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ABSTRACT
Urbanization is a global trend that we have all witnessed in the past
decades. It brings us both opportunities and challenges. On the one
hand, urban system is one of themost sophisticated social-economic
systems that is responsible for efficiently providing supplies meet-
ing the demand of residents in various of domains, e.g., dwelling,
education, entertainment, healthcare, etc. On the other hand, sig-
nificant diversity and inequality exists in the development patterns
of urban systems, which makes urban data analysis difficult. Differ-
ent urban regions often exhibit diverse urbanization patterns and
provide distinct urban functions, e.g., commercial and residential
areas offer significantly different urban functions. It is desired to
develop the data analytic capabilities for discovering the underlying
cross-domain urbanization patterns, clustering urban regions based
on their function similarity and predicting region popularity in
specified domains.

Previous studies in the urban data analysis area often just focus
on individual domains and rarely consider cross-domain urban de-
velopment patterns hidden in different urban regions. In this paper,
we propose the infinite urbanization process (IUP) model for si-
multaneous urban region function discovery and region popularity
prediction. The IUP model is a generative Bayesian nonparametric
process that is capable of describing a potentially infinite num-
ber of urbanization patterns. It is developed within the supervised
topic modeling framework and is supported by a novel hierarchical
spatial distance dependent Bayesian nonparametric prior over the
spatial region partition space. The empirical study conducted on
the real-world datasets shows promising outcome compared with
the state-of-the-art techniques.

CCS CONCEPTS
• Information systems→ Location based services; •Comput-
ing methodologies → Supervised learning by regression; Topic
modeling;
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Figure 1: Urban supply density for the greater Sydney area.
The statistical area 2 (SA2) defined by Australian Bureau of
Statistics (ABS) is used as the region boundary for calculat-
ing different urban supplies’ densities. Red colour indicates
high density and blue colour indicate low density.
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1 INTRODUCTION
Urbanization is a global trend that we have all witnessed in the past
decades. It has dramatically changed our world and will keep chang-
ing it on an unprecedented scale and speed. Fast urbanization also
leads to fast-growing demand, e.g., the demand for infrastructure,
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transportation, energy, dwelling, education, healthcare, entertain-
ment and communication. As a result, urban system is one of the
most complex social-economic systems that provide supplies for
meeting all the urban demand. It consists of a large number of sub-
systems, each of which is responsible for a particular demand and
also closely collaborates with others. It requires a comprehensive
understanding of the urban system as a whole to plan, operate and
maintain our cities efficiently.

Existing research in urban data analysis mainly focus on in-
dividual area. For example, traffic condition and transportation
capacity data analysis helps understand the equilibrium of urban
transportation and detect traffic anomaly [2, 5, 20, 23]. Water qual-
ity and air condition data analysis helps estimate and forecast urban
environment and resource status [13, 21, 32, 35]. Real estate data
analysis [7–9] helps discover the important factors and patterns for
property price.

Very few studies focus on integrating urban data from disparate
domains [33], discovering correlations among different areas and
deriving insights from cross-domain urban data. It is desired to
treat a city as as integrated social-economic system and develop the
data analysis techniques that can discover underlying cross-domain
urban development patterns and predict unknown urban popularity
in specified area.

In this paper, we propose a Bayesian nonparametric generative
model. It makes the contribution via tackling the following three
challenges in the urban data analysis and prediction area: (1)How to
define and discover underlying urban development patterns hidden
in the cross-domain urban data? (2) How to cluster urban regions
based on their urbanization patterns? (3) How to make predictions
for target domains given the discovered cross-domain correlations
and patterns.

There are two important observations in the real-world urban
systems providing helps for tackling the aforementioned challenges.
First, significant diversity and inequality exist in urban systems. On
the one hand, different urban regions have distinct compositions of
urban supplies. For instance, a city’s central business area is in high
density of restaurants, cafes and hotels compared with residential
areas. On the other hand, different urban supplies demonstrate
distinct spatial distribution patterns over urban regions. For exam-
ple, the spatial distribution patterns of restaurant and school are
different from each other, as illustrated in Fig.1. Such diversity and
inequality reflect the underlying cross-domain correlations and the
hidden urban development themes in the different urban regions.

Second, spatial coherence exists for urban regions. As the To-
bler’s first law of geography states, "everything is related to every-
thing else, but near things are more related than distant things" [30].
In urban data analysis, the urban regions next to each other tend to
have similar demographical composition and share similar demand
of urban functions.

In this paper, we propose the infinite urbanization process (IUP)
model to tackle the three challenges based on the above observa-
tion. The IUPmodel is a Bayesian nonparametric generative process
that can describe the generative urban development process. It can
discover unique urbanization patterns, predict urban region popu-
larity for specified domains and cluster urban regions into groups
automatically without knowing the number of cluster beforehand,
which is difficult for traditional parametric generative approaches.

Specifically, the proposed IUP model is a generative supervised
topic model governed by a novel hierarchical spatial distance depen-
dent Bayesian nonparametric prior over the urban region partition
space. It combine the merits of both supervised latent topic mod-
eling approach and distance dependent Bayesian nonparametric
approach.

In this work, we use the term "urban function" to represent the
hidden cross-domain urban development theme. Each urban region
has its own urbanization theme which expresses itself via an unique
combination of urban supplies, and we define the urban function
as a distribution of urban supplies, e.g., restaurants, healthcare,
etc. Different urban regions have different compositions of urban
supplies, and hence demonstrate distinct urban functions.

The proposed IUP model captures the analogy between text data
analysis and urban data analysis, and utilize the supervised topic
modeling technique for discovering urban functions and predicting
urban region popularity in specified domains. Analogous to text
analysis, urban regions are treated as documents with urban sup-
plies being utilized as words. As a result, urban functions can be
modeled as the latent topics in documents.

In such topic modeling framework, an urban region consisting
of a large number of urban supplies, might be concisely modeled
as deriving from a relatively small number of urban functions, i.e.,
each urban region can be assigned with a distribution of functions.
These urban function representation provide informative statistics
for many different tasks, e.g., searching, recommendation, similarity
measurement, region segmentation, demand and supply estimation.

Particularly, the IUP model aim to predict urban region popular-
ity in specified domains via utilizing the urban function representa-
tion. In this paper, we use real estate price as an example of urban
region popularity to explain the model detail and conduct empirical
study. But the model is general enough for modeling other urban
variables, e.g., region popularity for establishing a new business,
region popularity for Uber or taxi drivers making profit, region
popularity for commercial and politic campaigns.

To utilize the spatial coherence characteristics in urban data for
region clustering, we develop a spatial distance dependent hierar-
chical Bayesian nonparametric prior over the urban region partition
space for governing urban region clustering and urban function
generation. Bayesian nonparametric priors are widely used for
modeling the data in different structures, e.g., matrices, graphs, ar-
rays [24], trees, relations [14], spatial and temporal events [15–19],
images [11] and 3D object surfaces [10]. Similar to the super-pixel
concept used in image segmentation, the IUP mode uses the term
"the smallest urban statistical area" (SUSA) as the smallest urban
unit for extracting descriptive features. The SUSAs are grouped
together based on both their spatial coherence and function simi-
larity. In this work, we use the statistical area 1 (SA1) defined by
Australian Bureau of Statistics (ABS)1 as an example for model
description and empirical study.

For the rest of the paper, Section 2 gives the technical details of
the proposed model with a brief introduction of the related tech-
niques. Section 3 describes the model inference method. Section 4
elaborates the empirical study. Finally, Section 5 concludes the work
and discusses the potential future work.

1https://goo.gl/BvRcJQ
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2 URBAN FUNCTION DISCOVERY AND
POPULARITY ESTIMATION

In this section, we first introduce the related techniques. Section 2.1
describes the supervised topic model. Section 2.2 explains the dis-
tance dependent Chinese restaurant process, i.e., a Bayesian non-
parametric prior for partitioning. Then, we give the details of the
proposed IUP model in Section 2.3.

2.1 Supervised Topic Model
Many latent topic models have been developed in recent years [12,
27, 31]. Latent Dirichlet allocation [4] (LDA) is extremely popular
among them for text analysis because it provides an efficient way
to extract concise and semantic representation of documents in
a much lower dimension space compared with the dimension of
unique vocabulary. Such latent topic representation is helpful for
various text analysis tasks, e.g., information retrieval, text clustering,
etc.

Although the topics learned in unsupervised topic models can
help reduce the dimension of texts, they can hardly be utilized for
predicting documents’ responses, e.g., document relevance rank, as
they express general themes without the ability to take advantage
of supervised information.

In the supervised topic models [26, 34], the supervised latent
Dirichlet allocation (sLDA) [22] is an extension of LDA for solving
supervised learning problems. It overcomes the problem via jointly
learning topics and their regression coefficients for the document
responses. The response for a document is predicted by regress-
ing on the averaged empirical topic allocations of the document.
The generative process of sLDA for generating a document can be
described as:

1. Draw topic proportion for document d : θd ∼ Dir (ζ ).
2. For each word n in the document:
(a) Draw topic assignment Zn |θd ∼ Mult(θd ).
(b) Draw topics ϕ1:T |β ∼ Dir (β),
(c) Draw a wordWn |Zn ,ϕ1:T ∼ Mult(ϕZn ).

3. Draw document response Y |Z1:N ,η,σ
2 ∼ N (ηT Z̄ ,σ2).

The variables d and n indicate the indices of document and word
respectively. The variable N represents the number of words and
the variable T represents the number of topics. The variables θ and
ϕ indicate the topic assignments for documents and the topics over
the vocabulary respectively with ζ and β as hyperparameters.

2.2 Distance dependent CRP
Chinese restaurant process (CRP) [25] is a distribution over a prob-
ability measure. It is one of the three popular representations of
Dirichlet process (DP) [1, 6] with emphasis on the clustering nature
of DP. As a result, it is widely used as a Bayesian nonparamet-
ric prior for clustering methods and mixture models. It avoids the
model selection problem that hinders most of the parametric models.
It also helps solve the open-ended problems in which the number
of components or patterns in the mixture model can grow with
incoming data points. The model developed with CRP as a prior
can learn the number of clusters automatically from data without
knowing it beforehand.

The generative process of CRP can be described via a metaphor.
Imaging there is a Chinese restaurant with infinite number of ta-
bles serving customers. The new customer comes in and sits at a
table with the probability proportional to the number of existing
customers at that table. A concentration parameter α of the CRP
controls the probability that the incoming customer sits at a new
table. We can see from the metaphor that the table with more cus-
tomers tends to attract more new customers than the table with
fewer customers.

Although described in a sequential manner, the CRP generates
exchangeable distributions over partitions. In other words, the
clustering outcome is invariant to the order of customers. This is
a perfect assumption for many real-world applications in which
exchangeability is needed. But it is inappropriate for urban region
clustering in our case, in which nearby urban regions are more
likely to have similar demographical composition and demand for
urban functions.

The first Law of Geography, according to Waldo Tobler, states
"everything is related to everything else, but near things are more
related than distant things". Such spatial coherence nature in urban
data analysis breaks the assumption of exchangeability. The dis-
tance dependent CRP (ddCRP) [3] modifies the CRP by determining
the table assignment via customer links. A new customer tends to
sit in a table where her closest friend sits. Formally, the generative
process of the ddCRP can be described through the customer as-
signments ci , which indirectly determines the table assignment ti ,
where i indicates the customer index. The customer assignments
are generated according to the distribution:

p(ci = j |α , f ,D) ∝

{
f (di j ) if i , j

α if i = j,
(1)

In Equation 1, di j indicates the predefined distance measurement
between customer pairs, α is the probability that a new customer is
assigned to herself (i.e., sitting at a new table), and f (·) is a decaying
function mediates how the distance between two customers affects
their probability of linking to each other. The overall customer
assignments indirectly determine the table assignments, which
specifies the partition of customers.

Two customers are in the same cluster if and only if a customer
can reach the other customer via the customer links. In our case,
we treat SUSAs as customers. An example is given in Figure 3 by
using SA1 in the greater Sydney area as SUSAs. Arrows indicate
customer assignment and curved arrows indicate self-assignment.

We define the spatial distance of SUSAs as the number of hops
required to reach each other. We set the decay function as f (d) =
1(d ≤ a), where 1(·) is the indicator function. It equals to 1 when the
input condition is satisfied, and 0 otherwise. Such decay function
forces spatial continuality. Only adjacent SUSAs can be linked (we
set a = 1) as only the spatially connected SUSAs have non zero
probability of linking to each other. However, it doesn’t limit the
number of linked SUSAs.

With the ddCRP as the prior over the urban region partition
space, we can generate a set of contiguous segments (corresponding
to tables) having similar urban functions. Although it is valuable,
such segmentation has the limit on clustering urban regions with
similar functions but far away from each other. For example, if a city
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Figure 2: Top two rows: Analogy fromurban function discov-
ery to text analysis. Bottom two rows: The correspondence
between urban region clustering and the metaphor of spa-
tial distance dependent hierarchical Bayesian nonparamet-
ric prior.

havemultiple business areas and share similar urban functions, such
areas should be clustered as one group because they have similar
functions and tend to have similar demand for urban supplies.

Therefore, we introduce another hierarchy layer (a standard
CRP) on top of the ddCRP in which the connected SUSAs generated
by the ddCRP are further grouped into clusters. Similar to the
Chinese restaurant franchise (CRF) [28], the new hierarchy layer
(CRP) assigns each table with a dish (as the final cluster index) from
a menu consisting of a potentially countably infinite number of
dishes.

Now, each cluster can sample themodel parameter for generating
the urban functions for the SUSAs in it. It is worth noting that this
hierarchical ddCRP can be regarded as an extension of the CRF
with the ddCRP determining the customer assignments instead of
the standard CRP.

Such spatial distance dependent hierarchical Bayesian nonpara-
metric prior can capture both the spatial coherence via the spatial
ddCRP and the urban function similarity via the standard CRP layer.

2.3 Infinite Urbanization Process Model
In this section, we give the formal description of the proposed IUP
model. Similar to the latent topic models which are utilized for un-
derstanding and organizing documents in a low dimensional space,
the IUP model provides an interpretable and compact statistical
representation for depicting the themes of urban regions.

There is an analogy between latent topic model for text analysis
and the IUP model for urban data analysis, as shown in Figure 2. We
treat urban supplies, e.g., restaurants, schools, etc., as words arising
from a set of latent urban functions which correspond to latent
document topics. A latent urban function is defined as a distribution
of urban supplies. SUSAs are considered as documents in the IUP
model, each SUSA is assigned with a set of urban functions. All the
SUSAs share the same set of urban functions.

In the IUP model, each SUSA is also associated with a response
representing a particular social-economic characteristics of the

SUSA, e.g., dwelling popularity. This social-economic response can
be in various types, e.g., ordering, positive integer or real-valued
numbers.

Similar to image segmentation in which images are observed
as a collection of super-pixels, i.e., the smallest blocks of spatially
adjacent pixels generating depicting visual features, we treat cities
as a set of SUSAs (e.g., SA1 defined by ABS) providing the smallest
spatial granularity for obtaining statistical description. The goal of
the IUP model is to cluster SUSAs into groups in which the SUSAs
in the same group share similar urban functions.

To cluster SUSAs with the consideration of both spatial coher-
ence and function similarity, we develop the spatial distance depen-
dent hierarchical Bayesian nonparametric prior over the SUSA par-
tition space. As introduced in Section 2.2 and illustrated in Figure 2,
SUSAs correspond to the customers in the Bayesian nonparametric
prior. Each SUSA links to another SUSA via customer assignment
which is governed by Equation 1. A SUSA can only assigned to its
adjacent SUSA or itself as we set a = 1 in the decay function f (·).
It is worth noting that this does not restrict the size of the table as
any pair of SUSAs that can reach each other are in the same table.
The SUSAs assigned to the same table form a spatially connected
urban region in which similar functions are shared among SUSAs.

However, urban regions with similar functions might be far
away form each other. The model needs the ability to group similar
urban regions that are not adjacent to each other. As in the CRF, a
standard CRP prior is used for further grouping tables. The tables
that are served with the same dish belong to the same cluster. In
such way, the urban regions that are not adjacent to each other but
share similar urban functions can be grouped together. Because of
its nonparametric nature, the IUP model can generate an infinite
large number of clusters. It can determines the number of clusters
automatically based on the observed data points.

The key idea of the IUP model is to have the supervised topic
model for discovering the latent urban functions and predicting
urban region popularity while a spatial distance dependent hierar-
chical Bayesian nonparametric prior is developed over that urban
regions partition space for governing urban region clustering and
urban function generation. The generative process of the IUP model
is given in the following:

1. For each customer (i.e., SUSA), sample customer assignment,
ci ∼ ddCRP(α , f ,D). It implicitly determines the table as-
signment t1:N .

2. For each table t , sample dish assignment (table grouping)
kt ∼ CRP(γ ).

3. For each dish (i.e., urban region cluster), sample cluster pa-
rameter (topic proportion) θk ∼ Dir (ζ ).

4. For each SUSA:
(a) For each urban supply (i.e., word) with the assigned region

cluster index:
(i) Draw urban function assignment Zn |θk ∼ Mult(θk ).
(ii) Draw urban function ϕ1:T |β ∼ Dir (β),
(iii) Draw urban supplyWn |Zn ,ϕ1:T ∼ Mult(ϕZn ).

(b) Draw response variable Y |Z1:N ,ηk ,σ
2
k ∼ N (ηT Z̄ ,σ2).

The variable Z̄ is defined as the empirical frequencies of the
urban functions assigned to the SUSA. Variables ηk and σ 2

k are
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Figure 3: Left: An example of the relationship between customer assignment representation and table assignment representa-
tion. Each region is a SUSA, i.e., SA1. Arrows indicate customer assignments. Curved arrow indicates self-assignment. Middle:
An illustration of the outcome of reassigning a customer assignment with cluster structure changes. Right: An illustration of
the outcome of reassigning a customer assignment without cluster structure changes.

the parameters in cluster k for generating responses. We skip the
cluster index k for notation simplicity when no confusion exists.

3 MODEL INFERENCE
In this section, we give the inference method for inferring model
parameters from observed data points.

The exact inference is analytically intractable for CRP-based
models due to the combinatorial nature in partitions. Hence, ap-
proximated inference is used. Particularly, we adopt the collapsed
Gibbs sampler due to the fact that hyperparameters are conjugate
priors of model parameters in the IUP model.

The key part of the inference is to infer the cluster index and
urban function assignment for SUSAs. The original work of the
ddCRP [3] provides the sampling details for updating the customer
assignment variables. Here, we first introduce the collapsed Gibbs
sampler for the ddCRP in terms of the SUSA assignment. Then, we
elaborate how to extend this sampler for the proposed hierarchical
prior, i.e., a standard CRP layer on top of the ddCRP, in which
the CRP prior guides the generation of the table grouping and the
ddCRP prior governs the generation of the customer assignments.

To sample the SUSA assignment for the IUP model, the condi-
tional distribution of the SUSA assignment, ci , on the other pa-
rameters, hyperparameters and observations can be derived as the
following with Z ,W and Y as the data vector.

p(ci |c−i ,Z ,W ,Y ,D,α , ζ , β ,η,σ
2) ∝

p(ci |D,α)p(Z ,W ,Y |π (c−i ∪ ci ), ζ , β ,η,σ
2)

(2)

The prior term in Equation 2 is given by Equation 1. For the likeli-
hood term, it can be further decomposed to Equation 3. Function
π (·) represents the conversion from customer assignments to table
assignments.

p(Z ,W ,Y |π (c−i ∪ ci ), ζ , β ,η,σ
2) =

Π
|π (c) |
k=1 p(Zπ (c1:N )=k ,W π (c1:N )=k ,

Y π (c1:N )=k |π (c1:N ), ζ , β ,η,σ 2).

(3)

In Equation 3, we define |π (c)| as the number of unique clusters
(treat them as tables for now, further explanation will be given
for the hierarchical prior), and Zπ (c1:N )=k as the set of Zi (latent
function vector) which are generated from cluster k . Similarly,
W π (c1:N )=k are the business supplies generated from cluster k , and
Y π (c1:N )=k are the responses generated from cluster k .

For a particular cluster, the joint distribution can be expressed
as:

p(Z ,W ,Y ,θ ,ϕ |ζ , β ,η,σ 2) =
T∏
t=1

p(ϕt |β) ·
D∏
d=1

p(θd |ζ )·

N∏
n=1

p(Zd,n |θd )p(Wd,n |ϕZd,n )p(Yd |Z̄d ,η,σ
2).

(4)

Here,T represents the number of urban functions, D represents the
number of SUSAs, and N represents the number of urban supplies.
Variables ζ and β are the hyperparameters, expressing the charac-
teristics of the priors on the model parameters θ and ϕ. We assume
the priors are symmetric Dirichlet. Hence, ζ and β are scalars. Due
to the fact that (1) the priors are conjugate to the multinomial dis-
tributions of θ and ϕ, (2) θ and ϕ are independent to each other,
and (3) Y given Z is irrelevant to θ and ϕ, we can calculate the
likelihood term as the following:

p(Z ,W ,Y |ζ , β ,η,σ 2) =

∫
θ

∫
ϕ
p(Z ,W ,Y ,θ ,ϕ |ζ , β,η,σ 2) dϕdθ

=

∫
θ

D∏
d=1

p(θd |ζ )
N∏
n=1

p(Zd,n |θd )dθ ·∫
ϕ

T∏
t=1

p(ϕk |β)
D∏
d=1

N∏
n=1

p(Wd,n |ϕZd,n )dϕ·

D∏
d=1

p(Yd |Zd,n ,η,σ
2).

(5)
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The first term can be computed by integrating out θ as:(
Γ(Tζ )

Γ(ζ )T

)D D∏
d=1

∏
j Γ(n

(d )
j + ζ )

Γ(n(d ). +Tζ )
, (6)

where n(d )j represents the number of times document d’s words are
associated to topic j and Γ(·) is the gamma function. The second
term can be commutated by integrating out ϕ as:(

Γ(V β)

Γ(β)V

)T T∏
j=1

∏
w Γ(n

(w )

j + β)

Γ(n
(·)

j +V β)
, (7)

where V represents the number of unique words, n(w )

j represents
the number of times word w are associated with topic j. The last
term can be computed as:

D∏
d=1

1
√

2πσ 2
exp

(
−
(Yd − ηT Z̄d )

2

2σ 2

)
(8)

As elaborated in [3], to sample ci from Equation 2, we need to
consider different situations when the current ci is removed and a
new ci is assigned. Firstly, removing the current ci can either leave
the current cluster (urban region cluster) structure intact, or divide
the cluster associated with data point i to two clusters. Secondly,
reassigning ci can also lead to two different situations: (1) New ci
value leaves the cluster structure intact. (2) The new ci joins the
cluster associated with data point i with another cluster.

Figure 3 gives an illustration of the different situations in remov-
ing and reassigning ci . The Gibbs sampler can explore the space of
the potential urban region partition space via such removing and
reassigning process of ci .

When new value is assigned to ci , we need to consider the prior
probability of such new ci value and the corresponding changes
in the likelihood term. If we use l andm represent the indices of
the tables that are joined for indexing k , then the resampling of the
customer assignment can be derived as:

p(ci |c−i ,Z ,W ,Y ,D,α , ζ , β ,η,σ
2)

∝

{
p(ci |D,α)∆(Z ,W ,Y , ζ , β,η,σ 2) if ci joins l andm,
p(ci |D,α) otherwise,

(9)

where the ∆ function is defined as:

∆(Z ,W ,Y , ζ , β,η,σ 2) =

p({Z ,W ,Y }π (c1:N )=k |ζ , β,η,σ
2)

p({Z ,W ,Y }π (c1:N )=m |ζ , β ,η,σ 2)p({Z ,W ,Y }π (c1:N )=l |ζ , β ,η,σ
2)
.

(10)

For the proposed IUP model, the sampler remains the same
except three changes. Firstly, removing the current ci can cause a
new urban cluster which needs to be sampled from the urban cluster
level, i.e., the standard CRP prior. Secondly, the likelihood term in
the above equation now depends on the customers assigned to the
tables that are assigned to the same cluster instead of the customers
assigned to the same table. Finally, the resampling of the urban

Figure 4: Statistical area 1 (SA1) is defined by Australian Bu-
reau of Statistic (ABS) as the smallest unit for the release
of census data. SA1 regions are coloured by their popula-
tion sizes in the figure. High population SA1 regions are
coloured in dark purple while low population SA1 regions
are coloured in dark green colour.

region cluster assignment (dish assignment) can be performed as:

p(kt = l |k−t , {Z ,W ,Y }1:N ,π (c1:N ),γ , ζ , β ,η,σ 2)

∝

{
s−tl p({Z ,W ,Y }t |{Z ,W ,Y }−t , ζ , β,η,σ

2) if l exists,
γp({Z ,W ,Y }t |ζ , β,η,σ

2) if l is new,
(11)

where {Z ,W ,Y }t indicate the collection of data vectors that sit at
table t , {Z ,W ,Y }−t indicate the collection of data vectors that are
assigned with cluster l excluding {Z ,W ,Y }t , and s−tl represents
the number of tables that are associated with the cluster l excluding
table t .

Sampling urban function assignment Z given cluster index is
the same to the sLDA [28].

Once the function assignment of urban supplies are sampled, we
can estimate the parameters η and σ 2 via MLE:

ˆηMLE = (ATA)−1ATY , (12)

ˆσ 2
MLE =

1
D
(YTY −YTA(ATA)−1ATY ), (13)

where A is the matrix in which rows are the vectors Z̄Td and Y is
the D × 1 document response vector.

To predict the response for a new SUSA given the fitted model,
we sample the function assignment for each word following the
above steps for Zwi . With Z̄ defined as

∑
wi Zwi , we can predict

the response variable as:

Ŷ = η̂T Z̄ . (14)

4 EMPIRICAL STUDY
In this section, we conduct comparison experiments between the
proposed IUP model and several state-of-the-art approaches on the
real-world datasets to demonstrate the superiority of the proposed
IUP model.
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Figure 5: Business location information. Each business is
treated as a word in its corresponding SA1 region regarded
as a document.

Figure 6: Samples of unique business types and their relative
proportions. The sum of all these sample business types’ rel-
ative proportions equals to 100% in the pie chart. They take
12% business location records in all the 1100 business types.

In this study, we use the greater Sydney area as an example to
evaluate the performance of the proposed IUP model on urban
region function discovery and urban popularity estimation.

As mentioned, we utilize the Statistical Area 1 (SA1)2 defined
by Australian Bureau of Statistics (ABS) as the smallest urban sta-
tistical area (SUSA) for obtaining descriptive features depicting
various urban characteristics. It is the finest spatial granularity for
our urban data study as the super-pixel defined in the image seg-
mentation study which is the smallest grid or patch for extracting
descriptive visual features and the basic element for segmentation.
Figure 4 demonstrates the SA1 regions that we used in this study.
SA1 regions are coloured by their population sizes in Figure 4.

To study the urban region function of the greater Sydney area, we
collect and combine business location information from both Yellow
Page3 and Google Place4. Business locations are matched with SA1

2https://goo.gl/BvRcJQ
3https://www.yellowpages.com.au/
4https://developers.google.com/places

regions, as shown in Figure 5. Each individual business location
with its business type is treated as a word in the corresponding SA1
region which is regarded as a document.

More than 2500 different business types are collected in the
original dataset, and we remove the business types which have less
than 20 locations. It generates 1100 unique business types in total.
Some popular business types are shown in Figure 6. Here, we use
restaurant and cafe as examples to discuss the quality of the dataset
for representing the real-world situation. As studied by ABS5, there
were 13987 cafe and restaurant businesses operating in Australia
at the end of June 2007 and a large proportion of them operated
in the greater Sydney area. In the collected dataset, there are 6381
restaurants and 2999 cafes, namely 9380 in total. It is difficult, if not
impossible, to collect all the restaurant and cafe locations for the
greater Sydney area. But the collected dataset provides a relatively
high-quality representation reflecting the underlying demand and
supply nature of urban regions.

Urban region popularity can be measured in different ways, e.g.,
travel convenience, education quality, etc. In this empirical study,
we use property price as the measure of urban region popularity.
Compared with other popularity measurements, the property price
provides a reliable indicator of regions’ underlying values, which
reflects the value of their urban functions. We collect more than 1
million property location and price information from the Office of
the Value General New South Wales6 for the greater Sydney area,
and only the properties that have transaction records in the recent
5 years are kept for study. Figure 7 shows the collected property
information. Properties are coloured by their recent transaction
prices. Dark purple indicates high transaction prices and white
indicates low transaction prices. The median property price in each
SA1 is used as the response variable representing region popularity.

To evaluate the performance of the proposed approach, we com-
pare the IUP model with the state-of-the-art approaches that can
retrieve latent topics and estimate response variables, i.e., super-
vised Latent Dirichlet Allocation (sLDA), supervised Hierarchical
Dirichlet Process (sHDP). The IUP model is implemented by using
the MCMC with 3000 iterations. We tried the number from 5 and 60
as the dimension of θ , the dimension of urban functions assigned
to SUSAs.

We also compared the IUPmodel to the LASSO, i.e.,L1-regularized
least squares regression. It is widely used for prediction problems
in high-dimension space [29]. We use each SA1’s empirical distri-
bution of business types as its LASSO covariates.

The predictive R2 score is used for measuring the regression
performance, which is defined in Equation 15.

pR2 = 1 −
∑
d (ŷd − yd )

2∑
d (yd − ȳ)2

, (15)

whereyd is the observed response withd as SA1 index, ŷd is the pre-
dicted response, and ȳ = 1/D

∑D
d=1 yd is the mean of the observed

responses. pR2 is widely used for measuring the performance of
regression models. Its value indicates the proportion of the vari-
ability in the data that can be explained by the model. A value of 1
means the model perfectly explains all the observed data points.

5https://goo.gl/KAgVTm
6https://goo.gl/xKuExX
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Figure 7: Property locations and the the recent prices. Prop-
erties are coloured based on their recent selling prices. Dark
purple indicates high selling prices.

Five-fold cross validation is used for performance measurement.
We iteratively use each fold as the testing set and the rest as the
training set. The results are averaged over all the tests. The results
are shown in Figure 8. As we can see, the IUP model outperforms
the other approaches. Supervised HDP achieves the second place.
Supervised LDA slightly outperforms the LASSO. The comparison
outcome verifies: (1) The latent urban functions as covariates offer
better representation for predicting the response variable compared
with using the empirical distribution of business types as covariates
(LASSO). (2) The proposed spatial distance dependent Bayesian
nonparametric prior helps generate more informative latent urban
function representation compared with the traditional Bayesian
parametric approach (sLDA) and Bayesian nonparametric prior
without considering spatial coherence (sHDP).

For the IUP model, the top positive topics in terms of their regres-
sion coefficients and their most frequent urban supplies are shown
in Table 1. From the frequent urban supplies in each top topic, we
can obtain a concise and informative description or summarization
for the urban regions. For instance, the top topic 1 depicts the urban
regions that are in busy business areas with high-volume crowd
flow. The top topic 2 describes the urban regions that have been
well developed. The top topic 3 summarizes the urban regions that
are developing with strong demand in various professional services.

Finally, we show the urban region clustering outcome from the
best setting of the IUP model. The result is visualized in Fig. 9. The

Figure 8: The prediction results of the compared methods.

Figure 9: The outcome of the urban region clustering. The
regions in the same colour are in the same cluster as the re-
sult of the balance between urban function similarity and
spatial coherence.

Table 1: The most positive topics obtained in terms of their
regression coefficients for predicting property prices.

Top topic 1 Top topic 2 Top topic 3

Restaurants Medical practitioners Lawyers & Solicitors
Fast Food Real Estate Agents Child Care Centres
Cafes Dentist Accountants & Auditors
ATM Florist Tuition & Tutoring

Bus Stop Vet Supermarket & Grocery

regions in the same cluster are in the same colour. We can see that
the spatial connectivity is preserved and no scattered small regions
in the result. Moreover, the region similarities in urban functions
are well captured, e.g., central business areas are grouped together
in orange, the western developed areas are grouped in cyan, the
western developing areas are in pink. Other developed regions are
grouped in dark orange and light brown. Both dark green and dark
brown areas are developing areas. Other compared approaches are
lack of the capability to partition urban regions considering both
spatial coherence and function similarity.
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5 CONCLUSIONS
In this paper, we proposed an infinite urbanization process (IUP)
model that can discover urban functions from cross-domain urban
data and predict urban popularity in specified domain simultane-
ously. The proposed IUP model has a spatial distance dependent
hierarchical Bayesian nonparametric prior over the urban region
partition space. It can be regarded as an extension of the Chinese
restaurant franchise (CRF), in which the customer (the smallest
urban statistical area) assignment is governed by a spatial ddCRP
instead of CRP, while the dish assignment (for grouping tables
across restaurants) is still governed by a standard CRP. With such
hierarchical Bayesian nonparametric prior, the urban regions with
similar urban function can be clustered together

Besides, we do not need to preset the number of urban region
clusters, which can be difficult and jeopardizes the performance.
Instead, the proposed model can automatically learn the number of
clusters from the provided data.

The empirical study shows promising outcome, suggesting that
the proposed IUP model can well capture the latent urban devel-
opment themes and use the obtained compact urban theme rep-
resentation to make accurate predictions for urban popularity in
specified domains.

For the future work, a Bayesian nonparametric prior for the
dimension of the latent representation space can be added. An-
other possible extension is to consider the changes of urban region-
functions over time. The proposedmodel can be extended to capture
the temporal pattern of urban development.
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