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ABSTRACT
As the GPS-enabled mobile devices become extensively avail-
able, we are now given a chance to better understand human
behaviors from a large amount of the GPS trajectories rep-
resenting the mobile users’ location histories. In this paper,
we aim to establish a framework, which can jointly learn the
user activities (what is the user doing) and profiles (what is
the user’s background, such as occupation, gender, age, etc.)
from the GPS data. We will show that, learning user activi-
ties and learning user profiles can be beneficial to each other
in nature, so we try to put them together and formulate a
joint learning problem under a probabilistic collaborative fil-
tering framework. In particular, for activity recognition, we
manage to extract the location semantics from the raw GPS
data and use it, together with the user profile, as the in-
put; and we will output the corresponding activities of daily
living. For user profile learning, we build a mobile social
network among the users by modeling their similarities with
the performed activities and known user backgrounds. Com-
pared with the other work on solely learning user activities
or profiles from GPS data, our approach is advantageous by
exploiting the connections between the user activities and
profiles for joint learning.

Categories and Subject Descriptors
H.4.3 [Information System Application]: Communica-
tions Applications - Information browsers.; I.5.2 [Pattern
Recognition]: Design Methodology - Classifier design and
evaluation.

General Terms
Algorithm, Design, Experimentation
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As the GPS-enabled devices, such as GPS-phones, be-
come extensively available, people are now able to know and
record his/her physical location trajectories. Such location
trajectories based on raw GPS coordinates and time stamps
have been shown to be attractive to the mobile users [15, 16]
on their travel experience sharing and also geo-related Web
communities related to outdoor sports [1, 2]. By using these
GPS data, a mobile user can well manage his/her life log and
also build a connection with other mobile users by setting up
a mobile social based on user similarities [5]. In this paper,
we aim to exploit more meaning information from the raw
GPS data, including the user activities and user profiles, to
better understand the mobile users’ behaviors. Generally
speaking, for user activities, we want to infer what the user
is doing, instead of only knowing where he/she is. For ex-
ample, if we know that the mobile user is near a shopping
area, we may be able to infer that the user is shopping at
that moment. We will define a set of common daily living
activities that we can recognize from the GPS data, such
as working, studying, shopping, etc. We can also expect
some user annotations of what they are/were doing when
they are actually using the GPS services. However, it is not
always that the users can provide the activity annotations
because they may forgot what activities they performed or
just reluctant to do too many annotations. For user pro-
files, we are referring to user backgrounds, such as his/her
occupations, age, gender, etc. Such user information can be
provided by the mobile users, when they are using some on-
line geo-related applications. Again, this information can be
expected to be incomplete, as the users may not be reluctant
to always fill all their personal information.

In this paper, we aim to establish a framework, which can
jointly learn the user activities and profiles from the GPS
data. Compared with previous work, which tried to conduct
merely the user activity recognition from the GPS data [6]
or merely the user profile learning from the RFID sensor
data [8], our joint learning framework is advantageous by
exploiting the connections between the user activities and
user profiles. We observe that, learning user activities and
learning user profiles can be beneficial to each other in na-
ture. For example, if we have known that a mobile user is
a student (i.e. occupation as a student) and he/she is in
the university area from the GPS coordinates, we may in-
fer that he/she is quite likely to be studying in the campus
at the moment. On the contrary, if we have known that a
mobile user is studying in the campus, we may infer that
he/she is quite likely to be a student. Similar observations
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may be found in gender and age inference on shopping ac-
tivities (e.g. young ladies are more fond of shopping than
gentlemen), etc. Therefore, we try to put the user activity
recognition and user profile learning together and formulate
a joint learning problem. We put forward a probabilistic col-
laborative filtering framework to model such a joint learning
problem. In particular, for activity recognition, we manage
to extract the location semantics from the raw GPS data
and use it, together with the user profile, as the input; and
we will output the corresponding activities of daily living.
For user profile learning, we build a mobile social network
among the users by modeling their similarities with the per-
formed activities and known user backgrounds.

2. RELATED WORK

2.1 Activity Recognition
Activity recognition aims to infer a user’s behaviors from

the observations such as sensor data (including GPS data),
and has various applications including medical care, logis-
tics service, security control [10], etc. Existing learning-
based activity recognition algorithms cover HMM [9], ab-
stract Hidden Markov Model [4], Dynamic Bayesian Net-
works [9], Conditional Random Fields and its variants [6],
etc. A major drawback of these algorithms is that, most of
these algorithms are usually in a supervised learning setting,
which requires a lot of labeled data to train the recognition
model. Therefore, there is some other work trying to exploit
some common-sense knowledge from the Web [13, 14] and/or
utilize the unlabeled data [12] to reduce the human labeling
efforts. However, these algorithms do not exploit the user
profiles as auxiliary information source to help the activity
recognition. In our approach, we will conduct the activity
recognition from the GPS data in a semi-supervised learning
setting to reduce the user efforts, and also utilize the infor-
mation from user profiles to boost the activity recognition
performance.

2.2 User Profile Learning
User profile learning aims to infer the user backgrounds

based on available sensor data for each user and/or mobile
social network among the users. In [8], the authors estab-
lished an RFID sensor network in an office building and
collected the sensor data labeled with user profile attributes
such as smoking or not (binary classification), for each user.
After that, they used these labeled data to train a support
vector machine for classifying the attributes. The drawback
for this work is that, it is a supervised learning framework
and requires the target users to input complete profile infor-
mation. However, in practice, the user profile information is
usually incomplete. Such incomplete information problem
not only happens in mobile user profile learning but also in
recommendation systems, which use the opinions of a com-
munity to help individuals of the community identify the
content of interest over a set of items [3]. In recommender
systems, a well-known technique is Collaborative Filtering
(CF), which predicts the rating of an item for a user. The
main idea of collaborative filtering is that, similar users will
have similar ratings over similar items. In GPS data min-
ing, there has been work in learning user similarities based
on the location histories. For example, in [5], the authors
proposed to take into account both the sequence property
of people’s movement behaviors and the hierarchy property

of geographic spaces, and formulate a hierarchical-graph-
based similarity measurement to measure the user similari-
ties. However, such work neither exactly models the profile
learning nor taking user activities into consideration in mea-
suring the similarities.

3. JOINT LEARNING OF USER ACTIVITIES
AND PROFILES

3.1 An Overview of the Learning Framework
In this paper, we consider the joint user activity and pro-

file learning problem. To help readers understand our work’s
main idea, we give an overview of our approach in Figure 1.

Figure 1: An overview of the learning framework.

As shown in Figure 1, in general, we take three parts of
information as inputs:

• The users’ GPS trajectories, as shown in the “Users-
GPS”tensor (i.e. a 3-D matrix) of Figure 1. At the ith

row, and jth column of the GPS trajectory tensor, we
have a vector of the raw GPS coordinates at time j for
user i. Since such raw GPS data may not be meaning-
ful enough for further activity recognition and profile
learning, we will apply some post-processing on this
trajectory matrix. In this way, we can extract a set of
interesting locations with meaningful semantics as [16].
Further, we extract the semantics features for each lo-
cation for activity recognition and profile learning. We
will ignore the details here, and we would note that,
finally we will get a post-processed trajectory tensor,
where each user i at some time slice j (the jth time pe-
riod instead of one time point) stays at some location
represented with a semantics feature vector.

• The users’ activity sequences, as shown in the “Users-
Activities” matrix of Figure 1. At the ith row and jth

column of the activity sequence matrix, we are sup-
posed to have the activity at some time slice j for
user i. We would note that, in practice, the mobile
users may only provide very few activity annotations
for their GPS trajectories, so the activity sequence ma-
trix can be incomplete and even quite sparse.

• The users’ profiles, as shown in the “Users-Profiles”
matrix of Figure 1. At the ith row and jth column of
the profile matrix, we are supposed to have the jth at-
tribute for user i. However, again, we would note that,
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in practice, the mobile users may only provide very few
activity annotations for their GPS trajectories, so the
activity sequence matrix can be incomplete and even
quite sparse.

We aim to output the missing activities and missing en-
tries of the user profile matrix together. To achieve this,
we utilize the inherent connection between the user activ-
ities and the profiles. On one hand, we will infer what
the user is doing based on his/her current location (repre-
sented as the GPS data) and his/her profile (represented as
the profile attributes such as occupation, age, gender, etc.).
Hence, in Figure 1, we can learn the user activities (“Users-
Activities” matrix) from both the GPS data and the profile
data (“Users-Profiles” matrix). On the other hand, we will
learn the user profiles based on user similarities, which are
reflected by the user activities. In other words, if two mobile
users are more similar to each other, they are very likely to
conduct more similar activities; and vice versa. For exam-
ple, if two users are both students (e.g. similar in profile at-
tributes of occupation and age), then they may share similar
activities such as studying. A possible for such an activity-
based profile learning strategy over other geospatial-based
user similarity mining algorithms [5] is that, it can seman-
tically understand the user similarities, other than requir-
ing two users to be similar only when they are physically
close. We encode such knowledge in Figure 1 by learning
the user profiles (“Users-Profiles” matrix) from the user ac-
tivities (“Users-Activities” matrix). Since the user activities
and profiles are beneficial to each other in nature, we will
learn them together in a unified probabilistic collaborative
filtering framework as discussed in the next section.

3.2 Probabilistic Collaborative Filtering
We propose a probabilistic learning framework based on

collaborative filtering to jointly learn the user activities and
profiles. In particular, we apply collective matrix factoriza-
tion [7, 11] to enforce the knowledge share among the user
activities and the user profiles. We factorize both the (post-
processed)“Users-Activities”matrix and“Users-Profiles”ma-
trix at the same time, and require them to share a same
low-dimensional user latent feature matrix. To capture the
sequential information of the user activity trajectories, we
design a sequential classifier taking as inputs the user lo-
cation trajectories and profile information. To help readers
understand the idea of our probabilistic collaborative filter-
ing framework, we show a graphical model in Figure 2. Let
us denote the “Users-Profiles” matrix as R, where Rij is the
value of the user i’s profile attribute j. Similarly, we de-
note the “Users-Activities” matrix as A, where Aik is the
value of the user i’s distribution over some activity k, rep-
resenting how often the user performs that activity. Such
a “Users-Activities” matrix A is extracted from the user ac-
tivity sequences Y , where each Yi is the user i’s activity
sequence consisting of a series of activities corresponding
to the GPS trajectories. IA is an identity matrix to convert
the varying-length user activity sequences into a fixed-length
user’s activity distributions over a set of predefined activi-
ties. X is the (post-processed) “Users-GPS” matrix, where
each Xi is a series of interesting locations extracted from
the raw GPS data. Here, each interesting location is rep-
resented as a feature vector of its location semantics such
as the distribution over a set of location functionalities (e.g.
restaurants, shopping-mall).

Figure 2: A graphical model for the joint learning
framework.

Our probabilistic collaborative filtering framework can be
depicted by two components:

• User profile learning. We are seeking a matrix fac-
torization of the“Users-Profiles”matrix R as a product
of two low-dimensional latent feature representations
U and V . Here, U is the user feature matrix with each
Ui denoted as a low-dimensional feature vector of user
i. Similarly, V is the profile feature matrix with each
Vj denoted as a low-dimensional feature vector of pro-
file attribute j. Mathematically, we formulate such a
matrix factorization as a conditional probability:

P (R|U, V, σ2
R) =

∏
i,j

[
N

(
Rij |UiV

T
j , σ2

R

)]IR
ij

, (1)

where N (x|µ, σ) is the probability density function of
the Gaussian distribution with mean µ and variance
σ, and IR

ij is an indicator function that is equal to 1 if
user i has provided the profile attribute j’s value. As
the user profile can be related to the user activities, we
try to capture this relation by forcing the user feature
matrix U to be shared with the “Users-Activities” ma-
trix A’s factorization. In addition, we also place the
zero-mean Gaussian priors [7] on the user and profile
feature matrices:

P (U |σ2
U ) =

∏
i

N (
Ui|0, σ2

UI
)

P (V |σ2
V ) =

∏
j

N (
Vj |0, σ2

V I
)
.

(2)

• User activity recognition. Given the user activity
sequences Y , we are seeking a matrix factorization of
the “Users-Activities” matrix A as a product of two
low-dimensional latent feature representations U and
Z. Here, U is the user feature matrix shared with
the “Users-Profiles” matrix factorization; Z is the ac-
tivity feature matrix with each Zk denoted as a low-
dimensional feature vector of activity k. Similarly, we
formulate such a matrix factorization as a conditional
probability:

P (A|U, Z, Y, IA, σ2
A) =

∏

i,k

N
(
A = YiI

A
k |UiZ

T
k , σ2

A

)
,

(3)
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and similarly, we place the zero-mean Gaussian priors
on the activity feature matrix:

P (Z|σ2
Z) =

∏

k

N
(
Zk|0, σ2

ZI
)
. (4)

Note that the user activities can be inferred from both
the user location information and the sequential infor-
mation, so we model the conditional probability for the
activity sequences in a parametric way:

P (Y |X, R, Λ) =
∏
i,t

P (Yi,t|Yi,t−1, Xi,t, Ri, Λ), (5)

where Λ is the model parameter for inferring the ac-
tivities. The probability of P (Yi,t|Yi,t−1, Xi,t, Ri, Λ)
can be defined in various ways. For example, one may
set it as multinomial logit model. We also place some
Gaussian priors on the model parameter Λ:

P (Λ|Γ, σ2
Λ) =

∏
y

N (
Λy|Γy, σ2

ΛI
)
, (6)

where Γ is the prior.

After we have formulated the conditional probabilities for
both activity recognition and user profile learning, we can
calculate the corresponding posterior probabilities and thus
have a final optimization function1 as

maxP (U, V, Z, Y, Λ|X, R, IA, Γ, σ2
U , σ2

V , σ2
Z , σ2

Λ, σ2
R). (7)

Finally, given the GPS data X, user profiles R and partially
labeled activity sequences Y , we can optimize the Equa-
tion (7) and output the missing entries of the user profiles
and missing activities for the GPS trajectories, completing
our joint learning task.

4. CONCLUSION
In this paper, we have show how to go a step beyond GPS

data mining to learn the user activities and profiles from the
raw GPS data. We exploit the inherent connections between
the user activities and user profiles, and provide a possible
solution to jointly learn them together to better understand
the mobile users’ behaviors. In particular, we formulate the
joint learning problem as a probabilistic collaborative filter-
ing problem, which takes as input the partially labeled activ-
ity sequences based on the GPS trajectories and incomplete
user profile matrices. Finally, we aim to output the miss-
ing activity labels for the activity sequences and the missing
entries for the user profile matrices.
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