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ABSTRACT

1.

The ever-increasing urbanization coupled with the unprecedented capacity to collect and process large amounts of data
have helped to create the vision of intelligent urban environments. One key aspect of such environments is that
they allow people to effectively navigate through their city.
While GPS technology and route-planning services have undoubtedly helped towards this direction, there is room for
improvement in intelligent urban navigation. This vision
can be fostered by the proliferation of location-based social networks, such as Foursquare or Path, which record
the physical presence of users in different venues through
check-ins. This information can then be used to enhance
intelligent urban navigation, by generating customized path
recommendations for users.
In this paper, we focus on the problem of recommending
customized tours in urban settings. These tours are generated so that they consider (a) the different types of venues
that the user wants to visit, as well as the order in which
the user wants to visit them, (b) limitations on the time to
be spent or distance to be covered, and (c) the merit of visiting the included venues. We capture these requirements
in a generic definition that we refer to as the TourRec
problem. We then introduce two instances of the TourRec
problem, study their complexity, and propose efficient algorithmic solutions. Our experiments on real data collected
from Foursquare demonstrate the efficacy of our algorithms
and the practical utility of the reported recommendations.

Based on a recent report from the United Nations, more
than 50% of the world’s population currently lives in cities.
This percentage is projected to increase to 70% by the year
2050 [2]. These facts have motivated the concept of smart
cities [16], that will provide intelligent services to significantly enhance the quality of urban life. One of the critical
services within smart cities is urban navigation. While GPS
technology has undoubtedly improved people’s capability to
move easily through a city, intelligent urban navigation goes
beyond shortest paths. In this paper, we study how we can
utilize contextual information to provide customized tour
recommendations for advanced urban navigation.
In order to accomplish our goal we exploit information
provided by a new class of applications: location-based social networks. These applications enable users to share their
locations through check-ins to specific venues (e.g., restaurants, bars, parks, museums etc.). This interaction captures
the user’s physical presence within a city and results in rich
datasets that encode real-world activities.
One of the main functionalities currently offered by locationbased social networks is the recommendation of venues or
location-specific activities, based on user preferences. For
example, Foursquare, the largest location-based social network to date, with more than 30 million users, is positioning
itself as a location-recommendation engine, used to recommend venues to users based on their own check-in history,
as well as that of their friends [1].
A key characteristic of such recommendation systems [8,
25, 33] is that they evaluate each venue independently. The
result of this evaluation is a personalized probability that a
specific user likes the venue, or a general value representing
the venue’s quality or reputation. The venues with the topk highest scores are then recommended to the user. The
main drawback of such ranking schemes is their inability to
evaluate venues in groups, and deliver tour recommendations
that obey certain thematic and spatial constraints.
As an example, consider the scenario shown in Figure 1.
A user must travel for business in an unfamiliar part of the
megacity in which she lives (e.g., NYC). After her work is
completed, she wants to explore this area further. In particular, she is interested in taking a “stroll” to visit an outdoor
relaxing spot, (e.g., a nice park — Type A in the figure), before heading to a nice restaurant for lunch (Type B). From
there, she wants to go to a popular place for a happy-hour
drink (Type C) and then return to her initial point (marked
by the bulls-eye in the figure) so she can go back home. Since
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INTRODUCTION

Roadmap: The rest of the paper is organized as follows:
we start with the formal definition of our problems in Section 2. The algorithms we design for the different variants
of the problems are described in Section 3 and they are experimentally evaluated in Section 4. We review the related
work in Section 5 and conclude the paper in Section 6.

2.

PROBLEM DEFINITION

Next, we introduce our notation, define the TourRec
problem and its variants, and discuss their complexity.

2.1

Figure 1: An example of the Tour Recommendation setting.

Preliminaries

Throughout our discussion, we use the term venue to refer to locations, landmarks, restaurants, museums etc. We
assume that there are n venues V = {v1 , ...., vn }, and a function Dist(·) that measures the physical distance between any
two venues. Our assumption is that every venue is associated with a type. Indicative types are: museum, gallery,
cinema, restaurant, etc. For venue v, we use T (v) to denote
its type. We assume that each venue is associated with one
type and that there are m venue types T = {T1 , . . . , Tm }.
We assume a function f (v) that returns a custom value
for a given venue v. The value represents the expected satisfaction of the user, if the user visits the particular venue.
We assume that higher values of f (v) correspond to higher
satisfaction levels. In principle, different users get different
satisfaction levels from different venues and therefore the
values of f (v) are personalized. Although obtaining accurate estimates of such personalized values is an important
problem that is beyond the scope of this paper, when such an
estimation function is available (e.g., using the algorithms
proposed by Bao et al. [6]) it can be incorporated as it is
in our framework. In our implementation we estimate expected user satisfaction using intuitive proxies, such as the
total number of check-ins or the average review score.
Our goal is to find a tour R that maximizes the satisfaction of the user and obeys a set of user-specified constrains.
A tour is a sequence of venues. For example, R may be equal
to R = hv1 , v3 , v5 i, which means that the user is recommended to visit venue v1 , then venue v3 and, finally, venue
v5 . We use the notation R(i) to refer to the i-th venue in
the tour. In addition to the sequence of venues, the tour
includes a starting point s and ending point t, which are
specified by the user and can be arbitrary locations on the
map. We refer to the number of venues in the tour (excluding the source and the destination) as the size of the
tour.

there are different venues from each type scattered across
the map, there are multiple potential tours that respect the
given type order (such as the one marked in the figure). The
tour-recommendation problem becomes even more complex
if we also want to keep the total distance within a given
budget, and also maximize the overall merit of the venues
included in the tour, as we do in this paper.
Even though a number of tour-recommendation approaches
have been recently proposed [14, 23, 27, 34] (for a review see
Section 5), those approaches suffer from a number of limitations. These include the dependence on training data in the
form of past tours or trajectories, the assumption that all
venues belong to the same type and thus service the same
user need, and the inability to cater to the user who wants
to cover different needs in a specific order during the tour.
In this paper, we develop a framework that addresses these
shortcomings by delivering tour recommendations that take
into account: (i) the different types of venues, as well as
the order in which the user wants to visit them; (ii) budget
constraints expressed in terms of the total distance that the
user is willing to traverse (or the total time the user is willing
to spend); and (iii) the satisfaction that each venue can
provide to the user, if included in the tour. In our work, we
propose and study the computational and the qualitative
effect of two alternative definitions for user satisfaction.
We capture and formalize the above requirements in our
definition of the TourRec problem, which asks for a group
of venues that adheres to the user constraints and also maximizes the expected user satisfaction. Depending on the way
user satisfaction is measured, we define two variants of the
TourRec problem: the first variant assumes a (personalized or general) expected satisfaction score for every venue,
and asks for the tour with the maximum total satisfaction.
The second variant captures the scenario where each venue
covers certain attractions (e.g., nearby city landmarks, current location-specific events). The goal is then to find a tour
that respects the constraints and covers the maximum number of distinct attractions. We study the complexity of both
variants and propose efficient algorithmic solutions.
At a high level, the TourRec problem is related to variants of the traveling-salesman problem (e.g., TSP, prizecollecting TSP, orienteering). However, the partitioning of
the venues into types, the ordering constraints, as well as the
characteristics of our objective functions, necessitate customized algorithms for our problem. In our experiments, we
demonstrate the superiority of our methods over competitive baselines via an extensive evaluation on real datasets
collected from Foursquare for three major cities.

We consider the following constraints:
Ordering constraints: We assume that the user provides
a type order π, which expresses precedence constraints in
the order in which the user wants to visit venues of different
types. The order π is a total order over the types in T and
we say that Ti ≺π Tj if the user expresses a preference of
visiting venues of type Ti before venues of type Tj . Although
in Section 3.3 we discuss how these total order constraints
can be relaxed, for now we assume that a tour R is consistent
with type order π if for every 1 ≤ i ≤ |R| − 1 we have that
if v = R(i) and v ′ = R(i + 1), then T (v) ≺π T (v ′ ).
The order constraint is motivated by the observation that
daily human activities are correlated with the time of the
day. For example, people typically have coffee in the morning and visit restaurants in the afternoon and early evening
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(ii) it starts at location s and ends at location t;
(iii) the total covered distance is less than D, i.e.,
ShortestPath(R) ≤ D;

(lunch and dinner times). Also they cannot visit a museum
in the evening since it will be most probably closed. This intuition has been repeatedly studied and verified in relevant
literature [26, 15, 22, 17, 3], where it is found that tourists
have a very specific opinion on when is the best time within
the day for each type of activity or attraction.
In Section 3.3, we show how to extend our framework to
address partial orders on types, super types and type skips,
in which there is flexibility in the visiting order of venues.

(iv) it maximizes the user satisfaction F (R).
The different variants of the F function give rise to different variants of the TourRec problem. For example, when
the total benefit is measured by Add, then we call the underlying problem the AdditiveTour problem; when the total
benefit is measured by Cov, then we refer to the resulting
problem as the CoveringTour problem.
We have the following NP-hardness results for the complexity of these two problems.

Budget constraints: The budget constraints enable users
to specify the total distance D they are willing to cover.
In Section 3.3, we discuss how temporal or other types of
constraints can also be incorporated. For now, we consider
the total distance ShortestPath(R) of a tour R that starts
at s, traverses the venues in R in order, and ends in t.

Lemma 1. The AdditiveTour problem is NP-hard.

Multiplicity bounds: The multiplicity bounds allow users
to specify the number of venues of a particular type that they
want to visit. This number is expressed as an interval. That
is, the users provide a lower and an upper bound, Li and Ui ,
on the number of venues of type Ti they are willing to visit.
The set of lower and upper bounds over all venue types is
denoted by B = {(Li , Ui )}m
i=1 .
A tour R is consistent with multiplicity bounds B if for
every type Ti the number of venues of type Ti in R are more
than or equal to Li and less than or equal to Ui .

For the proof of the above lemma it is sufficient to observe that AdditiveTour contains the Traveling Salesman Problem (TSP) [19]: let us consider the decision version of AdditiveTour, defined as follows: given V , T , B,
s, t, D and a satisfaction bound M , is there a tour R that
satisfies all the constraints, has total distance cost at most D
and Add(R) ≥ M ? We can show that TSP can be reduced
to this decision version of AdditiveTour. Indeed, consider
a TSP instance on a graph G = (V, E) with distance bound
D. We then define an instance of the decision AdditiveTour problem as follows. We consider a graph with the
same edge distances and a single type of venues T = {T }.
We also set |T | = |V | = n, LT = UT = n, s = t, b(v) = 1 for
all venues v ∈ V , M = n, and distance bound D (the same
as in the TSP instance). It is easy to see that the TSP instance has a solution if and only if the transformed instance
of the decision AdditiveTour problem has a solution.
Similarly, for CoveringTour we have the following.

User satisfaction: We use a generic satisfaction function
F (R) to measure the expected satisfaction of the user with
respect to a candidate tour R. We define two variants of
this satisfaction function: the additive and coverage functions, denoted by Add and Cov, respectively. Each function
evaluates R in a different way as we discuss below.
The additive satisfaction function Add: Add assumes that
there is a benefit b(v) associated with every venue v.1 This
benefit may be generic or a personalized probability that
a particular user will like the venue. Given such venuespecific benefits, the additive satisfaction function
Pevaluates
the overall satisfaction of a tour R as Add(R) = v∈R b(v).

Lemma 2. The CoveringTour problem is NP-hard.
The proof of Lemma 2 relies on the fact that the CoveringTour problem when there is a single type of venues
T = {T } such that |T | = |V | = n, B = {(L, U )} with
L = U = k, and s = t then our problem is identical to
the k−Maximum Coverage problem [19]. In fact, we can
show that the CoveringTour problem is NP-hard even
when Li = Ui = 1 for every type i and D = ∞. In this case,
CoveringTour is identical to the Maximum Coverage
with Group BudgetConstraints problem [10].

The coverage satisfaction function Cov: This function is
appropriate when each venue is associated with a set S(v)
that includes attractions that located in the vicinity of the
venue (or even activities that the user can perform within or
near the venue). Then, the coverage of a path R is defined
as Cov(R) = |∪v∈R S(v)|, and represents the total number
of distinct attractions or activities that the user will have
the chance to visit or perform during the tour.

3.

Conceptually, Add(R) is appropriate when the user wants
to maximize the quality or the personalized relevance of the
venues in the tour. On the other hand, Cov(R), is appropriate for more diverse routes that offer a wide range of
associated attractions and activities.

2.2

ALGORITHMS

We begin this section by describing our algorithms for
AdditiveTour. Then, we demonstrate how these can be
adapted for solving CoveringTour.

3.1

The TourRec problem

Algorithms for AdditiveTour

First, we consider the version of the AdditiveTour problem where we specify a total order π over the venue types
and we want to have exactly one venue from every type in
our tour. For this case, we have the following result:

Given the above notation, our goal is to solve the following
generic problem.
Problem 1 (TourRec). Given a type order π, a distance budget D, multiplicity bounds B, and starting and ending locations s and t, find a a tour R such that:
(i) it is consistent with the order π and type bounds B;

Lemma 3. When π is a total order, and Li = Ui = 1 for
all types Ti ∈ T , then the AdditiveTour problem can be
solved optimally in time O(n2 D).

1
b(v) is essentially a specific instantiation of the f (v) function mentioned earlier.

Proof. This version of the AdditiveTour problem can
be solved via dynamic programming. More specifically, we
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complexity of evaluating Recursion (2) is the same as the
time complexity for evaluating Recursion (1), i.e., O(n2 D).
Note that the speedups discussed in the previous paragraph
can be also applied here.

define the table B(v, d) to denote the maximum value of the
Add function one can achieve with a walk consistent with π,
which starts at s, ends at v, and covers a total distance which
is at most d. Clearly, for n venues and maximum distance
D, the size of the table B is (n + 2) × D.
First, we sort the venue types according to the order π —
the ordering of the venues within each type does not matter
and can be arbitrary. Then, for every v ∈ Tk we can evaluate
B(v, d) by following recursion

B(v, d) = ′max B(v ′ , d − Dist(v, v ′ )) + b(v) .
(1)

3.3

Relaxing the total order constraint: Although the above
discussion assumed a total order on the venue types, our algorithms can be easily modified for arbitrary partial type
orders. In this section we provide three different ways to relax the total-order constraint: partial orders of types, super
types, and type skips.

v ∈Tk−1

The time required for evaluating Equation (1) is O(n2 D).
Thus, the dynamic-programming algorithm is pseudo polynomial. For the special case where all the venues are on
a graph with unit edge weights, the time required for the
above recursion is polynomial in n.

Partial orders. The first way to relax the total-order constraint is to allow the venue types to satisfy any partial order. In this scenario, our goal is to find a tour which visits
venues in a way that respects a user-submitted partial order. we assume that a user provides a partial order, and the
aim is to find a tour for which the ordering of the venues
in the tour satisfies the partial order. A simple solution to
this problem is to consider all linear extensions of the given
partial order. Recall that a linear extension of a partial order is a total order that is consistent with the partial order.
Therefore, we can enumerate all those total orders, solve the
recommendation problem in each total order, and pick the
best solution. Even though in the general case the number
of linear extensions can be exponentially large, in our setting, we expect that a user specifies a small number of venue
types (less than 5), so given a partial order it is possible to
try all consistent total orders. Our results in Section 4.2 indicate that each total order instance can be computed very
fast. Furthermore, the total number of distinct venue types
in our dataset is 9, hence, the number of consistent total
orders for any query is relatively small as well. In addition,
each consistent total order can be evaluated independently,
allowing for a naturally parallelizable implementation.
In practice, we should not expect from users to be familiar
with the concept of partial orders in order to be able to
specify their constraints. However, it is possible to design a
system in which users specify their constraints as pair-wise
precedence constraints via a simple user interface, and the
constraints are represented internally as a partial order.

We refer to the dynamic-programming algorithm that implements recursion (1) as the Rel-DP algorithm.
In addition to the exact pseudo-polynomial Rel-DP algorithm, we can also have a fully polynomial-time approximation scheme (FPTAS) for the problem. This scheme firsts
scales down the instance of the input problem so that all
distances are polynomial in n. It then runs the Rel-DP algorithm on the scaled-down instance and returns the solution. In more detail, given a parameter ǫ, we define K =
ǫD
. We then scale down every distance by Dist′ (v, v ′ ) =
n
′

)
⌊ Dist(v,v
⌋, and we run the Rel-DP algorithm with distances
K
′
D
Dist and distance bound D′ = ⌊ K
⌋. The resulting dynamicprogramming table has dimensions (n+2)×⌊ nǫ ⌋ and thus the
running time of the algorithm is O(n2 ⌊ nǫ ⌋). It is also easy
to see that the returned solution is a (1 − ǫ)-approximation
to the optimal solution.2 Summarizing, we have:

Lemma 4. When π is a total order and Li = Ui = 1 for
all types Ti ∈ T , for any ǫ > 0 the AdditiveTour problem
be approximated within factor (1 − ǫ) in time O(n2 ⌊ nǫ ⌋).
Efficiency consideration: The O(n2 D) running times of
the Rel-DP algorithm is a worst-case estimates. In practice,
the running time of depends on the distribution of venues
into types as well as the binning of D, i.e., the size of the
step we adopt for distances when we construct the dynamicprogramming tables. Our experiments show that appropriate binning can lead to very efficient algorithms.

3.2

Extensions

In this section we present different extensions to our framework. We extend the applicability of our work and address
intuitive scenarios that can emerge in urban settings.

Algorithms for CoveringTour

Again, we consider the version of the CoveringTour
problem in which the user wants to visit exactly one venue
from each type. We can solve this version of CoveringTour by modifying Recursion (1) as follows:
C(v, d) =
(2)
′
′
max {C(v , d − Dist(v , v)) + Cov(v | Rv′ ,d−Dist(v′ ,v) )},
′
v ∈Tk−1

where C(v, d) keeps the best coverage of a path that ends in
v and has total shortest path d, and Rv′ ,d denotes the actual
path that ends in v ′ and is within the distance budget d.
We refer to the dynamic-programming algorithm that implements Recursion (2) as the Cover-DP algorithm. The time
2
Keep in mind that we are dealing with a maximization
problem.
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Super-types. An alternative family of ordering constraints,
simpler than partial orders, are bucket orders, or as we call
them in our setting, super-types. In this case, users can
specify that they could visit any type of venues among a
given subset. For example, users can specify that they are
interested in visiting a museum OR a gallery OR a landmark
and then go for lunch to a restaurant OR to a cafe. Those
type groupings are called super-types. Our algorithms can
then be applied directly to satisfy any such order. The idea
is to simply consider super-types as types and apply the
algorithms we developed in the previous sections.
The concept of super-types, coupled with allowing to specify multiple venues from each type, which we will discuss
shortly, increases the flexibility of the user by a great deal.
For example, a user may specify a super-type consisting of
4 types and asking for a recommendation that contains at
most 3 venues from this super-type, and the same individual
type can be repeated.

Type skips. Another way to relax the total order is to allow
types to be skipped. So far we have assumed that exactly one
venue from every type must be included in the recommended
tour (i.e., Li = Ui = 1). However, our methods can be
generalized to find tours that are allowed to skip some types.
For the AdditiveTour problem, this is captured by the
following lemma.

Table 1: Statistics for the NYC, SF and London datasets.

Lemma 5. Consider the AdditiveTour problem where
Li , Ui ∈ {0, 1} (with Li ≤ Ui ) for all types Ti ∈ T . In this
case, the AdditiveTour problem can be solved optimally in
time O(n3 D).

to consider the expected duration of a visit to a particular
venue. For example, a visit to MoMA (Museum of Modern
Art) in New York City could last a lot longer than a visit to
a small local gallery. Our algorithms can be easily extended
to account for this, by adding the temporal cost associated
with each venue v to the existing cost of transitioning from
v to any other venue v ′ .
Multiple transportation types: In practice, the user
may have different options from moving from one place to
another, e.g., walking, taking a taxi, metro etc. Each such
option would incur a different time cost. This can be modeled by considering different types of edges connecting every
pair of two venues. Then the dynamic-programming recursions would simply have to iterate over all possible types of
edges. This would increase the computational complexity
of all the above algorithms by a factor of L — where L is
the maximum number of transportation options that can be
observed between two nodes.

# Check-ins
# Venues

Proof. We are using the same benefit table B of dimension (n + 2) × D and the same ordering of venues as in the
previous proof. However, Recursion (1) is modified to the
following recursive evaluation:

B(v, d) = ′ max
B(v ′ , d − Dist(v, v ′ )) + Add(v) . (3)
k =1...k−1
v ′ ∈Tk′

The main difference between Recursion (1) and (3) is that in
the latter when forming the tour that ends in venue v ∈ Tk ,
all tours ending in venues of all types that precede type
Tk are examined (as opposed to only the tours that end in
venues of type Tk−1 ).
The complexity of recursion (3) is O(n3 D). A similar
modification can be used to allow types to be skipped in the
CoveringTour problem.
Multiple venues per type: Lemmas 3 and 5 assume that
exactly and at most one venue from each venue type will be
added in the final tour, respectively. For the AdditiveTour
problem, the variant where multiple venues of the same type
are required (i.e., Uk > 1) can be handled by extending the
dynamic programming recursion of Equation (1). This can
be done as follows: consider again the dynamic programming
table B(v, d) that stores the maximum benefit solution ending at v of type Tk and having total cost at most d. Then
for every v ∈ Tk we can evaluate B(v, d) as follows:

B(v, d) = ′max B(v ′ , d − d′ ) + Path(v ′ , v, d − d′ ) . (4)

4.

NYC

SF

London

322 504
12 728

91 887
3 903

47 916
2 740

EXPERIMENTS

Our experiments with real data from Foursquare demonstrate the practical utility of our formulations and the corresponding algorithms.

4.1

Experimental setup

The Foursquare datasets: We obtain an initial set of
venues using the publicly available dataset of Cheng et al. [13],
which includes geo-tagged, user-generated content that was
pushed to Twitter’s public feed from Sept 2010 to Jan 2011.
From this dataset, we select tweets related to Foursquare
check-ins into popular venues (with at least 10 check-ins).
Our final dataset consists of 6 699 516 check-ins.
The classification of venues to types in Foursquare is hierarchical. In our experiments, we use the upper level of this
classification and thus each one of our venues can belong to
one of the following 9 types: Arts & Entertainment, College
& University, Food, Professional & Other Places, Nightlife
Spots, Great Outdoors, Shop & Service, Travel & Transport
and Residence. The original dataset did not include the category information for the venues, so we did the mapping of
venues to types by crawling Foursquare.com.
From this dataset, we generate three smaller datasets,
which correspond to venues in three large cities, New York
City (NYC), San Francisco (SF) and London (London).
Each one of these datasets contains all the check-ins that
took place within a 10-mile radius from the corresponding
city center. Table 1 shows the statistics of these datasets.
In all three datasets, we consider the venues that belong to
the category Great Outdoors to be the attractions/activities
that one wants to cover in the CoveringTour problem.
Hence, we use the rest 8 categories as the (ordinary) venue
types for both the AdditiveTour and CoveringTour problems. For our experiments, we compute a universal relevance
score b(v) for every venue v. This is computed as the fraction
of check-ins for venue v over the total number of check-ins in

v ∈Tk−1
d′ ≤d

In the above equation, Path(v ′ , v, x) is the benefit achieved
by the best path that starts at v ′ ends at v, has cost at most
x and visits the required a number of places in Tk . Computing Path(v ′ , v, x) is in fact the orienteering problem [30]
and therefore known algorithms for this problem [11] can be
applied as a subroutine to the above recursion.
For the CoveringTour problem, we can allow for multiple venues per type by creating copies of all the venues of
category Ti and treating every copy as a different category.
Observe that, for this problem, picking the same venue will
not improve the coverage function, while it will increase the
cost of the path. Therefore, the algorithm will always prefer
to pick new venues.
Time budget and venue delays: In practice, users may
have an upper bound on the time that they are willing to
allocate to their tour, instead of on the distance that they
are willing to cover. In this case, we can transform distance
into time by multiplying with the appropriate velocity (e.g.,
walking speed). The pairwise distance between venues can
then be measured in time units without affecting our algorithms. In addition, the time-based formulation allows us

317

Add(P)

0.4
0.35

Rel-Greedy
Rel-DP(Gr)
Rel-DP
Cover-DP

0.4
0.35

0.3
0

0.25

0

0.2

0

0.2

0

0.35

Rel-Greedy
Rel-DP(Gr)
Rel-DP
Cover-DP

0.3
0.25

0.3

0

0

0

0

0

0.25

0

0
0

0.15

0

0

0

0

0.2

0

0.15
0.1

0.5
0.45

Add(P)

Rel-Greedy
Rel-DP(Gr)
Rel-DP
Cover-DP

Add(P)

0.5
0.45

0.15
0

0.1

0.1

0.05

0.05

0

0

5

6

7

8

9

Distance Budget (D)

(a) NYC

10

0.05

5

6

7

8

9

Distance Budget (D)

(b) SF

10

0

5

6

7

8

9

Distance Budget (D)

10

(c) London

Figure 2: The value of Add(R) for tours R output by the different algorithms for distance bounds D ∈ {5, 6, 7, 8, 9, 10} (in
miles) for all three datasets.
venues of type T (v). Similarly, for venue v, we compute the
set of nearby activities, denoted by S(v) as the set of venues
of type Greater Outdoors that are within 1 mile from v.

(i.e., k = 6). We evaluate our algorithms for each value of
D ∈ {5, 6, 7, 8, 9, 10} (in miles) over all generated orders.
Figures 2 and 3 show the average value achieved by the
algorithms for the Add and Cov objectives, respectively. Observe that all values are averages over the 10 different type
orders. Although the dynamic programming algorithms always report a solution if one exists, the greedy approaches
may fail to find a solution. In such cases the reported average is taken over the type orders for which the algorithm
successfully reported a tour. The number on top of the bar
corresponding to a greedy algorithm represents the number
of instances (out of 10) for which the algorithm reported a
failure. For a fair comparison, we also report the average
value of Add achieved by the dynamic programming algorithms over the instances for which the greedy baselines actually found a solution (the Rel-DP(Gr) and Cover-DP(Gr)
bars for the Add and Cov objectives, respectively). The
plots also include the Add value achieved by Cover-DP and
the Cov value achieved by Rel-DP. Our goal is to verify that a
customized approach is required for each objective function.
As can be seen in Figure 2, Rel-DP finds a solutions for
all instances and for all values of D. The same is also true
for Rel-Greedy (and hence, Rel-DP and Rel-DP(Gr) match).
However, with respect to the objective function (Add), RelDP consistently outperforms Rel-Greedy. Another observation is that the optimal benefit (reported by Rel-DP) peeks
after the distance bound has been sufficiently relaxed, and
stops increasing after that point (which differs among cities).
The results for the Cov objective are shown in Figure 3.
While the general trends are very similar to the ones we
made for Add, the figure motivates additional observations.
First, we observe that Cov-Greedy fails to report a solution
for a significant number of order types. For example, for the
NYC dataset, the Cov-Greedy failed to find a solution for 5
out of 10 instances for D = 10. In fact, Cov-Greedy failed to
report any solutions (e.g., for the D ∈ {5, 6} for London or
for D = 5 for Pnyc). Due to this failures, the Cover-DP bar
differs from the Cover-DP(Gr) bar — recall that the latter
is the performance of Cover-DP over the instances for which
Cov-Greedy was able to deliver a solution. Nevertheless, in
all cases, both Cover-DP and Cover-DP(Gr) outperform CovGreedy. This demonstrates the inability of Cov-Greedy to
leverage the overlap among the sets of attractions covered
by the various venues.

Baseline heuristics: We compare our algorithms with a
Greedy baseline adopted from the operations research literature [29]. This Greedy algorithm is iterative: at step t, it
picks a venue from the t-th type Tt in the order π. More
specifically, among all venues vt in Tt it identifies the four
venues with the highest value of the ratio of the objective
function divided by the distance Dist(vt , wt−1 ), where wt−1
is the venue picked at the t − 1 step. Then one of these four
venues is finally chosen at random with probability proportional to the corresponding value of the ratio. The algorithm
proceeds until it reaches the destination or it runs out of distance budget. If the algorithm terminates before reaching
the destination, it reports a failure. In all our experiments,
we repeat the above process for 100 times and we report the
solution with the highest value of the objective function. We
refer to the Greedy algorithm that uses the Add (resp. Cov)
objective as the Rel-Greedy (resp. Cov-Greedy) algorithm.

4.2

Quality evaluation

Using the above set up we evaluate the quality of the
various algorithms for solving the AdditiveTour and the
CoveringTour problems respectively. When evaluating
the quality of our algorithms for AdditiveTour, we measure the Add of the proposed tours, while when we evaluate
the algorithms for the CoveringTour problem, we measure the Cov or the output tours. In all cases, higher values
of the objective mean better-quality results.
In all the experiments we present we have Li = Ui = 1
for all types. We evaluate our algorithms with regard to
the distance budget (D) that a user is willing to walk and
the number of venue types (k) of the requested tour. In
all cases the trends are similar: the Rel-DP and the CoverDP algorithms are clearly the best algorithms for AdditiveTour and CoveringTour respectively. In addition to
giving lower-quality solutions, the Greedy heuristics often
fail to find a solution, even if one exists.
Varying the distance budget D: In this experiment,
we study the effect of the distance bound D on the results reported by each algorithm. We generate 10 random
type orders. Each type order includes 6 (distinct) types
chosen randomly from the set of available ordinary types
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Figure 3: The value of Cov(R) for tours R found by the different algorithms for distance bounds D ∈ {5, 6, 7, 8, 9, 10} (in
miles) for all three datasets.
Table 2: Value of Add(R) and running times achieved by
Rel-DP for bin sizes b = 0.1 or 0.01 miles and D = 10 miles.

Finally, we observe that Cover-DP and Rel-DP failed to
achieve high values for the objectives functions that they
were not customized for (Add and Cov respectively). In
fact, they were even outperformed by the greedy baselines
in those tasks. This verifies our intuition that both problems
are non-trivial, and require customized algorithms.

Add(R)

Varying the Tour size k: In this experiment, we evaluate
the effect of the size of the tour k (i.e., the number of venue
types in the tour) on the performance of the algorithms.
We set D = 6 miles, and generate 10 random permutations
of k (distinct) types, for k ∈ {2, 3, 4, 5, 6, 7, 8}, emulating
the process that we followed in the previous experiment.
The results for the NYC dataset for both the Add and Cov
objectives are shown in Figure 4.3
The Rel-DP and Cover-DP algorithms outperform the greedy
baselines for the Add and Cov objectives, respectively. This
demonstrates that our algorithms are able to include additional venues and improve their respective objectives, while
respecting the distance bound. On the other hand, the values of the greedy approaches may only increase trivially or
even decrease, as k becomes larger and more types are added
to the tour. In fact, for the Cov objective, Cov-Greedy often
fails to find a solution, especially for larger values of k.

London
SF
NYC

Running time (ms)

b = 0.01

b = 0.1

b = 0.01

b = 0.1

0.27
0.36
0.34

0.27
0.36
0.34

976.9
1176.7
1072.5

103.7
125.4
139.3

Table 3: Value of Cov(R) and running times achieved by
Rel-DP for bin sizes b = 0.1 or 0.01 miles and D = 10 miles.
Cov(R)
London
SF
NYC

4.3

Running time (ms)

b = 0.01

b = 0.1

b = 0.01

b = 0.1

24.7
26.5
21.3

24.7
26.5
21.3

4587.6
6596.1
4612.8

384.8
547.6
445.5

Anecdotal evaluation

Here, we use visualization in order to provide some further
insight on the tours output by the different algorithms as
solutions to the AdditiveTour and CoveringTour problems. Due to lack of space we show here the results for a
request of a tour in London — results in other cities convey
similar intuition. The query we consider requires a tour of
size k = 4 (i.e., four venue types) and the input type order is π={1, 3, 6, 5}, where types 1,3,6,5 correspond to the
Foursquare types ”Arts & Entertainment”, “Food”, “Shop &
Services” and “Nightlife Spot” respectively. For the results
we report here we assume that both the starting and the
ending point of the tour is London’s city center.
Solving the AdditiveTour problem for London with a
distance bound D= 6 miles, gives the tours presented on
the maps at Figure 5; Rel-DP reports the solution depicted
on the left, while Rel-Greedy reports the solution on the
right. The point labeled “0” is the starting and ending point
of the tour, while the red point-marks correspond to the
venues recommended and are labeled with their type number. We also report the total benefit obtained from the two
algorithms (top left corner of each map), and the benefit
of each individual venue. While both tours begin with the

Binning of distances: As we have already discussed in
Section 3, the running time of both the Rel-DP and Cover-DP
depends on the granularity of the bins that we use to break
the distance budget D. We expect that finer granularity
gives better results in terms of the objective functions, yet
is computationally more expensive. Tables 2 and 3 show
the values of the objective functions Add(R) and Cov(R)
as well as the corresponding running times of the Rel-DP
and the Cover-DP algorithms for bins of sizes b = 0.1 and
b = 0.01 miles. For the results reported here we set D = 10.
From the two tables we observe that bins of size 0.1 of miles
achieve the same values of the objectives while they result
in 10 times faster algorithms. Observe that the running
time of Cover-DP is larger than the running time of RelDP. The reason for that is that the former needs to evaluate
a more complex objective — which in every step requires
the evaluation of the intersection of two sets: the set of
already-covered activities and the activities introduced by
any newly-considered venue.
3
The results for the other two datasets were very similar and
omitted due to space constraints as well.
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0.7

Add(P)

binatorial problems that deal with finding tours on graphs.
We review this work below.
Spatial recommendations: The rapid proliferation of
location-based social networks has motivated a volume of
work that focuses on methods for personalized location (or
venue) recommendations [8, 25, 33] to social-network users.
These methods, deploy collaborative-filtering techniques [33],
geometric embeddings [8] or they even incorporate features
present in the users’ social network [25] in order to associate
every venue with a score, which encodes the probability of a
user liking (or visiting) a particular venue recommendation.
Contrary to our own work, all these approaches evaluate
each venue independently of the rest. Thus, venues are not
considered as groups or as stops in a tour and therefore thematic redundancy or spatiotemporal constraints cannot be
taken into consideration. This is the key difference between
our work and all these described above.
Motivated by the limitation of the above methods, recent work has focused on recommending tours of locations.
For instance, De Choudhury et al. [14] focus on segmenting
streams of spatiotemporally tagged photos into paths, and
then assembling these paths into itineraries. Similar works
are those by Kurashima et al. [24] and Yoon et al. [34], who
utilize spatiotemporal traces (e.g., photo streams, GPS trajectories) to recommend spatiotemporally affordable tours
In addition to being applicable only in the presence of training sequences of spatiotemporally tagged photographs (or
other similar traces), these approaches cannot handle multiple types of venues that cater to different user needs. This
limitation is also shared by the relevant works on interactive
tour recommendation [27, 18, 23], which iteratively personalize or improve a tour based on user feedback. Clearly,
by not allowing for venues of multiple types, all of these
approaches can also not support the user’s requirement to
satisfy her needs in a particular order.
The support for multiple types of venues is considered by
Ardissono et al. [5]. However, the proposed system expects
the user to manually select a venue from each desired type.
A tour traversing the selected venues is then proposed. Finally, in a recent demo paper, Xie et al. [32] describe a singletype system for tour-recommendations, and briefly describe
how this could be extended to handle multiple types. The
proposed method is not comparable to ours, since it does not
allow the user to specify the order in which the user wants
to visit the different types. In addition, even though no experimental evaluation is provided, the authors suggest that
multiple venues can be combined to form a spatiotemporally efficient tour via a simple greedy approach. However,
our experiments on real data demonstrate the inadequacies
of the greedy approach in practical scenarios.
Further, approaches that focus on reconstructing and recommending routes based on existing location trajectories
(e.g., [31, 12]) are complementary to our work; the output
of our methods can be used as input to such approaches.
Tours in operations research: At a high level, there
is a connection between our problems and the orienteering
problem (OP) [30] studied in operations-research and theoretical computer science. In OP the input consists of a set of
locations with an associated benefit for each location, and
a cost for the traversal of an edge between two locations.
The goal is to visit a set of locations such that the benefit
is maximized, while the total distance covered is within a
bound Dmax . The first difference between our problem and
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Figure 4: The Add(R) and Cov(R) for tours R output by
the different algorithms for the NYC dataset and varying
the tour size k ∈ {2, 3, 4, 5, 6, 7, 8}.
same venue (the Tate Museum of Modern Arts),4 they proceed to include different venues, thus leading to different
Add values. In fact, the value achieved by Rel-DP is almost
two times greater than that achieved by Rel-Greedy.
Solving the CoveringTour problem for London with the
same parameters gives the tours presented on the maps at
Figure 6. Cover-DP reports the solution depicted on the
left, while Cov-Greedy reports the solution on the right. We
now present with a dotted circle centered at each venue,
the area that the latter covers with respect to locales of
type “Greater Outdoors”, which as aforementioned are the
attractions for our CoveringTour problem. Furthermore,
the actual attractions covered are shown on the map as blue
mark-points. As one can see, the tours that are provided
by the two algorithms are completely different in this case.
For instance, Cover-DP recommends Alice to start her tour
from the British Museum, while Cov-Greedy recommends
the Tate Museum of Modern Arts. However, again Cover-DP
clearly outperforms Cov-Greedy, since the number of “blue
nodes” covered by the former is 20, as compared to the 14
attractions covered by the Cov-Greedy.

5.

RELATED WORK

The proliferation of location-based systems has given rise
to literature on spatial recommendations, which is clearly
relevant to our work. Related to our study are also com4
We defer from mentioning commercial venues for the rest
of the types.
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(a) Cover-DP
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Figure 5: Anecdotal results for the London dataset when tours are obtained as solutions to the AdditiveTour problem;
distance budget D = 6 miles, π = {Arts & Entertainment (1), Food (3), Shop & Services (6), Nightlife Spot (5)}.
the OP is that our locations (which we call venues) are associated with types, and only a certain number of each type
can be included in the tour. In addition, the user-specified
ordering constraints over these types are also absent from
OP. Thus, the OP-specific heuristics [11, 21, 28] are not
directly applicable to our problem.
The connection between our problems and the Traveling
Salesman Problem (TSP) [4] and its prize-collecting versions [7, 9] is equally abstract. The TSP problem considers
a set of cities and distances between them and asks for the
shortest possible tour that visits each city exactly ones and
returns to the original city. The prize-collecting version of
the same problem assumes that there is a benefit associated
with visiting every city and the goal is to maximize the total
benefit by visiting cities, divided by the total distance covered by the tour. The consideration of multiple venue types,
the ordering constraints and the freedom to not visit all the
venues (but only some from every type) make our problems distinct from all the above formulations. Moreover,
the CoveringTour version of our problem is very distinct
from any prize-collecting problem that has appeared in relevant literature, since the benefit induced by every venue
does not depend solely on the venue itself, but also on the
rest of the venues included in the tour. In short, the existing
algorithms for the different TSP versions are not applicable
for solving the problems that we study in our work.

above, our work provides a system that is able to provide a
customized tour based on her preferences.

6.

CONCLUSIONS

We have presented two alternative instantiations of a framework for generating customized tour recommendations as a
paradigm of an intelligent urban navigation service. The
first one, AdditiveTour, assigns a benefit to each location
and retrieves the sequence of venues with the maximum total
benefit, constrained by a given distance budget and a preferred visitation order for the types of venues in the tour.
The second formulation, CoveringTour, assigns to each
venue a set of associated attractions covered by it (i.e., are
within range). The goal is to maximize the total number
of attractions covered, under the same set of constraints.
We study the complexity of these problems and provide efficient algorithmic solutions. Furthermore, we evaluate our
methods on a large dataset from Foursquare, the largest
location-based social network to date. The results demonstrate the practical utility of the proposed formulations and
the efficacy of the proposed algorithms.
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7.

Travel package recommendations: Tangential to the
spatial recommendation problems, is that of travel package
recommendations, where the goal is to recommend vacation
packages (i.e., destination, hotels and organized activities).
Although these studies (e.g., [20]) also fall into the general
realm of - group - recommendation systems, they are distinct
from our work. First, their focus is on creating combinatorial
packages that satisfy different constraints, rather than on
the concept of creating ordered routes which is essential to
our work. We consider such systems to be complementary
to ours: once a user is in a given urban area, possibly picked
by one of the package-recommendation approaches discussed
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