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Abstract—Smart devices become prevalent in our daily lives,
as the advancement of mobile networks, sensor technologies
and distributed computing. They easily collect rich context
information (e.g., time, GPS location, Wifi info, app usage, etc.)
from the device owners (i.e., the users). Modeling such sequential
context data is important – it not only helps to profile the user, but
also enables many context-aware applications, such as location-
based services with the next location prediction and app usage
predictions. However, context modeling is challenging, because
the context data is heterogeneous and high-dimensional in terms
of the huge number of possible contexts. In this paper, we propose
a novel Collaborative Hidden Markov Model (CHMM). CHMM
extends the sequential generative model HMM to a collaborative
setting, such that only those users sharing similar behaviors can
pool their data together to build a reliable model. We evaluate
CHMM with real-world data for both next location prediction
and app usage prediciton, and the results show that CHMM
outperforms the baselines in both cases.

I. INTRODUCTION

Nowadays, smart devices (e.g., smart phones, tablets, smart
watches) are popular, as a result of the convenience and
the great benefit brought about by the applications inside
the devices. As the users carry them around, rich context
information are easily collected from the mobile users. Typical
mobile context information includes the time, the connected
cell towers, the nearby WiFi access points (APs), the apps
currently in use, the GPS locations, etc. Among these con-
texts, the location has been extensively explored in literature
[1], [2], [3], [4], [5], [6], [7], [8], [9], [10]. These studies
aimed to understand individuals’ past and future movements
at different scales with various levels of accuracy. However, the
location information only unveil individuals’ physical mobility
behaviors, and more can be explored given the rich mobile
context information for understanding user behaviors, as well
as supporting various applications [11], [12], [13], [14], [15],
[16].

In the task of sequential context modeling, we aim to model
the context sequences generated for each user. As input, we are
given a set of users, each user has some context sequence(s).
Each context sequence is a time series of context readings.
For example, let us consider a real-world context sequence
collected from the StudentLife data set [13], as shown in Table
I. The context readings include time, location, WiFi, phone
lock status and app usage. As output, we provide a sequential
generative model for each user to explain her context readings,

TABLE I
AN EXAMPLE CONTEXT SEQUENCE FROM A MOBILE USER, BASED ON THE

STUDENTLIFE DATA SET [13].

The columns from left to right are: time of the record, location ID
(L.ID), location coordinates (Latitude, Longitude), location

coordinates provider (L.P.), set of WiFi APs scanned, phone lock
status (Lock), the app in foreground (A.ID). “N.A.” means value

missing.
Time L.ID Lat, Long L.P. WiFi APs Lock A.ID

2013-03-27 5 43.7067, Celluar 48, 89, 340, 341, 1 N.A.
13:48:31 -72.2891 1671, 3919

2013-03-27 74 43.7031, GPS 36, 76, 238, 655, 0 1
14:40:02 -72.2897 1079, 1094

2013-03-27 74 N.A. N.A. 36, 641, 655, 831, 0 N.A.
15:13:09 2271, 2928

... ... ... ... ... ... ...

which is essential for context-aware applications. A popular
sequential generative model is Hidden Markov Model [17],
which has been recently used to model context sequences
for location prediction [1], [18], mobile verification [11] and
personalized context recognition [19].

However, sequential context modeling can be very challeng-
ing since individual’s context is very sparse considering the
whole large context space. For example, in the StudentLife
data set, we observe more than 3000 different location IDs
and more than 4000 different WiFi APs, even after some data
preprocessing. A single user can hardly observe such many
locations and APs in her own context sequences. Therefore,
a single user’s context sequences alone are never enough for
building a good HMM. On the other hand, simply pooling
together all the users’ context sequences also does not solve
the data limitation problem, because it overlooks the user
differences. In fact, users present highly diversified smartphone
usage behaviors [20], such as using different apps; users can
also observe different context readings even when they are in
the same environment, e.g., they scan different WiFi APs in
the same mall but different corners. In our experiments later
(Section IV), we will confirm that both training an individual
HMM on each user’s data and training a general HMM on all
the users’ data are not effective. Finally, we emphasize that,
such a high-dimensional context space is real and common
[21], [12], thus becoming a pressing need for us to handle in



this paper.
In this paper, we study how to do sequential context model-

ing in the sense that each individual user’s context sequences
are not sufficient w.r.t. the large context space. Our rational is
that we leverage these data from other users who share similar
behaviors to collaboratively build a reliable context model. In
other words, we consider each user belongs to multiple groups.
For each group, all its users share similar behaviors, thus
having similar context readings. Then we can build a context
model for each group, which has substantially more data than
each individual user. Finally, each user’s context model is a
probabilistic combination of her corresponding groups’ context
models. As different users have different group membership
probabilities, we can naturally preserve the individual users’
differences in the context modeling.

In all, we propose a novel Collaborative Hidden Markov
Model (CHMM) for sequential context modeling. Our CHMM
first associates a grouping variable to each user, and then
each time relies on the user’s group membership to generate
her context readings. As we have multiple kinds of context
readings (e.g., time, location, APs and so on), we customize
the generative probabilities in CHMM for each kind of context
readings. For inference, we manage to develop a collaboration-
aware forward-backward algorithm, which can be efficiently
executed by a dynamic programming principle. Generally,
CHMM extends the important HMM into a collaborative
setting, and opens up many application opportunities through
mobile user behavior profiling.

Finally, we summarize our contributions as follows. First of
all, we address the high-dimensional context space challenge,
and propose CHMM as a collaborative and generative model
for modeling context sequences. In CHMM, we also customize
the generative probabilities for different kinds of context
readings, and design a user grouping aware forward-backward
efficient inference algorithm. Second, we evaluate CHMM
with real-world data on two applications, and show CHMM
can achieve good accuracy improvement over the baselines.

II. RELATED WORK

Although this research work belongs to the broad area of
mobile crowd sensing and computing [22], [23], [24], to stay
focused on the technical perspective, in this section, we review
existing works in the area of sequential context modeling.

A large group of works modeled context data in a generative
setting but not a collaborative setting. When considering
locations as the main context, most of the existing works
applied the Markovian models. In [1], a Hidden Markov Model
(HMM) was trained for each cluster of locations, where loca-
tion characteristics were treated as unobservable parameters.
In [11] the location ambience information from both cell
tower data and WiFi data were collectively learned based the
individual HMM, and these models were further applied in
mobile user verification. Similar methods also include [4], [5],
[6], which employ different variants of Markov models. Also,
the sequential information were found to be an useful factor in
successive location recommendations [2], [7], [8], [25]. These

models were lack of the collaborative manner to learn the
similar contexts among users. In addition, they considered
a simpler case where only the homogeneous contexts were
modeled but our models targeted on the heterogenous contexts.

The following generative models were proposed to model
the heterogeneous contexts. Bao et al. [26] proposed two
topic models, including the Mixture Unigram Context model
and the Latent Dirichlet Allocation on Context model, to
learn the personalized contexts for each user. Huai et al. [19]
proposed a semisupervised HMM to learn the latent topics
from each user’s context including both labeled and unlabeled
data. However, the approaches in the above two works will
not perform well if each users’ data is not sufficient to learn a
reliable personalized model. On the other hand, Yuan et al. [27]
proposed a generative W 4 model to learn multiple contexts
from all twitter users, which ingnored individual’s difference.
In [12], Do et al. proposed to model users’ contexts based on
a list of non-sequential models1, and both the general model
and the personalized models were combined. The collaborative
effect was considered in [12], but it was arbitrarily inferred
based on the temporal factors. Also without considering the
sequential information in the context data, as we show in the
experiments, even the most popular collaborative method [28]
performs much worse than the sequential model.

Although we use sequential location prediction as our
evaluation task, our main task of context modeling is different
from the task of location estimation from sensor data. For
example, the existing location estimation work usually focuses
on a single type of sensor data, such as WiFi [29], [30].
Some location estimation does exploit multiple types of sensor
data, such as ultrasound and WiFi [31]. But our work has a
different goal of modeling multiple types of context readings
in a generative manner, such that it can predict any missing
context rather than merely location.

Finally, in terms of collaborative sequential modeling, our
model is special in using a generative and collaborative
approach to model multiple sequences. Comparatively, in [14],
context readings (such as activities, time, sensor readings)
from multiple users were used for collaborative activity recog-
nition in a generative manner, but the sequential information
was left unmodeled. In [32], sequential context readings about
location and time from multiple users were collaboratively
modeled by a spatial-temporal Recurrent Neural Network,
which is however a discriminative approach.

III. COLLABORATIVE HIDDEN MARKOV MODEL

We first formally define the input for our sequential context
modeling task. Denote U as the set of users. Suppose there
are in total K types of context readings (e.g., K = 7 in
Table I). Denote the possible value space for all types of
contexts as V. For each user u ∈ U , we have a set of
context reading sequences {O(u,l)|l = 1, ..., nu}, where each

1Although the Markov models were applied, the modeling was based on the
location context only. When modeling multiple contexts, the non-sequential
models were applied, e.g., random forest, logistic regression, etc.



O(u,l) = [o
(u,l)
1 , ...,o

(u,l)
T ] with o

(u,l)
t ∈ VK as the context

reading vector at time t (e.g., a row in Table I).
We aim to output a generative model for the context model-

ing task, to have a general understanding about how different
context readings {O(u,l)} are observed for each user u. Our
task is not intended for a specific predictive application w.r.t.
one particular context, such as only next location prediction
[25], [33] or app installation prediction [34]; otherwise, it
might make more sense to build a discriminative model for
that specific predictive application. We also show in our
experiments later that, we can use our learned generative
context model to support multiple applications at a time.

To model the context sequences in a generative manner,
we choose to use the Hidden Markov Model. In HMM, an
observation sequence O is generated by a sequence of hidden
states S = [S1, ..., ST ]. Here, each St ∈ S and S = {1, ..., Ns}
is the possible hidden state space of size Ns. In mobile context
modeling, such hidden states reflect some mobility status of
the user, e.g., staying at home/office, or commuting from home
to work [11]. For each type of context, we further extract
two kinds of features: 1) the existence of the i-th context at
time t, denoted as Et,i ∈ {0, 1}; 2) the readings of the i-th
context at time t, denoted as Ft,i ∈ V. In other words, we
let o

(u,l)
t = {(Et,i, Ft,i)|i = 1, ...,K}. Formally, an HMM

models the observation sequences from user u as∏nu
l=1 P (O

(u,l),S(u,l))

=
∏nu
l=1 P (S

(u,l)
1 )

∏T
t=2 P (S

(u,l)
t |S(u,l)

t−1 )P (o
(u,l)
t |S(u,l)

t ),
(1)

where each P (S1) is an initial state probability, P (St|St−1)
is a state transition probability and P (ot|St) is an emission
probability. The goal of HMM training is to infer such
initial state probabilities, transition probabilities and emission
probabilities from the data.

A. Collaborative Modeling of Context Sequences

We consider user context modeling in a collaborative set-
ting. As we discussed in Section I, user context data is
often high-dimensional, making each individual user’s data
insufficient for building a good context model. This motivates
us to consider leveraging more data from the other users, who
may have many other context readings unseen by the target
user. For example, a user may only visit a limited number
of locations, but many users together can cover a lot more
locations. However, simply pooling all the users’ data together
to build a general context model is not desired, because it
overlooks the differences between the users. For example,
users can have different location visiting preferences and app
usage preferences, thus a user may not necessarily observe the
same context readings with all the other users. It is more likely
that a user is only similar to some, rather than all, other users.
The similar users, as a user group, tend to share the similar
mobile behaviors, thus generating similar context sequences.

We achieve collaborative context modeling by introducing
the user group membership into the generative process of
context sequences. In Figure 1, we present our Collaborative
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Fig. 1. The graphical model of CHMM, where St is the hidden state at time
t, Et,i and Ft,i are the observations about the existence and the readings (if
exist) of the i-th context at time t respectively. Z is the user group indicator.

Hidden Markov Model (CHMM), which extends the tradi-
tional HMM in a user collaborative setting. Compared with
HMM, CHMM introduces a user grouping indicator Z ∈ Z
to the observation generation process. Here, Z = {1, ..., Ng}
is the possible user group space of size Ng . In CHMM, we
consider the users of a group as sharing one sequential context
model. Specifically, we let the users of group Z share a set
of HMM parameters, denoted as λZ . In CHMM, each context
sequence O of user u is generated as follows:

• Sample a group Z ∼ P (Z|u) for user u.
• For t = 1, sample a hidden state S1 ∼ P (S1;λZ); for
t > 1, sample a hidden state St ∼ P (St|St−1;λZ).

• At time t, for each type of context
– Sample its existence Et,i ∼ P (Et,i|St;λZ).
– If the context exists (i.e., Et,i = 1), sample its

reading feature Ft,i ∼ P (Ft,i|St;λZ).
Formally, the above generative process for all the users’
context sequences interprets the following probability:∏

u∈U
∏nu
l=1 P (E

(u,l),F(u,l),S(u,l), Z(u,l)|u;λZ)
=

∏
u∈U

∏nu
l=1 P (Z

(u,l)|u)P (S(u,l)
1 |Z;λZ)·∏T

t=2 P (S
(u,l)
t |S(u,l)

t−1 , Z;λZ)·∏T
t=2 P (E

(u,l)
t |S(u,l)

t , Z;λZ)P (F
(u,l)
t |S(u,l)

t , Z;λZ),
(2)

where for a group Z, each P (S1|Z;λZ) is an initial state
probability, P (St|St−1|Z;λZ) is a state transition probability,
P (Et|St, Z;λZ) and P (Ft|St, Z;λZ) are emission probabil-
ities for both E and F features.

Parameters for CHMM. Ultimately, we aim to learn the
following parameters for CHMM:

• The user group membership probability, denoted as
cku = P (Z = k|u).

• The group-wise HMM parameters λZ , which consists of
the initial state probability denoted as

πmk = P (S1 = m|Z = k),
the state transition probability denoted as

amjk = P (St = m|St−1 = j, Z = k),
the context existence emission probability denoted as

eijk = P (Et,i = 1|St = j, Z = k),
and the context reading emission probability denoted as

b = P (Ft|St, Z).



As the user group value and the hidden state value are both
categorical, we define their corresponding probabilities cku,
πmk and amjk all as multinomial. As the context existence
is binary, we define eijk as binomial. For the context reading
emission probability, as there are different types of context,
we will discuss how to model b differently for each context
in the next section.

B. Modeling Heterogeneous Contexts

In practice, it is common to have multiple kinds of context.
In this paper, we consider K = 7 types of context, as shown in
Table I. Because all these types of context are heterogeneous,
in the following we discuss how to model each context for the
context reading emission probabilities b in CHMM.

Time. We extract two features from the time stamp: Ft,1 as
day of the week, and Ft,2 as hour of the day. As both features
are categorical, we define multinomial distributions

pdjk = P (Ft,1 = d|St = j, Z = k)
phjk = P (Ft,2 = h|St = j, Z = k)

where d ∈ {1, .., 24} and h ∈ {1, .., 7}.

Location ID. We define feature Ft,3 as the location ID. As the
IDs are categorical, we introduce a multinomial distribution

pςjk = P (Ft,3 = τ |St = j, Z = k),

where ς ∈ {1, ..., Nl} is a location ID.

Location coordinates. We define feature Ft,4 as a vector of
latitude and longitude. As the coordinates are numeric, we
introduce a multivariate Gaussian distribution

P (Ft,4 = v|St = j, Z = k) ∼ N (v;νjk,Σjk),

where v ∈ R2, ν is the mean, and Σ is the covariance.

Location providers. We define feature Ft,5 as the location
coordinates provider, which can either be “GPS”, “WiFi”
or “Celluar” in the StudentLife data set. As the values are
categorical, we introduce a multinomial distribution

pκjk = P (Ft,5 = κ|St = j, Z = k)

where κ ∈ {1, 2, 3} can be one of the location providers.

WiFi APs. We define feature Ft,6 as an indicator vector of
size Nap, where Nap is the total number of possible WiFi APs
in the data set. The ψ-th dimension of Ft,6 indicates whether
the ψ-th AP is observed at time t. For each AP’s occurrence,
we introduce a binomial distribution

pψjk = P (Fψt,6 = 1|St = j, Z = k).

Then, the probability of observing the whole Ft,6 is

P (Ft,6|St = j, Z = k) =
∏Nap

ψ=1
p
I(Fψt,6=1)

ψjk (1−pψjk)I(F
ψ
t,6=0).

Lock status. We define feature Ft,6 ∈ {0, 1} as the phone
lock status, and introduce a binomial distribution

pτjk = P (Ft,6 = 1|St = j, Z = k).

Apps. We define feature Ft,7 as the category ID of the app
in use at time t. The category ID of each app is defined by
Google Play2. Then, we introduce a multinomial distribution

pφjk = P (Ft,i = φ|St = j, Z = k),

where φ = {1, ..., Nac} is the app category ID, and there are
in total Nac app categories.

In summary, the full set of CHMM parameters is given as

Θ = {{cku}, {πmk}, {amjk}, {eijk}, {pdjk}, {phjk},
{pςjk}, {νjk,Σjk}, {pκjk}, {pψjk}, {pτjk}, {pφjk}}.

(3)

C. Parameter Learning and Inference

We use the Expectation Maximization (EM) algorithm [17]
to iteratively learn the parameters Θ.

In E-step, we calculate expectation over all the hidden
variables, including the hidden states S(u,l) and the user group
membership Z(u,l). That is, we compute∏

u∈U

∏nu

l=1
P (E(u,l),F(u,l)|u;Θ), (4)

where the expectation term

P (E(u,l),F(u,l)|u;Θ)
=

∑
S(u,l)

∑
Z(u,l) P (E(u,l),F(u,l)|S(u,l), Z(u,l), u;Θ)

· P (S(u,l), Z(u,l)|u;Θ).
(5)

To compute Eq.(5), we design a user grouping aware forward-
backward inference algorithm, which is guaranteed to be
efficient thanks to the dynamic programming principle as also
used in [17]. Without getting into the details due to space limit,
we can show our forward probability is recursively defined as

αjku(1) = P (E1,F1, S1 = j, Z = k|u) = ckuπjkb1jku,
αjku(t+ 1) = P (E1:t+1,F1:t+1, St+1 = j, Z = k|u)

= bt+1,jku

∑
i αiku(t)ajik,

(6)
where btjku is a new variable defined as

btjku=

K∑
i=1

logP (Et,i|St = j, Z = k, u)P (Ft,i|St = j, Z = k, u).

Similarly, our backward probability is recursively defined as

βjku(T ) = 1,
βjku(t− 1) = P (Et:T ,Ft:T |St−1 = j, Z = k, u)

=
∑
i btikuβiku(t)aijk.

(7)

In M-step, we optimize the parameters Θ by maximizing a
Q-function, which is defined as

Q(Θ,Θ′) =∑
u∈U

nu∑
l=1

∑
S(u,l)

∑
Z(u,l)

P (S(u,l), Z(u,l)|E(u,l),F(u,l), u;Θ′)

· logP (E(u,l),F(u,l),S(u,l), Z(u,l)|u;Θ),
(8)

where Θ′ is last iteration’s parameter. Then, we optimize this
Q-function w.r.t. each parameter in Θ.

2https://play.google.com/store?hl=en



IV. EXPERIMENTS

In this section, we present the experimental results to eval-
uate the proposed CHMM. We conducted evaluations based
on two scenarios including sequential location prediction and
sequential app usage prediction, with the same trained CHMM
model.

Data set. As mentioned earlier, the data set used in this study
is collected by the students from University of Dartmouth [13].
By removing those users with only a few days’ data, in this
data set, we have 47 users’ data from the end of March 2013
to the end of May 2013. Due to the sequential information is
captured in the proposed model, we use each user’s first 70%
data in training and the following 30% in testing. Also, for
each user modeling and inferring her most frequently visited
locations are not meaningful which can be easily learned from
the popularity-based method without using any other context
information. Thus, we remove each user’s context records with
the top one location from her whole period of data along with
those WiFi APs.
Applications. CHMM is a sequential generative model, so that
we can use it to infer any unknown context in a sequential
manner given any other available context information. We
emphasize that, we only need to train one CHMM and use
it to infer different kinds of context. That is, one CHMM for
both application at the same time, although we only present
results for one application here due to space limit. This is very
different from those previous works, which have to train one
special model for one application [35], [12].
Parameters. In CHMM, we have two parameters: the number
of groups Ng and the number of hidden states Ns. We will
study their both impacts to CHMM in each application below.
Baselines. We choose two types of baseline methods to com-
pare with the proposed CHMM. The first type is generative
sequential context models without the collaborative setting.
This type includes the general HMM [1] and individual HMM
[11]. Specifically, the general HMM is trained by simply
pooling all the users’ data together without any differentiation;
i.e., all the users share one HMM. In contrast, the individual
HMM is trained by using each user’s data only; i.e., each
user has her own HMM. The second type is a location-
based collaborative filtering (CF) model [28]. Because [28]
only consider user and locations in their models, for fair
comparison, we further extend their model to include all the
other context as used in our model. We achieve this extension
by following the approach of [36].

We conduct sequential location prediction as follows: given
each user’s testing context sequence, we remove both the
location context and the app usage context and given other
types of context information are known. Then we infer the
most probable state sequence from the given context. The
inferred state sequence is further applied to sequential location
prediction. The overall evaluate is in terms of prediction
accuracy aggregated from all the users’ test data.
Impact of CHMM parameters. We tune both the number
of user groups Ng and the number of hidden states Ns,
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Fig. 2. Impact of parameters for location prediction.

and evaluate the CHMM in sequential location prediction. As
shown in Figure 2, firstly, as Ns increases from 5 to 15, the
accuracy also increases. The result is stable when the number
of states is increased from 15 towards 19. This is reasonable
because given more number of states the proposed model can
better describe users’ high dimensional context data, thus the
proposed model presents better results. Secondly, when Ns is
small, e.g., from 5 to 13, the models with a large number of
groups, e.g., Ng = 20, present better performance than those
with a small number of groups. When Ns is large, the models
with a small number of groups, e.g., Ng = 5, present better
performance. These can be explained as follows. The proposed
CHMM is a collection of traditional HMM, and in each HMM
the number of parameters is dominated by the observation
parameters. Thus, the overall number of parameters in CHMM
is O(NgNs(Nl + Nap)) where Nl is the number of location
IDs, Nap is the number of WiFi APs. Thus, when Ns is small,
the model requires a large Ng to better describe the data and
these models present better performance.

Comparison with baselines. As shown in Table II, among the
baselines, the CF model shows the worst performance since it
ignores the sequential information in the context data. Among
the sequential models, the individual HMM shows the worst
performance which validates our conjecture that the dimension
of the contexts is large and each user’s data is insufficient to
learn the reliable parameters for HMM. The general HMM
is much better than the individual HMM; however, simply
pooling all the users’ data overlooks the user differences.
In summary when compared with the collaborative but non-
sequential model, CHMM can achieve 86.6% relative accuracy
improvement. When compared with the sequential but non-
collaborative models, CHMM can achieve 3.0% to 11.0%
relative accuracy improvement.



TABLE II
COMPARISON OF BASELINES IN LOCATION PREDICTION.

Method Accuracy Relative Improvement
CHMM 0.474 -

general HMM 0.460 3.0%
individual HMM 0.427 11.0%

CF method 0.254 86.6%
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Fig. 3. Impact of parameters for app prediction.

A. Sequential app usage prediction

We conduct sequential app prediction similar to the way
of sequential location prediction. Note that, in these two
applications we share the same CHMM. The only difference
between these two test cases is that the location context always
exists at each test record while the app context may not
exist. Thus, we set an app usage probability threshold in app
prediction, which is 0.1. Only when the predicted app with
a probability larger than the threshold, we consider that in
the current test record users will use this app. Otherwise, we
consider users will not use any app. The overall accuracy is
measured based on test records that users have used the apps,
and it is aggregated from all the users’ data.

Impact of CHMM parameters. The sequential app usage
prediction results given by the CHMM are shown in Figure 3.
When increasing the number of hidden states Ns, the overall
trend for the app prediction accuracy is decreasing. This can
be explained that users’ app usage behaviors are more regular
than their mobility behaviors, which are in terms of location
contexts. Thus the app usage behaviors can be better described
by a few number of hidden states, e.g., less than 7. Also, within
a number of groups such decrease is minor, e.g., when Ng =
15 the decrease is around 5% as the hidden states increases
from 5 to 19.

Comparison with baselines. We compare the performance
of CHMM with two other baselines. Compared with the in-
dividual HMM, the CHMM achieves 18.1% relative accuracy

TABLE III
COMPARISON OF BASELINES IN APP PREDICTION.

Method Accuracy Relative Improvement
CHMM 0.306 -

general HMM 0.293 4.4%
individual HMM 0.259 18.1%

improvement. Considering the 11.0% relative improvement in
the sequential location prediction between individual HMM
and CHMM, this result suggests that the collaborative setting
has higher impact for modeling the app context than the
location context. Also, compared with the general HMM, the
CHMM achieves 4.4% relative accuracy improvement, which
further suggests the individual’s diversity in the app usage
[20].

V. CONCLUSION

In this paper, we studied the important problem of sequential
context modeling for smart devices. The sequential context
modeling faces two main issues 1) the high dimension of
the context data and each user’s data is insufficient to train
a reliable model, 2) the dilemma between using a general
model or fully personalized model. The proposed collaborative
Hidden Markov Model solves these two issues in the following
ways. It measures the similarity of the context data from
different users and then aggregates these context data in
training a single model, which is representative for this group
of users. Thus, the CHMM is a collection of group based
HMMs, and it lies in between the general model that learns
from all the users’ data and the fully personalized models that
learns from each user’s data. In evaluating CHMM in terms of
sequential location predictions and app usage predictions, and
CHMM can achieve 3%-86.6% relative accuracy improvement
over the baselines.

The future work in this area can be incorporating semantics
for the modeling of users’ context data. The possible semantics
can be inferred from geographical information, user’s profile,
etc.
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