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lem and show that the problem is NP-hard. Thereafter, we
propose both exact and approximate solutions to find the
best set of trajectories. In the exact solution, we devise an
expansion-based framework that enumerates trajectory combinations in a best-first manner and propose three types of upper
bound estimation techniques to facilitate early termination. In
addition, we propose a novel trajectory index to reduce the
influence calculation cost. To support large k, we propose a
greedy solution with an approximation ratio of (1-1/e), whose
performance is further optimized by a new proposed clusterbased method. We also propose a threshold method that can
support any approximation ratio ǫ ∈ (0, 1]. In addition, we
extend our problem to support the scenario when there are a
group of advertisements.

Abstract—We study a novel problem of influence maximization
in trajectory databases that is very useful in precise locationaware advertising. It finds k best trajectories to be attached with a
given advertisement and maximizes the expected influence among
a large group of audience. We show that the problem is NP-hard
and propose both exact and approximate solutions to find the best
set of trajectories. We also extend our problem to support the
scenario when there are a group of advertisements. We validate
our approach via extensive experiments with real datasets.

I.

I NTRODUCTION

Influence maximization in a social network is a key algorithmic problem behind online viral marketing. By word-ofmouth propagation effect among friends, it finds a set of k
seeds to maximize the expected influence among all the users.
It has attracted significant attention from both academic and
industry communities due to its potential commercial value [1],
[2], [3], [4], [5].
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II.

Data Model. In our data model, three types of roles
are involved: 1) Trajectory. A trajectory is generated by a
vehicle which serves as the carrier for an advertisement.
We preprocess a trajectory and represent a trajectory by a
sequence of POIs along the roads. Let T denote a trajectory
and T = {oi : (oi , ti )|0 ≤ i ≤ |T |}, where oi is a POI and
ti is the time period when the trajectory passes the POI. 2)
Audience. An audience is modeled as a text profile associated
with spatial-temporal patterns. It captures a user’s preference
and the likelihood to visit a region. We formally represent each
audience as u = {t, m}, where t is a set of weighted tags and
m = {(oi , tj , pi,j )|0 ≤ i ≤ m ∧ 0 ≤ j ≤ n}. Here oi is a POI,
ti is a period and pi,j ∈ (0, 1] refers to the probability that
u visits oi during tj . 3) Advertisement. An advertisement q is
represented by a set of weighted tags.
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Trajectory Influence Given an advertisement q, we can
define the influence score between an audience u and a
trajectory T carrying q as follows:
I(q, u, T ) = σ(q, u) · ρ(u, T ).
(1)
Here σ(q, u) measures the textual relevance between q and u
which can be captured by any information retrieval model, and
ρ(u, T ) measures the influence probability that u will “meet”
a vehicle that carries q and can be
Ydefined as
ρ(u, T ) = 1 −
(1 − pj )
(2)

A working scenario

In paper [6], we make the first attempt to transplant the
concept of influence maximization from social-aware advertising to location-aware advertising. To facilitate a better comprehension of our new problem, we start with a toy example
depicted in Figure 1. Each user or audience ui in this scenario
is associated with an interest profile as well as motion patterns.
For instance, we know that u2 likes pizza and will wait at bus
stop o2 daily with probability 0.6 in a certain time period.
On the other hand, we are aware of the trajectory information
of all the buses from their schedules. We say an audience is
influenced by a bus if they occur at a bus stop at the same time
and the interest profile matches the ad. Given an advertisement
for “pizza”, our goal is to find top-k buses carrying this ad and
generating the maximum influence among a huge audience
group.

j∈M(u,T )
Q
where j∈M(u,T ) (1 − pj ) measures the probability that an
audience will not “meet” a vehicle running on T . Such an
influence score captures the textual relevance, spatial relevance
and temporal relevance between u and a vehicle attached with
q moving along T .

Similar to Eqn. 1, we measure the influence between an
audience u and a set of trajectories S = {T1 , T2 , . . . , Tk }
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carrying the same advertisement q as follows:
I(q, u, S) = σ(q, u) · ρ(u, S)
Y
= σ(q, u) · (1 −
j∈M(u,T1 )

S

...

S

algorithm that guarantees the same approximation ratio. It
partitions the trajectory database into clusters and allows us to
access the clusters in an order such that promising trajectories
will be found earlier. Our third approximate solution, named
threshold-based method, provides a flexible means to adjust
the tradeoff between efficiency and accuracy. It guarantees a ǫ
approximation ratio for any ǫ ∈ (0, 1]. In addition, we propose
a group greedy method to support the influence maximization
for a group of advertisements, which selects the trajectories
by considering all the advertisements simultaneously and can
guarantee a (1 − 1/e) approximation ratio.

(1 − pj ))

M(u,Tk )

(3)
Q
Again, j∈M(u,T1 ) S... S M(u,Tk ) (1 − pj ) measures the probability that u will not be influenced by any of the k trajectories.
Let U denote a group of audience. We define the expected
influence between a group of audience U and a set of trajectories S with advertisement q:X
I(q, U, S) =
I(q, u, S).
(4)

IV.

E XPERIMENTAL E VALUATION
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Problem Definition We formulate the influence maximization problem in a trajectory database as follows.
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We can reduce the Set Cover problem to the trajectory
influence maximization problem and thus prove it to be NPhard. We propose both exact and approximate methods to solve
the trajectory influence maximization problem efficiently.
III.

Efficiency (s)

Efficiency (s)

Definition 1 (Trajectory Influence Maximization): Given a
trajectory database T and a group of audience U attached with
profiles and spatial-temporal patterns, for an advertisement q,
our goal is to find a trajectory set S where S ⊂ T and |S| = k
such that the expected influence I(q, U, S) is maximized.
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(b) Approximate methods

Evaulation on real trajectory dataset.

Evaluation on Exact Methods. For the exact methods,
we compared three variants of the expansion-based framework
with different upper bound estimation techniques. Fig 2(a)
shows the impact of k, i.e., the number of selected trajectories.
As shown, Expansion-UB2 achieves the best performance. It
takes only about 5 seconds to find the top-20 trajectories. This
is because it can achieve a better tradeoff between efficiency
and effectiveness in pruning.

M ETHODS

Exact Methods. To find the exact top-k trajectories, we
propose an expansion-based framework that enumerates the
trajectory combinations in a best-first manner. The algorithm
starts by calculating the influence score of each trajectory w.r.t.
to the advertisement. The trajectories are then sorted by the
influence and accessed accordingly. In each iteration, combinations with the new trajectory are enumerated. If a combination
contains fewer than k trajectories, it is considered incomplete
and we estimate its upper bound influence from the unvisited
trajectories. If a combination is complete, we calculate its exact
influence. The algorithm terminates when the upper bound
influence score of all the incomplete combinations are smaller
than the best result ever found. To accelerate the calculation
of the influence score, we propose a novel trajectory index
which pre-computes a portion of the influence. To facilitate
early termination of the algorithm, we propose three types of
upper bound influence score, denoted as U B0 , U B1 and U B2 .
U B0 is computationally efficient but is too loose to facilitate
pruning and U B1 is tight but incurs expensive computation
cost, while U B2 achieves a better tradeoff between efficiency
and effectiveness in pruning.

Evaluation on Approximate Methods. Fig 2(b) present
the impact of k on approximate methods. As shown, Greedy
and Cluster scales well w.r.t. k compared with the exact
methods. It takes about 20 seconds to find the top-100 trajectories. In addition, Cluster achieves better performance
than Greedy. This is attributed to its preknowledge about the
promising trajectory.
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