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Understanding Urban Dynamics via
Context-Aware Tensor Factorization
with Neighboring Regularization

Jingyuan Wang ™, Junjie Wu

, Ze Wang, Fei Gao, and Zhang Xiong

Abstract—Recent years have witnessed the world-wide emergence of mega-metropolises with incredibly huge populations.
Understanding residents mobility patterns, or urban dynamics, thus becomes crucial for building modern smart cities. In this paper, we
propose a Neighbor-Regularized and context-aware Non-negative Tensor Factorization model (NR-cNTF) to discover interpretable
urban dynamics from urban heterogeneous data. Different from many existing studies concerned with prediction tasks via tensor
completion, NR-cNTF focuses on gaining urban managerial insights from spatial, temporal, and spatio-temporal patterns. This is
enabled by high-quality Tucker factorizations regularized by both POI-based urban contexts and geographically neighboring relations.
NR-cNTF is also capable of unveiling long-term evolutions of urban dynamics via a pipeline initialization approach. We apply NR-cNTF
to a real-life data set containing rich taxi GPS trajectories and POl records of Beijing. The results indicate: 1) NR-cNTF accurately
captures four kinds of city rhythms and seventeen spatial communities; 2) the rapid development of Beijing, epitomized by the CBD
area, indeed intensifies the job-housing imbalance; 3) the southern areas with recent government investments have shown more
healthy development tendency. Finally, NR-cNTF is compared with some baselines on traffic prediction, which further justifies the
importance of urban contexts awareness and neighboring regulations.

Index Terms—Urban dynamics, tensor factorizations, urban planning, spatio-temporal pattern, GPS trajectory

1 INTRODUCTION

AS reported by the World Bank,' at the end of 2016 more
than 53 percent population of the world, i.e., about 3.7
billion people, lived in cities; about 36 mega-metropolises
worldwide had a population of more than 10 million. Huge
urban populations bring great challenges such as traffic
jams, educational /medical resource scarcity, environmental
pollution, etc. Understanding the behavioral patterns of
residents in a city, or urban dynamics for short, therefore
becomes an important yet urgent demand for urban plan-
ning and public policy making from a smart city perspec-
tive. Fortunately, the widely adopted mobile crowd sensing

1. http:/ /data.worldbank.org/
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(MCS) technologies [1], such as GPS, mobile phones, and
location-based services, give us an unprecedented opportu-
nity to access to enormous and perhaps unbounded human
mobility data, which combined with urban infrastructure
data offer a “rich ore” for discovery of urban dynamics.

In general, mining urban dynamics from MCS data has
three requirements. The first one is to model multi-source
heterogeneous data, which consist of mobility records of resi-
dents such as the origins and destinations, the travel time,
the purposes, and the surroundings hidden in different data
sources such as GPS trajectories, urban contexts, and city
maps. The second requirement is to capture long-term evolu-
tions, which is critically important for urban planners to
understand the evolving rules of cities so as to make proper
urban planning. The last one is to find urban dynamics with
good interpretability—an obscure urban dynamic is useless to
decision making in real-world application scenarios. Despite
of rich literature in applying matrix/tensor factorizations to
model urban heterogeneous data, most of them aim to gener-
ate patterns to improve the predictive accuracy of traffic vol-
umes [2], [3], [4], but leave pattern explanation to luck. Itis not
until recently that a few works begin to take the understand-
ing of urban dynamics as the primary research task, and the
representative ones include the earlier rNTD model using
Tucker factorizations [5], the city spectrum modeling using
CP factorizations [6], and still some using single source
data [7], [8], [9] or for discovering urban functional zones
only [10], [11]. These excellent works, however, cannot meet
all the above-mentioned requirements simultaneously.

In this paper, we propose a Neighbor-Regularized context-
aware Non-negative Tensor Factorization model (NR-cNTF)
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to discover explainable and evolving urban dynamics from
multi-source heterogeneous urban data. In the NR-cNTF
model, we introduce the concepts of data space and pattern
space and describe the relations between urban data and
urban dynamics. The Tucker factorization is then introduced
with the POI-based (Point-Of-Interests) urban contexts to fac-
torize the Origin-Destination-Time (ODT) tensor into spatial,
temporal, and spatio-temporal patterns of good interpretabil-
ity. Moreover, a neighboring regularization that incorporates
geographically neighboring relations is introduced into our
model to further improve the explainability of spatial pat-
terns. Finally, a simple yet effective pipeline initialization
approach is designed to capture the long-term evolutions of
urban dynamics.

We conduct extensive experiments on a real-life data set
that contains the GPS trajectories of over 20,000 taxies and
over 400,000 POI records of Beijing from 2008 to 2015. The first
scenario of the experiments is to verify the ability of NR-cNTF
in disclosing true urban dynamics and obtain managerial
insights via NR-cNTF. The results indicate that: 1) NR-cNTF
accurately captures four kinds of mobility rhythms and sev-
enteen spatial communities of Beijing; 2) the rapid develop-
ment of Beijing in the CBD area, is indeed at the expense of
severer job-housing imbalance and therefore is unsustainable
in a long run; 3) the southern areas of Beijing are experiencing
unprecedented growth with the recent government invest-
ments, and most importantly they have shown more healthy
development tendency. The second scenario of the experi-
ments is to testify the prediction power of NR-cNTF, which is
compared with some baselines on traffic prediction. The
results demonstrate the superiority of NR-cNTF in tensor
completion, which further justifies the importance of adopt-
ing urban contexts and neighboring regulations in NR-cNTF.

2 PROBLEM FORMULATION

In this section, we formulate urban dynamics discovery as a
context-aware tensor factorization problem. Table 1 lists the
math variables to be used, which are divided into two cate-
gories, i.e., data-space variables and pattern-space variables,
according to their observability. Variables in the data space
are observable from real-world human mobility, while vari-
ables in the pattern space are latent but crucial for under-
standing urban dynamics.

Throughout the paper, we use lowercase symbols such as
a, b to denote scalars, bold lowercase symbols such as a, b
for vectors, bold uppercase symbols such as A, B for matri-
ces, and calligraphy symbols such as A, B for tensors.

Data-Space Variables. The primary variable in data spaceis a
data tensor. Assume there are M urban zones in a city, and N
time slices in a day. Let r,,. denote the resident travel intensity
from an origin zone z € {1,...,M} to a destination zone
y € {1,...,M} within a time slice z € {1,..., N}. A third-
order tensor R € RM*M*N s then defined by having 7,,. as
the (z,y, z) element. Intuitively, R contains the original infor-
mation about urban dynamics, which can be obtained from
urban vehicle and resident trajectory data. Another variable
in data space is an urban-context similarity matrix W € RM>*M
The (p, q) element of W, i.e., wy,, is a coefficient that describes
the similarity between urban zones p and ¢ using, e.g., points
of interest (POI) data.

NO. X, XXXXX 2019

TABLE 1
Notation Definition
Space Variable Definition
R the data tensor
Data Taye the (z,y, z) element of R
Space \ the urban context matrix
Whpq the (p, ¢) element of W
C the pattern tensor
Cijk the (4, j, k) element of C
Pattern O0,D, T the pattern projection matrices
Space o,,d,,t, the xth row vectors of O,D, T
0;,d;, t; the ith column vectors of O, D, T
Ouis i, L the (z,4) elements of O,D, T

Pattern-Space Variables. The variables in pattern space
include a core tensor and three pattern projection matrices.
Assume there are / origin spatial patterns (OSP), J destina-
tion spatial patterns (DSP), and K temporal patterns (TP) hid-
den inside the data tensor R. We define O € R**/ as a spatial
projection matrix that projects M origin zones into I OSP’s.
Similarly, D € R*/ is defined as another spatial projection
matrix that projects M destination zones into J DSP’s. The
matrix T € R¥*X js a temporal projection matrix that projects
N time slices to K TP’s. The elements of O, D and T are
denoted as o,;, d,; and t.;, respectively, indicating the projec-
tion intensities from the urban zones z, y and time slice z to
OSPi,DSP jand TPk, 1 <i<I,1<j<J, 1<k< K. We
define a third-order tensor C as a core tensor that describes the
dynamics of resident travels among temporal and spatial pat-
terns. The (4, j, k) element of C, i.e., ¢;j, denotes the intensity
of resident travels from OSP i to DSP j within TP k.

2.1 Construction of Data Tensor

We here explain how to construct the data tensor R using
real-life GPS trajectory data of Beijing Taxies. To this end, we
first segment the Beijing city map into A/ urban zones. In the
literature, quite a few methods including the grid based, mor-
phology based, road networks based, and administrative
boundaries based methods [12], [13] can fulfill this task. Here
we adopt a Traffic Analysis Zones (TAZ) map provided
by Beijing Municipal Committee of Transport® to segment
Beijing into M = 651 zones. Finally, since resident behaviors
in city life are often cyclical every day, we divide one day into
N = 24 time slices (one hour per slice). The above procedure
determines the three modes of R.

We then compute the element values of R. Note that the
taxi GPS data are often organized as a set of quintuples in the
form as (vid, time, longitude, latitude, state), where vid is
the unique ID of a taxi, (longitude, latitude) is the location of
the taxi, and state informs whether the taxi is carrying any
passengers at time time. We first obtain all taxi-based passen-
ger travels by removing the records with “no passengers”
state. Then an origin-destination-time record is constructed for
each travel by picking up the first and last records of the travel
and then extracting the origin and destination coordinates
and the travel starting time. We collect the travel ODT records
of all workdays in a month as a data set. The monthly total
amount of travels that depart from TAZ z in time slice z and

2. http:/ /www .bjjtw.gov.cn/
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Fig. 1. Model framework of cNTF.

arrive at TAZ y is recorded as 7,,.. As reported in [14], the
travel volumes between different urban zones usually follow
a long-tail distribution. Therefore, we adopt the log function
torescale 7, as

Tryz = log (1 + fryz)7 (D

which is finally used as the (z,y, z) element of R.

2.2 Definition of Pattern Tensor

Variables in pattern space include C, O, D, and T, where C is
the core tensor that models the dynamic relations among
spatio-temporal patterns in the pattern space, and O, D and
T are the matrices that project the data tensor R into the
core tensor C. To better understand this, we give formal def-
initions to the spatial and temporal patterns as follows.

Definition 1 (Spatial Pattern). A spatial pattern is a vector
containing the membership score of each urban zone to this pat-
tern. Assume there are I spatial patterns and M urban zones. The
ith spatial pattern is denoted as a vector v.; = (vy, ... ,vM)T,
where vy,; is the membership score of the mth zone to the ith spa-
tial pattern. The spatial projection matrix V that projects M
urban zones to I spatial patterns is then defined as V =
[V;l7 e 7V;[].

The zth row vector of V, denoted as v, is a vector that
depicts the membership scores of urban zone x to I different
spatial patterns. We assign « to spatial pattern ¢ if
i € argmax;<j<rv,;. In this way, we can cluster all urban
zones into the I spatial patterns. This implies that a spatial
pattern is essentially a spatial community consisting of urban
zones that function similarly in urban dynamics. For example,
most of residents in a residential community leave in the
morning and return in the evening. In contrast, for a business
community, people arrive in the morning and leave in the
evening. Spatial patterns can be further divided into origin
spatial patterns and destination spatial patterns. The projec-
tion matrix V is denoted as O for OSP’s and D for DSP’s for
differentiation. While O and D share the same M urban
zones, they might have different numbers of spatial patterns.

Definition 2 (Temporal Pattern). A temporal pattern is a
vector containing the membership score of each time slice

within a day to this pattern. Assume there are K temporal pat-
terns and N time slices in a day. The kth temporal pattern is
denoted as a vector t;, = (tif,. . ., tNk)T, where t,, is the mem-
bership score of the nth time slice to the kth temporal pattern.
The temporal projection matrix T that projects N times slices
into K temporal patterns is then defined as T = [t.1, ..., tx].

In essence, a temporal pattern describes a temporal rhythm
of urban dynamics, which might correspond to an event
that occurs recurrently everyday, e.g., the morning peak
and evening peak in a city. Accordingly, the vector t;, indi-
cates the dynamic intensity of the rhythm k within a day.

Next, we define a pattern tensor to describe the interrela-
tionships among spatio-temporal patterns.

Definition 3 (Pattern Tensor). A tensor C € RI*/*K s g
third-order pattern tensor, if its (4,7, k) element c;y, indicates
the intensity of resident travels from OSP i to DSP jin TP k,
1<i<I1<j<J1<k<K.

Human behaviors in city life usually have synchronism,
which can be described by urban dynamic patterns in C. For
example, intuitively, residents living in a residential com-
munity commute to business regions synchronously in
every morning peak of workdays. So an element c;;;. has a
high value when the origin spatial pattern i corresponds to
a residence community, the destination spatial pattern j cor-
responds to a business community, and the temporal pat-
tern k corresponds to a morning-peak rhythm.

2.3 Definition of Urban Context

Travel behaviors of residents not only have relations with
urban spatial and temporal patterns but also have close rela-
tions with the so-called urban context [11], [15]. Urban con-
text refers to the surroundings inside an urban zone that
can affect the travel behaviors of that zone. One typical type
of urban context is the so-called points of interests including
residential buildings, office buildings, shopping malls, etc.
We have the following definition.

Definition 4 (Urban-Context Similarity Matrix). A matrix
W € RM*M js called an urban-context similarity matrix, whose
(p,q) element wy, is a coefficient that measures the POI context
similarity between zones pand ¢, 1 < p,q < M.

In general, W is a nonnegative and symmetric matrix,
which could be used to validate the effectiveness of the spa-
tial patterns found purely from trajectory data. For example,
it is intuitive that the travel patterns of urban zones with a
mass of office buildings should be very similar, but differ
sharply from that of zones filled with residential buildings.

2.4 Problem Definition
We here formulate the urban dynamics discovery problem as a
tensor factorization problem. The model framework is given
in Fig. 1, where the ODT data tensor R, pattern tensor C,
and projection matrices O, D, and T have the following rela-
tionship:

R=Cx,0x4Dx; T+E, 2)
where & € RM*MxN js a random error tensor, and x,
denotes the tensor n-mode product. Eq. (2) implies that the
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resident travel dynamics hidden inside data tensor R can be
well explained by the latent dynamic patterns given by pat-
tern tensor C. The matrices O, D, and T express the projec-
tion relations between R and C.

Note that while R is observable from resident travels
data, the pattern tensor C as well as the projection ma-
trices O, D and T are unknown variables. Hence, our
task is:

e ToinferC,O,Dand T from R;

e To understand urban dynamics using C, O, D, T.

The urban-context similarity matrix W offers additional
information to tensor factorization. Recall the row vector o,
of the projection matrix O, which contains the membership
scores of urban zone x to all the OSP’s. It is intuitive that
similar urban zones should exhibit similar spatial patterns.
Hence, we can measure the similarity of zones = and y by
simply having 0,0, . Analogously, we can also measure the
similarity of zones x and y by employing the information of
DSP’s in D, i.e., dzd;. Since W evaluates the similarity
between z and y as w,, according to the urban context, we
finally have the following relationships between W and pro-
jection matrices O and D

W=00"+Ep, and W=DD' +Ep, (3)
where Ep and Ep are random error matrices. Note that in
Eq. (3), W is an observable variable and O and D are latent
ones. In other words, we can use urban context to fine-tune
OSP’s and DSP’s in O and D, respectively.

In summary, Eqgs. (2) and (3) together define a context-
aware Non-negative Tensor Factorization (cNTF) problem.
Our task is to infer urban dynamics given cNTF.

2.5 Extension to Long-Term Evolution

Long-term evolution is an important characteristic of urban
dynamics, which refers to the evolution of urban spatial,
temporal and spatio-temporal patterns over time. For exam-
ple, temporal rhythms of resident travels in a city might
change with the developments of public transport, econom-
ics, migration, etc.

We use tensor sequence to describe the evolution of urban
dynamics in both data and pattern spaces. In the data space,
we define R/|” =1 ={R1,...,R.} as a data tensor sequence of
length L, where R, is the data tensor of the [th year. Suppose
we factorize R; into O;, D;, T; and C; according to Eqs. (2) and
(3), then we have the pattern tensor sequence C|, =
{Ci,...,Cr}, and the Correspondmg projection matrix
sequences O|,, D[/, and T|I,, respectively.

The problem is, for any two subsequent years [ and [ + 1,
the patterns inferred from R; might not be comparable to
that from R, for they are inferred separately to optimize
the objectives in Egs. (2) and (3). Therefore, another task of
this study is to infer the long-term evolution of urban
dynamics given a data tensor sequence.

3 MoDEL

In this section, we reformulate the cNTF problem from a
probabilistic perspective, which results in the exact objec-
tive function for urban dynamics discovery.

NO. X, XXXXX 2019

3.1 Probabilistic Non-Negative Tensor Factorization
We assume the random error of observation £ follows a
Gaussian distribution: N'(0,0%), then the conditional distri-
bution over the observed entries in R is defined as

P(R|C,0,D,T,o%)
M M N

_HHHN Tayz|C X 05 Xq dy ><1tz7072)

r=1y=1 2=1

(4)

In order to obtain more evident patterns, we should intro-
duce sparse priors to the variables in pattern space. As a result,
we adopt zero-mean Laplace priors for projection matrices

M
P(Olog) = [ [ £(04[0,001,),
=1
M
P(Dlop) = [ [ £(dy10,001)), )
y=1
N
P(Tlor) = Hﬁ(tz|0,0TIK),
2=1

and assume zero-mean Laplace priors for the pattern tensor

(6)

I J K
C|GC = HHH£ CTyz|0 UC

r=1y=1 2=1

<

Then the posterior distribution of the pattern space varia-
bles is given by

P(C7 07 D7 T|Ra 0—%7 0¢,00,0D, GT)
_ P(R|C,0,D,T,0%)P(Cloc)P(Oloo)P(D|op)P(T|or)

P(R|o%)
)
and the log posterior distribution is then calculated by
In P(C,0,D,T|R,0%,0¢,00,0p,07)
o — 2ZrWZ—Cxoolxdd ><tt)
072 Tyz
®)

o ol -
e e

TYz

1 1
— Nyl ——S "t
S 2l = 2 S

Therefore, to obtain the Maximum A Posteriori (MAP) esti-
mation of O, D, T and C is equivalent to minimizing the
object function

[7: >R —Cx,0x,D % T|
721 )
—||0|\ +fIIDH1

1
T, +—|IC|;,
TH Iy UCH Iy

where ||.||  is the Frobenius-norm, ||.||, is the L1-norm.

313
314
315
316

318
319
320
321
322

324
325

327
328
329

331
332

334
335
336
337

339
340



341
342
343
344

345

346
347
348
349
350
351
352
353
354
355
356
357

359
360

363
364
365
366
367

369
370

371

372
373
374
375
376
377

WANG ET AL.: UNDERSTANDING URBAN DYNAMICS VIA CONTEXT-AWARE TENSOR FACTORIZATION WITH NEIGHBORING... 5

TABLE 2

Information of POI Categories
ID POI category ID PQOI category
1 food & beverage Service 8 education and culture
2 hotel 9 business building
3 scenic spot 10 residence
4 finance & insurance 11 living service
5 corporate business 12 sports & entertainments
6 shopping service 13 medical care
7 transportation facilities 14 government agencies

3.2 Modeling Urban Contexts

We here introduce urban contextual factors into the proba-
bilistic non-negative tensor factorization model. We use a
Beijing POI dataset, with the categories given in Table 2.

3.2.1 Computing Urban Contextual Factors

Fig. 2 shows a clear positive correlation between POI quan-
tity and the resident travel volume (including inflow and
outflow) for all urban zones of Beijing. Moreover, urban
zones in the same community have similar categories of
POI’s (see Section 3 of Supplementary Materials®, which can
be found on the Computer Society Digital Library at http://
doi.ieeecomputersociety.org/10.1109/TKDE.2019.2915231,
for the details). Therefore, we use quantity and categories of
POI’s in an urban zone to describe urban contextual factors.
Suppose altogether we have H POI categories, and denote
N, as the number of POI's in category  for urban zone p. The
fraction of the hth category POl in the zone p is defined as

Tiph,

- (10)
25:1 Toph

Cph =

The fraction of all category of POI in the zone p is then
defined as

>t Tiph
h=1"p
ey sy (a1
zp:1 > het Mk
T .
We use the vector u, = (¢p1, ..., Cph, - - - Cpr, 1) to describe

the POI context of the zone p.
Given the POI context vectors, the similarity of two
urban zones p and ¢ can be computed as

u, - u,

B R (12)
[y | - [yl

Wpq

which is the (p, ¢) element of W.

3.2.2 Incorporating Urban Contextual Factors

Context-aware regularization is an effective tool to fusion
contextual information into tensor and matrix factoriza-
tions [16], [17]. We introduce urban contextual factors as
context-aware regularization using a maximum a posteriori
method. Assume the elements of Ep and Ep in Eq. (3) follow
zero-mean Gaussian distributions, then we have

3. The companion file with the supplementary materials of this
paper.

, , -
* Urban zones | « L7
1500} - - - Linear fitting| et
*
* ’/’
. % * * f
5 * Prd *
< 1000 e
g . *
g . . *
— **i * %
o ® *
-9 * g
500 Kok X
*
* x
* *
*

1.5 2 2.5 3 35
Travel volumes 4
x 10

Fig. 2. Validation of urban context correlations.

M M
P(W|0,0%) = [ TT N (wloyo, . o%0). (13)
p=1q=1
and
M M
.
P(WlD’G%VD) = H H./\/(wpq\dpdq ?U%‘VD)' (14)
p=1g¢=1

Let Q= {0%,0%,0%p,00,0p,07,0c}. Given the data ten-
sor R and urban context matrix W, the posterior distribu-
tion of O, D, T and C is given by

P(Oa Da Ta C‘Ra W7 Q)
x P(R|O,D,T,C,Q)P(W|O,Q)P(W|D, Q)
P(0]0, Q) P(DI0, Q) P(T|0, Q) P(C|0, ),

(15)

and the log posterior distribution is

In P(O,D,T,C|R,W,Q)

1
fﬁZ(rwz —Cx,0, xqd, ><tt2)2
R xyz
1 2 T\2
S wpy - 0,0 ) = S (1w — d,yd])
207 20 = 00 )" = 5 D (= )

1 1 1
- 0, - dz - tz
7o 2ol =3 Il = 25D e
1
—G—CZ|%/€\-

To maximize the posterior distribution is equivalent to
minimizing the sum-of-squared errors function with hybrid

quadratic regularization terms, i.e.,

min J =R —Cx,0 %D X, T||%

0.D.T,
2 2

+a|W—-00"|+B|W-DD'|; (7

+ v[O[l,+8[ID|[; + €[ T[], + £[[C[[,

st. O>0,D>0,T>0,C>0,

2 2 2 2 2
_ R Bg_R ,_%R s_%%R __%r __%%
where o=k, B=, y= o § = o €= ors £ = oo

. o
Note that weointroduuclé non-negativity constraints on the
variables so as to avoid perplexing negative travel volumes.
Eq. (17) indeed formulates the cNTF problem defined in
Section 2.4.
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Fig. 3. Pipeline initialization for tensor sequence analysis.

3.3 Neighboring Regularization

Let SP; = {z : v;; = max;<<jv,;} denote the ith urban com-
munity corresponding to the spatial pattern v.; in the spatial
projection matrix V. For the urban zones in SP;, it is natural
to expect that: i) they are geographically neighboring to
each other, and ii) their resident mobility behaviors are sim-
ilar to one another and different from that in other commu-
nities. These, however, have not been considered in the
above-mentioned cNTF model.

To address these, we here introduce the so-called Neigh-
boring Regularization (NR), which is inspired by the condi-
tional random field based image segmentation method
in [18]. Specifically, we model urban community discovery as
an image segmentation problem; that is, the community
labels of urban zones are modeled as a Markov random field
G(V,E), where v, € V is the community label of urban zone
z,and e,y € E is an undirectional dependency between urban
zone x and y. For the latent v,, we have an observable matrix
R,.. for the origin order of R, or R, for the destination order.

Without loss of generality, in what follows, we use the
origin order as an example to introduce the neighboring
regularization. Suppose G(V,E) and R,.., z € {1... M}, sat-
isfy the conditional random field hypothesis. Similar to the
classical image segmentation task in [18], the optimization
objective for community discovery is to maximize a poten-
tial function as

E=D W) D DY (vey),

=1 =1 yeM,

(18)

where M, is the set of neighbor zones of zone z. ¥ (v,) is
the unary potential of the CRF in zone z when the commu-
nity label of x is set to v,, which is defined as

Ory,
r .
D iz1 Oxi

¥4, (vz,vy) is the pairwise potential between zones z and y
when the community labels of = and y are set to v, and v,,
respectively; that is

(19)

llfﬁ(vr) N _IOg

0, if v, = vy,

g(z,y), otherwise. (20)

wgy(van Uy) = {

Note that g(x,y) is a function of the difference between R,..
and R,.., which is defined as a Gaussian kernel as follows:

HR£ - Ry:: Hi"
203 ’

where ong is a parameter suggested in [18]. This actually
introduces a penalty for the zones that are adjacent and

g(x,y) = exp (— (21)
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have similar resident mobility behaviors but are assigned to
different communities.

In a nutshell, Eq. (18) introduces the spatial community
discovery problem, which could be regarded as a neighbor-
ing regularization to cNTF, and thus form the so-called NR-
c¢NTF model.

3.4 Modeling Long-Term Evolution

We here introduce a simple yet effective way to model the
long-term evolution of spatio-temporal patterns. Let R; and
W, denote the data tensor and POI similarity matrix in the
lth year, and G, = {C;, O;, D;, T;} denote the set of latent pat-
terns learnt from the I/th year’s data,l = 1,2, ..., L.

As described in Section 2.5, to factorize every R; inde-
pendently for G|/, is often inappropriate for generating
incomparable patterns in successive years. The Dynamic
Tensor Analysis (DTA) scheme suggested in [19], [20] can-
not fulfill our task either for using R; as well as historical
data tensors to obtain a “hybrid” G;, which is not the genu-
ine G; we aim to analyze in practice.

We here propose a simple Pipeline Initialization based
Tensor Sequence Analysis (PI-TSA) method. In PI-TSA, the

factorization results in G; are expressed as
G = fNRchTF (Rl7 Wla gl,l), (22)
where fxr_ontr denotes the optimization algorithm for NR-

cNTF. Fig. 3 further illustrates PI-TSA via a flow chart. As
can be seen, the key of PI-TSA is to set the initial values of
the ith year’s optimization as the outputs in the (I-1)th step
(i.e., G;—1). In this way, the patterns in the (/-1)th year can be
“inherited” by the patterns in the /th year, and only the
information of R; and W, is used for pattern discovery in
the Ith year.

Algorithm 1. Block Coordinate Descent Procedure

Require: Data sets {R, W}, parameters {y, 8, ¢, e}
Initialization: (C(0>, 0 DO, T(°)>
fors=1,2,...do
Update C'¥ by solving the problem (23a).
Update O by solving the problem (23b).
Update D by solving the problem (23c).
Update T®) by solving the problem (23d).
Apply Algorithm 2 to O'*).
Apply Algorithm 2 to D',
if convergence then
return (C(S), o) D), T(s>>‘

end if

end for

4 INFERENCE

4.1 Basic Optimization

We adopt the Block Coordinate Descent-Proximal Gradient
(BCD-PG) algorithm [21], [22] to solve the cNTF problem in
Eq. (17). While this function is not jointly convex with
respect to C, O, D, and T, it is block multiconvex with each
one when the other three are fixed. Therefore, as shown in
Algorithm 1, we adopt a Block Coordinate Descent (BCD)
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procedure, which starts from an initialization on g(0>’ and
then iteratively updates g¥, s=1,2,..., by

cY) = arggninj(C,0(5_1),[)(8_1),T(S_1)> +vlCly, (23a)
o = arg()rninj(C(”), O,D(S_l),T<S_1)> +4[1Oll;, (23b)
D = = arg 1 min J(C< ),D, T ) + €D, (23¢)
T = argTIninJ(C(s), 0(5>,D(5>,T) + || Tl (23d)

Let (g,,8,,8;,8,) denote (C,0,D, T) for concision. Using
a Proximal Gradient (PG) method, the algorithm updates
the ith variable of G in the sth round as

() (5) gls=D)
(s) _ . . <aj<g<i7gi ) 8> > _~(s)>
g —argmin 18— 8i
80 98;
Tillg — @[ + A
+ B) Hg, 8i ’F + Aillg;lly (24)
{ o 107(8%880 ) )\,}
=max{ 0,87 —— —— >,
T; agl T
where (-) denotes the inner product, g jl denotes {g ? gf;i)l +
and g* ") denotes {g(b . gV}, The variable g'*)is a lin-
ear extrapolated point as follows.
g =g ol (s -8 ) (25)
where wm is an extrapolation weight set according to [22].
The parameter 7; in (24) is a Lipschitz constant of ) with
respect to g;, namely
() 27(s.)
o8, - o8, < Ti”gi,l -8, g\ ¥ 818y (26)

and )\; is the regularization parameter of g,. Specifically,
the gradients of J with respect to each component are
calculated as

7 =2 (¢x,(070) x, (DTD) x, (1)
~Rx,0" x,DT xtTT),

o7

5 =2 (o(c x4 (DTD) %, (T'T)),, €[,

~ (RxaD" %, T") €], ~a(W-00")0),

©7)
P (D (€ x, (070) x, (T'T))

-
(d)c(d)

~(Rx,07 x, TT)< iy~ B(W-DD')D),

x4 (D'D))

.
2 <T o€l

_ (R X, O Xy DT)(t)C(TL)>’

where X, denotes the mode-z matricization of tensor X

4.2 Neighboring Regularization Optimization
Algorithm 2 shows the optimization process of neighboring
regularization. Without loss of generality, we still take the
origin order for illustration. In each ctNTF optimization iter-
ation, Algorithm 2 regularizes the projection matrix O
through the following steps:

1) Calculate Unary Potentials: We first normalize O as

/ Ogi

= (28)
- Zj:l Ouj
Then the unary potential of o,; is ¥ (i) = —logol,.
2)  Calculate Pairwise Potentials: We then calculate the
average pairwise potential of v, =i to v, € {j|j # i}
as

(29)

=20 Py ¥,(0.3),

JAT yeEMy

where M, is the set of neighbor zones for zone x. P;
in Eq. (29) is a probability of v, = j, which is defined
as

exp(—v,(4))
=g @0
where 1/Z, denotes the partition function.
3)  Update the Projection Matrix: Finally, we calculate the
total potential of o,; as

The regularized element is then defined as
I
Ori = exp(—Lyi) * Y Ouj. (32)
=1
For the sth round of iteration in Algorithm 1, we define
Avg = 0% =0, and Auvrr = oY) — 017V, Algorithm 2 then
upd (s)
pdates o, as
(5) _ max{(),o<q Vo ANTE ANEY i AN <,
. (u by max{0, AN 1 ANFY - otherwise.
(33)
Note that 0 < o = AVF <0, so the update of om in

Eq. (33) is in the same direction with the gradient of o, (==1)

Algorithm 2 therefore ensures that the reconstruction error
in each iteration is always the same or lower than that in the
previous iteration.

Algorithm 2. Neighboring Regularization Optimization
Unary Potentials: o), — —72%—, y(i) —
j=1

Pairwise Potentials: Q,; — Z/#, ZUGAIr Jw(z j)
Update the Projection Matrix.

—logol,;.

Ogj

514
515
516
517
518
519

—_

520

522
523
524
525
526

528
529
530
531

533
534
535
536

538
539
540

542
543

544

545

546

. 547

548
549
550

551

552

553
554



555

556

558
559
560
561

562
563

564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580

582
583
584

585

586
587
588
589
590

592
593
594
595
596

598

8 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 31,

0.37| 0.343]

RMSE
o
S
RMSE

0.35 0.342]

0.335 10 2 30 0341 4 6 8 10

15 20 25
Number of spatial latent patterns 1./ Number of temporal latent patterns K

(a) Setting of I, J (b) Setting of K

Fig. 4. Performance with varying dimensionality of pattern space.

5 EXPERIMENTAL RESULTS

In this section, we conduct extensive experiments to evalu-
ate the effectiveness of our methods in learning urban
dynamics and gaining managerial insights for urban plan-
ning. We also compare our methods with some baselines on
traffic prediction, which justifies the modeling of urban con-
texts and neighboring regulation in NR-cNTF.

5.1 Experimental Setup
5.1.1 Data Sets

Three types of data sets were used in our experiments
including taxi trajectory data, POI data, and Traffic Analysis
Zone data. The taxi trajectory data set contains the GPS tra-
jectories of 20,000 Beijing taxis collected in November 2008
and November 2015, from which we extracted more than 6
million trips of taxi passengers to present the daily mobility
behaviors of residents in Beijing. The POI data set contains
more than 400 thousands POI records of Beijing in the years
of 2008 and 2015. The Traffic Analysis Zone data set, offered
by Beijing Municipal Commission of Transportation,
divides the Beijing area within the 5th Ring Road into 651
zones. Using the three data sets, we built two data tensors
(651 x 651 x 24) and two POI context matrices (651 x 651)
for the years of 2008 and 2015, respectively. In the experi-
ments, we only use data of workdays to construct the data
tensor R, so the discovered patterns reflect resident mobil-
ity in workdays. Peoples leisure patterns in holiday could
be very different from their workday patterns. We have con-
ducted extra experiments on holiday data, and included the
results to Supplementary Materials, available online, for read-
ers with interests.

5.1.2 Setting of Dimensionality of Pattern Space

The goal of the NR-cNTF model is to find an I x Jx
K-dimensional pattern space. How to set /,.J, K appropri-
ately, however, is a “tricky” issue. If the dimensionality is too
small, we might omit some urban dynamics; if too large, we
might obtain many trivial patterns (for the extreme case, if the
dimensionality of the pattern space is the same as the data
space, the patterns will be meaningless).

In our experiments, we set the parameters carefully so as
to make a tradeoff between the reconstruction error and the
dimension reduction. The reconstruction error is evaluated
by Root Mean Square Error (RMSE) defined as follows:

M
RMSE = \/ Zem1 2

y— Z~_1 (TJLW 72:1:;1/2)2
M x M x N ’

(34)
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Fig. 5. Performance with varying POl and L1 regularization coefficients.

where 7, is the (z,y, 2) element of the reconstructed data
tensor. We repeated experiments 10 times with I = J rang-
ing from 5 to 30 and K ranging from 2 to 10. Fig. 4 gives the
resultant average reconstruction errors with different
parameters, where RMSE reduces sharply at the very begin-
ning but slows down when 1, J > 20 and K > 4. We there-
foreset I = J = 20 and K = 4 as defaults.

5.1.3 Setting of Tradeoff Parameters

In NR-cNTF, the tradeoff parameters « and g are for adjusting
the strength of urban context terms, and y, § and ¢ for adjust-
ing the strength of sparsity regularization terms. In our exper-
iment, we set the tradeoff parameters using a traverse
approach. We vary « and g from 0 to 0.05 and y, § and € from
0.1 to 10, respectively, aiming to choose the parameters with
the best performances. Fig. 5 exhibits the experimental recon-
struction errors with different tradeoff parameters, where
each point is averaged on 10 runs. As can be seen, the best per-
formance appears when o = =0.01 and y =8 =¢=2.5,
which become the default settings.

5.2 Discovery of Temporal Patterns

Here, we describe the temporal patterns discovered from
Beijing taxi traffic in 2008 and 2015. To facilitate comparison,
we first introduce a normalization scheme to the projection
matrix T. Specifically, for the kth pattern, we define a mask
matrix as Y¥ € RV*®, where the element ¥, = 1 when i = k,
and 0 otherwise. We use the mask matrix to construct a data
tensor as

R =Cx,0x4D % (TOY). (35)

In Eq. (35), the elements of T correspondmg to the patterns
—k are multiplied by zero, so R only contains the compo-
nents of the pattern k. Therefore, the physical meaning of
R'isa component tensor Correspondmg to the kth temporal
pattern of the data tensor R. Using R", we define the energy
of the temporal pattern £ as

~k M
HR H1 _ Z Z Zz 1‘ xyz‘
MxMxN Mx MxN ’

(36)

Up =

The physical meaning of the energy wy, is a normalized size
of the components corresponding to the temporal pattern k.
In the experiments, we define the re-scaled pattern coeffi-

cient ¢, as

T tzk
= ——— X Ug.
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Fig. 6. Temporal patterns in 2008 and 2015.

The physical meaning of Z.; is the energy of the temporal
pattern k at the time slice z. The vector t, is the distribution
of uy, over the N time slices, and Zf[: 1 L = uyp. We compare
the re-scaled pattern coefficients of different years to dem-
onstrate the changes of temporal patterns of resident mobil-
ity from 2008 and 2015.

Fig. 6 shows the four temporal patterns, which indeed
correspond to four rhythms of urban traffic:

e PI1: Morning Peak, with an active range roughly from
6:00 to 11:00.

e  P2: Midday, with an active range roughly from 9:00 to
18:00.

e P3: Evening Peak, with an active range roughly from
16:00 to 24:00.

e  P4: Night, with an active range roughly from 20:00 to
3:00 of the next day.

To further reveal the evolution of temporal patterns from
2008 to 2015, we plot comparative diagram for each pattern
of the two yeas in Fig. 7. The first observation is that the
intensity of the morning pattern was decreased significantly
from 2008 to 2015 (see Fig. 7a), whereas the evening pattern
seems much more stable (see Fig. 7c). We believe the reduc-
tion of the morning peak via taxies is due to the rapid devel-
opment of the metro system in Beijing. During the period
from 2008 to 2015, the Beijing metro increased the mileage
from 198 to 631 km, which is particularly suitable for the
time-rigid morning commute but has less impact to the
evening commute with relatively flexible time.

Another observation is that the intensity of the midday
pattern was increased during the seven years (see Fig. 7b).
The main part of travel volume in the midday pattern con-
sists of business travels from one workplace to another,
whose destinations are random in essence and therefore
cannot count heavily on public transportation systems like
metros. Moreover, the fast-rising income in China in recent
years might also contribute to the more spending on the rel-
atively expensive taxi service.

_ 001 --2008 _ 001[--2008] o .u
g -8-2015 g -8-2015| dy)
'3 0.008 —— '3 0.008 | ’
: : 0
2 0.006 2 0.006
3} 33 b v
= \
g 0.004 £ 0.004 ]
£ 0.002 £ 0.002 W
151
ef O B8
5 10 15 20 510 15 20
Hours Hours
(a) Morning Peak (b) Midday

Fig. 7. The temporal patterns comparison between 2008 and 2012.

The most interesting observation is that the peak time of
the night pattern in 2015 came about two hours later than
that in 2008 (Fig. 7d). This implies that residents tend to
have more travels in the midnight in recent years. The rea-
sons behind this could be complicated, which might include
some lifestyle changes in Beijing, such as the more colorful
nightlife or the higher overtime working pressures.

To sum up, the NR-cNTF model well captures the tempo-
ral patterns hidden inside the Beijing taxi traffic. The evolu-
tion of these patterns further unveils the development of
Beijing metros and the changes of lifestyle.

5.3 Discovery of Spatial Patterns

Here, we explore the spatial patterns discovered by NR-
cNTF. Given any origin or destination pattern v; (see Defi-
nition 1 in Section 2.2), we first obtain the corresponding
urban community SP; (see Section 3.3). We adopt the “crisp
partition” assumption so that an urban zone will be
assigned to one and only one urban community. As a result,
among the / = J = 20 patterns in our experiment, we obtain
17 urban communities, and the rest three are empty and
omitted. Note that we only use destination spatial patterns
for illustration below. The origin spatial patterns have the
similar results, we don’t put them in the paper for concision.

Figs. 8a and 8b visualize the urban communities corre-
sponding to the destination spatial patterns found in 2008 and
2015, respectively. As can be seen, each urban community
(filled with a same color) identified by NR-cNTF contains
urban zones geographically adjacent to at least one zone in
the same community, which agrees with our intuition about
functional zoning of a city. In contrast, Fig. 8c shows the 2008
urban communities found by cNTF without neighboring reg-
ulation, whose functionalities are less clear due to the geo-
graphical discontinuity. For the convenience of discussion,
we numbered the communities in Fig. 8b from 1 to 17.

A general observation from Fig. 8 is that the spatial com-
munities of Beijing radially surround the center of Beijing.
This character of spatial communities has close relations with
the trunk road network structure of Beijing. Fig. 10a shows
there are four concentric ring roads surrounding the center of
Beijing. As reported in [23], the ring roads provide a basic
framework for the city’s overall spatial pattern. Affected by
the ring roads, we can see that the communities discovered in
Fig. 8 also constitute two concentric circles surrounding the
center of the Beijing city. Specifically, the communities C1-
C10 form the outer circle, and C11-C17 form the inner circle.
Fig. 10b plots the trunk road network of Beijing over the com-
munities, from which we can see that many boundaries of the

s 10
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(a) 2008 DSP’s by NR-cNTF

Fig. 8. Destination spatial patterns in 2008 and 2015.
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Fig. 9. Dynamic patterns in 2008 and 2015.

communities overlap with the trunk roads, indicating that the
spatial patterns of residential mobility in Beijing are deeply
shaped by the urban trunk road network.

Another observation from Fig. 8 is the interesting evolu-
tion of some urban communities in recent years. Let us take
a closer look on community C7 located in the south of Bei-
jing, which has an obvious expansion trend from 2008 to
2015. That is, some urban zones that belonged to C6 in 2008
were “absorbed” by C7 in 2015. To understand this, we
should trace back to the so-called South Beijing Develop-
ment Plan (SBDP) issued in 2008, which is a government
investment plan in south areas of Beijing, with an executive
period from 2010 to 2015 and a total investment of nearly
62.9 billion USD (more information about SBDP could be
found in Supplementary Materials, available online). The pur-
pose of SBDP is to narrow the development gap between
the lagging-behind southern region and other areas of the
city. It is interesting that the communities C6 and C7 are
just in the investment region of the plan (see Fig. 2 in Supple-
mentary Materials, available online, for the evidence). The
evolution of C6 and C7 from 2008 to 2015 essentially reflects
the great impact of huge economic investments to the real-
life development of a city.

To sum up, the above results justify the effectiveness of our
NR-cNTF model in uncovering latent and geographically
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(b) 2015 DSP’s by NR-cNTF
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adjacent spatial patterns, as well as their inconspicuous evo-
lutions in recent years.

5.4 Discovery of Urban Dynamics Among Patterns
Here, we use the core tensor C to explore the urban dynam-
ics, i.e., the interactions among spatial and temporal pat-
terns. We first observe the slice C... of C, which reveals the
traffic intensity from every origin communities to every des-
tination ones given the temporal pattern k, i.e., a community
level origin-destination (OD) matrix in rhythm k.

Fig. 9 visualizes the community OD-matrices in the
morning peak, midday, evening peak and night rhythms of
2008 and 2015. A darker color indicates a higher traffic
intensity. As can be seen, most energies of the OD-matrices
are concentrated in their diagonal lines, implying that most
of taxi travels in Beijing actually happened within the same
community with relatively short distances. Moreover, the
travel demands across communities have a fidal phenome-
non. That is, in the morning peak, people flowed out from
many communities (i.e., residential areas) and flowed in a
few ones (i.e., working areas), and the situation was just the
reverse in the evening peak and night rhythms. This implies
that while the residential areas in Beijing are very dispersed,
the workplaces are relatively concentrated. Indeed, it seems
from Fig. 9e that C10, C13 and C17 are the three “most

745
746

747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768



769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812

WANG ET AL.: UNDERSTANDING URBAN DYNAMICS VIA CONTEXT-AWARE TENSOR FACTORIZATION WITH NEIGHBORING... 11

@ 5th Ring Road | I
= AL
The 4th Ring Road /-

T N :
] The 2nd Ring Road 1
i EHEHHE

i P = S
(b) The Trunk Roads in Beijing

]
(a) The Ring Roads in Beijing

Fig. 10. The urban communities and trunk roads in Beijing.

attractive” workplaces in Beijing, which are actually well-
known as the Zhongguancun area,* Beijing Central Business
District (CBD),” and Beijing Financial Street,® respectively.
From this aspect, NR-cNTF indeed generates high-quality
patterns for urban dynamics understanding.

We then explore the evolution of traffic intensities from
2008 to 2015 in Beijing. For the comparison purpose, we first
concentrate the energies of projection matrices into the core
tensor as ¢/ = ciji D, 0si* D, dyj - .t The total inten-
sity of inter-community traffic for a community « is then
calculated as I)"" =37, 3" ¢+ 222, >4 ¢,y and the
intra-community traffic intensity for x is given by
Iintra =%~ .. Along this line, we can quantify the daily
increments of inter- and intra-community traffic intensities
from 2008 to 2015, as shown in Fig. 11.

From Fig. 11a, it is obvious that the inter-community traf-
fic increased from 2008 to 2015 for almost all communities,
with C10 (Zhongguancun area), C13 (CBD area) and C17
(Financial Street area) being the most significant ones. In
particular, as shown in Fig. 11b, the Zhongguancun area, a
technology hub of Beijing and well-known as the “Chinese
Silicon Valley”, gains a highest growth ratio during the
seven years, which coincides with the developing priority
of Beijing with high-tech industries preference.

Fig. 11c depicts the intra-community traffic intensity of
each community from 2008 to 2015. It is interesting that C7
and C15 emerged as the top-2 communities with highest
growth in internal traffic. Recall that these two communities
are located in the south of the Beijing city, and have bene-
fited from the 30 billion dollar investment of the South Bei-
jing Development Plan. The significant growth of internal
traffic implies that these two communities are gaining
more active economics, and perhaps are enjoying more sus-
tainable developing pattern—residents can work and rest
interchangeably within a small distance. This indeed reco-
mmends a potential solution to mitigating the “big city
disease” of Beijing: to promote industries and housing in a
same community or close ones. This job-housing balance
thinking, however, was not the primary choice of Beijing in
the past several decades. The development of the CBD area,
which we will discuss below, is just the epitome.

In Fig. 12, we study the dynamic patterns of a particular
community: the CBD area (C13), which is the central business
district of Beijing and shapes the lifestyle of the city deeply. In

4. https:/ /en.wikipedia.org/wiki/Zhongguancun
5. https:/ /en.wikipedia.org/wiki/Beijing_central business_district
6. https:/ /en.wikipedia.org/wiki/Beijing_Financial_Street

the figure, the color of a community indicates the traffic inten-
sity of that community from or to the CBD community: the
redder the stronger, and the arrows indicate traffic directions
between communities. As shown in Fig. 12, CBD is a pure
business area, with residents flowing in in the morning and
flowing out in the evening. Similar situations can be found
from the Zhongguancun (C10) and the Financial Street (C17)
communities. This indeed reflects the severe job-housing
imbalance in Beijing, which contributes a lot to the city disease
such as traffic congestion. Nevertheless, it is more interesting
to find the pattern evolution of CBD from 2008 to 2015. From
Figs. 12a and 12b, we can find the nearly symmetric incoming
and outgoing flows between the CBD community and the
communities surrounding CBD in 2008. This symmetry, how-
ever, disappeared in 2015, where the outflows from CBD in
the evening spread over more communities than that in the
morning (see Figs. 12c and 12d). We believe it is Fig. 12d
rather than Fig. 12c that revealed all the housing communities
for CBD. The possible reason is, for residents living in remote
communities, the long-term, timely and economic way commut-
ing to CBD in the morning is to take metro rather than taxi.
From this angle, we can conclude that the job-housing imbal-
ance gets even worse with the rapid development of the CBD
area from 2008 to 2015.

To sum up, the evolution of urban dynamics indicates
the rapid development of Beijing city in recent years. The
development pattern, however, is still worrying for the job-
housing imbalance status quo, although the southern area
has showed some positive changes.

5.5 Quantitative Evaluation
In this section, we evaluate our NR-cNTF model by compar-
ing its data tensor reconstruction error with that of some
baseline models, for further explaining why NR-cNTF can
work well for understanding the Beijing city. Following the
tradition of tensor factorization based studies [4], [20], the
Root Mean Square Error defined in Eq. (34) is used as an indi-
cator of quality.

In the experiments, we define a sampling tensor
S € RM*M*N in which the element s,,. = 1 when the traffic
volume form zone z to zone y in time slice z was sampled,
otherwise un-sampled. We then rewrite the objective func-
tion in Eq. (17) as

; _ _ 2
arg , T=[8®(R~-Cx,0x4Dx; T

+a|W-00"|%+pW-DD"[ 9

+7IOll, +3[[Dll; + €l Tll; +£[Cll;-

The reconstruction error between R and the reconstructed
tensor R = C x, O x4 D x; Tis calculated using Eq. (34).

We compare the reconstruction error of NR-cNTF with
that of the following baseline methods:

e  Tucker: Non-negative Tucker Factorization, of which
the objective function is

. 2
argcgg{T||S® (R=Cx,0x4D x; T 0
+v[[Oll,+3IDll, + €l T, +£l[C]],-

Compared with our method, Tucker does not con-
sider urban context and neighboring regularization.
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Fig. 11. Inter- and intra-community traffic intensities.

(a) 2008 Morning Peak

(b) 2008 Evening Peak

Fig. 12. Dynamic patterns from and to the CBD community.

CP: Non-negative CP Factorization, which supposes
a joint latent space for each mode by solving an
objective function as

S © (R - Z 0.y, © d:m ° t:m)

+y[IOll; + 8[ID|l, +€[[T|;,

2

a. i )
eopr )

where operator o represents the vector outer product.
In the CP factorization, the latent factor dimensionality
for both the spatial and temporal patterns are the
same. As a result, we set the number of latent factors
m = 4 or m = 20. The former is the same as the num-
ber of temporal patterns for NR-cNTF, and the latter is
in accordance with that of spatial patterns.

rCP: Regularized Non-negative CP Factorization,
which is a CP factorization with the urban context-
aware regularization. The objective function is

S@ (R T Zo:m © d:Tn o t:m,>

+a|[w - 00|, + 5w - DD,
+ Y10l +8lIDl; €|

2

arg muin,
- Fo41)

In our experiments, we compared the methods on the
data tensor of 2015. The sampling rate varied from 50 to 90
percent. The average RMSE values of ten times repeated
experiments are reported in Table 3. From the table, we
have the following observations:

Both NR-cNTF and cNTF performed much better
than the baseline methods, indicating the general
superiority of the proposed methods.

NR-cNTF performed nearly the same as ¢cNTF, indi-
cating that the neighboring regularization improves

(c) 2015 Morning Peak

In

(d) 2015 Evening Peak

the interpretability of spatial patterns at the very low
cost of model deviation from real-world data.
NR-cNTF/cNTF performed generally better than
Tucker, indicating the distinct value of urban con-
texts for tensor factorization.
NR-cNTF/cNTF/Tucker performed generally better
than rCP4/CP4/rCP20/CP20, implying the advan-
tage of employing Tucker rather than CP based
methods. This is not unusual, since the core tensor
generated by Tucker factorization contains impor-
tant information about urban dynamic patterns and
improves the model interpretability.

summary, besides the superior interpretability,

NR-cNTF also shows excellent performance in quantitative
evaluation on tensor factorization, by employing core tensor,
neighboring regulation, and urban contexts. As a natural
corollary, NR-cNTF could be used for urban traffic volume
prediction when the elements of a data tensor are only par-
tially available.

6 RELATED WORK

Mining knowledge from human mobility data generated in

urban

areas has attracted many researchers’ interests in

TABLE 3
Tensor Reconstruction Performance by RMSE

50% 60% 70% 80% 90%
NR-cNTF 0.351 0.344 0.343 0.342 0.341
cNTF 0.350 0.345 0.343 0.342 0.341
Tucker 0.357 0.356 0.353 0.351 0.350
rCP-20 0.351 0.349 0.349 0.347 0.347
rCP-4 0.403 0.401 0.400 0.398 0.396
CP-20 0.353 0.352 0.349 0.348 0.346
CP-4 0.405 0.403 0.401 0.401 0.400
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recent years [24], [25]. Various types of “social sensors”,
such as cell phones [26], GPS terminals [25], and smart bus/
metro cards [27], have been adopted to record mobility
information of urban residents, based on which many
successful applications have emerged for intelligent trans-
portation [28], [29], [30], environmental protection [31],
urban planning [10], urban emergency [32], etc. An excellent
survey from an urban computing perspective can be found
in [24], while [25] provides a survey from a social and
community dynamics perspective.

Among the abundant methods for human mobility data
mining, tensor factorization/decomposition, like CANDE-
COMP/PARAFAC (CP) [33] and Tucker factorizations [34],
gains particular interests for its distinct ability in modeling
multi-aspect heterogeneous big data. Indeed, in city scenar-
ios data samples are always involved with many aspects,
such as time, space, human, urban contexts and so on, and
therefore are very suitable for tensor factorization based
data mining methods [24]. Typical applications of tensor
factorization could be classified into two categories. The
first category is to reconstruct tensors for predicting
unknown values in multi-aspect data sets, such as complet-
ing missing traffic data [2], inferring urban gas consump-
tion [3], predicting travel time [4], recommending social
tags [35], movies [36] and sightseeing locations [37], [38],
and so on.

In recent years, more and more works focused on mining
explainable latent factors from multi-aspect urban data sets,
which form the second category of applications. The focal
point here is to use tensor factorization to discover latent
lower-dimensional factors from higher-dimensional multi-
aspect data sets. For instance, Metafac [39] used CP factori-
zations to extract latent community structures from various
social networks, and [40] proposed a multi-view data clus-
tering and partitioning method based on Tucker factoriza-
tion. Our study in this paper also falls in this category, with
some most related works as follows.

The study [7] used a non-negative matrix factorization, i.e.,
a second-order tensor factorization, to model taxi trip data,
and discovered the latent factors corresponding to three
rhythms of resident’s daily life. Similarly, matrix factoriza-
tions were used for understanding the operational behaviors
of taxicabs in cities [8]. In the inspiring work, [5] adopted a
regularized non-negative Tucker decomposition (fNTD) to
discover residents’ mobility patterns in Beijing from an ori-
gin-destination-time tensor. Following this idea, [9] proposed
a probabilistic tensor factorization method to find mobility
patterns of public transaction system passengers from an
origin-destination-time-type tensor. CitySpectrum [6] used
CP factorizations to mine joint time-day-location patterns of
residents after the Great East Japan Earthquake. Some more
complex algorithms include NTCoF [41], which is a non-nega-
tive tensor co-factorization algorithm for urban events detec-
tion from bike trip and check-in data, and HTM [42], which is
a hybrid tensor model and uses ACS-tucker decomposition to
detect events from traffic data. In recent years, many dynamic
tensor factorization algorithms were proposed for time series
and stream data mining. For instance, Dynamic Tensor Analy-
sis [19] extended Tucker factorization to process dynamic and
stream high-order data, the Facets model [43] combined
dynamic graphical models with tensor factorizations for

mining co-evolving high-order time series, and FEMA [20]
was a flexible evolutionary tensor factorization algorithm to
mine dynamic behavioral patterns of multi-facet data sets.

Despite of the wide existence of related works mentioned
above, our study in this paper has its own uniqueness.
Unlike the previous works, we focus on understanding
urban dynamics from multiple aspects, including spatial,
temporal, as well as spatio-temporal interactions, with still
a pursue to long-term evolution patterns. The results indeed
bring some important managerial insights and suggestions
to city development of Beijing. The proposed NR-cNTF
model takes Tucker factorization as a basic framework,
which compared with CP and matrix factorization based
models [6], [7], [8], [42] has better interpretability for adopt-
ing a core tensor to model relations among latent factors.
Compared with the existing Tucker factorization based
methods [2], [9], [24], NR-cNTF incorporates urban contexts
and neighboring regulation, which improve both the accu-
racy and interpretability of Tucker factorization greatly.
Moreover, we proposed a pipeline initialization approach
to analyze the evolution of urban dynamics across several
years, which is simple yet practical.

7 CONCLUSION

In this paper, we proposed a POI context-aware nonnega-
tive tensor factorization model with neighboring regulation
(NR-cNTF) for urban dynamics discovery. A simple pipe-
line initialization method was also introduced to NR-cNTF
to facilitate evolution analysis of the dynamics. Experiments
on Beijing taxi trajectory and POI data demonstrated the
high-quality of the spatial, temporal and spatio-temporal
patterns generated by NR-cNTF for city-disease diagnosing
and urban planning. The comparative studies with some
baselines on traffic prediction further justified the advan-
tage of NR-cNTF in adopting urban contexts and neighbor-
ing regulation.
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