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ABSTRACT

While on the go, people are using their phones as a personal concierge
discovering what is around and deciding what to do. Mobile phone
has become a recommendation terminal customized for individu-
als. While existing research predominantly focuses on one-step
recommendation—recommending the next single activity accord-
ing to current context, this work moves one step beyond by rec-
ommending a series of activities, which is a package of sequential
Points of Interest (POIs). The recommended POIs are not only rel-

evant to user context (i.e., current location, time, and check-in), but
also personalized to his/her check-in history. We presents a prob-
abilistic approach, which is highly motivated from a large-scale
commercial mobile check-in data analysis, to ranking a list of se-
quential POI categories (e.g., “Japanese food” and “bar”) and POIs
(e.g., “I love sushi”). The approach enables users to plan consec-
utive activities on the move. Specifically, the probabilistic recom-
mendation approach estimates the transition probability from one
POI to another, conditioned on current context and check-in history
in a Markov chain. To alleviate the discritization error and sparsity
problem, we further introduce context collaboration and integrate
prior information. Experiments on over 100k real-world check-in
records and 20k POIs validate the effectiveness of the proposed
approach.
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User: Emily

Context:

Time: 4pm, Sunday

Location: Xizang Rd., Shanghai

Current check-in:

Raffles city, 

Shopping mall

(a)user info and context (b) rank of sequential POI categories (c) rank of sequential POIs
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Figure 1: The interface of sequential POI recommendation ap-

plication developed based on the proposed approach. A user

named “Emily” checks in a shopping mall at the context of (a),

and gets recommendation of (b) sequential POI categories (e.g.,

cafe→restaurant) and (c) the corresponding packages of se-

quential POIs when selecting a specific POI category sequence

in (b). The recommendation of sequential POI categories and

POIs rather a single POI is a metaphor of “plan activities in re-

al life” and thus more natural to mobile users. Users will have

much less interactions with the phone to complete their tasks.

1. INTRODUCTION
The ubiquitous mobile devices have revolutionized the way peo-

ple surf information and make decisions. People are using their
mobile phones to accomplish tasks anytime and anywhere. It is
therefore important to understand user intent and provide context-
aware and personalized recommendation services on the go. This is
challenging because user intent could be “complicated”—in many
cases, a user does not have a very explicit intent in mind, but just
wants someone to suggest or plan activities for him/her. Existing
research has predominantly focused on recommendation by under-
standing the “simple” intent. For example, previous research at-
tempts to predict user’s search intent by recognizing meaningful
entities from a textual or voice query [3], or recommend a POI
according to user’s context (location and time) and community be-
haviors [6]. However, understanding the “complicated” user intent
mentioned above still remains challenging.

We are investigating in this work if your mobile phone can fa-
cilitate planning your activities, by conducting contextual and per-
sonalized recommendation of sequential POIs. This is, to the best
of our knowledge, very distinctive to most existing mobile recom-
mendation applications in that we are trying to provide a package
of several sequential activities (i.e., POIs) conditioned on current
context, rather than an individual POI. Note that sequential POI
recommendation is reasonable and practical. On one hand, users
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are likely to conduct consecutive actions, e.g., having dinner first
then going to Karaok, and sequential POI recommendation accords
with their behavior patterns. On the other hand, the required se-
quential POI correlation can be inferred from user activity data,
which is statistically convinced. Moreover, we validate in this pa-
per that users’ current action indicates the activity he/she is con-
ducting or will conduct, which is important for complicated user
intent understanding.

We formulate the problem of planning activities as given the con-
text (such as time and location) and user’s current check-in action 1,
we recommend a list of sequential POIs to be visited (as shown in
Figure 1). Typical activity planning consists of a series of actions,
where each action can corresponds to one single check-in POI.
Therefore, we intend to facilitate mobile users by recommending a
series of succeeding POIs. For example, the recommendation of “a
tea break in some nearby cafe” and then “a decent Western restau-
rant” to a lady who checks in a shopping mall would be a nice-to-
have plan for her. In the broader context, sensing and predicting
users’ next possible check-in POIs can facilitate users in exploring
and planning activities, which will go beyond check-in services and
extend the dimension of current location-based services.

The contributions of this paper can be summarized as follows:

• We address the complicated user intent understanding problem
by moving one step beyond most existing recommendation
approaches—recommending a series of sequential POI categories
and POIs, rather than an individual category or POI. Users’
current action is explicitly considered and modeled.

• We design a probabilistic approach by incorporating context
collaboration and prior information in a Markov chain, which
offers a simple yet effective solution to contextual and person-
alized recommendation.

2. APPROACH
We collected a check-in dataset from Dianping 2, the check-

in website cooperating with Sina Weibo. The collected check-in
records are located at Beijing and Shanghai, from Jan 7 to June
11 in 2011. The overall number of check-in records is 152, 154,
issued by 2, 342 unique users. For the duplicate records where t-
wo consecutive check-in POIs are identical, we removed the latter.
After filtering, we obtained 128, 937 records in total, with 55 av-
erage records per user. 32, 891 unique POIs were identified from
these records, resulting in 24 POI categories with public facilities,
entertainments, life services, and so on.

Each check-in record consists of user identification, check-in
time, GPS latitude and longitude, check-in POI, and the POI cate-
gory. Examples of check-in record are listed in Table 1. We repre-
sent each check-in record as a 5-dimensional tuple:

R :=< U, T,L,O,C >

where U ∈ U is the user ID 3, L and T are the context (i.e., lo-
cation and time when R was generated), O ∈ O is the check-in
POI, and C is the category of O. Besides the check-in records, we
also collected the gender and residence information of each user, as
well as the attributes of each POI, such as the name, category, GPS
location, and address. In this work, we use “session” to represent

1
In social networking services, user check in to a physical place (i.e., POI)

and share their locations with friends. User check-in action is a good indi-
cator of the activity being conducted and naturally bridges user intent and
behaviors in the physical world.
2

http://www.dianping.com/
3

The user information is fully anonymous.

User ID Time Location POI Category

2024771825 3/18/2011
9:44:20 PM

31.229242,
121.446499

Starbucks tea & cafe

1000246505 6/7/2011
8:01:33 PM

32.043538,
118.785519

Carrefour supermarket

Table 1: Example of check-in record.
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Figure 2: The distribution of session length.

an activity with a series of consistent check-in actions. Based on
the above discussions, each session can be represented as:

S :=< U, T1, L1, O1, C1, · · · , TNS
, LNS

, ONS
, CNS

>

where Ns is the length of session, Tk, Lk, Ok, and Ck denote the
time, location, POI name, and POI category of the k-th record in the
session S. As a result, 13, 078 sessions are extracted. The distribu-
tion of session lengths is shown in Figure 2. We can observe that
around 80% sessions containing two and three check-in records,
which demonstrates that a typical “activity planning” consists of
more than one but less than four activities. By aggregating the in-
ter check-in time within individual sessions, the estimated average
inter check-in time T̄inter is 38.9 min.

We consider the recommendation problem from a ranking per-
spective. Specifically, the recommended POI sequences are ranked
by P (O2, O3, · · · , ON |O1;U,L, T ), where U,L, T,O1 denote us-
er, location, time, and POI of the current check-in action, O2, · · · , ON

is the recommended POI sequence including (N − 1) POIs. Three
reasons are considered to simplify the conditional probability based
on Markov assumption: (1) according to the session length distri-
bution in Figure 2, most user activities contain no more than three
actions; (2) in practical applications, user’s interaction can be incor-
porated into the recommendation by iteratively updating the candi-
date POI and context with user’s real check-in actions. Following
the Markov assumption, the target conditional probability is formu-
lated as:

P (o2, · · · , oN |o1;u, l, t) = P (o2|o1;u, l, t)×

N−1
∏

k=2

P
(

ok+1|ok;u, l(ok), t+ (k − 1)T̄inter

)

.
(1)

We propose a category transition-centric formulation 4 and as-
sume the probability of visiting next-POI oj is determined by two
components: 1) transition probability—the probability of conduct-
ing action denoted by oj ’s category c(oj) after the current check-in
POI oi, and 2) POI popularity—the probability of choosing oj giv-
en its category c(oj). Therefore, the target conditional probability
can be decomposed as:

P (oj |oi;u, l, t) =P
(

c(oj)|oi;u, l, t
)

· P
(

oj |c(oj);u, l, t
)

∝P
(

c(oj)|c(oi);u, l, t
)

· P
(

oj |c(oj);u, l, t
)

4
Our data analysis on check-in logs shows significant transition patterns at

the category level.
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where P
(

c(oj)|c(oi);u, l, t
)

denotes category transition probabil-

ity conditioned on (u, l, t), and P
(

oj |c(oj);u, l, t
)

denotes POI
popularity.

Due to the limited check-in history, it is not practical to explicitly
calculate the category transition probability P

(

c(oj)|c(oi);u, l, t
)

.
We introduce user and context collaborative recommendation by
considering the correlations between contexts as well as users to
overcome the sparsity and discretization problems:

P
(

c(oj)|c(oi);u, l, t
)

∝
∑

uk;lm;tn

P
(

c(oj)|c(oi);uk, lm, tn
)

a(u, uk)a(l, lm)a(t, tn),

where a(·, ·) is a similarity measurement function between users
or contexts. The intuition for the approximation is that the user,
location and time transition probability is proportional to their sim-
ilarities. To alleviate the influence of inter check-in context, we al-
so introduce context and user collaboration in calculating the POI
popularity:

P
(

oj |c(oj);u, l, t
)

∝
∑

uk;lm;tn

P
(

oj |c(oj);uk, lm, tn
)

a(u, uk)a(l, lm)a(t, tn).

The conditional probability P (c(oj)|c(oi);uk, lm, tn) and
P (oj |c(oj);uk, lm, tn) can be computed by directly counting fre-
quencies in the collected check-in dataset.

Two correlations are considered on modeling the similarity func-
tions a(·, ·): prior correlation and history correlation. History cor-
relation is easy to understand that the users’ or contexts’ similarity
can be represented by the history check-in records of the users or
within the contexts. We use the prior correlation to model the pri-
or information for users and contexts, where user prior information
includes their gender and residence, time prior information indi-
cates the temporal partition for different time intervals and location
prior means the geometrical information. Using location similarity
as example, we have

a(li, lj) = λaprior(li, lj) + (1− λr)ahistory(li, lj) (2)

where λ is the weighting parameters, aprior is the prior similarity
function, and ahistory is the history similarity function.

We utilize heuristic methods for the prior similarity calculation:
the prior similarity between two locations is inversely proportion-
al to their distance, two users have high prior similarity if they are
of the same gender or from the same residence, and two time in-
tervals have high prior similarity if they are adjacent within day or
both from weekend or weekday. Since transition probability and
POI popularity focus on category transition and POI probability in-
side category, we construct different functions for the computation
of their history similarities. Specifically, for transition probability
history similarity, we represent each user or context by category-
transition history for transition probability similarity, and check-
in record history for POI popularity similarity. Each user or con-
text is then converted into a fixed-length vector according to term
frequency-inverse document frequency (tf-idf [4]). Here “docu-
ment” indicates user U , location area L or time interval T , while
“term” refers to either a category transition pattern < Ci, Cj > or
a POI O.

3. EXPERIMENTS
We conducted experiments on the collected check-in dataset. We

randomly selected 311 users and their check-in sessions from May

21 to June 11 in 2011 as test data. The test set contains 1, 265
check-in sessions, denoted by St.

For each test check-in session s, we use the location s.L1 and
time s.T1 of its first check-in record as the context and employ the
recommendation approach to recommend POIs based on user iden-
tification s.U , current check-in POI s.O1 and POI category s.C1.
We utilize top-k accuracy and mean absolute error (MAE [5]) as
the evaluation metrics. We consider evaluating the performance on
situations of recommending one and two POIs. All these 1, 265
test sessions (Ns > 2) constitute the test set St1 for recommend-
ing one POI. 317 sessions out of the 1, 265 test sessions contain
no less than three check-in actions (Ns > 3), which constitute the
test set St2 for recommending two POIs. Denoting the candidate
POI set for recommending two POIs as Ot2 = O2, ψ(s.O2, s.O3)
indicates the position of s.O2, s.O3 inOt2 according to probabilis-
tic POIs ranking. Then, the top-k accuracy of recommending two
POIs is computed by

Accuracy(St2,Ot2, k) =

∑

s∈St2
I(ψ(s.O2, s.O3) 6 k)

|St2|
(3)

where I(·) is indicator function returning 1 if it is true and 0 other-
wise. We use MAE to access the average position of the ground-
truth POI in the recommended list, which is

MAE(St2,Ot2) =
1

|St2|

∑

s∈St2

ψ(s.O2, s.O3)− 1 (4)

To calculate the top-k accuracy and MAE for one POI recommen-
dation, St2 is replaced by St1 and Ot2 is replaced by Ot1 = O.

We compared the performance among the following recommen-
dation schemes:
• Co-occurrence based (CO): recommending candidates that most

co-occur with current POI, which is implemented as [2].

• POI-transition based (PT): POI transition centric recommenda-
tion without considering user or context information, which can
be regarded as an one-order implementation of [1].

• Context and personalized POI transition based (CPPT): contex-
tual and personalized POI transition centric recommendation,
computing the conditional probability P (O2|O1;U,L, T ).

• Context and personalized POI category transition based (CPCT):
POI category transition centric recommendation, which is our
proposed approach in this work.

• CPCT_context: POI category transition centric recommenda-
tion without considering context collaboration.

• CPCT_prior: POI category transition centric recommendation
without considering prior information in constructing similarity
functions.

• CPCT_checkin: POI category transition centric recommenda-
tion without considering current check-in record, which ranks
based on P (O2, · · · , ON |U,L, T ).

Figure 3(a) shows the top-k accuracy for recommending one
POI. Several observations can be drawn as follows. (1) Top-9 accu-
racy of two baseline methods, CO and PT is only around 25%. CO
and PT recommend POI based on general inter-POI relationship
and ignore the sensitivity to context and user, which results in infe-
rior performances. This result demonstrates the need for contextual
and personalized methods. (2) CPCT_context produces lower ac-
curacy than CPCT. CPCT_context only considers collaboration for
the user factor and does not leverage context collaboration, which
subjects to the sparsity issue and fails to make full use of the data.
(3) Another alternative, CPCT_prior, also achieves inferior perfor-
mance than CPCT. Employing the prior information can reduce the
impact of context discretization. For example, check-in records at
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Figure 3: The top-k accuracy for the examined methods.

CO PT/CT CPPT CPCT CPCT_context CPCT_prior CPCT_checkin

POI recommendation one 28.3 30.4 42.9 12.5 19.1 17.8 20.7

Category recommendation
one 2.93 2.29 – 1.31 1.40 1.55 1.74
two – 9.75 – 4.60 6.11 5.04 7.23

Table 2: MAE of next-POI and next-POI category recommendation.

time interval of 12:00-13:00 should contribute to the recommen-
dation to a check-in at 11:55. (4) The fact that CPCT significantly
outperforms CPCT_checkin validates the advantage of utilizing the
current check-in record. User’s current action indicates the activity
he/she is conducting or will conduct, which is important for user
intent understanding and activity plan.

We also evaluate the performance of POI category recommenda-
tion. Since category recommendation involves no POI transition,
we remove the evaluated method of CPPT and replace PT with
category-transition centric recommendation method (CT). The re-
sults are shown in Figure 3(b). It is observed that the top-k accura-
cy of POI category recommendation follows similar patterns with
that of POI recommendation. The proposed method consistently
outperforms the baseline methods. The top-3 accuracy of CPC-
T achieves 77%, which demonstrates its efficacy. The MAE are
shown in Table 2. MAE serves as a rough estimation for the rec-
ommendation performance. For example, the MAE of CPCT for
recommending one POI is 12.5, which means the average position
of ground-truth POI is 13.5 (= 12.5 + 1). We can see CPCT pro-
duces the lowest MAE among the evaluated methods for both POI
and POI category recommendation.

As shown in Table 2, the lowest MAE for recommending two
POI categories is 4.6, which is achieved by the proposed CPCT.
This demonstrates that user has high probability to find desired cat-
egory sequence within the top 6 recommended results. Along the
two-level organization as shown in Figure 1, we are interested to
the accuracy of recommending POI sequence when user chooses
the desired category sequence s.C2, s.C3 in the first level. We de-
note its top-k accuracy as category-POI accuracy, which is shown
in Figure 3(c). Note the number of candidate POI sequences |O|2

dramatically reduces to Ns.C2
× Ns.C3

. The top-9 of CPCT is
around 30%, which means for one out of three trials, the nine top
recommended POI sequences may include the users’ actual choic-
es for the following two actions. To summarize, the experimental
results validate the effectiveness of the proposed approach for rec-
ommending one and two POIs and leaves room for improvement in
the future work.

4. CONCLUSION
In this paper, we explore the potential of location-based service

to cope with an advanced recommendation problem—activity plan,
which is to suggest a package of sequential activities related to us-

er context and interest. First, it is shown that check-in record is
effective in user modeling and activity recommendation. Second,
we found distinct category transition phenomenon in consecutive
actions from a commercial check-in dataset, which has proved its
significance in recommending sequential activities.

The future works include: 1) exploiting higher-order category
transition patterns by considering longer check-in sessions, 2) con-
sidering more attributes of POI (e.g., price range, ratings, com-
ments, etc.) into recommendation, 3) leveraging social signals for
better understanding user preference and thus improving recom-
mendation performance, and 4) integrating more context for rec-
ommendation, e.g., weather, user status (walking, driving, etc.).
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