value of ¢, i.e, m;, =
argmax,, ¢n m. Thus, the task can be regarded as clustering the
trajectories into different types.

Baseline Methods. We compare our proposed approach with
the following baseline methods:

e MHP: In MHP, we only model the time sequence without
considering the particular POIs of the regions. Similar to
the joint MHP model, we can also estimate the parameters
concerning the purpose distribution of each trip.

o LDA: Given the POIs in the origin and destination region,
we can regard each trip as a document with each POI as a
word. Then, we can use topic model LDA to learn the topic
distribution of each trip and categorize the trip into one
particular cluster.

e K-means: K-means is exploited to cluster the related POI
vectors of each trip.

500

Evaluation metrics. Since the task of identifying trip purposes
can be regarded as clustering, and we also simulate the labels, we
can use several external measures to evaluate the performance.

Purity. Purity represents the extent to which a cluster can repre-
sent a particular labeled class, which can be computed by

Nij

N; ), (26)

K N
ity = ) —
purity = Z N max(
J
where N;j = |P; () Cj| and N;j = |Cj, P; is a set of data which are
labeled with class i, and C; is the jth cluster in the clustering results.
F1-Measure. We firstly calculate the precision and recall with
respect to the clustering results, and

F1 = 2« precision * recall/ (precision + recall) (27)
Rand Statistics. Rand statistics can be computed by
2% (N11 + N
Rs = 2* (V11 + Noo) (28)

N(N-1) ~

where Njp is the number of data pairs that are in the same class
both in the origin data set and the clustering outcome, Ny is the
number that events pair are in the different clusters both in the
origin data set and the clustering results, and N is the number of
data points.

In Figure 3, we show the performances of different methods in
identifying distinct trip purposes with regards to the above evalua-
tion metrics. It is shown that the joint MHP model achieves the best
performance among all the methods. Meanwhile, we also vary the
number of latent trip purposes to show the performance. Obviously,
the performance of the proposed model still performs best.

4.2 NYC Data

We also apply the model to a real world dataset, which consists of
taxi trajectories and the POI information collected from 01/2015 to
06/2015 in New York City. In the raw data set, there are more than
70,000,000 trajectories from about 700,000 pickup points to more
than 1,000,000 dropoff points. First, we divide the NYC map into
regions which consists of a square with 0.008 longitude as width
and 0.008 latitude as height, and we also filter out the obviously
incorrect trajectories and points. Then, we retain the regions which
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Figure 4: POI Topic distribution over latent trip purposes for
origin and destination

have at least 10 POIs and 36000 arrival events during the time period.
Thus, we obtain about 55,000,000 taxi trajectories and 152 regions.
In addition, the arrival events are sampled from the original dataset
randomly, resulting in 31630 arrival events between the 152 regions
in total.

Identifying POI Topics. In order to discover the underlying
semantic meanings of POI Topics, we analyze the parameters ¢,
and list the most representative POIs for each POI topic, which are
shown in Table 1. We can see from Table 1 that each POI Topic is
mixed with several related POIs but show particular urban func-
tionality in overall. Specifically, we see representative POIs such as
bar, nightclub and restaurant in Topic 1, which refers to a nightlife
related POI Topic. Both Topic 2 and Topic 3 can be inferred as
dining related topics, but there still exist some differences regard-
ing the types of restaurants. Topic 4 is mixed with office, hotel
and entertainment places, which corresponds to the fact that some
regions in the city play the role of both working areas and scenic
spots, e.g., Time Square. Topic 5 indicates shopping related urban
functions and Topic 6 is regarded as school oriented because it
mostly consists of POIs concerning schools. Obviously, Topic 7
should be identified as a mixture of travelers’ visited places includ-
ing scenic spots, traffic centers, etc. Topic 8 can be viewed as a
general entertainment function while Topic 9 consists of fast food
related POIs, as well as offices; since a working place is usually
blended with many fast food restaurants. Topic 10 refers to the
residential areas with apartment buildings and dining restaurants.

Spotting Trip Purposes. As discussed previously, the trip pur-
pose can be detected by integrating the regional environment of
both the origins and destinations, which can be estimated from the
POI Topic distribution over trip purposes. As shown in Figure 4,
we can see that each trip purpose focuses on particular POI topics,
and the purpose can be inferred in combination of the topics at
both ends of the trips. Then, several interesting trip purposes are
identified as follows:

Shopping purpose. In purpose 1, we see topics of the origins
concentrate on Topic 1 and 9, while the destinations are mainly
composed of Topic 5 and 7. Considering the urban functionality
of both ends, such trips can be inferred as shopping and outdoors
activities.

Dining purpose. Purpose 2 consists of office related topics (Topic
4 and 9) as the origins and the restaurant related topics (Topic 6) as
destinations, thus such trips can be inferred as for dining purpose.
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Figure 5: The locations of regions A, B, and C on the city map
of NYC.

Homing purpose. In purpose 5, the topics of the destinations are
composed of topic 10, which corresponds to residential areas, while
the topics of the origins are much more diverse. Then, the trips
annotated with purpose 5 can be regarded as homing from various
regions in the city.

Synchronization Effect. We further use a case to illustrate
the synchronization effect discovered from the model. In the joint
MHP model, we introduce a synchronization effect to when the
correlation index is bigger, the relationship between the pair of
regions is bigger. We choose three regions A, B, and C and plot
them on the map 5. Region A and B are located at the two sides
of the Central Park, while region C locates in Brooklyn. By esti-
mating the synchronization rate between these regions, we can
obtain aap = 8.27066832, a4c = 0.00711464, indicating that re-
gion A and B has a strong synchronization effect while A and C
has weak connections in terms of arrival events. Then, we further
analyze the POI distribution and the arrival sequences at these
regions. As shown in Figure 6, the POI distribution of region A
and B are very similar, which are mainly mixed with educational
buildings, residential apartments, restaurants, and shops. However,
the POIs in region C show different distribution with few shopping
related POIs. In view of the arrival sequences, region A and B show
extremely similar patterns, while region C has a different arrival
patterns. This case illustrates that the synchronization effect is
strong among the regions with similar urban functions.

5 RELATED WORK

This paper is related to the following categories of prior work
including discovering the urban functionality and trip purposes
from human mobility data, traffic flow prediction, as well as the
application of Hawkes Process in various fields.

Urban functionality and trip purpose discovery. With the
rapid development of mobile and GPS technologies, large-scale
footstep data has been accumulated and attracted lots of studies
in discovering functional blocks and trip purposes [36]. The work
in [30] proposed a semantic model, along with a computation and
annotation platform for developing a semantic approach to under-
stand the trip purpose better. Rinku et al. [3] proposed a method to
determine the destinations of trips using only speed and time data
from real world driving trips without accessing GPS traces. The
work in [8] proposed a method to automatically annotate raw tra-
jectories with the activities of users during their movement when
tracked by a GPS device. The work in [37] proposed an approach
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Table 1: Representative POIs for POI Topics

TOPIC 1 prob. | TOPIC 2 prob. | TOPIC 3 prob. | TOPIC 4 prob. | TOPIC 5 prob.
Bar 0.1884 | Chinese Rest. 0.1286 | Bar 0.0933 | Office 0.3331 | Clothing Store 0.0995
Home 0.0953 | Italian Rest. 0.0913 | TItalian Rest. 0.0565 | General Entertain 0.1035 | Cafe 0.0693
Nightclub 0.0571 | Asian Rest. 0.0541 | American Rest. 0.0442 | Hotel 0.1023 | Office 0.0574
Event Space 0.0495 | Tea Room 0.0481 | Wine Bar 0.0373 | Building 0.0869 | Coffee Shop 0.0535
Cocktail Bar 0.0495 | Bar 0.0472 | Sushi Rest. 0.0319 | Event Space 0.0593 | Cosmetics Shop 0.0419
Lounge 0.0495 | Spa or Massage Parlor | 0.0416 | Mexican Rest. 0.0306 | Sandwich Place 0.0376 | General Entertain 0.0408
Speakeasy 0.0471 | Salon or Barbershop 0.0403 | Lounge 0.0297 | Hotel Bar 0.0342 | French Rest. 0.0406
Breakfast Spot 0.0382 | Vietnamese Rest. 0.039 | Pizza Place 0.0278 | Lounge 0.0342 | High Tech Outlet 0.0388
French Rest. 0.0334 | Art Gallery 0.0342 | Coffee Shop 0.0256 | Other Outdoors 0.0298 | Salon or Barbershop 0.0368
Boat or Ferry 0.0316 | Cocktail Bar 0.0316 | Salon or Barbershop | 0.0256 | Performing Arts Venue | 0.0289 | Miscellaneous Shop 0.0331
TOPIC 6 prob. | TOPIC 7 prob. | TOPIC 8 prob. | TOPIC 9 prob. | TOPIC 10 prob.
College Acad. 0.0808 | Park 0.1343 | Art Gallery 0.2773 | American Rest. 0.1023 | Home 0.2005
Food Truck 0.0756 | Other Outdoors 0.1 Park 0.1021 | Deli or Bodega 0.0619 | Building 0.0591
University 0.0653 | Scenic Lookout 0.0767 | Other Outdoors 0.0892 | Office 0.0569 | Deli or Bodega 0.0471
College Library 0.0639 | General Travel 0.0753 | Cafe 0.0555 | Pizza Place 0.0464 | Pizza Place 0.0442
General College/University | 0.0573 | Building 0.074 | Playground 0.049 Bar 0.0448 | Laundromat or Dry Cleaner | 0.0342
College Dorm 0.0565 | Airport 0.074 | Automotive Shop 0.0386 | Food Truck 0.0434 | Coffee Shop 0.0317
Cafe 0.0499 | Harbor or Marina 0.0616 | Event Space 0.033 Sandwich Place 0.0392 | Drugstore or Pharmacy 0.0291
Plaza 0.0485 | Taxi 0.0534 | Strip Club 0.0265 | Coffee Shop 0.0346 | Chinese Rest. 0.0256
Park 0.0382 | Government Building | 0.048 | Sculpture Garden 0.0241 | Burger Joint 0.0326 | Mexican Rest. 0.0236
College Classroom 0.0374 | Seafood Rest. 0.0343 | Plaza 0.0233 | Cafe 0.0307 | Apartment Building 0.0206

POls distributions of region A POls distributions of region B POls distributions of region C

Numbers of POls
Numbers of POls
Numbers of POls

POI ID

POI ID POI ID

(a) POIs distribution in region A, B and C

Arrival distribution of region A Arrival distribution of region B Arrival distribution of region C

Numbers of Arrivals
Numbers of Arrivals

*ime T " ime T

(b) Arrival sequences in region A, B and C

Figure 6: Synchronization effect with different synchroniza-
tion rates (xap = 8.27066832, x4c = 0.00711464).

which focused on model and infer the purpose of travel, or the
activity at the destination of a trip during daily life scenarios. The
work in [18] constructed a effective recommendation system by the
analysis of the historical check-in data. Specifically, they studied
the exploration prediction problem and converted it into a classifica-
tion problem and proposed a novel future location prediction model
called CEPR to make a location prediction more efficiently. The
work in [19] proposed a collective iterative classification algorithm
to classify the purpose of passengers. The general idea of this work
is to first form groups based on the extracted mobility features and
collectively classify the purposes of group passengers sharing same
destination and same purposes. The work in [28] used the historical
mobility data records to spot user preferences to annotate venue to
mobility records of mobile users.
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Traffic flow prediction. Traffic flow prediction has been one
of major challenges for developing intelligent transportation sys-
tem [35]. [15] uses regime-switching space-time models and se-
lection operator (LASSO) to predict the real-time road traffic and
verifies the method on a real data set. [20] compares a few typical
methods on forecasting traffic flow and then proposes a seasonal
support vector machine function to improve the accuracy and com-
puting efficiency. [11] uses a method, adaptive Kalman filter, to
improve the performance of short term traffic flow forecasting.
[13] constructs framework with a deep belief network at the bot-
tom to achieve the effective features and a multi-task regression
layer at the top. The work in [25] proposed four methods by using
Kalman filtering theory to solve the multi-step ahead predicting
of short-term traffic flow and evaluated the approaches with other
prediction methods.

Applications of Hawkes Processes. Recently Hawkes pro-
cess [12] has been widely used in many fields, including earth-
quake [22, 24], finance [5], crime [2], streaming texts [4, 31, 32, 34],
social network [6, 9, 10, 14, 17], and marketing [29], etc. For exam-
ple, [22] describes a generalized model which focuses on space-time
clustering for historical earthquakes by Hawkes process. Also, [24]
applies the Hawkes process for earthquake occurrences with clus-
tering and interpretation. Yang et al [32] propose a generalized
model to track the meme and the corresponding diffusion network
by combining mixture of Hawkes processes and a language model.
Li et al. [16] combine topic model with Hawkes process to simul-
taneously identify and label the searching tasks. [34] constructs a
self-exciting point process model with the re-sharing information
in the social network to predict the popularity of Tweets.

6 CONCLUSIONS

Summary. Modeling mobility arrivals and spotting trip purposes
have been two key challenges in the semantic exploration of hu-
man mobility data. By studying large-scale human mobility data,
we observe and identify the synchronization property of human
mobility. Human mobility synchronization indeed jointly captures
the correlations among functional regions, mobility arrivals, and
trip purposes; that is, if two regions share similar spatial configura-
tions and urban functions, given a particular time period, the two
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regions show arrival events with similar arrival rates with respect
to specific trip purposes. In addition, we construct the latent factor
POI topics of both the origin and destination to reflect the latent
trip purpose. Along this line, we develop a probabilistic method
via modeling human mobility data as stochastic point processes, by
exploiting both human mobility synchronization and POI topics of
origin and destination regions. This probabilistic model combines
both a mixture of Hawkes point processes and a topic modeling
where POIs are regarded as words and regions are regarded as doc-
uments. The model can effectively model mobility arrivals, spot
trip purposes, and learn the spatiotemporal synchronization rates
among region pairs through the variational inference. Finally, we
present extensive experiments on synthetic data and real world
human mobility data of NYC to demonstrate the effectiveness of
the proposed model.
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