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1 Introduction

In a route-search, a user specifies his requirements in the form of a query, and the
main task is to find a route that goes via geographical objects while satisfying
the search specifications. In this section we present the paradigm of route search.
We survey the existing state-of-the-art of the field, and we specify open problems
which we intend to study in the course of our research.

1.1 The Route-Search Paradigm

Traditionally, geographic information systems where designed for expert users.
In such systems, querying geographic data often required using complex formal
query languages for well defined tasks. The availability of geographical data on
the World-Wide Web and on mobile devices has initiated a change. This is due
to the fact that services in these domains must be suited for the use of novice
users and should provide answers instantly. Consequently, geographical services,
such as presenting a map, searching for an address (local search) or finding a
route between two locations are becoming an inseparable part of the World-Wide
Web (see, for example, Google Maps, Bing Maps and Yahoo! Local'). There is
also a rapid growth in the availability of such services in GNSS-based? mobile
devices such as PDAs, cellular phones and car navigation systems (which are
themselves becoming inseparable). When applying a geographical search, users
frequently need not only to find the appropriate geographical entities, but also
to actually get to those entities. In such cases, the result of a search should be a
route. Currently, users can search for geographical entities and receive driving
directions to a single specific entity. For instance, a user may use a tool such as
Google Maps to find a Chinese restaurant and then receive driving directions
from his current location to it. However such tools are rather restrictive as they
are not designed to deal with more complex scenarios, as we shall see in the
following example.

Example 1 A tourist traveling in some city wishes to visit (1) an art museum,
(2) a coffee shop, (3) an ATM, (4) a shopping mall, (5) a cheap restaurant,
and (6) a theater. He may open siz different instances of a search tool, such
as Google Maps, to perform six separate local searches for each of the required
object types. Each such local search will result in a ranked list of objects and will
display them on a map. However, joining the results from siz different maps,
into a route, is a complex task. This is because naively choosing the most highly
ranked objects from each map may yield a route that travels back and forth in
the city and is much longer than necessary. Moreover, there are many more
factors that must be considered when constructing a route. For each of these
six points of interest (POI), an effective route must account for details such as:
(a) Time windows for arriving at each POI, e.g. the museum and the shopping
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mall may be opened from 10:00-17:00 while the theater may only be available at
night time. The user himself, may impose time windows on POIs by specifying
that he wishes to eat lunch at the restaurant between 12:00 to 14:00. (b) Order
constraints, e.g. the user may need to withdraw money from the ATM before
reaching the theater. (c) Traffic conditions, e.g. the shortest route may not be
the fastest route, however, finding the fastest route in a dynamic environment,
i.e. an environment with changing traffic conditions, is difficult. (d) Multi-
network environment, e.g. if the user is commuting by car he will need to find
a parking lot before reaching each of these POIs. (e) Physical constraints, e.q.
visit a gas station every 300 Kilometers. (f) Conditionals between objects, e.g.
for some restaurants, a cash withdrawal from the ATM is necessary while others
may accept credit cards. After parking his vehicle, the user needs to use sidewalks
instead of roads, so his speed is reduced. The user may also wish to combine
several means of transportation, such as his private car, public transportation
and walking by foot.

The issues stated above are merely a subset of the considerations involved in
measuring the effectiveness of a route. The route’s effectiveness may also be a
function of user specific preferences, i.e. finding a route that involves minimizing
the expenses. A user may not desire the fastest route, but rather a route that
maximizes his chance for meeting some deadline. E.g. arriving at the airport
on time having completed all the prior arrangements. In such a case, arriving at
the airport earlier than necessary does not provide any advantage to the user.
It may also be useful to consider integrating two route queries, e.g. two friends
that would like to meet at some arbitrary location and possibly continue their
route together.

The example above illustrates the various difficulties that may arise when
answering a complex route-search query. However, route-search is not limited
to tourist scenarios. In many cases, route-search is applicable in ordinary day-
to-day tasks. A person that wants to visit a gas station, withdraw money from
an ATM, and visit the post office on his way to work, or a couple that desire
having dinner at a fancy restaurant followed by a visit to the theater, and
finding a parking spot for their vehicle, are both examples of common route-
search queries.

Given datasets that consist of spatial objects representing spatial entities
from the real world, we define route-search as the task of finding a list of objects,
which represent a route via real world spatial entities. The route must satisfy
a set of requirements that are specified by the user in the form of a route-
search query. The requirements comprise constraints and goals that apply to the
desired route. In scenarios where temporal constraints are involved, answering a
route-search query can be viewed as planning a daily schedule, under spatial and
temporal constraints, over one or more datasets. Thus, existing geographical
search tools are not suitable for such tasks.

Route-search is significant in many scenarios of geographic search, and it
has applications in many different areas. In addition to the cases presented
above, it may be useful in cases such as evacuation of injured people, military



applications and economical application, e.g., delivering goods, a taxi searching
for clients, etc.

1.2 State of the Art

In this section we present a brief summary of the research work that has been
published to date on the problem of route-search. A more thorough and elabo-
rate survey will be given in the related work section, see section (2). Note that
the state-of-the-art approaches to route-search are not comprehensive in the
sense that they address a rather restricted version of the route-search paradigm.

One way to answer a route-search query is by modeling the problem in
terms of finding an optimal path over a weighted graph. Such types of problems
have been extensively studied in the context of operational research. The best
known problem of this type is the classical Traveling-Salesman Problem (TSP),
that aims at finding a minimum cost Hamiltonian cycle on a given weighted
graph [36]. TSP is a known NP-hard problem, and so it is unlikely to find a
polynomial-time algorithm for it. There are several variations of TSP, which
are also NP-hard, and have been studied thoroughly. For examples of TSP
variations see [38, 8, 35, 33].

Unlike TSP, computing the shortest route between two specified locations
over a road network is a task that can be accomplished optimally using fast
polynomial time algorithms, e.g. the A* algorithm [24]. Recently an inter-
est in searching, in real time, for more complex geographical routes began to
emerge. This line of work can be categorized into two main types, one assuming
a setting which is fully deterministic whilst the second assumes some degree of
uncertainty. In both cases, the problems are formulated as variations or gen-
eralizations of the TSP. Hence, various heuristic algorithms are proposed and
examined. We discuss these two approaches in the following paragraphs.

Deterministic Setting [19, 66, 18]. In this approach the dataset contains
geospatial objects which represent real world entities. The objects are divided
into distinct predefined sets which represent different categories, e.g. restau-
rants, hotels, theaters, etc. The user conducts a search over this dataset by
issuing a query. The query contains a start and end locations, and a set of
categories. The goal is to find the shortest route that starts and ends at the
specified locations and visits exactly one object from each category. This type
of problem has been studied in the context of Trip Planning Queries [19]. Note
that this type of formulation is almost identical to the GTSP [38, 64, 65], it
differs merely on the basis that in GTSP the start and end locations are identi-
cal. In the case where every category contains only one unique object, and the
route should start and end at the same location, the problem becomes identical
to the classic TSP [36]. More recent studies [66, 18] have extended this problem
by adding partial order constraints. Order constraints define limitations on the
route, by specifying that objects of one category are to be visited before objects
of another, e.g. visiting an ATM before going to a post office.



Uncertain setting [61, 27, 44]. In the uncertain case the dataset contains
geospatial objects which represent real world entities, however without certainty
regarding the correctness of the representation. A user conducts a search over
this dataset by issuing a query which includes start and end locations, and a set
of k subqueries each containing search terms. The objects from the dataset are
distributed into k sets, each representing a different category, which corresponds
to the k subqueries. The distribution of objects to categories is based on the
relevance to each of the search terms. Hence this association is uncertain. The
objects in each category are assignment a value which represents the probability
of the corresponding real world spatial entity to satisfy the user. For instance,
for the search term ”cheap restaurant” each object in the dataset is given a
value representing the probability of the corresponding spatial entity to actu-
ally satisfy the user as a cheap restaurant. An answer to such a query is a list
of objects representing a route that starts and ends at the given location and
traverses via at least one object from each category. The probability of a route
to satisfy the user is the probability of the user being satisfied with at least one
object from each category. Hence, one goal is to find a route that maximizes the
probability for satisfying the user. Another goal is to find a route that is as short
as possible. There may be a conflict between these two goals, since a route that
maximizes the probability for satisfying the user is a route that traverses via all
the objects in the dataset. On the other hand, the shortest route is one that
traverses via only one object from each category, and these objects are selected
such that the overall distance is minimized, without considering the probability
of satisfying the user. Research in the context of an uncertain settings stud-
ies different approaches for dealing with the tradeoff between maximizing the
probability of satisfying the user and the need to maintain the route as short as
possible. This is accomplished by examining a few alternative semantics. Some
of these semantics involve finding the shortest route that visits some predefined
number of objects [61] or that satisfies the user according to some predefined
probability [44]. Other semantics involve maximizing the probability for satis-
fying the user while not exceeding some predefined route length [27, 44]. Hence
in all these cases some predefined threshold is given for the purpose of resolving
the tradeoff between maximizing the probability for satisfying the user, while
minimizing the overall traveled distance.

The research work discussed above shows the importance of processing com-
plex route queries in real time, and they imply that developing a practical
route-search system is a feasible task. In the next section, we discuss problems
that are still open with respect to route-search.

1.3 Open route search problems

The state-of-the-art is not comprehensive in the sense that there are many issues
related to the route-search problem which are over simplified, or not addressed
at all. In this section we will elaborate on these issues. The route-search problem
can be separated into three layers, which are as follows:



1. The language layer which should allow a user to formulate his query

2. The computation layer is in charge of finding, in real time, routes that are
likely to satisfy the user

3. The presenting layer deals with presenting routes to the user in a conve-
nient manner.

Any overall solution to the route-search problem must address each of these
layers. The difficulties involved in designing each of these layers is affected
by cross cutting concerns. Cross cutting concerns are aspects that influence
any overall solution to the route-search problem. Examples of such concerns
are constraints on arrival times for different spatial entities, changing means
of transportation, uncertainty about objects satisfying a user, etc. Moreover
there are possible extensions to route-search. The extensions we consider in the
scope of this proposal are query suggestions and advertising in the context of a
route-search. Next we elaborate each of these concerns and extensions.

1.4 Route Search Layers

An overall solution to the route-search problem should properly address the
three layers described above. Next we discuss the importance and difficulties in
implementing each of these layers.

Language. A user wishing to express his requirements for a route, needs to
use a language that is designed for that purpose. Such a language should allow
a user to formulate route-search queries, that include information such as de-
scriptions of objects to visit and restrictions applying to the actual route that
traverses them. E.g. visit one object before the other, visit some object within
a predefined time frame, whether traveling by car or public transportation or
combining both, etc. In addition to such restrictions, the route-search language
should allow the user to express his desired goals. For instance, minimizing the
total travel time, or the overall cost of the route, or alternatively, maximizing
the probability of successfully satisfying all the restrictions. A language for
route-search must be designed to address the following requirements:

1. It should be expressive enough to allow users to express their needs, pref-
erences and constraints.

2. It should be sufficiently structured to allow an automated system to pro-
cess and cope with.

3. It should be sufficiently restrictive to allow results to be calculated within
a reasonable time frame.

The question of whom the language is designed for is also of major importance.
If the language is intended for an expert user, it can be a well defined formal
language. On the other hand, a language for novice users, should be simple



enough to allow mastering it effortlessly. This is similar to how, on the one
hand, database management systems (DBMS), which are designed for experts,
use formal languages, such as SQL, for querying. On the other hand, search
engines, like Google Search, use a simple, non-structured query language which
can easily be mastered by novice users. Designing a proper language either
for expert or novice users requires finding appropriate compromises, due to the
tradeoffs between the need for simplicity and the need for high expressiveness.

Answering a route-search query. Given a dataset of spatial objects along
with their various properties and a query which specifies the user’s requirements,
the goal is to calculate, in real time, a list of objects that represent a route via
corresponding spatial entities in the real world. In fact, finding a single route
may not suffice, since the user may want a few alternatives to choose from, as
in modern search engines. Hence, an answer to a route-search query can be a
ranked list of routes. This ranked list of routes should adhere to the require-
ments specified by the user. One way for the user to specify his requirements is
by providing a list of constraints and a list of goals. The main difference between
a constraint and a goal is that a constraint must be satisfied, e.g. reaching an
entity before it closes. A goal, on the other hand, describes the ideal solution
worth striving for. An example of a goal can be finding the shortest route, e.g.
finding a route that is nearly shortest, may still satisfy the user. One problem
when computing results is dealing with conflicting goals. An example of this
was discussed in the previous section in the case where one goal was to maxi-
mize the probability of satisfying each of the user’s requirements, and the other
was to find the shortest route. Moreover, as discussed in the previous section,
even when expressing a single goal, with relatively straight forward constraints,
the problem of answering route-search queries is computationally as complex
as the traveling salesman problem. Hence, finding a polynomial-time optimal
algorithm is not likely, unless P=NP. The challenge is to develop real-time al-
gorithms which satisfy the user’s requirements in a best-effort fashion instead
of in a guaranteed optimal fashion. There is however, a tradeoff between the
complexity of algorithms and the quality of their results. Thus it is important
to develop heuristics both to scenarios that require efficiency and to scenarios
that require accurate results.

Presentation The manner by which the resulting routes are presented to the
user is also an important issue. Merely displaying a single full-featured map with
all the relevant routes depicted on it is not practical because the user would not
be able to see the distinction between the different routes. The presentation
of the routes should provide the information necessary for the user to decide
which of the matching routes are most likely to satisfy his requirements. The
user would expect the focus to be on information that is relevant to him. When
we consider the aspects that affect the presentation layer, one of the problems
is that each such aspect requires additional information to be conveyed. Hence
filtering out redundant information while placing focus on relevant information



becomes even more important. When displaying route-search results, there are
four design goals that must be taken into account: readability, clarity, com-
pleteness, and convenience. Achieving all of these goals is not a simple task
and it requires trade-offs. Note that it may be important to decide, in advance,
which routes are to be presented to the user. Doing so will allow optimization
techniques to compute only the routes that are relevant for the display rather
than computing many unnecessary routes and then filtering them out. This
means that presentation issues also affect query answering.

1.5 Cross cutting concerns

There are a few crucial aspects that should be addressed in an overall solution
to the route-search problem. Next we will describe some of the aspects that we
intend to study. Note that some of these aspects have been studied in the past
but never in the full context of the route-search problem.

1.5.1 Temporal constrains.

We limit our review of temporal constraints to two main types, as follows:

Time windows. Since, in its simplest form, an answer to a route-search query
is a sequence of spatial objects representing a route in the real world, it is
important to note that the corresponding spatial entities may have properties
that impose restrictions on the resulting route. An important example of such
properties are time windows of availability. Time windows can represent opening
and closing hours of different entities. Time windows can also be imposed on
spatial entities, by the user. For example the user would like to check into an
hotel at night time. Moreover, the amount of time that is to be spent at each
spatial entity must also be taken into account. Obviously reaching a museum
five minutes before closing time is rather useless. Traveling along some route
also manifests temporal constraints, as may be determined by the properties of
the road network being used. E.g. a roadway network may include information
on the average time required for traversing it. Note that travel times may be
complex stochastic functions representing information such as traffic conditions
or probabilities of delay in arrival of a train.

Order constraints. In many cases, it is necessary for a user to specify limita-
tions on the visitation order of the desired categories. For example, a user may
specify a need to visit an ATM, to withdraw cash, before reaching a post office,
for the purpose of making some payment. Hence, order constraints are basically
a special type of temporal constraints, e.g. category A must be visited before
B. They may sometimes be derived from assigning time windows on objects
to be visited. Hence, if category A is to be visited between 12:00 to 13:00 and
category B between 14:00 to 15:00 an order limitation is also imposed between
A and B. However, in the example of the ATM and the post office, the user
wishes to make an order constraint without specifying any time windows on



neither categories. Such a need may be very common in a route-search query
and needs to be addressed. As order constraints are a special case of temporal
constraints, they affect the different layers of route-search for the same reasons.

Language. The route-search language should allow a user to express time
window constraints and order constraints, in a convenient manner. Specifying
time windows for each spatial object, separately, and providing a set of order
constraints, in the form of pairs of categories is not necessarily the most con-
venient manner to formulate a query. Consider an example of three categories,
A, B and C. Specifying that A must be visited first can be done by requiring
that A be visited before both B and C. However, it may be more convenient in
this case to simply state that A should be visited first. In a query containing n
categories the latter formulation will save n — 1 restrictions that the user would
otherwise need to specify explicitly.

Query evaluation. Temporal constrains add an additional dimension to the
problem of route-search. When constructing a route, the travel times must be
taken into account along with the availability time windows of the spatial enti-
ties along the route. Adding temporal constraints also complicates the problem.
Note that finding a route that reaches all the spatial objects within their time
window of availability, is a type of constraint satisfaction problem. Such prob-
lems may not have a solution at all or may have multiple solutions. Merely an-
swering whether a solution exists or not is a problem which is NP-complete [60].
Hence, answering route-search queries in the presence of temporal constraints,
may require more exhaustive search algorithms, since a simple approach may
not merely be suboptimal it may not be able to find a feasible route even if such
a route exists.

Presentation. When presenting a route, the time frames planned for reaching
each spatial entity in the route should be conveyed in the presentation. E.g.
it is desirable to express, in a convenient fashion what are the times frames of
visitation planned for each spatial object along the route.

1.5.2 Uncertainty.

As in an ordinary search, the answer to a route-search query may fail to satisfy
the user. Hence, we broadly refer to uncertainty here, in terms of not being
able to provide a route that will satisfy the user with absolute certainty. We
distinguish between three types of uncertainty as will be discussed next.

Uncertainty due to fuzzy queries. The problem is with matching spatial
objects from our dataset to the user’s query. The most protrude reason for this
is due to the use of fuzzy terms in the user’s query. For example, if the user
desires to visit a fancy restaurant, how certain can we be that some spatial
object indeed describes a ”fancy” restaurant in reality.



Uncertainty due to a mismatch between the virtual world and the real
world. The second type of uncertainty is due to inaccurate information that
may be embodied in the dataset itself. This type of uncertainty is manifested
as a mismatch between the objects in the dataset and the real-world entities
that they represent. Such a mismatch may be the result of incorrect integration
of data from heterogeneous sources. An example for this is when one source of
information is used for obtaining hotel fees and another source is used for ob-
taining information about hotel ranking. Gathering information about objects
from multiple sources is known as object-fusion. When integrating data from
heterogeneous sources the object-fusion problem is not trivial, due to the lack
of global identifiers [11]. The result of obtaining data about spatial objects in
such a way is that the information will contain a certain degree of error [11].
In addition to object-fusion, data contained in multiple sources may be contra-
dictory, e.g. two sources specifying a different price for an average meal as the
term average meal is somewhat ambiguous.

Uncertainty due to abstractions. The third type of uncertainty is due
to information that is absent in the dataset and can only be discovered upon
arrival at the actual spatial entity. E.g. no vacancy at a hotel, or long lines
to the cashier in a supermarket. Since the amount of information that can be
contained in a dataset is limited with respect to reality, there will always be
information about real-world entities, that can only be obtained by actually
visiting them. This type of uncertainty is a result of abstracting the real world.

Language. When posing a route-search query, the user may wish to express
how he would like to treat some of the uncertainties. For example, a user that
must be on time at the airport would prefer not to follow a route with a high
degree of variance in the total travel time. Hence, the language should allow
the user to express various goals and constraints with respect to how to deal
with uncertainty.

Query evaluation. Computing a route over data that contains a degree of
error is a major challenge. The main reason for this is that the algorithm
must be designed to make sensible decisions based on data which is incorrect
or incomplete. It is only possible to estimate the probability of the user being
satisfied with some object along the route. One element of this uncertainty has
already been described in the previous section. In [61, 27, 44] they have studied
a model in which an answer to a route-search query is a sequence of spatial
objects which represent a route via real-world entities. As explained, there are
two conflicting goals here. On the one hand there is a need to find the shortest
possible route. On the other hand, there is also a need to find a route that
maximizes the probability for satisfying the user. The method used for dealing
with this conflict was by setting some predefined threshold which specifies the
number of objects to be visited, a limit on the travel distance or a lower bound
on the probability of satisfaction. The problem is that finding a proper value



for such a threshold may be difficult. Let us consider, for example, the problem
of finding the route with the highest probability for satisfying the user while
not exceeding an overall distance specified by a predefined threshold [ [44]. The
problem is that setting [ too low will rule out many possible routes, and thus,
force the algorithm to choose a route that has a low probability for satisfying
the user. Setting [ too high will yield a route that is much longer than necessary.
Therefore, despite this research, the problem of resolving the conflict between
minimizing the overall distance and maximizing the probability for satisfying
the user remains open and requires further study.

Presentation. When presenting results, it is important to convey information
about the degree of certainty pertaining to each object in the proposed route-
search answer. Doing so will allow the user to make an informed decision with
respect to his options. If the certainty is too low, the user may wish to issue
a different query, or prefer one route over another providing that he has a
choice between multiple routes. Conveying this additional information requires
re-examining the tradeoffs in the design of the presentation.

1.5.3 Route-search in a multi-network environment

Another dimension of complexity that needs to be taken into account is the
road network used for traversing the route in the real world. A route may
vary depending on the road network that is being used. Each road network
contains its own properties and constraints. For example, railroad tracks can
only be used for passage when entering via a train station and within predefined
time frames, which are derived from the train’s schedule with a certain degree
of uncertainty. E.g. information such as whether the user is driving a car
or taking the train affects the resulting route. Deciding the best means of
transportation to use is a matter of considering the tradeoffs between issues
such as travel time convenience, cost, etc. Some of these considerations, such as
convenience, for example, may be subjective, and thus, may require elaborate
means of evaluation, e.g. statistical tools. One option is to let the user decide
which means of transportation he prefers to use. It is also necessary, however,
to let the user define his requirements using more generic terms, e.g. minimizing
cost or travel time or some combination of the two, and select the best means of
transportation for satisfying these requirements. Furthermore, in reality many
routes are to be traversed by combinations of different means of transportation.
E.g. driving by car to the train station, taking the train, then the bus, and
finally arriving at the destination by foot. This too must be accounted for when
querying for a route, constructing a route or when presenting a route. The
following example further illustrates the problem of route-search in a multi-
network environment.

Example 2 A user wishes to spend a day at some distant city. In that city the
user desires to visit a shopping mall, eat lunch at some Italian restaurant and
visit a friend before returning home. The user also states that he would prefer
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to avoid traveling by bus, and that he would like to spend no more than some
budget limit on this trip. For deciding which means of transportation to use,
the tradeoffs mentioned earlier are relevant here. A possible choice may be to
drive to a parking lot near a train station in his local city, take the train to the
target city, and proceed by foot and by public transportation in the target city.
Another option may be to make the entire trip by car, considering the different
parking options at each point of interest. Note that in the first option, some
spatial objects may be preferable to others based on their distance from the train
station, while in the second option, preferable objects are those that have nearby
available parking spots.

Language. The user will need to express in his query which means of trans-
portation he wants to user, or alternatively define his goals in terms that affect
this decision, e.g. specifying what he would like to maximize or minimize.

Query evaluation. A route may require changing road networks in a way
that adheres to the user’s constraints and goals. When commuting by car the
location of the car should be an entry and exit point for the road network. It is
also important to note that the amount of time the vehicle is left at a parking
spot may rule out parking lots that close before the user comes up to pick up
his vehicle. Moreover the time spent at a parking lot may affect the cost of the
route, which may affect the decision of which means of transportation to use.

Presentation. When displaying a route, information pertaining to the road
network to be used for each section of the route must be included. Such infor-
mation is necessary for the user to understand by which means of transportation
he should travel from one spatial entity to the next. Moreover, the user may
prefer one route over another due to this information.

1.5.4 System properties

For the purpose of implementing a system capable of providing an overall so-
lution to the route-search problem the system’s running environment must be
taken into account. For example, when a route-search is executed in the context
of a mobile device, the user can provide feedback upon his arrival at each spatial
entity. If query processing is done in a centralized server it may allow the use
of statistics gathered from many users.

Language. The language should be designed in a way that suits the envi-
ronment. As an example consider the design of a language suited for a mobile
device versus a desktop computer. In the context of a mobile device, the lan-
guage may allow the user to provide feedback upon arrival at the spatial entities.
In other words, a language designed for a mobile device may be interactive differ-
ently from a language designed for a desktop computer. One of the difficulties in
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designing a non-interactive language is that the user must specify all his require-
ments in a single query. As a result, query formulation may be to cumbersome
and complex for novice users. Alternatively, a dynamic language should be de-
signed in such a way that before the system suggests the next step, the user will
provide enough information so that the final route will be reasonable in terms
of satisfying the user’s requirements.

Query evaluation. When designing algorithms for calculating an answer to
a route search query, one distinction is between computation on the client side
versus computations on the server. Matters such as the availability of compu-
tational resources, the need to process concurrent requests and the size of the
dataset must be accounted for, separately, in each of these cases. For instance,
when results are computed on the client side, which can also be a mobile device,
efficiency is required for two main reasons. Firstly, answers should be provided
promptly since the search can be initiated while the user is moving (e.g., in
the case of an application in a car-navigation system). Secondly, the naviga-
tion device may have limited computation power or limited memory. Therefore,
processing methods should avoid resource-intensive computations. Efficiency is
also crucial when answering route-search queries on a centralized server, since
the server should provide its results within a very short time period. In general,
in route-search the number of possible answers can be exponential in the size
of the dataset. Thus, checking all the possible routes cannot yield an efficient
algorithm. Moreover, it may be desired to optimize various properties simulta-
neously, e.g., total travel distance and overall relevance scoring. This requires
applying techniques for dealing with computationally-hard problems, such as so-
phisticated optimization techniques and suitable data structures. Interactivity
also affects the complexity of the computation. The need to take into account
the feedback options from the user increases the complexity of calculating a
route. This is due to the fact that the number of possible feedbacks a user may
provide is exponential in the size of the dataset.

Presentation. With respect to presenting route-search results, matters such
as the size of the screen, e.g. whether a large desktop computer screen or a
small screen of a mobile device, or the interface devices available to the user, be
it keyboard and mouse versus a touch screen affect the manner by which results
should be displayed and user feedback can be provided.

1.6 Route Search Extensions

In addition to the aspects we have just reviewed there are interesting extensions
to the route-search problem. Two of which we will present next.

1.6.1 Query suggesting.

We refer to query suggesting in the context of route-search as the problem of
finding a list of queries related to a query submitted by a user. The related
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queries can be issued by the user to tune or redirect the route-search process.
To find such a list we must take into account the user’s location, in addition to
the specified points of interest and his requirements from the route.

Example 3 A user searches for a route that goes via a museum, an art gallery
and a book store. The user also specifies that he is traveling by car and that
he needs to be back at his hotel before nighttime. Additional points of interest
such as a cathedral, a theater and perhaps a public library are related in the
sense that they too are places of culture. The original query complemented by
any of the above points of interest may be relevant. However, for such a query
to be truly potentially relevant to our user, it must also be within the vicinity
of the original route, and must satisfy the constraints defined in the query, e.g.
temporal, transportational, etc.

The main challenge is to calculate, in real time, a ranked list of route-search
queries that are related to the user’s query both in the contextual sense and
in the geographical sense. Finding such a list is composed of finding a set of
related points of interest and combining them, perhaps with the original query,
in such a way that they satisfy a set of constraints and rank highly according
to some evaluation function. Moreover, in some cases, an alternative query
may be one that formulates the user’s requirements using terms that are more
generic. E.g. a user searching for a florist and a bookstore, may more generally
be interested in shops that sell gift items. Therefore suggesting a related query
requires knowledge pertaining to how different types of concepts are related.
Furthermore, calculating a list of such related queries, in realtime, is an even
harder task and presents an interesting challenge.

1.6.2 Advertising in the context of route-search.

The business model behind many online services that exist today is based on
advertisement. Similarly, advertisement can serve as a solid business model
for a route-search engine. Finding advertisements that may be of interest to
a user performing route-search is not a simple task. It involves finding ways
to compute, in real time, the best advertisements based on the user’s current
location, the route-search answer (hence, the objects selected to be part of the
route), the points of interest specified by the user, the user’s personal history,
etc. Advertising in the context of route-search, is not always as simple as ad-
vertising brands of shoes to a user looking for a shoe stores. In some cases,
advertisements may be selected in a more sophisticated manner. For example,
advertise a nearby restaurant around lunchtime to a user that sets on a route
from dawn to evening without specifying a place to eat. In addition to matching
the contents of an ad to the user’s query and his location, which may be rather
similar to finding relevant points of interest for route recommendation, there is
also the problem of selecting an ad that will maximize profit for the company
the offers the route-search service, herein the provider. Maximize profit is more
than just finding the ad that is most likely to interest the user, it also has to
do with the fee that is to be paid by the advertiser to the provider. There may
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also be a contract promising the delivery of some minimal number of ads by the
provider on behalf of each advertiser. The difficulty is to compute, in realtime,
a ranked list of advertisements that maximize profit for the provider, and that
satisfies all the contractual constraints.
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2 Related Work

In this section we will survey work that is related to the route-search problem
as presented in the previous section. We will begin by discussing work that is
closely related, followed by work that is related in a more general sense.

Variations and generalizations of TSP. The classical Traveling Sales-
man Problem (TSP), calls for a minimum cost Hamiltonian cycle on a given
graph [36]. As mentions in section (1.2), finding an answer to a route-search
query is somewhat related to solving the traveling salesman problem or one of
its variations. The TSP has several applications in its purest formulation or in
slight modifications. These applications include planning, logistics, microchip
manufacturing and even DNA sequencing. Moreover TSP is also one of the
most well known NP-hard problems. As a result much work has been invested
in researching algorithms and heuristics to the problem. These algorithms in-
clude:

e FEzxact algorithms which can be used to solve T'SPs of up to 85,900 cities
within 136 CPU years [47]. A survey of exact algorithms for TSP was
done by Woeginger G. [39].

o Approzimation algorithms for the case of symmetric TSP in a metric space
have also been studied. A solution of up to a factor of 3/2 [23] or even
up to 7/6 [12], if additional assumptions are allowed, can be reached from
the optimal solution.

e Heuristic algorithms which include greedy algorithms and local search al-
gorithms such as the Lin-Kernighan algorithm [67]. Many general heuris-
tics that have been devised for combinatorial optimization, such as genetic
algorithms, simulated annealing, tabu search, ant colony optimization, and
others have been tried on TSP [55].

There are several other variations of TSP which are also NP-hard and have
been studied thoroughly. Next, we will discuss the similarities and differences
of possible semantics for route search with existing variations of TSP.

Shortest Route (SR). SR is one possible semantic presented by Kanza et al. [44],
A similar semantic is also presented in the context of answering Trip Planning
Queries [19]. Under the SR semantic the goal is to find the shortest route
that matches the search query. The former presents an algorithm that runs
in main memory while the latter deals with the problem in the context of a
spatial database. The problem of finding the shortest route is a variation of the
generalized traveling-salesman problem (GTSP). In GTSP, given a partition of
the nodes of a weighted graph to k clusters, the goal is to find the least-cost
cycle passing through each cluster exactly once. Thus, GTSP is similar to com-
puting the shortest route when the route begins and ends at the same spatial
entity. In terms of route search, each search term specified in the search query,
results in a set of matching objects (e.g., in example 1 from the introduction,
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hotels, coffee shops and museums will be in three different corresponding sets).
GTSP has been studied extensively over the years. It was introduced by Henry-
Labordere [38, 65], and Sarivastava et al. [64] for problems that arise in com-
puter design and in routing. Many approaches were proposed for solving GTSP,
including dynamic programming [20], integer programming [49], Lagrangian re-
laxation [48, 57], branch-and-cut [31], genetic algorithms [68] and transforming
the problem into a standard traveling salesman problem [53]. However, find-
ing the shortest route is limited when compared to GTSP. This is due to the
fact that in SR we assume that there is an edge between every two nodes and
that the weights on the edges define a metric space (i.e., the weights satisfy the
triangle inequality). These limitations may allow more efficient algorithms to
be devised specifically for SR. SR is also somewhat related to the Generalized
Minimum Spanning Tree (GMST) problem. The GMST is a generalized version
of the Minimum Spanning Tree (MST) problem where the vertices in a graph
G belong to m different categories. A tree T is a GMST of G if T' contains at
least one vertex from each category and T has the minimum possible cost (total
weight or total length). Even though the MST problem is in P, it is known that
the GMST is in NP. There are a few methods from the operational research
and economics fields that propose heuristics for solving this problem [56]. The
GMST problem is a special instance of an even harder problem, the Group
Steiner Tree (GST) [72]. The main difference is that in SR the goal is to con-
struct a route and not a tree of minimal length.

Shortest More Relevant Route (SMRR). Under the SMRR semantics, a mini-
mal relevance threshold is given and the goal is to find the shortest route that
has an overall relevance score which is no less than a given relevance thresh-
old. This problem is somewhat related to PCTSP (Prize Collecting TSP). In
PCTSP the target is to provide a route that yields a set of objects whose over-
all score, in our case relevance score, is no less than a given threshold, while
minimizing the overall traveling distance. Balas and Martin [8] introduced the
Prize-Collecting TSP as a model for scheduling the daily operations of a steel-
rolling mill. Balas [6, 7] analyzed the problem from a polyhedral point of view.
Fischetti and Toth [32] proposed a branch-and-bound exact algorithm based on
additive bounding procedures. Bienstock et al.[14] presented an approximation
algorithm with a constant bound. The main difficulty when modeling SMRR as
a PCTSP problem is that in SMRR the objects are clustered into sets. These
sets are the result of the object’s relevance to each of the user’s desired points
of interest (as with SR). A feasible SMRR route consists of no more than one
object from each set. Unlike with GTSP the problem is that PCTSP does not
address the concept of k clusters. Therefore, it is not clear whether SMRR can
be directly modeled as PCTSP.

Most-Profitable Route (MPR) [44]. Under the MRR semantics, a distance limit
is given and the goal is to find the route with the highest overall relevance, under
the constraint that the total distance of the route should not exceed a given dis-
tance limit. The problem of finding MRR has some similarity to the orienteering
problem. In the orienteering problem, the input consists of a distance limit, a
start location and a set of objects where each object has a score. The problem
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is to compute a route that (a) starts at the given starting location, (b) does
not exceed the given distance limit and (c) commutes via objects whose total
score is maximal. The orienteering problem has been studied extensively [35]
and several heuristic algorithms [69, 17, 34, 45, 52] and approximation algo-
rithms [59] were proposed for it. As with modeling SMRR via PCTSP, due to
the fact that the orienteering problem does not deal with the concept of clusters
it is not clear if MRR can be directly modeled as an orienteering problem.
Additional research was also directed at solving TSP and its variations with
time windows. The time windows are attached to each node in the graph in-
dicating when the object may be visited in terms of temporality. This work
is related to the temporal constraints as described in the background section.
TSP (in metric space and on a line), PCTSP and OP with time windows have
been studies by F. Focacci et al. [33], Bar-Yehuda et al. [10] and M. Kantor et
al. [41].

In Section 1.2 we discussed recent research papers that deal with answering
route related queries. Next, we will elaborate on of these papers. Li, F. et al. [19]
propose Trip Planning Queries or TR(Q). They use a dataset in which each point
of interest is associated with a single category and they strive to compute the
shortest route that passes via exactly one point of interest from each category.
They show that the problem is NP-hard and present a few algorithms and ana-
lyze their approximation boundaries with respect to the optimal solution. They
also discuss how one of these algorithms can perform in the context of a spatial
database, e.g. using external memory. This semantic is actually equivalent to
GTSP, as reviewed earlier. A very similar semantic called the optimal sequenced
route query or OSR, has been proposed by Sharifzadeh et al.[66]. The semantic
is identical to TPQ only with full order constraints imposed on the categories to
be visited, e.g. visit a category A, then B and finally C'. Unlike TPQ, finding
an optimal answer to a OSR query is not NP-hard, it can be done using Dijk-
stra’s algorithm. The authors present heuristic algorithms for vector and metric
spaces which run faster than Dijkstra’s algorithm. Chen et al. [18] later present
the multi-rule partial sequenced route (MRPSR) query which unifies TPQ and
OSR. They also present an improvement to the previous algorithms which is
based on the A* algorithm.

Safra et al. [61] consider a problem of finding a short route via k loca-
tion objects in an uncertain geospatial dataset. They define a probabilistic
model that represents real world spatial entities and examined three heuristic
algorithms that find routes via k desired location objects within the uncertain
dataset. They show that the runtime of their algorithms is anti-proportional to
the quality of their results. Nir Dolev et al. [27] propose a different semantic
for route-searching in an uncertain dataset of spatial objects. They consider a
semantic where the aim is finding a route that starts at a given location and
traverses through as many correct objects as possible without exceeding a pre-
defined distance threshold. This problem is a generalization of the Orienteering
Problem (OP) which has been reviewed above. They presented three efficient
OP route-search heuristics which attempt to lead the constructed route towards
clusters of objects as soon as possible, under the assumption that clusters al-
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low collecting many objects that are likely to be correct, from a small area.
Kanza et al. [44] introduced the paradigm of a route-search query and propose
three semantics for it. The first semantic discussed is finding the shortest-route,
which is basically the same as TPQ and GTSP. They compare three efficient
algorithms, namely GExt, GIns and IFH and conclude that GExt is the most
efficient algorithm among the three, whereas IFH provides better results than
the other two algorithms. The second semantic they discuss is the most-reliable
route. In this case a distance limit [ is given and the goal is to find a route that
has the highest minimal score which doesn’t exceed . They devise and compare
two algorithms for realizing this semantic.

As mentioned, the work reviewed in this section is relevant to finding an
answer to a route-search query. However when combining all the different as-
pects discussed in Section 1.3 such as uncertainty, temporality, multi-network
environment, etc. the problem changes all together. Hence, the current state of
art does not offer an overall solution to the problem of answering route-search
queries.

Simple queries over digital maps. Another field of research that spawned
as a result of the growing popularity of online mapping services such as Google
Maps and Bing Maps, has to do with answering queries over road networks. This
involves responding, in real time, to queries such as finding shortest routes be-
tween locations along a spatial network, as well as finding an object’s k nearest
neighbors, from a given set (e.g., gas stations, markets, and restaurants), where
the distance is measured in terms of paths along the network [22, 58, 62, 63].
Balasubramanian [9] studied the problem of finding the shortest route between
two given locations in a multi-geography environment. In a multi-geography
environment, geographical information may be spread over multiple heteroge-
neous interconnected maps. They offer a method that achieves efficiency and
scalability which are better than what has be achieved in a single-geography
environment.

This research work may prove useful for efficiently calculating the answer to
a route-search query. This is because calculating the overall distance of a route
requires calculating distances between sets of nodes. The algorithms for nearest
neighbors accomplish this task efficiently. Note, however, that this is a limited
problem with respect to finding an optimal route-search answer.

GIS query languages. Over the years, several query languages for geograph-
ical data where proposed. The proposed languages can be classified into the
following three categories: Natural languages, Formal languages and Visual
languages.

Natural languages allow users to express their queries without the need to learn a
new query language. It seems to be the most suitable approach for the end-user.
However, the difficulty of this approach is that many ambiguities and errors may
occur. For these reasons, actual implementations of natural-language interfaces
for GIS have been very limited [15].
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Formal languages, several extensions to traditional relational query languages,
such as SQL and Quel, have been proposed [13, 25, 28]. These extensions were
made in order to allow Database Management Systems (DBMS) to store and
retrieve spatial information. However, these languages are not designed for non-
expert users due to lack of conviviality. Furthermore, these query languages are
aimed at providing complete and exact answers and, in some cases, are not
suitable when answers must be provided instantly.

Visual languages. Languages of this category were developed to allow users to
pose queries over geographical data in a graphical way. To date, two main ap-
proaches have been developed in designing visual query languages for GIS. In
the first approach, the user draws the query directly on the screen, using the
blackboard metaphor (See for example, Spatial-Query-By-Sketch [29]). In the
second approach, the user uses commands and buttons to display metaphorical
patterns (icons or symbols) in a command user interface. Important examples
of this approach are the Cigales language [54, 16] and the Lvis language [4, 3].
Hybrid approaches such as GeoPQL [30] have also been proposed. Visual lan-
guages for GIS are well suited for the end-user as they offer an intuitive and
incremental view of spatial queries. However, these languages provide only a
limited expressive power, their efficiency is low and they are sometimes ambigu-
ous, thus inferior, in this aspect, to formal languages [30].

The type of queries that can be handled by these languages may be of (1)
alphanumerical type (retrieving information without using geometry), (2) ge-
ometrical or topological type and (3) deductive type. These queries may be
very complex and, in most cases, involve the combination of several geometri-
cal or topological operators (conjunction and/or disjunction of operators). The
following three queries may serve as a representative example of these types: [46]

Q1: What are the plots of urban zones situated in a protection zone of an
historical monument?

Q2: What are the urban zones including a natural zone?

Q3: What are the plots included in an urban zone and in an agricultural zone,
not located in a protection zone but near a sewerage, and where the sound
pollution does not exceed 20 db?

All the languages discussed above offer different approaches for posing queries
over geographical datasets. Some of them can also be used to describe how re-
sults should be presented. However, none of them address the issue of specifying
a need for a route or providing a route as a result of a search query.

Route presentation. Related work also exists in the field of displaying routes.
Route maps depict a path from one location to another. They are a powerful
tool for visualizing and communicating directions. Although creating a route
map may seem to be a straightforward task, the underlying design of most route
maps is quite complex. Mapmakers choose which information is most essential
for following the route and they use a variety of cartographic generalization
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techniques including distortion, simplication, and abstraction to emphasize this
essential information. Agrawala and Stolte [1, 2] propose methods for effectively
creating computer-generated route maps. Several of these algorithms have been
implemented into LineDrive, a real-time system for automatically designing and
rendering route maps. LineDrive is part of mapblast, a Web mapping service
which was acquired by Microsoft and incorporated into MSN maps and direc-
tions. Recently, route maps in the form of driving directions, have emerged as
one of the most popular applications on the Web. See for example Google Maps
and Bing Maps. In contrast to hand-designed route maps, these computer-
generated route maps are more precise and contain more information. Yet, in
general, they are also more difficult and frustrating to use as they do not dis-
tinguish between essential and extraneous information. Hansen et al. [37] have
studied the cognitive and ergonomic aspects of giving route directions. Dale et
al. [26] suggest using natural language generation methods for automatic route
description. Nevertheless, displaying route search results is different from dis-
playing route maps in a few aspects. Firstly, in route search there are many
routes to be displayed and not just a single route. Secondly, the routes displayed
in route maps are routes from a single source to a single destination; this is dif-
ferent from displaying a route that travels via multiple optional destinations as
in the case with route search.

GIR. In the area of geographical search, the availability of geographical in-
formation on the World-Wide Web raised a growing interest in research on
Geographic Information Retrieval (GIR). Similarly to classic IR (Information
Retrieval) GIR also deals with answering search queries over a repository of
textual documents. GIR extends classic IR by adding the concept of location
to documents and then using it for improving the relevance ranking of search
results [40, 50, 51]. The domain of problems tackled by GIR is different from
that of route search in two main respects. Firstly, in GIR the goal is to retrieve
a set of relevant textual documents and not matching routes. Secondly, in GIR
the queries are performed over a repository of documents or over the entire Web
and not over specific maps.

Query suggesting. Suggesting alternative queries to a user performing search
has been studied extensively in the context of information retrieval. One form
of query suggestion is called query expansion (QE). Due to the fact that peo-
ple often use different words to describe concepts in their queries than authors
use to describe the same concepts in their documents. Hence, by reformulat-
ing the user’s seed query, it is possible to improve results [71]. More recent
papers have studied a personalized version of the problem within the context
of a search engine on the Web [21]. Query expansion usually involves using
synonyms, different morphological forms or spelling correction, to improve the
search results.

A different method for suggesting alternative queries is query recommenda-
tion (QR). Given a query submitted to a search engine, the idea is to suggests a
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list of related queries. The related queries are based in previously issued queries,
and can be issued by the user to the search engine to tune or redirect the search
process. The method for suggesting the related queries is usually based on a
clustering process over data extracted from the query log [5, 73].

These problems are within the domain of IR, and hence, are fundamentally
different from suggesting alternative routes to a user. This line of research does
not deal with the user’s location nor with the fact that each suggested query
should yield a route that meets the user’s requirements in some way.

Constraints satisfaction. Constraint satisfaction problems or CSPs are math-
ematical problems defined as finding a value assignment for a set of variables
such that these values satisfy a number of constraints or limitations defined using
those variables [60]. This is relevant to route-search since a route that satisfies
a set of constraints defined in the user query is required. In its full generality,
constraint satisfaction is an NP-complete problem [70]. Hence, methods that
can solve such problems generally cannot be applied to efficiently find an answer
to a route-search query. The problems reviewed in this section in the context
of TSP and its variations, are constraint-optimization problems or COPs which
are similar to CSPs. The difference is that with COPs the constraints must
be maintained while satisfying some objective function as well. Route-search is
more closely related to COP than to CSP.
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3 Research Objectives

Our objective is realize the route-search paradigm as described in the introduc-
tion. In the next subsections we present our plans and objectives.

3.1 Layers

We consider the problem of route-search as composed of three separate layers.

e The language layer for allowing users to issue expressive route-search
queries.

e The algorithmic layer for calculating an answer to a route-search query.
e The presentation layer for presenting route-search results.

We now present our plans for dealing with these layers.

Query Language. The first question pertaining to the route-search query
language is the type of user it is designed for. A query language designed for
expert users should be formal and expressive, whilst when designed for a lay-
man user, the query language should be simple and flexible. We intend to focus
mostly on a query language for layman users, since it seems that most of the
natural domains in which route-search can be applied in are those servicing
layman users. Therefore our efforts will focus on designing a query language
which is easy to master yet powerful in terms of expressiveness. In the open
problems section (see Section 1.3), we reviewed two types of query languages.
The first is interactive, e.g. it is applied in the context of a mobile device and
it allows the user to specify requirements pertaining to his route while being on
the move. The second is non-interactive and requires the user to specify all his
requirements before starting his travel. An interactive language will be simpler
to master by a novice user since there is no need to specify all requirements
in advance. As a result there is no need to plan the route to its details in ad-
vance, but rather express requirements in a more agile manner. This approach
will add additional uncertainty to the model, since the query being issued is
incomplete. Another issue which is due to queries being issued by layman users
is that the query may be incomplete or use fuzzy predicates such as near, easy
to reach or cheap. This requires developing an adequate probabilistic model.
We intend to develop a mechanism that will interpret fuzziness and incomplete-
ness to probabilistic measures. The probability assigned to each spatial object
should properly represent the the likelihood of the user being satisfied with the
corresponding real-world spatial entity. This mechanism can make use of prob-
abilistic dependencies between objects. The probability assigned to an object
may change when some fact is revealed about another object. For example,
the probability that there are available rooms in one hotel may be affected by
information about the vacancy in neighboring hotels. The probability of a route
satisfying a user should be a function of the probabilities assigned to each of the
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objects along the route, but also account for requirements not yet stated by the
user. When providing a route, there is a need to make probabilistic inferences
about requirements that have not been stated from requirements which have
been. Such inferences can be made by examining statistical data pertaining to
mutual information between different types of requirements generally made by
users.

Query Answering. In this line of research, our objective will be to construct
algorithms for answering route-search queries. As in an ordinary search, it is
usually desired to provide to users the ability to choose from different options.
One way to do so is to return several routes as the result of a search. A different
approach is to allow users to provide some input on spatial entities being visited,
in an interactive fashion. A route can thus be constructed more effectively
based on such input. The algorithms we intend to study, are to be applied over
a probabilistic model which encompasses the different uncertainties pertaining
to the dataset and the user’s query. To improve the runtime performance of
our algorithms, we intend to examine methods for using buffers and caches for
storing information that may speedup query answering. The information may
include precomputed routes according to the search history or pre-calculations
pertaining to certain key point locations that routes usually contain. After
implementing our algorithms, we intend to measure their effectiveness by testing
them over real-world data and synthetically-generated data (when real data is
not available). The comparison will be done using benchmarks that we will
develop in the course of our research. In this respect, one of our goals is to
construct an exact algorithm, that will be used to find an optimal solution
with respect to a model of the route-search problem. As discussed in previous
sections, any reasonable modeling of route-search results in a problem which
is NP-hard. Therefore, we expect an exact algorithm to run in exponential
time. As a result, such an algorithm can only be run on very small datasets.
It still may be useful as a benchmark for comparing other algorithms to it,
and measuring their effectiveness. Hence, by comparing the results of a fast
heuristic algorithm to those of an exact algorithm by running them both on a
small dataset we can determine a measure for the effectiveness of the heuristic
algorithm.

Visualization. Displaying route search results is, in many aspects, more com-
plicated than displaying the results of an ordinary Web search. On the one hand,
each route should be displayed in a manner which is descriptive enough to allow
the user to actually navigate his way in the real world. On the other hand, since
the number of routes to display is likely to be very large, displaying too much
information for each route will overload the user with too many details and will
be difficult to follow. Hence presenting all the routes that satisfy a single com-
prehensive query does not seem to be a reasonable solution. Therefore, we plan
to use an interactive approach. Instead of displaying all the possible routes on
a single map and having the user examine and select the route that best meets

23



his requirements, upon reaching some entity, the user will be given relevant in-
formation that will assist him to choose the next entity to visit. Deciding which
information to display is not straightforward even when using the interactive
approach, however, it is not as difficult as presenting, in a convenient fashion,
all necessary information on all the feasible routes. Our research will be aimed
at studying methods for interactively presenting route-search results.

3.2 Aspects

The aspects discussed in Section 1.3 affect the design of the above layers. We
intend to start with a simplified version of the route-search problem. Once we
find a satisfactory solution to it and properly design the three layers accordingly,
we can introduce another aspect from the open problems. By doing so we
are defining a problem that more accurately represents the full-featured route-
search problem, as presented in the first section. Hence, by continuing with this
iterative process of gradually offering a solution to a route-search problem which
contains more and more aspects from the open problems, we are bound to come
closer to realizing the route-search paradigm. We plan to begin by examining
the route search formulation proposed by Kanza et al. [44]. Next we intend to
proceed in the following order:

1. Find a better way to deal with uncertainty

2. Add order constraints between categories that are to be visited
3. Add time windows of availability to every object in the dataset
4. Deal with a multi-network environment

Next we elaborate on each of these steps.

3.2.1 Dealing with uncertainty.

Route search in an uncertain setting was described in Section 1.3. As men-
tioned, to date, the approach for maximizing the probability of success was to
use a lower or upper bound thresholds. We plan to resolve this tradeoff in a
novel manner. Instead of providing a full route that satisfies the query, the user
is given a route in an interactive manner, based on feedback he provides for
each visited spatial entity. The assumption here is that the user is carrying the
search device with him, e.g. he is conducting the search using a mobile device.
The feedback relates to whether or not the user is satisfied with the real-world
spatial entity represented by the corresponding spatial object. If the user is
satisfied, he can proceed with the route as planned. Otherwise the route can
be reconstructed dynamically. A route can the be evaluated solely based on the
overall distance. Once the user reaches the end of the route, it can be evaluated
based solely on the overall travel distance. Calculating the shortest route that
takes all possible user feedback into account is computationally difficult because
the number of possible feedbacks is exponential in the size of the dataset. Hence,
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for this task we intend to develop interactive heuristic algorithms. Interactivity
allows processing to take place while the user is on his way to his next entity.
Since the travel time may be rather significant, it allows for algorithms that
are more exhaustive to be applied during this period. In addition, to show the
effectiveness of this approach, we intend to compare the overall distances of
routes that have been computed offline, e.g. without user feedback, to routes
that have been computed interactively and show that the interactive approach
provides shorter routes.

Order constraints. The first step in dealing with temporality is allowing
users to express order constraints. We intend to study an interactive route-
search that uses order constraints for specifying by which order geographical
entities should be visited. Our assumption, in this case, is that the number of
categories a user may request in his query is constant, i.e. it is proportional to
the size of the query and is bound by a constant. Hence, applying an exhaustive
algorithm that selects the next object to be visited by examining every feasible
permutation of categories, should yield a reasonable solution in terms of time
complexity.

Time windows for visiting objects. A further extension can be achieved
by allowing time windows of availability to be given for each spatial object.
Such time windows may be part of the information of the dataset or they may
be specified by the user. We intend to enrich route-search with order constraints,
to deal with time constraints, as well. This means enriching the query language
to allow a user to specify time windows for visiting objects and to extend the
algorithm to deal with interactive route-search when both order and time con-
straints are present. Adding time constraints increases the complexity of the
route-search problem and requires developing novel algorithms.

Multi-network environment. A multi-network environment is a combina-
tion of several road networks. Each road network should properly represent
all the relevant information about its roads. For instance, a railroad network
should include information about the time windows of availability of the differ-
ent trains and possibly information about the probability of a delay. We plan
to define a structure for each such road-network and to interconnected them
in specific nodes. For example, a parking lot represents a possible interchange
from a roadway network to a network of sidewalks. Constructing an algorithm
that keeps track and makes use of information such as were the vehicle was last
parked, is more difficult and will require additional study.

3.3 Route-search extensions.

We presented two possible extensions to the route search problem. One was
finding ways to suggest alternative routes to help the user tune his search, and
the other was finding suitable advertisements to present to a user conducting a
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route-search. Theses ideas are in a rather preliminary state and we have yet to
devise a clear approach for them.

3.4 Building a system.

To demonstrate an overall solution to the route-search problem, we also plan
to build a route-search framework. Building a framework has four main goals.
First, the implementation will provide an inclusive affirmation to the practica-
bility of our approach. Second, the system will provide a platform for testing
the effect of different data structures on the performances of our algorithms.
Third, as part of the system we will examine ways of using buffers and caches
for storing in memory and on the disk information that may speedup query
answering. Fourth, a system can serve as a convenient platform for additional
future research in this field.
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4 Preliminary Results

With respect to the plan laid out in the previous section (see Section 3.2.1), our
preliminary work involves resolving the tradeoff between finding a route that
maximizes the probability for satisfying the user with respect to his query and
minimizing the overall route traveled distance. As mentioned, this conflict is
resolved by adopting an interactive approach to route search. Our results include
the publication of An Interactive Approach to Route Search [42] (see appendix
A), followed by a complementing work which introduces order constrains [43]
(see appendix B), as described in Section 3.2.1. The latter will be submitted for
review. We also began working on further extending the problem to include time
windows of availability for each spatial object (see appendix C), as discusses in
Section 3.2.1. For further details about our results with respect to the work
above we refer the reader to the appendix of this research proposal.
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ABSTRACT

In a probabilistic route search, there is a start location, a
target location, and search queries Q1,...,Q,. Each Q; has
an answer set A; consisting of geo-spatial objects and their
probabilities. The probability of an object o € A; specifies
the likelihood that o satisfies @;. The goal is to compute a
route that is short and yet has a high probability of satisfying
all the ;. This paper investigates interactive route search.
Upon arrival at each object, the user provides feedback spec-
ifying whether the object satisfies its corresponding query.
The goal is to compute the next object to be visited, based
on the feedback. Several heuristic algorithms are given and
compared experimentally.

Categories and Subject Descriptors

H.2.8 [Database Management|: Database Applications—
Spatial databases and GIS

General Terms

Algorithms, Experimentation

Keywords

Geographic information system, route, path, search, queries,
probabilistic data, heuristic algorithms

1. INTRODUCTION

The goal of a route search is to find a path that passes
through several objects of different types that are relevant
to the user. For each type, the user specifies a search query
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that identifies objects of that type that may satisfy her needs
(e.g., a seafood restaurant with moderate prices). In addi-
tion, there is a start location s (e.g., the user’s office) and
a target location ¢ (e.g., her home). The goal is to find the
shortest route from s to t that visits one object of each type.

Usually, the objects returned by a search query are not
certain answers. That is, there is some probability (of less
than 100%) that an object actually satisfies the user’s needs.
For example, when the user arrives at a gift shop, she may
not find a gift that she likes. This uncertainty is modeled
by assigning a probability to each object that is returned as
an answer to a search query.

Since objects have probabilities, an effective route may
have to include more than one object of each type, in order
to guarantee a sufficiently high level of success. Thus, the
desire to have the shortest possible route conflicts with the
necessity to guarantee a high probability of satisfying the
user’s needs. Semantics and algorithms for route search over
probabilistic data were investigated in earlier work [3].

In this paper, we deal with interactive route search. That
is, upon arriving at each object on her route, the user in-
forms the system whether the object satisfies her needs.
Based on that feedback, the system computes the next ob-
ject to be visited by the user. Interactive route search fits
the ubiquitousness of hand-held devices in our technologi-
cally driven era. Moreover, computing a route interactively
is likely to reduce the distance covered by the user.

In earlier work on route search, they either dealt with
non-probabilistic datasets (e.g., [1, 2, 5, 7, 8]) or gave non-
interactive algorithms (e.g., [6, 4]). Consequently, the re-
sults of earlier work cannot be used to solve the interactive
route-search problem that we address in this paper. Our
contribution is in giving the first algorithms for this prob-
lem and showing their effectiveness.

In some cases, the user may want to impose order con-
straints on the types of objects to be visited. For example,
she wants to draw cash from an ATM before going to a
restaurant. We will deal with order constraints in a forth-
coming paper.

2. ROUTE-SEARCH QUERIES

A geo-spatial dataset is a collection O of objects. Each
object represents a real-world geographical entity and its
location is the same as that of the entity. An object may
have additional spatial and non-spatial attributes. Height
and shape are examples of spatial attributes. Address and
name are examples of non-spatial attributes. We assume
that locations are points and are unique, that is, different



objects have different locations. Distances between objects
are not necessarily Euclidean; rather, they can be computed
from a given road network. We use dist(0,0’) to denote the
distance from o to o'.

A search query specifies a collection of objects that are of
interest to the user. We do not consider a specific syntax
or semantics of search queries. For example, a search query
Q; could be stated as a list of keywords (e.g., Vegetarian
Japanese Restaurant) and some constraints (e.g., rank >
3). Our only assumption is that the evaluation of Q; returns
an answer set A; comprising objects and their probabilities.
The probability of an object o € A; specifies the likelihood
that o satisfies Q;. Discussing how the probabilities are
computed is beyond the scope of the paper.

Route-search queries are generated by combining several
search queries that specify different types of objects that
the user would like to visit. We represent a route-search
query as a triplet R = (s,t, Q), where s is a start location,
t is a target location, and Q = {Q1,...,Qm} is a set of
search queries. We assume that the answer set Ai,..., Ay,
of Q1,...,Qm, respectively, are pairwise disjoint (this entails
no loss of generality).

3. INTERACTIVE ALGORITHMS

We now describe interactive algorithms for solving a route-
search query R = (s,t,Q), where Q = {Q1,...,Qm} and
Ai1,..., A, are the answer sets of Q1, ..., Qm, respectively.
All the algorithms operate over the objects of Ai,..., Am,
and they compute a route by iteratively increasing a partial
sequence o. Initially, the partial sequence comprises only
the start location, namely, 0 = s. On each iteration, the
algorithms computes the next object oy to be visited; thus,
ok is added at the end of 0. When arriving at oy, the user
provides a feedback, denoted by o-sat(ox). If or actually
satisfies the corresponding search query (i.e., the @Q;, such
that o, € A;), then o-sat(ox) is true; otherwise o-sat(ox) is
false.

Let ¢ = s,01,...,0r be the partial sequence visited thus
far. The set of unsatisfied queries of R with respect to
(abbr. w.r.t.) o, denoted by g-unsatg (o), comprises all the
Q:, such that o has no object that satisfies Q;; that is,

g-unsaty (o) = {Q: | Qi € Q and
—3Jo(o € 0 Ao € A; A 0-sat(0))} .

Each of our algorithms chooses the next object to be vis-
ited from the set of candidate objects w.r.t. o, denoted by
candidatesr(o). This set comprises the objects that neither
have been visited nor belong to answer sets of search queries
that have already been satisfied; that is,

candidatesr (o) = {o | AQ:(Qi € g-unsatg (o)A
No€eAiNogo)}.

Observe that if A; N candidatesr(c) = @ for some Q; €
g-unsatgz (o), then o cannot be completed to a route that
satisfies all the search queries. In addition, if g-unsatg (o) =
(@, then all the queries of Q have been satisfied, and hence,
t is the next destination and the computation ends.

3.1 Naiveand Oriented Greedy Heuristics

The naive greedy heuristic chooses the candidate object
that is closest to the current location [ (where [ is either s or
some o). The naive greedy heuristic is simple and efficient.

However, it suffers from the drawback of ignoring the loca-
tion of the target t. Consequently, it may compute a route
that drifts far away from ¢ and is unnecessarily long, due to
the distance from the last object to t. A possible solution is
to choose the next object o’ based on the combined distance
of o' from both the current location and ¢. This approach
is likely to compute a route in the general direction toward
t. But the route might progress too fast toward ¢, that is,
within a few steps, the route will reach objects near ¢, even
when there are many relevant objects in the vicinity of s and
only a few near t.

The oriented greedy heuristic assuages the above problems
by choosing the next object o’ so that it will be near the
current location as well as close to the straight line from s
to t. In order to do so, this heuristic chooses the candidate
object o’ that minimizes the sum of distances dist(l,0’) +
dist(s,0') + dist(o’,t), where [ is the current location. In
the sequel, the oriented greedy heuristic is called the Greedy
algorithm.

3.2 Optimistic Approach

The greedy approach has a local scope. Namely, it picks
the next object o’ without taking into account the likelihood
that this choice would eventually lead to the shortest route
that satisfies all the remaining queries. The optimistic ap-
proach takes a global view by looking for the shortest route
(from the current location to ¢) that might satisfy all the
remaining search queries. This approach is optimistic in the
sense that it ignores the probabilities and assumes that ob-
jects of the answer sets definitely satisfy their corresponding
queries.

The first step is to compute the shortest route from s to
t that passes through one object of each answer set. Un-
fortunately, this is an NP-hard problem [4]. Therefore, we
use the infrequent-first heuristic (IFH) of [4] for this task.
The user travels along the route computed by IFH until she
encounters the first object or that does not satisfy its corre-
sponding search query. When that happens, the optimistic
algorithm uses IFH to compute a new route (from the cur-
rent location oy to t) that satisfies all the remaining search
queries. Observe that the new route passes through exactly
one object of each set Aj; N candidatesr (o), where 1 < ¢ < d
and Aj,,...,A;, are the answer sets corresponding to the
search queries of g-unsatp (o).

3.3 Minimizing the Expected Distance (M ED)

The optimistic approach employs a best-case scenario by
assuming that objects definitely satisfy their correspond-
ing search queries. A more realistic approach is to use an
average-case analysis. The main idea is to choose the next
object based on the expected, rather than the shortest, dis-
tance that still remains to be traveled. To formalize this
notion, let s be the current location and consider an object
o. The following is a recursive definition of the expected
distance to be covered, given that o is the next object to
be visited. We use ¢s and ¢; to denote the expected dis-
tances from o to the target location, depending on whether
o succeeds (i.e., satisfies its corresponding query) or fails,
respectively. Thus, given that o is the next object, the ex-
pected distance from the current to the target location is
the following sum.

dist(s,0) + prob(o) - £s + (1 — prob(o)) - £ (1)



In the MED approach, the next object o to be visited is one
that minimizes the above sum.

Computing the expected distance for an object o is not
easy. It may involve an exponential number of possible
routes, and for each one, we need to keep the history in order
to avoid visiting the same object more than once. Hence,
we use heuristics that estimate the expected distance, rather
than compute it precisely.

For the sake of efficiency, the MED algorithm considers
only k candidate objects, namely, the top-k according to the
oriented greedy heuristic (w.r.t. the current location). The
parameter k is provided by the user and in our experiments
was usually equal to four. The MED algorithm estimates the
distances ¢s and ¢; using IFH. Thus, the overall estimation
obtained by Equation (1) is crude, because it only takes into
account the probability of o, but not those of the objects
visited after o. Nonetheless, we do it in this way for efficiency
considerations.

3.4 Letting The Probability Affect the Route

When computing a route, most of the above algorithms
consider only the distances between objects, but ignore the
probabilities. One way to add the effect of the probabilities
is by changing the distance function as follows. For every
two objects 01 and o2, the distance function distp(01,02) is
defined to be dist(o1,02)/prob(o2). We can now use distp
instead of dist. This increases the distance to objects with
a low probability of success in a manner that is inversely
proportional to the probability.

4. EXPERIMENTS

In order to examine the effectiveness and efficiency of our
methods, we tested them over both syntactic and real-world
data in a variety of cases. Due to lack of space, however, we
only describe the experiments over the real-world data and
discuss the main conclusions.

The real-world data that we used in our experiments is
part of a digital map, of the city Tel-Aviv, that has been
generated by the Mapa company. In our tests, we used the
“Point Of Interest” (POI) layer of the map. The objects
in this layer represent many different types of geographical
entities. We extracted from the map 628 objects of seven dif-
ferent types (20 cinemas, 29 hotels, 31 pedestrian bridges, 54
post offices, 136 pharmacies, 169 parking lots and 189 syna-
gogues). In the experiments, we tested route-search queries
R where the number of search queries in Q is between three
to seven.

In order to simulate interactive scenarios, the satisfaction
of each visited object was chosen randomly, when the object
was visited, according to the probability of the object. Since
we wanted to prevent extreme cases, we ran every query
100 times, where in each run, different random choices were
made for the objects, and the results were averaged.

The Greedy algorithm (i.e., oriented greedy) and the Opti-
mistic algorithm have two versions—one that uses the actual
distances between objects and another that uses weighted
distances (in the weighted version, for each edge of the net-
work, the actual distance is divided by the probability of the
target object). We denote the actual and weighted versions
of Greedy by aGre and wGre, in correspondence, and by
aOpt and wOpt for Optimistic. In our experiments, wOpt
always provides better results than aOpt, and wGre almost
always provides better results than aGre. The reason for
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this is that the weighted versions prevent the user from go-
ing to many objects whose probability is low. Instead, the
user goes directly to objects with high probability, i.e., to
objects whose chance of satisfying the query is high. The
results are presented in Figure 1.

The graph in Figure 1 was produced by combining the
results of three different route-search queries, all three com-
prise seven search queries, but each one with a different pair
of start and end points. For each query, the algorithms aGre,
wGre, aOpt and wOpt were run 100 times over the Tel-Aviv
dataset. The probabilities of the objects in the dataset were
normally distributed with mean of 69.7 percent and a stan-
dard deviation of 9.98 percent.

Figure 1 shows the average length of the produced routes,
for the 300 runs (100 runs per query). It also shows the
length of the shortest route (the columns with the caption
Min) and the length of the longest route (the columns with
the caption Max) in these 300 runs. The graph shows that
the average length of the computed routes is smaller for
wGre than for aGre, and the same holds for wOpt and aOpt.
Note that this does not guarantee that for a single run of
a single query, the route produced by wGre will be shorter
than the route produced by aGre, and similarly for wOpt
and aOpt. The Min and Max columns provide an indication
to this.

One case where aGre is better than wGre is when the
objects of large answer sets have high probabilities while
objects of small answer sets have low probabilities. This is
because being near an object of a small answer set happens
less frequently than being in proximity to an objects of a
large answer set. However, not giving precedence to visiting
infrequent objects may lead to the need to visit such objects
when none of them is in proximity to the current location.
The results of the algorithms in such case are shown by the
graph in Figure 2. This graph shows the results of queries
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over a dataset where for five large answer sets the probability
of objects is high (0.9) and for two small answer sets, the
probability of the objects is low (0.3). It can be seen that
in such case aGre is better than wGre.

When all the probabilities are low, the Greedy algorithm
is, on the average, better than the other algorithms. The
reason for this is that when the probabilities are low, the
route should go via many objects since most of the objects
fail to satisfy the query. The Optimistic approach and MED
try to find a short route to t and only visit several objects on
the way. These algorithm reach ¢ and then need to go back
to unvisited objects. The Greedy algorithm, in comparison,
goes from an object to the next nearest object and, thus,
visits many objects on the way to ¢t. This reduces the number
of cases where the algorithm needs to go back to unvisited
objects. Figure 3 shows the results of an experiment where
the probabilities are low. In this experiment, all the objects
of all the seven datasets have a probability of 0.3. It can be
seen that the average length of a route produced by wGre
is smaller than the average length of the routes computed
by wOpt or MED. (Note that in this experiment, all the
objects have the same probability and, thus, aGre is the
same as wGre, and aOpt is identical to wOpt.)

When all the probabilities are high, the Optimistic algo-
rithm outperforms the Greedy and MED algorithms. This
is because for high probabilities the objects satisfy the query
in most of the cases, and thus, most of the time the short-
est pre-answer succeeds to satisfy all the queries. The Op-
timistic algorithm, which follows the shortest pre-answer,
computes in all these cases routes that are at least as short
as the routes computed by Greedy or MED. An extreme
case is when all the objects have a probability that is equal
to 1. In this case, the shortest pre-answer, which the Op-
timistic algorithm computes, is the optimal solution, i.e., a
route that is shorter than any other possible route. Figure
4 shows the results of an experiment over a dataset in which
all the objects have a high probability of 0.9. Indeed, in this
case the average length of the routes computed by wOpt is
smaller than the average length of the routes computed by
wGre or MED.

In almost all cases, MED computes results that are at least
as good as the other algorithms. We have seen that in the
results of many experiments and we present one of these ex-
periments in Figure 5. In this experiment, the route-search
query was executed over a dataset in which the objects of
four answer sets received very high probabilities and the ob-

jects of three answer sets received low probabilities. The test
was conducted for queries where s and ¢ are near each other
(the columns with the caption Close), far from each other
(the columns with caption Far), and neither too close to nor
too far away from each other (the columns whose caption is
Medium). In all of these cases, MED is better than wOpt
and is much better than wGre.

We have also compared our algorithms to Naive Greedy.
The results are presented in Figure 6, where Naive Greedy
is called bGre. In this experiment, the algorithms were exe-
cuted over a dataset with three answer sets, where the prob-
abilities are normally distributed with mean of 69.7 percent
and a standard deviation of 9.98 percent. The experiment
tested queries with various distances between the start loca-
tion s and the target location t. The experiment shows that
in all the cases, wGre, wOpt and MED are much better that
the Naive Greedy.

5. CONCLUSION

We presented three algorithms for interactive route search.
The Greedy algorithm provides the best results for the case
where all the probabilities of the objects are low. The Opti-
mistic algorithm provides the best results when all the prob-
abilities are high. In all the other cases, including the case
where some objects have high probabilities and some objects
have low probabilities, the MED algorithm provides the best
results. All the algorithms are practical and efficient; in par-
ticular, the time needed to compute the next object is a few
milliseconds, several tens of milliseconds and a hundred mil-
liseconds for the Greedy, Optimistic and MED algorithms,
respectively.

An important generalization of probabilistic route search
is when there are order constraints on the types of objects to
be visited (e.g., an ATM should be visited before a restau-
rant). We have already developed algorithms for this gener-
alization and will introduce them in a forthcoming paper.

For future work, we plan to improve the estimation of the
expected distance in the MED algorithm, without sacrific-
ing efficiency. We also intend to investigate the problem
of computing route-search queries in the presence of time
constraints and traffic conditions.
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ABSTRACT

A route search is an enhancement of an ordinary geographic
search, where instead of merely returning a set of entities,
the result is a route that starts in a given location, ends in
a specified location, and goes via entities that are relevant
to the search. The input to the problem consists of several
search queries, and each query defines a type of geographical
entities. When visited, some of the entities succeed in sat-
isfying the user while others fail to do so; however, only the
probability of success is known prior to arrival. The main
task in a route search is to find a route that visits at least one
satisfying entity of each type. In an interactive search, the
route is computed in steps. In each step, only the next en-
tity of the route is provided to the user, and after each visit
of an entity, the user provides a feedback specifying whether
the entity is indeed relevant to the search and satisfies her.

This paper investigates interactive route search in the
presence of order constraints. These constraints specify that
some types of entities should be visited before others. We

present several heuristic algorithms for interactive route search

for two cases: (1) when the constraints define a complete or-
der, and (2) when the constraints define a partial order. The
main challenge in this work is to utilize the feedback in order
to compute a route that is shorter and has a higher degree
of success, compared to routes that are computed by non-
interactive algorithms. We also discuss how to compare the
results of the algorithms and introduce suitable measures
for doing so. Experiments on real-world data illustrate the
efficiency and effectiveness of our algorithms.

Keywords

Geographic information system, route, path, search, proba-
bilistic data, heuristic algorithms, interactive algorithms
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1. INTRODUCTION

Frequently, a user actually wants to visit the entities found
in a geographic search that she performs. This requires pro-
viding the user not only with entities that satisfy the search
conditions, but also with a route that leads to these entities.
The need for a route is intensified when several geographical
searches are joined to render a combined search task. Form-
ing a route in this case is a rather difficult task due to the
need to decide which object should be taken from the re-
sult of each search, how to order these objects, and whether
to take more than one object from each result. The next
example illustrates this.

EXAMPLE 1.1. Suppose that on her way from the office to
a business meeting, Alice needs to fill up her gas tank, draw
cash from an ATM, buy a new battery for her laptop, and
go by a place where there is an Internet connection, in order
to check her email. Suppose that Alice can conduct a simple
geographic search using her cellular phone or car navigation
system. She will be able to locate some nearby ATMs, some
close gas stations, coffee shops that provide Internet connec-
tion, and electronics stores. However, combining the results
of these searches into an efficient route that eventually leads
to the location of the meeting can be a hard task.

A route search, as the one in the example above, is a
task of computing a route that starts at a given location,
which is usually the location of the user, ends at a specified
location and goes via geographic entities of certain types.
The geographic entities are considered as the user needs and
are specified by search queries.

One of the difficulties when computing a route is dealing
with uncertainty, namely, entities that are returned by the
search queries, but actually do not satisfy the user needs. In
the example above, Alice may find an electronics store that
is located near the place of the meeting. Yet, upon arrival
at the store, she may discover that the store does not have
the specific battery she needs. She may also find out that on
her way, she passed close to some other electronics stores;



however, now there is no such store near her and she needs to
lengthen her travel or go back to a place she already visited.

For dealing with uncertainty caused by entities that do not
satisfy the user needs, we use a probabilistic model. In this
type of model, each object has a probability of success which
is the probability that the entity will satisfy the user needs.
The probabilities can be generated from collected statistics.
Such statistics, for instance, may show that most of the peo-
ple who search for an ATM are satisfied with the result of
the search. In this case, ATMs will receive high probabilities.
The statistics may show that in only 80 percent of the cases,
people who search for a restaurant eventually order food in
some restaurant that has been discovered in the search. In
such a case, a restaurant entity will receive a probability of
0.8. User profiling can be used for adjusting the probabil-
ities to specific users. For instance, the economic status of
a user may increase the probability of some restaurants and
decrease the probability of others.

When computing a route over probabilistic data, there
are two conflicting goals. One goal is that the route will be
as short as possible. The other goal is that the route will
go via objects that have the highest possible probabilities
of satisfying the user needs. Semantics and algorithms for
route search over probabilistic data were investigated in a
previous work [5]. This paper deals with interactive route
search.

In an interactive route search, initially the user poses a
route-search query; however, instead of providing to the user
just one complete and unchanging route, the system creates
the route gradually while interacting with the user. In each
step, the system provides the next geographical entity on
the route. The user goes to the entity and provides to the
system feedback on whether the entity has satisfied her. The
feedback is used when computing the rest of the route. Note
that in this approach, the system can also present to the user
a complete planed route, and modify the presented route
whenever a feedback that changes the plan is received.

ExXAMPLE 1.2. Consider the search task of Example 1.1.
Suppose that the first entity Alice receives is a nearby In-
ternet Cafe. Alice will go to the place and will provide a
feedback to the system on whether she has been able to read
her email. If the answer is positive, the rest of the route
does not need to visit an Internet Cafe. If the answer is
negative, the computation of the route continues and is re-
quired to satisfy the need for going by a place that provides
Internet connection.

For probabilistic datasets, computing routes iteratively
can produce shorter routes than non-interactive evaluation.
For instance, if a route goes via an entity of type T" and the
entity satisfies the user, there is no need to go by other en-
tities of T'. In the non-interactive approach, for comparison,
it may be required to plan the route to go via several entities
of type T so that if one will fail, another one may succeed.
Thus, the iterative approach can shorten the length of the
produced route.

Computing a route iteratively over a probabilistic dataset
so that the route will be as short as possible is a difficult task.
In the non-interactive case, the problem is NP-hard [5]. The
interactive case is difficult as well for the following reason.
For each entity it is required to consider the consequences of
both a success in satisfying the user and a failure to do so.
Thus, although a single object is chosen in each step, the

choice can be affected by an exponential number of success
scenarios.

Order constraints are used for specifying the order by
which some types of entities should be visited. For instance,
in the scenario of Example 1.1, Alice may need to visit an
ATM and an electronics store before going to an Internet
Cafe. The order constraints may define a complete order
that specifies for each pair of types which one should be vis-
ited first. It may also define a partial order that specifies
the visit order for some pairs of types, but does not specify
it for the others.

In the presence of order constraints, the route-search al-
gorithms need to guarantee that the objects are visited in
an order that satisfies the constraints. Thus, the constraints
are an additional factor that makes it harder to devise al-
gorithms for route search. The case of a partial order is
more difficult to handle, because one has to consider all the
complete orders that are consistent with the given partial
order. In the case of a complete order, there is just one
order to consider and that makes the problem conceptually
and computationally easier.

Earlier works dealt either with non-probabilistic datasets
(e.g., [1, 2,7, 13, 14]), or with the non-interactive version of
the problem (e.g., [9, 6]). Those results cannot be used to
solve the interactive route-search problem that we address
in this paper. Recently, interactive route search over prob-
abilistic data has been introduced and investigated in [4].
However, the work of [4] does not consider order constraints.
As mentioned earlier, in the presence of order constraints,
the problem requires more intricate algorithms. Our con-
tribution lies in giving the first algorithms for interactive
route search in the presence of order constraints, and show-
ing their effectiveness. Additionally, one of these algorithms
has proven to be dominant in all of our experiments. In
comparison, each of the algorithms of [4] is better than their
other algorithms under different circumstances.

The paper is organized as follows. In Section 2, we present
our framework and formally define interactive route search
with order constraints. In Section 3, we present interactive
algorithms for route-search queries with order constraints.
Some of the algorithms of this section handle the case of a
complete order, while others deal with a partial order. In
Section 4, we present the results of experiments with these
algorithms. Finally, we conclude in Section 5.

2. PROBABILISTIC ROUTE SEARCH

In this section, we present our framework, we formally
define the concept of interactive route search, and we explain
how order constraints affect route-search queries.

2.1 Geo-spatial Datasets

A geo-spatial dataset consists of a collection O of geo-
spatial objects and a graph G of a road network that con-
nects the objects. Each object represents a real-world ge-
ographical entity and its location is the same as that of
the entity. An object may have additional spatial and non-
spatial attributes. Height and shape are examples of spatial
attributes. Address and name are examples of non-spatial
attributes. We assume that locations are points and are
unique, that is, different objects have different locations.
For objects that are represented by a polygonal shape and
do not have a specified point location, an arbitrary point in-
side them is chosen to be the point location. In the sequel,



“object” and “entity” are synonyms, although technically an
object is a representation of a real-world entity.

Each edge in the graph G represents a segment of a real-
world road and it has a length. The length of an edge is the
length of the road segment it represents. That is, an edge
with length ¢ between two objects 01 and o2 represents a
real-world road with length ¢ connecting 01 and o2. We use
length(o1, 02) to denote the length of this edge.

A path in G from node 01 to node oz is a sequence of
nodes 01,02,...,0m, such that every two adjacent nodes
0; and o0;41 are connected by an edge of G. The length
of the path is the sum of the lengths of its edges, namely,
¥ Yength(oi, 041). The distance between two objects o
and o’ is the length of the shortest path that connects them.
We denote this distance by dist(o,0’). Efficient methods for
computing the distance between objects over a road network
were given by Samet et al. [11] and by Shahabi et al. [12].

2.2 Search Queries

Users employ search queries to specify the entities that
they would like to visit. A search query consists of a set
of keywords and a set of constraints. The keywords and the
constraints determine which entities are likely to be relevant
to the user.!

ExXAMPLE 2.1. Consider a query Qj, that comprises the
set of keywords {Restaurant, Japanese, Vegetarian} and
the constraint rank > 3. This query searches for Japanese
restaurants that serve vegetarian food and have a rank that
is not below three.

The objects that are relevant to such a query can be de-
termined by taking into account several factors: the number
of keywords that appear in the attributes of each object, the
“importance” of these keywords and the “importance” of the
attributes in which they appear. Ordinary search methods,
such as TF-IDF, Okapi BM25 [3, 8] and others [10], can be
applied to determine relevancy. The constraints can be used
to specify exact conditions on specific attributes.

Relevancy, however, does not mean certainty. That is, a
relevant object is likely to satisfy the user’s needs, but there
is no guarantee. For example, a search engine may easily
locate electronics stores, but it is typically impossible to
guarantee the availability of a specific item (e.g., a battery
for a laptop). Therefore, we use probabilities to specify the
likelihood that relevant objects actually satisfy the user’s
needs. Formally, the result of a search is represented as a
probabilistic dataset, namely, each object is assigned a value
0 < p < 1, called probability of success (or probability, for
short). The probability of an object o specifies what is the
likelihood that o represents an entity that actually satisfies
the user’s needs, rather than just having some relevancy to
her query. For example, if the query is Q;,, then an object
whose attributes contain the words “Japanese,” “Restaurant”
and “Vegetarian” is more likely to satisfy the user’s needs
than an object that only contains some of these words. We
denote the probability of an object o by prob(o).

There are many different ways to determine the proba-
bility of success for objects in the result of a search. Such
probabilities can be based on a statistical analysis of a large
collection of queries to which users have provided a feedback

!An exact syntax and semantics of search queries is not
needed for this paper.

on how satisfied they have been with the answers. From such
statistics, heuristics and rules that provide an estimation of
the probabilities can be derived. However, the details of
how to determine probabilities are beyond the scope of this

paper.
2.3 Route-Search Queries

Route-search queries are generated by combining several
search queries that specify different types of entities through
which the route should go. We use @Q (typically with a sub-
script) to denote a search query, such as the one given in
Example 2.1. We denote by Q a collection of several search
queries that together constitute one component of a route-
search query, as we explain later.

An order constraint on a route-search query Q is a pair
(Q1,Q2), where Q1 and Q2 are distinct search queries of
Q. Intuitively, this pair specifies that the user must visit an
entity of the answer to (1 that satisfies her needs prior to
arriving at an entity of the answer to Q2. Users can add
order constraints to a route-search query by specifying a set
of such pairs.

Let C be a set of order constraints over Q. The precedence
graph, denoted by G¢, is a directed graph whose nodes are
the search queries of @ and whose directed edges are the
pairs of C. When there is a path in G¢ from some query Q1
to a query @2, we say that Q1 precedes Q2 and we denote
this by Q1 < Q2. We say that C' is a valid set of constraints
if G¢ is acyclic. It is easy to see that when there is a cycle
in C, it is impossible to satisfy all the order constraints,
because there are two queries such that each one should
precede the other.

We say that G¢ defines a complete order over Q if it
contains a Hamiltonian path, that is, a directed path that
goes via all the elements of Q. Otherwise, we say that G¢
defines a partial order.

In a route-search query, the user specifies a start location
s, a target location t, a set Q of search queries, and a set C' of
valid order constraints. Hence, we represent a route-search
query as a 4-tuple R = (s,t,9,C).

ExXAMPLE 2.2. Consider again Example 1.1. A suitable
route-search query for Alice should include (1) the location
s of her office, (2) the location t where the meeting should
be held, and (3) the following four search queries: Q1 =
{gas station}, Q2 = {ATM}, Q3 = {laptop battery}, and
Q4 = {Internet Cafe}. The order constraints (Q2,Q4) and
(Qs, Q4) specify that Alice should visit an ATM and an elec-
tronics store before going to the Internet Cafe. Note that
there is no order constraint that involves Q1 which means
that a gas station can be located anywhere on the route.

Consider a route-search query R = (s,t,Q, (), where Q
is the set {Q1,...,Qm} of search queries. The result of Q;,
denoted by A;, comprises the objects of the database that
are relevant to ;. We assume that the sets Ai,..., A,, are
pairwise disjoint. In other words, distinct search queries of
Q refer to different types of objects. For example, one search
query is about hotels, another is concerning restaurants, etc.
A pre-answer to R is sequence s,o01,...,0k,t that starts at
s, ends at t and goes via objects of the results Ai,..., A,
such that every A; has at least one object in the sequence.
The objects are visited in an order that conforms to the
constraints of C. That is, for all 0;, and 0;,, where i1 < i2,
it holds that if 0;; belongs to A;, and o;, belongs to Aj,,



then @), does not precede Qj, (i.e., in G¢ there is no path
from Qj, to Qjy, s0 Qj, A Qjy)-

The length of the route is the sum of the distances between
consecutive objects, that is,

dist(s,01) + S0 dist(0s, 0i41) + dist(og, ).

2.4 Interactive Search

Answering route-search queries is traditionally done by
computing a complete route from s to ¢ that has a high
probability-of-success and a short length [5]. An interactive
search is different from the traditional approach in the fol-
lowing aspect. After visiting an entity, the user provides a
feedback on whether the entity actually satisfies the corre-
sponding search query, and only then does the system deter-
mine the next entity to be visited. In other words, instead
of computing a complete route in advance, the route is com-
puted incrementally. At each step, the system provides to
the user a single object, which is the next one on the route.
After visiting the geographical entity that corresponds to the
object, the user sends to the system information on whether
the entity satisfies her needs, and based on that feedback,
the next object on the route is computed. Alternatively,
the system may give to the user a complete route (that vis-
its relevant objects of the search queries that still have to
be satisfied). The system may change this route when the
feedback warrants doing so.

The computation of the route is influenced by the order
constraints. When the user visits an entity that meets her
needs, the corresponding search query is deemed satisfied.
In each step, the user can visit an entity only if the corre-
sponding object o is an answer to a search query @;, such
that all the queries that precede Q; have already been satis-
fied. When all the queries have been satisfied, the user goes
to the target location ¢ and the search ends. Recall that
when there are m search queries in Q, there is a need to
visit exactly m entities that satisfy the user.

Note that if all the objects of some answer set A; have
already been visited, and none has satisfied the user, then
there is no way to satisfy R. In this case, a failure mes-
sage should be sent to the user and a new search should be
initiated.

When the order defined by C' is complete, then in each
step the user can visit only objects of one answer set. Hence,
answering a route-search query when the constraints define a
complete order is simpler than in the case of a partial order.

Our goal is to develop algorithms for interactive route
search that compute routes that are as short as possible.

3. ALGORITHMS

In this section, we describe interactive algorithms for route
search. Each algorithm has two versions: one is for queries
whose constraints define a complete order, and the second
version is for queries whose constraints define a partial or-
der. All the algorithms operate over the objects in the an-
swer sets Ai,..., A of the search queries of Q, and they
compute a route by iteratively increasing a partial sequence
o. Initially, the partial sequence comprises only the start
location, namely, ¢ = s. On each iteration, the algorithms
provide to the user the next object or to be visited; thus,
or is added at the end of 0. When arriving at oy, the user
provides a feedback regarding whether o, actually satisfies
the corresponding search query (i.e., the query Q;, such that

or € A;). The feedback determines whether the objects of
A; are still relevant to the search and whether @Q); is satisfied.

For each object o in the sequence o, we denote by o-sat(o)
the feedback received for o. When this feedback is true,
it means that the object satisfies the corresponding search
query. Otherwise (i.e., in the case of a false feedback), the
object does not satisfy the query.

On each iteration, an object is chosen from the answers
to the queries that have not yet been satisfied. Next, we
formally define the set from which the object is chosen.
Consider a route-search query R = (s,t,Q,C), where Q =
Qi,...,Qm. Let ¢ = s,01,...,0, be the partial sequence
computed so far. The unsatisfied queries of R are all the
queries @;, such that o has no object that satisfies ;. In
other words, we use g-unsat (o) to denote the set of these
queries and define

g-unsatp(0) = {Q: | Qi € Q and
—Jo(o € 0 Ao € A; A 0-sat(0))},

where A; is the answer set for Q;.

In each iteration, the sequence o is extended by provid-
ing to the user the next object of the route. The added
object is chosen from a set of candidate objects, denoted by
candidates (o), that consists of all objects o, such that o has
not yet been visited and its addition to o complies with the
order constraints. In order to compute the set of candidate
objects, consider the precedence graph G¢ that is generated
from the order constraints C. Let G4t be the induced
subgraph of G¢ w.r.t. the unsatisfied queries of g-unsat z (o).
That is, Gy;y5qt is obtained from G¢ by removing all the sat-
isfied queries and their incident edges. Let Qo be the set of
nodes of Gy psq¢ With no incoming edges (i.e., queries that
have no preceding query in G ;p¢q+). Then, o is a candidate
object if o does not appear in o and is an answer to some
query of Qp. When Qp is the empty set, all the queries have
been satisfied (i.e., g-unsatg(o) = @) and the route must
continue to the end location ¢. If there is no candidate ob-
ject and Qo is not empty, then the route-search query R
cannot be satisfied. Note that when C defines a complete
order on Q, then in each iteration (except for the last one
where Qo is empty), Qo contains exactly one query and thus
all the candidate objects are answers to the same query.

3.1 Naive Greedy Heuristic

The naive greedy heuristic is a simple method that serves
as our baseline; namely, more elaborate algorithms will be
compared to it. In each iteration, this heuristic chooses the
candidate object that is closest to the current location .
Note that [ is s in the first iteration, and [ is some oy in
subsequent iterations. Formally, when g-unsatz (o) = 0, all
the queries of @ have been satisfied, and hence, ¢ is the next
location and the computation ends. When g-unsat (o) # 0,
the naive greedy heuristic chooses a candidate object o’ that
is nearest to [, namely, o’ € candidatesr (o) and

dist(l,0") = min {dist(l,0) | o € candidatesr (o)} .

3.2 Oriented Greedy Heuristic

The naive greedy heuristic is simple and efficient. How-
ever, it suffers from the drawback of ignoring the location
of the target ¢t. Consequently, it may compute a route that
drifts far away from ¢ and is unnecessarily long, due to the
distance from the last object to t. A possible solution is to



choose the next object o' based on the combined distance
of o' from both the current location and t. This approach
is likely to compute a route in the general direction toward
t. But the route might progress too fast toward ¢, that is,
within a few steps, the route will reach objects near ¢, even
when there are many relevant objects in the vicinity of s and
only a few near t.

The oriented greedy heuristic is aimed at solving the above
problems by choosing the next object o’ so that it will be
near the current location as well as close to the straight line
from s to t. In order to do so, the algorithm computes for
each candidate object o, the sum of distances dist(l,0’) +
dist(s,0') + dist(o’,t), where [ is the current location. Then
the algorithm chooses a candidate object that minimizes this
sum.

3.3 Optimistic Approach

The main weakness of the greedy approach is that it picks
the next object o’ without taking into account how likely it
is to complete the route from o’ to ¢ by traveling the shortest
possible distance. In other words, to obtain a better algo-
rithm, we should also consider the distance of the route that
starts at o/, passes through objects that satisfy the remain-
ing search queries and ends at t. The optimistic approach
does that by computing at each iteration a complete route
with respect to the search queries that still have to be sat-
isfied. We now describe how it works.

The algorithm computes the shortest pre-answer, that is,
as short a route as possible from the start location to the
end location via one object from each answer set A1,..., Ap,.
The user follows this route till an object fails to satisfy its
corresponding search query. When that happens, the algo-
rithm computes a new route from the current location to ¢
that goes via one object of each A;, such that @; has not
yet been satisfied.

This approach is “optimistic” in the sense that at each
step, the route is computed under the assumption that all
the relevant objects satisfy their corresponding queries. If
this assumption holds, the shortest pre-answer is indeed the
optimal solution. Next, we explain in more detail the two
versions of this approach: for queries with constraints that
define a complete order, and for queries where the order is
partial.

3.3.1 Optimistic Approach for Complete Order

For route-search queries R = (s, t, Q, C') whose constraints
define a complete order, we can efficiently compute the short-
est pre-answer. Without loss of generality, suppose that the
constraints define the order Q1, ..., Q. over the queries of
Q (i.e., objects of Q1 should be visited first, then objects of
Q2, after that objects of @3, and so on.) Consider the answer
sets Ai,..., A, of R. The algorithm DistanceToTarget of
Figure 1 computes for each o € A; (1 < ¢ < m), the minimal
distance of a route that starts at o and for j =i+ 1,...,m,
passes through one object of each A; in the order of in-
creasing j, and finally arrives at t. We denote this minimal
distance by dist-t(0) and refer to it as the distance-to-target
of o.

The algorithm DistanceToTarget iterates through the an-
swer sets in reverse order, that is, from A,, to A;. For all
objects o of A, the loop of Lines 1-2 computes dist-t(0),
which is simply the distance from o to ¢. Line 3 iterates
through the remaining answer sets. The loop of Lines 4-5

DistanceToTarget (A1, ..., Am,t)

Input: Target location ¢, answer sets A, ...
dered according to the order defined by C
Computes: For each object o € A;, the minimal dis-
tance of a route when starting at o, continuing to an
object of A;t1, then to an object of A;+2 and so on until
getting to an object of A,, and ending at .

1: for each o € A,, do

2:  dist-t(o) + dist(o,t)

3: for 1 = m — 1 downto 1 do
4: for each o € A; do

5: dist-t(0) < min (dist(o,0") + dist-t(0"))
o'€A 41

, A or-

Figure 1: Computing the distance-to-target values

computes dist-t(o) for all objects o of A; using the values
computed for A;11. In particular, dist-t(o) is the minimum
of the sum dist(0,0’) + dist-t(0) over all 0’ € A;41.

Figure 2 gives the optimistic algorithm for route-search
queries R = (s,t,Q,C) where C defines a complete order.
The algorithm computes a route that satisfies the search
queries @; in the order of increasing i. In each iteration, it
suffices to compute only the next object to be visited, rather
than a whole route. Line 1 sets the current location to s.
The loop of Line 2 iterates through the answer sets A; in the
order of increasing i. For each A;, the loop of Line 4 iterates
over objects of A; until it finds one that satisfies Q;. In
Line 5, the algorithm picks the object o of A; that appears on
the shortest pre-answer (w.r.t. Qs, ..., Qm) from the current
location to ¢t. In Line 6, the user is informed to travel to o
and provides her feedback. Line 7 sets the current location
to that of o. The test of Line 8 checks whether o satisfies
Q;i. If the test is positive, then Line 9 sets found to true,
which means that the while loop of Line 4 terminates and the
algorithm proceeds to the next iteration of Line 2. Otherwise
(i-e., o does not satisfy Q;), the object o is removed from A;
and another iteration of the loop of Line 4 is done. If A;
becomes empty before finding an object that satisfies Q;,
the algorithm terminates in Line 13 after notifying the user
that the route cannot be completed. When the loop of Line 2
terminates (without reaching Line 13), the user is informed
to travel to the target location.

3.3.2 Optimistic Approach for Partial Order

In the case of a complete order, computing the distance-to-
target values is rather straightforward, because the shortest
route from the current location to t is unique. In the case
of a partial order, the shortest route may vary depending
on the types of objects that have already been visited. As
an example, suppose that there is no order constraint that
involves Q;; that is, an object of A; may appear anywhere
on the route. If the current location is an object o € Aj,
where j # i, then we should consider (at least) two distinct
shortest routes from o to t; one of those routes visits an
object of A; while the other does not. In other words, the
distance-to-target value of o depends on whether an object
of A; has already been visited or not. Thus, we should
compute the distance-to-target value of o for each possible
history, namely, each sequence of queries that have already



Ordered Optimistic ((s,t, Q,C), D)

Input: Start location s, target location ¢, search queries
Q1,...,Qnm ordered according to C, a dataset D

Output: A route that satisfies the search queries @Q; in
the order of increasing i, based on feedback from the user

1: wu-location < s
2: for i =1 to m do

3:  found + false

4:  while A; # () and not found do

5 o + argmin(dist(u-location, o) + dist-t(0))
0€EA;

6: provide o to the user and receive a feedback

7 u-location < the location of o

8: if o satisfies Q); then

9: found < true

10: else

11: AZ < A; — {O}

12:  if not found then

13: return “the route cannot be completed”

14: provide the target destination ¢ to the user

Figure 2: Optimistic algorithm when C defines a
complete order

been satisfied.

Formally, we first construct the set O¢ of all the com-
plete orders over Q that conform to the constraints of C.
Next, consider an object o € A;. We have to compute for o
a distance-to-target value for each sequence Q;,,...,Qi, of
distinct search queries, such that Qi,, ..., Q:,,Q; is a prefix
of some element of Oc. We do it by considering every suffix
Qig7‘ . '7Q’im7 such that Qi17 .. -7Qif7Qi7Qig7 .. '7Qim iS in
Oc¢. We compute the distance-to-target value of o w.r.t. the
complete order Qi ,...,Qi;, Qi, Qiy, - - -, Qi,, using the al-
gorithm of Figure 1. The actual distance-to-target value of
o w.r.t. the sequence Qi,, ..., Q:, is the minimum over all
the possible suffixes. This computation is based on the as-
sumption that all the objects that correspond to the queries
of a possible suffix Q;, ..., Q;,, are available, namely, none
of them has already been visited and failed. However, this is
not necessarily true, because the partial order implied by the
constraints of C' may allow objects corresponding to some
Q; (7 # 1) to be visited either before or after o. Therefore,
the computed distance-to-target value is only an estima-
tion. In summary, we create for each object o an estimated-
distance table (EDT) that maps sequences of search queries
to distance-to-target values. Finally, observe that if two se-
quences consist of exactly the same queries, then the same
value is computed for both. Hence, the entries of an EDT
are subsets of Q rather than sequences. The following ex-
ample illustrates what are the entries of an EDT.

ExaMPLE 3.1. Consider a route-search query where Q =
{Q1,Q2,Q3,Q4,Qs} and C = {Q1 < Q2, Q2 < @3, Q2 <
Q4, Q3 < Qs, Q4 < Qs}. There are two complete orders to
consider: Q17 Qza Q37 Q47 Q5 and Q17 Q27 Q47 Q37 Q5' NOH),
for an object 02 in the result of Q2, the EDT has a single en-
try, which maps the set {Q1} to the shortest distance among
the following two routes: (1) the shortest pre-answer from o2
to t with respect to the complete order Q2,Qs3,Q4,Qs, and
(2) the shortest pre-answer from oz to t with respect to the

complete order Q2, Qa,Qs, Qs.
For an object o3 in the result of Qs there are two entries

in the EDT, one is for the set {Q1,Q2} and the other is for
the set {Q1,Q2,Q4}.

The optimistic approach starts the processing of a route-
search query by constructing an EDT for every object. The
route is computed in stages as follows. Let 0 = s,01,...,0k
be the sequence of objects visited thus far (note that initially
o =s). We use ¢g-sat (o) to denote the set of queries that
have been satisfied by o (i.e., g-sat g(0) = Q— g-unsat z(0)).
For an object o that has an entry for g-sat (o) in its EDT,
let ds(0) be the value of that entry. The next object to be
visited is the one that minimizes the sum dist(ox, 0) +ds(0),
among all objects o that have an entry for ¢-satz (o) in their
EDT.

3.4 Letting The Probability Affect the Route

When computing a route, the greedy algorithms and the
optimistic algorithms consider only the distances between
objects, but ignore the probabilities. One way to add to
these algorithms the effect of the probabilities is by changing
the distance function as follows. For every two objects o1
and o2, the distance function disty(01,02) is defined to be
dist(01,02)/prob(o2). We can now use dist, instead of dist.
This increases the distance to objects with a low probability
of success in a manner that is inversely proportional to the
probability.

3.5 Minimizing the Expected Distance (MED)

The optimistic approach employs a best-case scenario.
That is, the next object to be visited is the first one on
the shortest route that passes through one object of each
answer set A;, such that @; has not yet been satisfied. A
more realistic approach is to use an average-case analysis.
The main idea is to choose the next object based on the ex-
pected, rather than the shortest, distance that still remains
to be traveled. To formalize this notion, let s be the cur-
rent location and consider an object o. The following is a
recursive definition of the expected distance to be covered,
given that o is the next object to be visited. There are
some expected distances ¢s and ¢y from o to the target lo-
cation,? depending on whether o succeeds (i.e., satisfies its
corresponding query) or fails, respectively. Thus, given that
o is the next object, the expected distance from the current
to the target location is the following sum.

dist(s,0) + prob(o) - £s + (1 — prob(o)) - €y (1)

In the MED approach, the next object o to be visited is one
that minimizes the above sum.

Computing the expected distance for an object o is not
easy. First, there could be an exponential number of pre-
answers that need to be considered. Second, we should
avoid pre-answers that visit the same object more than once,
which means that when constructing the pre-answers, we
should keep the entire history (i.e., the visited objects) of
each one—doing so for an exponential number of pre-answers
is impractical. Hence, we use heuristics that estimate the
expected distance, rather than compute it precisely.

2More precisely, the user travels until she either arrives at ¢
or discovers that one of her search queries cannot be satis-
fied. The expected distance is computed by considering all
the routes that the user may travel and the probability of
each one.



MED ((s,t, Q,C), D, <)
Input: Start location s, target location ¢, search queries
Q1,...,Qm ordered according to C, a dataset D, an or-
der < over D
Output: The next object to be visited

1: if O is empty then

2:  return t

3: call ComputeExpLen (o, E, (s,t,Q,C), D, <)

4: curr < s

5: for i =1 to m do

6:  found <« false

7:  while not found do

8: if A; =0 then

9: return “the route cannot be completed”
10: o0 < argmin(dist(curr, o) + E[o])

0€EA;

11: provide o to the user and get a feedback
12: curr <— o

13: if o does not satisfy Q; then

14: remove o from A;

15: else

16: found < true

Figure 3: MED for route-search queries in which C
defines a complete order

3.5.1 MED for Complete Order

In this section, we describe the version of MED for route-
search queries with a complete order. The algorithm es-
timates the expected distance given that objects must be
visited in the order dictated by the constraints. It employs
a heuristic that enforces a total order on the objects of the
dataset D, thereby limiting the number of examined routes.

The algorithm is presented in Figure 3. Line 3 uses a
subroutine that returns an array E, such that for all objects
o, the entry E|o] is an estimation of the expected distance
covered by the shortest route that satisfies all the remaining
search queries, starting with the one that corresponds to
0. The computation of E is described later on. The loop
of Line 5 iterates over the answer sets A; in the order of
increasing i. The loop of Line 7 iterates until it finds an
object of A; that satisfies Q;; if eventually none is found,
then the algorithm terminates in Line 9. Line 10 chooses
the next object o to be the one that minimizes the sum of
the distance from the current location to o plus the expected
length of a route from o to t. If o satisfies its corresponding
query, then the algorithm proceeds to the next iteration of
Line 5; otherwise, o is deleted from A; and another iteration
of Line 7 is done.

Next, we describe how to compute the estimation E[o] for
all objects o € D. First, we define the order < over the
objects of D as follows. If o1 € A;, 02 € A and i < j, then
naturally o1 < 03, because objects of A; must be visited
before objects of A;. In order to define < for objects of the
same answer set A;, we partition the straight line from s
to t into m + 1 equal intervals. Let the sequence of points
POy P1y- -+ Pm,Pm+1 describe this partition, where po = s
and pm+1 = t. In other words, the intervals [p;, pi+1] (0 <
i < m) cover the straight line from s to t, they are disjoint
and have the same length. Objects of the same answer set

A; are ordered according to their distance from p;. That
is, 01 < o2 if 01 and o2 are both in A; and dist(o1,p;) <
dist(o2,p;). In case of a tie (i.e., dist(o1,p;) = dist(o2,p:)),
the order between 01 and o2 is defined arbitrarily.

The rationale for the above definition is to prefer objects
that are closer to the line from s to ¢ and, in particular,
objects whose distance from s is linearly proportional to
their position on a possible route. In other words, the goal
is to choose the next object so that it will be in the direction
toward to ¢, but not too close to t, in order to avoid routes
that unnecessarily go back and forth.

When estimating the expected length of a route, we should
take into account the possibility that some search queries are
not satisfied by any object. To do it properly, we define for
each answer set A; a penalty that amounts to the length of a
route that goes through all the objects of A; (which must be
done when Q; cannot be satisfied). That is, penalty(A;) =
E?;ll dist(oj-, o§-+1), where the route o}, . .., o}, passes exactly
through all the objects of A; from the smallest to the largest,
according to the order <.

Recall that E[o] denotes our estimation of the expected
length of the shortest route from an object o of A; to t,
such that the search queries Qs, ..., Qm are satisfied. FE[o]
is given by

E[o] = prob(o) - (dist(o,0s) + Elos]) + (2)
+ (1 — prob(o)) - (dist(o,05) + Eloy])

where os and oy are defined as follows. If o succeeds, then an
object of A;+1 should be visited next. Therefore, we choose
o0s from the objects of A; 1 so that the sum dist(0, 0s)+ E[os]
is minimized, except that os is ¢ if ¢ = m (note that by defi-
nition, E[t] = 0). If o fails, then another object of A; should
be visited next. To avoid an exponential computation, we
choose oy from the objects of A; that are larger than o ac-
cording to <. In particular, oy is picked out so that the
sum dist(o,0f) + E[oy] is minimized; however, if o is the
last object of A; (according to <), then we replace the sum
dist(o,0¢)+ Elof] with penalty(A;), because none of the ob-
jects of A, satisfies Q;.

The algorithm ComputeExpLen computes all the entries
of E by traversing the objects of D from the largest to
the smallest, according to <, and using Equation (2). The
pseudo-code is presented in Figure 4.

3.5.2 MED for Partial Order

The adaptation of MED to partial orders is obtained in a
way similar to how it was done in the case of the optimistic
approach. An estimation of the expected distance has to be
computed for every pair (o, S), such that o is an object in
the answer set of some query and S is a subset of Q that
represents a possible history, namely, the search queries of
S have already been satisfied before arriving at o.

Formally, let S be a subset of Q and ¥ be a sequence
Qg -+, Q,, of distinct search queries. Recall that Oc is
the set of all the complete orders implied by the constraints
of C. We say that ¥ is consistent with S if the following
holds.

1. ¥ is a suffix of some element of O¢;
2. No search query appears in both S and X; and

3. Every search query of Q appears in either S or X.



ComputeExpLen (E, (s,t,Q,C), D, <)

Input: Route-search query (s,t, Q,C), a dataset D, an
order < over the objects of D
Output: Array F such that for all o € D, the entry E|o]
is an estimation of the expected distance from o to ¢
1: let oj. = --- > of" be the objects of A,
2: Eloy. ] + prob(og. ) - dist(og ,t) +
+ (1 — prob(oy..)) - penalty(Am)

3: for j = k., — 1 downto 1 do
4 o0+ argmin  (dist(o}", 0) + Elo])
{0\o€A¢yL/\OJT-”<o}
5:  E[0]'] « prob(o}") - (dist(o]",t)) +
T (1= problo")) - (dist(o", 0) + Eo])
6: for i = m — 1 downto 1 do
7 let o}; >~ --- > 0} be the objects of A;
8: 0+ argmin(dist(o},,0) + E[o])
0€EA; 11
9:  Elo},] « prob(o,) - (dist(o},,0) + Elo]) +

+(1- prob(ofw)) - penalty(A;)
10:  for j = k; — 1 downto 1 do

11: 04; argmin (dist(0},0a,) +
{OAi‘OAiEAi/\O;"<OAi}
+ E[OAi])
12: 0A;y, & argmin (dist (o}, 0A;4,) T Eloa,,])
04,41 €At
13: E[0}] + prob(o}) - (dist(0},04,,,) + Eloa,,,]) +

+ (1= prob(o})) - (dist(0}, 04,) + Eloa,])

Figure 4: Computing the expected distances

We say that X is an i-sequence if Q; is the first search query
in 2.

Consider an object o € A;. The array E (of estimations)
of expected distances has an entry for every pair (o, S), such
that S C Q and there is some i-sequence X that is consistent
with S. The value E(o, S) is computed as follows.

Let ¥ be an i-sequence that is consistent with S. We
apply the algorithm ComputeExpLen of Figure 4 w.r.t. the
complete order ¥ (while ignoring objects corresponding to
search queries that do not appear in X). We do it for every
i-sequence that is consistent with S. The minimum value
computed for o, over all the i-sequences that are consistent
with S, is assigned to E(o, S).

The above description of how to compute E(o0,S) is not
the most efficient way of doing it. In fact, it suffices to
apply the algorithm ComputeExpLen of Figure 4 once for
each complete order of O¢. (Recall that O¢ is the set of
complete orders implied by the constraints of C.) If we do
it in this way, then we actually compute values of the form
Elo,T], where I' € O¢. Let I'<o> denote the suffix of I" that
starts at the @; corresponding to o. E(o,.S) is the minimum
over all Efo,T"], such that I'<o> is consistent with S.

More specifically, for each object o, we need to divide all
the Efo,I'] into subsets, such that in each one all the I’
have the same search queries appearing before @;. Thus,
each subset corresponds to one E(o,S), where S is the set
of search queries that appear before @; in all the I'" of the
subset. E(o,S) is assigned the minimum value in its corre-
sponding subset.

As earlier, o denotes the route traveled thus far, and

g-sat (o) is the set of queries that have already been satis-
fied. The algorithm MED for partial orders is similar to that
of Figure 3. The main difference is that the next object to
be visited is the one that minimizes the sum dist(curr, o) +
Elo, g-sat g(0)] over all objects o, such that E[o, g-sat g(c)]
is defined, o has not yet been visited and its corresponding
search query still has to be satisfied. If there is no such o,
then the algorithm has failed to find a route. As usual, if
the route o has satisfied all the search queries, then the user
should travel to the target location ¢.

3.6 Phantom Objects

The optimistic approach computes the exact minimal dis-
tance (using the algorithm DistanceToTarget of Figure 1) in
the case of a complete order. As noted earlier, in the case
of partial orders, the optimistic approach computes only an
estimation of the minimal distance. The reason for that is
that it takes into account the search queries that have al-
ready been satisfied, but not the possibility that some of
the visited objects have failed. The values of the minimal
distances are computed in a preprocessing step. So, when
they are actually used during the construction of a path, it
could be that a specific value is based on using an object
that has already been visited and failed; hence, this value is
only an estimation. We say that a phantom object is used if
the choice of the next object is based on a value of the min-
imal distance that incorporates an object that has already
been visited. The phenomenon of phantom objects can also
occur in the MED algorithm for partial orders.

A simple solution to the effect of phantom objects is to do
the following in each step of computing the next object to be
visited. If the most-recently visited object has failed, then
discard it and recalculate the estimations before determining
the next object. We refer to the versions of Optimistic and
MED that perform recalculation of the estimations as Re-
calculating Optimistic and Recalculating MED, respectively.

This solution is detrimental to the efficiency of these al-
gorithms. Fortunately, our experiments show that phan-
tom objects are rare and recalculating the estimations de-
creases the length of the produced route only by a very small
amount.

3.7 The Complexity of Computing a Step

We now analyze the complexity of the different algorithms.
For interactive algorithms, the time complexity of comput-
ing an entire route is unuseful because the algorithms are
delayed by the need to wait for feedbacks from the user. So
instead, we use the following two complexity measures. The
preprocessing complexity is the time complexity of the com-
putation that is required for providing the first object of the
route. The step complexity is the time complexity of com-
puting the next object on the route after at least one object
has been computed. We analyze our algorithms according to
these two measures. In our analysis, we assume that there
are n objects in D and these objects are partitioned into m
answer sets.

The Naive Greedy and the Oriented Greedy algorithms re-
quire no preprocessing. The computation of the first object
on the route has the same time complexity as the compu-
tation of any other object on the route. In each step, all
the objects of the dataset D are examined. Thus, these
algorithms can be easily implemented to have O(n) prepro-
cessing complexity and O(n) step complexity.



The Optimistic algorithm for the case of a complete order
has a preprocessing step of computing the distance-to-target
values. For each object of D, a value is computed by ex-
amining the distance from it to all the objects of the next

set. Thus, the preprocessing has O(%) time complexity.
The computation of an object is done by choosing an object
from a set of at most n objects. Hence, the step complexity
is O(n).

In the case of a partial order, there can be m! possible
orders, and hence the preprocessing has time complexity
O(%zm!). The step complexity requires checking n objects
and considering at most 2™ entries in the EDT of each ob-
ject. Thus, the step complexity is O(n2™).

The algorithm MED for the case of a complete order has a
preprocessing step of computing the expected-distance val-
ues for the objects. First, the objects of D ate sorted. The
sort has O(nlogn) time complexity. An expected distance
is computed for each object and this is done by considering
about - objects of some answer set. Thus, the prepro-
cessing complexity is O(nlogn + ";2) The step complexity
requires choosing an object from an answer set, therefore,
the step complexity is O(n).

For constraints that define a partial order, MED needs to
create EDTs and use them in each step. The preprocessing
complexity requires considering m! orders, and hence, it is
O(m!(nlogn + %)) The step complexity is O(n2™), as for
Optimistic with a partial order.

Note that in practical scenarios, the number of queries,
m, is relatively small. It is reasonable to assume that in
most practical cases, users will pose route-search queries of
no more than ten search queries. Thus, even though the
preprocessing complexity and the step complexity are expo-
nential in m, in the case of partial orders, in practice our
algorithms provide answers in an acceptable time. The ex-
periments in the next section confirm this.

4. EXPERIMENTS

In order to examine the effectiveness and efficiency of our
methods, we tested them over real-world data in a variety
of cases. We conducted many experiments and we present
here only the results of typical cases.

4.1 Setting

The real-world data that we used in our experiments is
part of a digital map, of the city Tel-Aviv, that has been
generated by the Mapa company. A fragment of that map
is presented in Figure 5. In our tests, we used the “Point Of
Interest” (POI) layer of the map. The objects in this layer
represent many different types of geographical entities. We
extracted from the map 628 objects of seven different types
(20 cinemas, 29 hotels, 31 pedestrian bridges, 54 post offices,
136 pharmacies, 169 parking lots and 189 synagogues). In
the experiments, we tested route-search queries R where the
number of search queries in Q is between three to seven.

In order to simulate interactive scenarios, the satisfaction
of each visited object was chosen randomly, when the object
was visited, according to the probability of the object. Since
we wanted to prevent extreme cases, we ran every query
100 times, where in each run, different random choices were
made for the objects, and the results were averaged.

4.2 Examples of Specific Routes

Figure 5: Map of Tel-Aviv (fragment)

We present two cases that illustrate some of the differ-
ences between our algorithms. In these two cases, we used
real-world datasets, and we run our algorithms so that the
results will reflect the actual behavior of the algorithms. For
simplicity of presentation, there are no order constraints in
the two examples of this section.

The first case compares the greedy algorithm to MED,
and it shows why in many cases MED outperforms greedy.
It is presented in Figure 6 .

EXAMPLE 4.1. In this example, a route search with five
queries is considered. The objects to be visited are depicted
by plus, star, triangle, circle and square icons. The route
provided by the greedy algorithm is depicted with a solid line
and some locations where the user provided a feedback are
depicted as a number inside a circle. The route that MED
computed is depicted with a dashed line, and the locations
where the user provided a feedback are shown as a number
inside a square.

The result of one of the search queries consists of a single
object, and it is depicted using a black square at the bottom
left corner of the figure. Since there is only one such square,
the route must go via this location.

MED “plans” the entire travel, and thus, it goes from the
start location to the location of the black square. (This is
also marked by the number 2 inside a square). Then, MED
continues directly to the target location going via the other
objects it needs to visit.

The greedy algorithm goes to objects that are near the line
that connects s and t. It leads the user to the locations de-
picted by 1,2 and 8 in a circle. The greedy approach leads
toward t till there is only one query left to satisfy—the query
whose answer is the black square. This forces the route to
lead back in a direction opposite to t, visit the black square
and continue to t. Going back and forth due to lack of plan-
ning causes the greedy to be inefficient in such case.



Figure 6: A scenario where the route computed by
Greedy (solid line) is significantly longer than the
route computed by MED (dashed line).

The second example compares Optimistic to MED.

Figure 7: A scenario where the route computed by
Optimistic (solid line) is significantly longer than the
route computed by MED (dashed line).

EXAMPLE 4.2. The scenario depicted in Figure 7 illus-
trates the superiority of MED over Optimistic. In this sce-
nario, the route-search query consists of three search queries
whose results are depicted by plus, star and pentagon icons,
respectively.

The pentagons represent cinemas. In this scenario, cin-
emas have a probability of 0.7. There is a cinema near t.
Optimistic computes the shortest route and reaches that cin-
ema (see the number 1 in square near that cinema). How-
ever, in many cases this cinema fails to satisfy the user. In
these cases, the route continues to a cinema that is far from
t (there is an icon of the number 2 inside a square near that
cinema). So, in this scenario, Optimistic generates a route
that frequently goes back and forth.

MED, on the other hand, consider the case that the cin-
ema near t will fail and hence, it visits cinemas on the way
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from s to t (these cinemas are marked by 1 and 2 in a cir-
cle). If cinema 1 fails, the route continues to 2 with only a
small increase in the total length, whereas for the route of
Optimistic, when the first cinema fails the increase in the
length of the route is large.

4.3 Effectiveness

We conducted a series of experiments to examine the effec-
tiveness of our algorithms. We tested the effect of different
parameters on each algorithm. In the experiments we com-
pared MED, Optimistic, Oriented Greedy and Naive Greedy.
For Optimistic and Oriented Greedy we experimented with
the version that is affected by the probabilities, i.e., the ver-
sion that uses dist, instead of dist. In this section, we denote
the Optimistic by wOpt, the weighted oriented Greedy by
wGre, and the Naive Greedy by bGre.

Comparing the algorithms one to the other only provides
a relative indication of their effectiveness. For a non-relative
comparison, we included in our experiments an algorithm we
call Perfect. Perfect computes the shortest route while hav-
ing the satisfaction conditions of all the objects before the
first step. Since Perfect has information that no interactive
algorithm has, the route computed by Perfect is the best
any interactive algorithm could hopefully compute. Obvi-
ously, in actual scenarios such an algorithm does not exist;
however, in our experiments we had all the information on
the objects, and hence, we were able to use it. We com-
pare the results of our algorithms to the results of Perfect
to show that our algorithms are effective in general and not
just relatively.

The experiments whose results are presented in Figure 8,
Figure 9 and Figure 10 examine the effect of order con-
straints on the effectiveness of the algorithms. In each of
these graphs, the x-axis shows lengths. For each length £, the
y-axis presents the percentage of routes that were created in-
teractively and had a length of at most ¢. The percentage



was achieved by running each route-search query 100 times,
while simulating interaction with the user. When comparing
two interactive algorithms on such a graph, the better algo-
rithm is the one whose curve is higher because the routes it
produces are expected to be shorter.

In the experiments whose results are presented in Fig-
ure 8, Figure 9 and Figure 10, probabilities where normally
distributed® with mean 0.7 and standard deviation 0.1. The
route-search queries in this experiment comprise five search
queries, i.e., need to go via objects of five types.

Figure 8 shows the results of the algorithms for the case
where there are no order constraints. There are 120 complete
orders in this case. Figure 9 shows the results for the case
where there is a partial order. There are 20 complete orders
in this case. The case of a complete order is presented in
Figure 10.

The results show that MED outperforms the other algo-
rithms in almost all of the cases. Optimistic (wOpt) is al-
most as good as MED, and both of them are almost as good
as Perfect, which shows that they are indeed effective. The
Greedy algorithms bGre and wGre are less effective than
MED and wOpt.

Figure 11 presents the results of comparing the algorithms
to Perfect. For each algorithm, it shows the average differ-
ence between the length of the route computed by the al-
gorithm and the length of the route computed by Perfect.
The results are shown for the cases where the means of the
probabilities of the objects are 0.3, 0.6 and 0.9, respectively.
Not surprisingly, for high probabilities the algorithms pro-
vide closer results to Perfect than for low probabilities. This
experiment also shows that MED is the most effective in all
cases. Optimistic is effective when the probabilities are high,
but it is not effective when the probabilities are low. This
is because it applies an “optimistic” assumption and when
the probabilities are low, this assumption is incorrect. The
greedy approach wGre is relatively good when the probabili-
ties are low, because in this case, most of the visited objects
fail to satisfy the user, so not planning and going to the
nearest object is a good strategy for this case.

Figure 12, Figure 13 and Figure 14 show the results of the
different algorithms for a search over three datasets, where
the probabilities are normally distributed with mean 0.3, 0.6
and 0.9, respectively. In this experiment, the route-search
query comprised three search queries, thus, the objects are
partitioned into three categories. This experiment provides
an additional affirmation to the effectiveness of MED.

In Section 3.6, we presented the problem of phantom ob-
jects and claimed that a possible solution is to recalculate
the estimation of the minimal distance after every negative
feedback. We denote by rMED the algorithm Recalculate
MED and by rwOpt the algorithm Recalculate Optimistic.
We claimed that recalculation has almost no effect on the
effectiveness of the algorithms. The results of an experiment
that supports this claim are presented in Figure 15. The test
shows this by comparing the results of MED, rMED, wOpt
and rwOpt to the results of Perfect. It is done over datasets
in which the probability is normally distributed with means
0.3, 0.6 and 0.9, respectively. Each column is the average
over three different start and target locations, and for 100
different interactive runs. It can be seen that there is almost

3The actual distribution is close to normal since we do not
allow objects to receive a probability lower than zero or
grater than one.
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no difference between MED and rMED. Similarly, there is
almost no difference between wOpt and rwOpt.

4.4 Efficiency

All the algorithms compute the next object on the route
within less than a mili-second. (Except for the Recalcu-
lating versions of MED and Optimistic.) The difference in
the efficiency of the algorithms is in the preprocessing time
they require. When users initiate a route search, they may
want the first object to be provided instantly, and thus, the
efficiency of the preprocessing is important in many cases.

Table 1 presents the pre-processing times of the differ-
ent algorithms. It shows that the greedy algorithms are the
most efficient. MED is the least efficient because it requires
a relatively long preprocessing step. It can be seen that
the preprocessing requires significantly less time for a com-
plete order than for no order. In general, the efficiency of
the preprocessing is inversely proportional to the number of
possible orders that comply with the order constraints.

5. CONCLUSION

We investigated the problem of interactive route search in
the presence of order constraints. We examined two cases.



Table 1: Pre-processing times, in miliseconds, for 5
search queries, over a dataset of 419 objects.
Algorithm | Full Order | Partial Order | No Order |

bGre 0.6 22 115
wGre 1.6 34 167
wOpt 145 3015 16,217
Med 244 5146 26,207

In one case, the constraints define a complete order over the
types of entities that should be visited, and in the other
they only define a partial order. For each case, we pre-
sented three algorithms, having in mind two goals: comput-
ing an effective route (i.e., a route that is as short as possible)
and doing it efficiently (i.e., finding the next object on the
route as quickly as possible). The Greedy algorithm is the
most efficient, yet the route it computes is the least effective.
The MED algorithm, in contrast, provides the most effective
route; however, its efficiency is the lowest. The Optimistic
algorithm is a compromise that provides a route with effec-
tiveness and efficiency that are between those of MED and
Greedy. The differences between the running times of the
three algorithms are just in the preprocessing phase. The
time needed to find the next object is about the same in all
of them (less than 1 millisecond). If efficiency is important,
then the best may be a hybrid approach that determines the
first object using the Greedy algorithm, and then switches
to the MED (or Optimistic) algorithm in order to find sub-
sequent objects. The time it takes the user to get to the first
object is more than enough for completing the preprocessing.
Thus, the hybrid approach is both efficient and effective.

For future work, we plan to consider dynamic route-search
queries in which routes can be affected by feedbacks from
other users. For example, if Alice provides a feedback that
some ATM does not work, there is no reason to send Bob
there, even if he is already on the way. Another challenge
is to answer queries that consider the availability of trans-
portation. To that end, we intend to investigate the problem
of computing route-search queries in the presence of time
constraints and traffic conditions.
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C.1 Introduction

Route-search is the task of searching for a list of objects, which represent real
world entities that are to be visited by a route, based on a set requirements
specified in the form of a query issued by a user. In this preliminary work
we define the problem of route-search in the presence of temporal and order
constraints and formulate it as a mixed integer programming (MIP) problem.
A MIP formulation is a linear programming (LP) formulation with an additional
constraints requiring that some of the variables will be assigned integer values
in our case zero or one. This formulation has two main goals:

Finding an optimal route for queries issued over small scale datasets.
The straightforward use of such a formulation is for being able to find an optimal
route for small scale datasets using a MIP solver. This is not expected to work
for larger datasets since the MIP problem is NP-Hard.

Finding a satisfactory route for queries issues over large scale datasets.
By removing the integer constraints the problem can be solved in polynomial
time using a LP solver. The solution to the LP problem can serve as an heuristic
for finding satisfactory routes. Possible heuristics will be discussed in the final
section of this appendix.

Once we have a component that can answer route-search queries, we may use
it either in an interactive or non-interactive environment. In a non-interactive
environment, a query is issued and a route that satisfies the query is found
using one of the methods suggested above. The user will follow that route from
start to end. In an interactive environment, instead of returning a route as an
answer to the query, only the next object to be visited is returned. The route is
then continuously recalculated based on user feedback. User feedback is used to
specify whether the visited object satisfies the user. Using one of the methods
above, a route can be recalculated after every negative feedback from the user.

C.2 Route Search with Temporal and Order Con-
straints

In this section, we show how to formulate a route search in the presence of
temporal and order constraints as MIP and LP problems. Consider a dataset
containing spatial objects that represent real-world entities and a set of roadways
connecting these spatial objects. Suppose the dataset includes an estimation of
the time it should take to travel from one point to another. Units of time
throughout this work are normalized to the interval [0, 1], where 0 represents
the time in which the query is issued and 1 represents a higher bound on the
arrival time at any object, i.e. this represents a time window within which all
the selected objects of a route are to be visited. A user issues a query indicating
his requirements and the goal is to find the route whose overall travel time is
minimal and that satisfies the query. The user’s query contains a start and
end location, a set of subqueries and a list of order constraints. Each subquery
contains a search term, a minimal satisfaction probability threshold, a duration



and optionally a time window specifying when to arrive, depart and how much
time to spend at spatial entities corresponding to the spatial objects matching
the search term. The minimal satisfaction probability threshold of 7 indicates
that for a route to satisfy the user it must go via a set of objects having a total
probability of no less than 7 to satisfy the user. The list of order constraints
is specified in the form of a list of pairs of references to subqueries. Each pair
indicates that objects matching the search term of the subquery on its left hand
side must precede those matching the search terms on its right hand side. The
following notations define the constraints imposed by the user’s query and the
properties of the spatial objects in the map. This constitutes the input to the
MIP or LP solver.

1. s and t which are the start and an end location derived from the query.

2. A set of all the spatial objects in the dataset indexed 0,n + 1 where s is
represented by 0 and t is represented by n + 1.

3. A set of search subqueries @1, ..., @, present as part of the user’s query,
which yield a set of disjoint object index sets C' = {c1, ..., ¢ }, répresenting
different categories.

4. The following holds for each category; Vi € I,m : ¢; = {ki1, ki2, .., ki, }-
Each k; ; is the index of an object in the dataset, e.g. Vi € 1,m,Vj €
1,n;: kl"j S 1,7

5. The probability of each spatial object to satisfy the user with respect to
his query, Vj € I,n : p; € (0,1). This information can be obtained by
evaluating the match between each spatial object in the dataset and the
subqueries in the user’s query.

6. A minimal probability threshold that must be achieved for each category;
Ve, e Cimy € (O7 1)

7. A set of order constraints Q = {(c;,¢;)|e;, ¢; € C} such that for each
(ciycj) € Q, ¢; must be visited before ¢;

8. Time windows for each spatial object defining the time frame in which
the spatial object is available. Hence Vi € 0,n + 1 : ¢; and [; respectively
define the earliest and latest times the object index by i is available. These
may be derived from the user’s query or the spatial object’s properties,
e.g. opening closing hours.

9. The minimal duration at each spatial object is given by d;,Vi € 1,n

10. Vi € 0,n and Vj € 1,n+ 1 the time required to travel from the node
indexed by ¢ to the node indexed by j is given by ¢;;. This information is
assumed to be present in the dataset.

We propose two MIP formulations, The second is superior when the number
of roadways is much larger than the number of spatial objects. We discuss the
circumstances in which this occurs when we present the seconds approach.



C.2.1 The first formulation

Next, we present our first formulation of the problem as a MIP. The following
tables list all the notations we used above and the variables the are to be as-
signed values by the MIP solver.

Notations
C={c1,co,.c,Cm} categories to be visited
Ve, € C ey ={kia, kig2,....kin, } | node indexes per category
Vei,c; € CociNej = ¢ categories are disjoint
N=0n+1 indexes to spatial objects, with 0=s, n 4+ 1=t
Viel,n:p; e (0,1) matching probabilities
Ve, € C:imi € (0,1) minimal probability threshold for category i
Q= {(ci,cj)lei,c; € C} order constraints
Vi,j € N ity travel time from i to j
Vie N :d; delay time at node i
Vie N :e; earliest arrival time at node ¢
Vie N :l; latest departure time from node 7

Decision variables
Vi,j € N :x;; €{0,1} | 1 iff path goes from node i to j
Vie N :a; €[0,00) arrival time at node i

The MIP solver finds an assignment to the variables above, which satisfies
the objective and the constraints that follow next. Constructing a route from
the variable assignments is simple. For every x;; that is assigned a value of 1 the
road leading from the spatial object indexed i to the one indexed j should be
included in the route. Selecting roads in such a way will yield a valid route that

satisfies all the constraints of the user query and minimizes the overall travel

time. The az(-m represent the arrival time at the object indexed 4. If the object

is not visited this value will be zero.
Objective: Minimize total travel time
min(ap,+1 — ag)
Linear constraints:

(1) Must leave any node we enter (except s and t)
Vjem:Zmij—ijk:O
i€ln kel,n

(2) Source/target do not have incoming/outgoing edges

Z xi0 =0, Z Tpt1,j =0

iEN JEN
(3) Do not allow visiting a node more than once

VjEN:ZIijS1
ieN



(4) Make sure all categories are visited
VCGCZZ Z Ty > 1
i€c jeEN/c

(5) Make sure minimal probability threshold is enforced for each category.
Here we assume that p; € (0,1) holds for each p; € P. This is a reasonable
assumption since we can filter out any node with a probability of 0, and we
assume the probability for any node can be close to but never actually 1 (this
can be done by reducing a small positive ¢).

Ve, e C i1 — H(l —pi)ZJGN i >
1€C
To make constraint 4 linear we proceed as follows:
Ve, € C: H(l 7])7;)2-761\[1” <1-—7
icc
lg(1— pil)zjeN T lg(1 - Pi., )ZJ'EN Tl < log(1 — 73,)

lg(1 = pi,) Z Tiyj+ o+ lg(L—pi ) Z x5 < log(1 — 1)
jEN JEN
Vee C: Z Z lg(1 —pi)zi; < log(l —13)
i€c jEN
(6) Valid arrival times at each node
VieN:a; > x;-e,0; < (ll*dl)IZ
(7) Coherent visiting time at each node
Viel,n+1: a; > Z(al +d; + tl-j)xij
iEN

To make constraint 6 linear we define a large constant value M and rewrite it
as follows:

Vie N,Vj e Ln+1:q Zai+di+tij—M'(1—$ij)
(8) Presence of order constraints

Y(e,cr) €Q:Vieq,VjEe o < ay

C.2.2 A better formulation

Note that the spatial objects present in our dataset are not the same as nodes
that can be found in a standard digital map. A node in a standard digital map
represents an intersection of multiple roadways, e.g. it has no meaning in terms
of matching search terms in user subqueries. Since our dataset contains only
nodes that represent entities that can match search terms of a query (i.e. not
intersections), a roadway between them does not exist. As a result, there is no



direct information about the amount of time ¢;; required for traveling from the
object indexed i to the object indexed j. The best way to determine ¢;; for each
pair of spatial entities is to compute them offline, in advance. As a result, the
number of ¢;;’s pairs will be in the order of n?, as there are n objects in the
dataset. The problem with our first approach is that the number of decisions
and constraints is, thus, proportional to n?. This significantly impacts the run-
ning time required for a MIP or LP solver to find a solution. To improve the
efficiency of our approach we introduce a new scalar K which represents the
expected number of objects in the route, and reformulate the model so that it
will include less variables and constraints.

New decision variables

VieO,n+1,Vkel K : 2P € {0,1} | 1 iff path goes via node 7 as its k’th node

)

VieO,n+1,Vkel K : o® ¢ [0,00) | arrival time at node 4 as the k’th node

i

Here, we also use a MIP solver to find an assignment to the variables above
in order to satisfy the objective and the constraints that we present next. To
construct a route from the value assignments to the variables above, for every

ﬂcgk) that is assigned a value of 1, the spatial object indexed i is selected as the

kth waypoint of the route. The agk) represents the arrival time at the object

that is indexed 7 and is visited as waypoint k. If the object is not visited as
waypoint k, this value will be zero.

Objective: Minimize total travel time

K
min (Z aiﬁil — oz(()l))
k=2

Linear constraints:

(1) Path starts at the source s
xél) =1
(2) No node exists directly after the target ¢
Vieln: m,(fll : wEkH) =0
To make this equation linear we rewrite it as follows
5351’21 + wz('Hl) <1

(3) The number of nodes visited at step k equals to the number of nodes
visited at step k + 1 (excluding the target t)

VhETR: Y ol = 3 okt

i€0,n JEN
(4) Do not visit more than a single node at each step

Vee LK : Y oM <1
i€EN



(5) Visit every category at least once
Vee C: Z Zﬂcik) >1
kel, K i€c

(6) Enforce a minimal probability threshold. Similar to step 5 in the previous
formulation, after linearization we get:

Ve e C: Z Zlg(l —pi)mz(-k) <log(l—m)
kel i€e
(7) Valid arrival times at each node

Vie NNVkel,K : agk) Z:cgk) -e;

Vie NVke K : ol <2 (1, - dy)

i

(8) Coherent arrival times
VEel,K,Vjeln+1:

Oéj('k+1) > Z(Oégk) +di +t;5) - Jigk) : x;k_H)
i€EN

To linearize this equation we proceed as follows:

a§k+1) > :r§-k+1) Z(agk) +di +tiz) - xz('k) =

iEN
= ,]j;-k+1) |:Z Clik) + Z(dz + t”)l‘gk):| —
ieN iEN
o > 3"l £ 3 (di 4 tig)al - M- (1 2Y)
i€eN i€EN

We can set the value of M foreach constraint as

M=1+ maxieN(di + t”) + sup (a(k))

K2

(k)

we can estimate sup (ai ) by summing up the k£ — 1 largest edges where only

one of them has the source s as its left hand side and none of the edges has the
target ¢ in either of its sides.
(9) Presence of order constraints

V(e er) €Q:Vi €, Vj€Ece,:
> e ¥ o
kel,K kel, K

The problem with our final equation introduces |¢;|-|¢,| new constraints for each
ordering. This number can be rather large. The following observations allow us
to rewrite this equation using less constrains:

V(e er) € QVE € 1,K ¢



k

y
Sl =121 -T2 > a

1€Cy k=1j€c;

After linearization we get (by extracting the logarithm using similar steps as
shown before):

Zx(k)_lﬁzz g(1—pj))—lg(l—gq) <0

i€Cn k=1j€c;

We can now express this as a simple linear equation

V(e er) € QVE €1,K :

ZZ 1_p]))—lg(1—ql)—]\/[.<1_Zx£k’)><O

k=1j€c; i€cr

We now set m = —2lg(1 — ¢;) and get the following constraint:

ZZ g(1=p;)) —lg(1—q)+2lg(1 —q)- (1—296(“)@

k=1j€c; 1€Cr

ZZ g(l—pj)+lg(l—q)—20g(1—q)- Zx(k><()

k=1j€c i€cy

C.2.3 Validity

To confirm the validity of this approach we implemented it using the Microsoft
Solver Foundation Express Edition Framework '. We generated a few datasets
containing less than 10 spatial objects with time windows specified for each of
them and added roadways with time values to connect every pair of objects.
We then issued multiple queries with different start and end locations and a set
of categories to visit. We ran an algorithm that formulated the problem as pro-
posed in our second approach and ran a MIP solver provided by the framework.
We confirmed that in every case the algorithm found the fastest route, i.e. the
route with the shortest travel time, that satisfies all the constraints.

C.2.4 Changing traffic conditions

We intend to further develop our formulation in order to deal with changes in
traffic. In the original setting, ¢;; is constant. The MIP can easily deal with
ti;s that are themselves linear functions. Let S;;(t) denote a set of samples that
correspond to the time it takes to travel from the object indexed by 7 to the
object indexed by j, given that the arrival time at the object indexed i was t.
Let T;;(t) be some function, of all the samples, which yields an estimation of
the time required to travel from the object index ¢ to that indexed j, where ¢

Lhttp://code.msdn.microsoft.com /solverfoundation



is the arrival time at object i. Given a route that satisfies the user’s query and
contains an object indexed 4, let BL(i) and BH (i) denote the earliest and latest
times, respectively, by which a user can arrive at or depart from the object
indexed . An approach we intend to examine is of approximating 7" (¢) within
the time window [BL(i), BH(i)] by the linear function 7"ij(t).



