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ABSTRACT
We propose a method of searching for geographic entities in an
unknown place with a query by example in a known place. Ge-
ographic entity searches are installed in many Web sites such as
those for shopping and restaurants. Most of the sites hold clas-
sic attribute-based or keyword-based interfaces for entity retrieval;
however, specifying each attribute users want is time-consuming,
and keywords are not effective for representing users’ complex in-
tentions. The proposed query by example method in a map inter-
face allows users to intuitively query by selecting entities in places
they know well. The most similar entities to an input are returned
based on the similarity varying with individuals. Our proposed
method is robust for estimating the similarity using not only se-
lected examples, but alsoimplicit negative feedback, which is pre-
dicted by how the user selects examples as a query in the map inter-
face. Experimental results proved the effectiveness of our method,
and the performance exceeded that of a previously proposed method.

Categories and Subject Descriptors
H.3.3 [Information Systems]: Information Storage and Retrieval—
Information Search and Retrieval

General Terms
Algorithms, Experimentation
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Geographic entity search, similarity, implicit negative feedback
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1.1 Background
A large amount of geographic entity data, such as shops, ho-

tels and landmarks, are available on the Web. Geographic infor-
mation in distant places is useful particularly for visitors that have
never been there. Geographic entity search has recently received
much attention from several Web services.GourNavi[4], which is
a Japanese restaurant Web guide, stores over 500 thousand restau-
rants, and Booking.com [2] is an online hotel reservation site with
more than 70 thousand hotels listed. Some commercial search en-
gines [3, 5, 1] provide map interfaces for searching geographic
entities written on private and commercial Web pages. More ge-
ographic entities are being uploaded on the Web, making it more
difficult to retrieve desired information for users, even in a small
area. Thus, retrieval systems for geographic entities have become
more important.

Geographic entities in commercial sites are often searched for by
a keyword query, however, keywords are not effective for represent-
ing users’ complex intentions. For example, suppose that a person
wants to find “a Japanese restaurant servingsushifor around $40 in
the warm atmosphere, and near Tokyo station,” and inputs a query
“sushi AND $40 AND Tokyo station” to a search system. Although
several results matching the query would be returned, the user may
find only a few entities relevant to his/her intention in the search re-
sults. A keyword query search does not take into account the rele-
vance of attributes such as budget. Also, a non-verbalized intention
is naturally ignored. Users often fail to convey their ambiguous
or subtle intentions in keyword search systems, e.g., a somewhat
high-class Asian-style restaurant that is in the warm atmosphere.

On the other hand, attribute-based search, where a user can spec-
ify desired attributes, can take into account the relevance of at-
tributes. However, as geographic entities have many attributes,
such as price and equipment, it takes a long time to input several
kinds of attributes and requires users to express concrete values
for retrieval. Time-consuming searches would not be acceptable
for users away from home, and it is rare that search intentions are
clearly fixed and easily represented.

These two approaches can be regarded asdeductive, where an in-
put query is a prior condition, and relevant entities are judged based
on that condition [7]. In a deductive search, users are required to
translate their search intentions into concrete words or values. For
a visitor in a place he/she does not know, however, it is difficult



Figure 1: Query by example interface for geographic entity
retrieval. Users can click and select entities relevant to their
search intentions on source map (left). When search button is
clicked, entities on target map (right) are ranked and returned
based on ones selected as query in source map. Search results
are shown below maps.

for him/her to determine a condition that meets her/his needs for
finding information. This is because it is assumed that a visitor has
little knowledge about the place. For a restaurant search, a user
may find it difficult to input a deductive query without knowledge
as to what kinds of food are popular and the average cost.

1.2 Proposed Method
We use, aninductiveapproach for geographic entity search, a

query by example paradigm. Many studies on query by example
have been done in multimedia retrieval (often calledcontent-based
retrieval) [29, 24, 10]. Query by example is a search based on given
examples as a query. Given multiple cases relevant to a search in-
tention, information matching these examples is searched, which
can be considered asinductive. The advantage of an inductive
query is that users do not need to express their search intentions
explicitly, but only choose examples they think to be relevant in a
well-known domain. Selecting examples conveys plenty of infor-
mation about users’ needs, and multiple selections of examples is
also an important clue in recognizing intentions that cannot be put
into words.

For geographic entity search, the query by example paradigm is
naturally suitable. Figure 1 shows the query by example interface
we developed for geographic entity retrieval. The interface presents
two maps: one is a known place to the user, e.g., a hometown, and
the other is an unknown place containing entities to be retrieved.
They are calledsource mapand target map, respectively. Users
can select which area is shown for both maps, and which entities in
the source map are relevant to their search intentions. The method
is used to rank entities in the target map based on entities selected
as a query in the source map.

Query by example for geographic entity search enables users to
use analogies, which have already been adopted for a search in our
previous work [15]. Even if a user does not have any knowledge
about a place where he/she wants to find information, he/she can
make a query by imagining what entities would be relevant if in
a familiar place. Examples cannot be chosen, such as relevance
feedback in the target map, because of the lack of knowledge about
the place. Our proposed method overcomes the problem by recom-

mending users to use well-known examples in a familiar place as
a query. We assume that users have enough knowledge on at least
one place such as a hometown or a favorite area.

1.3 Problems
To rank entities based on an input query, the similarity between

entities should be defined. There are mainly two problems in mea-
suring similarity.

1. The notion of similarity can vary for different contexts.

2. Accurately measuring similarity between entities in different
domains.

First, similarity judgment depends on users and even on their
contexts as shown in a psychological study [26]. In other words,
the rule of similarity measurement is variable, and changes for
each user, query, and context. For example, similarity between two
restaurants, one French for a $40 meal, and another Japanese for
a $40 meal, can be either high or low by focusing on the prices or
the styles. Attributes that are focused on vary for users. For ex-
ample, people who are concerned about budget would emphasize
price similarity, and ones that favor healthy food may judge the
similarity only on styles. Context also affects the selection of im-
portant attributes, e.g., in a situation that a user feels very cold and
wants to eat something hot, Korean and Chinese restaurants may
be regarded as almost the same. Thus, thisvariability should be
included in the query by example model to correctly measure the
similarity between two entities.

The second problem is measuring similarity between entities in
different domains, i.e., a known domain and an unknown domain. It
is not adequate to calculate similarity between very different types
of entities directly. For example, accurately calculating similarity
between restaurants in Japan and China is difficult. There is a large
gap between price range, popular food and styles, and scales of dis-
tance. The differences raise the following questions: how similar
is 1,000 yen and 10 renminbi, and whether 5 km in Japan and 5 km
in China are sensuously the same. Even in a little distant places,
such as Tokyo and Kyoto, this problem makes it difficult to accu-
rately measure similarity.Inter-domain mapping is required for
bridging the gap between different domains, which relates features
in one domain to ones in another domain. For example, we need to
find what corresponds to 1,000 yen in China, and then measure the
similarity between entities in Japan and China.

In this paper, we tackle the first problem, the variability of en-
tity similarity in query by example search. To predict similarity,
we followed the MindReader model proposed by Ishikawa et al.
[14], adjusted the model to our method for measuring similarity
between geographic entities, and improved it by using features of
geographic entity selection. We evaluated the effectiveness of our
proposed method using a test set created by volunteers, and clari-
fied its effectiveness by comparing it with MindReader and another
baseline method.

The remainder of this paper proceeds as follows: Section 2 sum-
marizes related work on geographic and content-based search. Sec-
tion 3 introduces a model of query by example for geographic entity
search, and our method for predicting the user’s notion of similar-
ity is proposed in Section 4. Section 5 shows our implementation
of a restaurant search using GourNavi data, presents our evaluation
of our method, and discusses the results. Section 7 presents the
conclusion.

2. RELATED WORK



2.1 Geographic Search
Markowetz et al. [19, 12] developed a geographic search en-

gine, which constrains and orders Web search results, by focusing
a query on a particular region. Lieberman et al. [18] developed
STEWARD, which also retrieves Web documents referencing in-
put regions, and visualizes locations the documents refer to. These
geographic search systems crawl and index Web pages, as well
as process them to be associated with one or multiple locations.
The process is calledgeo coding, and extracting and disambiguat-
ing geographic references are essential techniques in geographic
search [20, 6]. McCurley [20] described various geographic indi-
cators such as zip codes, addresses, and telephone numbers. He
showed an application of the geo coding, spatial Web browsing,
that allows users to select documents allocated in a map for brows-
ing. Hiramoto and Sumiya [13] proposed a method for automat-
ically retrieving Web pages by users’ operation in a digital map.
They predict users’ intentions from operation sequences containing
zooming-in and panning, and create a query for document retrieval.
Recently, Web document retrievals related to a specific region have
received much attention in geographic research. Methods of effi-
cient indexing and retrieving geographic entities by spatial queries
have been studied in the information retrieval communities [17].
However, we believe that a large amount of geographic entities on
the Web require a more intuitive query beyond spatial or keyword
queries.

2.2 Content-based Retrieval
Query by example (or content-based retrieval) has been used in

many information retrieval research areas, such as image, music,
and geographic search [29, 24, 10, 11]. The Multimedia Analysis
and Retrieval System (MARS) [22, 23] is an image search system
developed by Rui et al. and has a relevance feedback system, which
takes into account the variability of users’ notion of similarity by
calculating the variance of each feature dimension of selected pos-
itive examples. Ishikawa et al. proposed a theoretical method for
predicting which attributes are important, as well as which corre-
lations of attributes are important in the user’s notion of similarity
(MindReader [14].) Ashwin et al. [8] indicated that if only positive
examples are used for similarity prediction, such as with MARS
and MindReader, items close to non-relevant ones continue to be
retrieved. They proposed a robust technique for incorporating non-
relevant items to determine the feasible search region. A decision
surface is determined so as to split the attribute space into relevant
and non-relevant regions. The differences between our method and
the two by Ishikawa et al. and Ashwin et al are discussed in Section
4.2.

Nakajima et al. proposed a relative query for image search [21],
which is similar to the query by example method we propose. A rel-
ative query consists of selected examples in a domain users know
well to search for information in an unknown domain. They calcu-
late the similarity between input queries and data to be found using
therelativenessin a well-known domain. The relative query uses a
novel feature, the relativeness of selected examples in a set of ex-
amples; however, it does not focus on the similarity varying with
individuals.

3. MODEL
A query by example model for geographic entity search is pre-

sented in this section. We first define data representation for geo-
graphic entities. Second, we discuss a search model for our pro-
posed query by example following the definition of information re-
trieval.

3.1 Data Representation
Geographic entities have several attributes, including position,

and each attribute value is represented as a point in k-dimensional
space.

Entity schemaR is defined by a set of attributes

R = {a1, a2, . . . , aM ,pos}, (1)

whereai is an attribute, such as names and descriptions, andpos
is a position represented by latitude and longitude and differenti-
ates itself from ordinary entities. Entity schemaR is pre-defined
for each class of geographic entities, e.g., restaurants, hotels, and
landmarks.

An entitye for an entity schemaR is a point inN -dimensional
space.

e = (ea1 , ea2 , . . . , eaM , epos) , (2)

whereN =
∑M

i=1 ni + npos, andni is the number of dimensions
for ei, which is an attribute value forai. ei can represent a scalar,
such as budget for restaurants, or descriptions as a term frequency-
inverse document frequency (tf-idf) vector.epos is a position vector
containing latitude and longitude, and the number of dimension is
npos = 2.

3.2 Search Model
Query by example for geographic entity search enables users to

select examples in a known place, and retrieves and ranks entities in
an unknown place based on their similarity. Users can also choose
the known place and the unknown one, which is calledsource do-
mainEs, andtarget domainEt.

The two domains are subsets of all the entitiesE:

Es ⊂ E, Et ⊂ E, (3)

They are generallyEs ∩ Et = ϕ, that is, the source and target
domains are coprime because the conceptsknownandunknownare
also coprime.

From the source domainEs, users can select a subset as a query
to search for entities in the target domainEt. Consequently, a set
of queriesQ, and dataD to be retrieved in query by example for
geographic entity search are defined as follows:

Q = P(Es), D = Et, (4)

whereP(x) is a power set ofx.
To follow the definition of information retrieval, queriesQ and

dataD, and also a functionRank are to be defined.Rank is a
function from queriesQ and dataD to real numberR, i.e.,Rank :
Q×D → R.

The function determines results to be retrieved and their ranks
for a query. Query by example for geographic entity search ranks
entities based on the similarity between a queryQi ⊂ Q and data.
Accordingly, we should consider the similarity asRank(Qi,dj)
for datadj ∈ D. The similarity can be regarded as an inverted
distance between them, and it is more convenient to compare our
method with MindReader. Thus, the ranking function is defined as:

Rank(Qi,dj) = exp (−dist(Qi,dj)) . (5)

The termdist(Qi,dj) is the distance between selected entitiesQi

and datadj . The formexp(−x) just takes an inverse of the dis-
tance, and it normalizes the inverse distance into[0, 1].



Table 1: Symbol usage.

Symbol Definition

E all entities.

Es source domain (a subset ofE.)

Et target domain (a subset ofE.)

Q queries that are all the subsets ofEs.

Qi a query that is an element ofQ (a set of entities.)

D entities to be retrieved (= Et).

e an entity inE.

N the number of dimension of an entitye.

qk an entity inQi.

gk a goodness value forqk (0/1 or multi-level.)

dj an entity inD.

Rank() a ranking function (Q×D → R.)

m an ideal query point (aN -d vector.)

W aN ×N matrix that gives a distance function.

dist() a distance function (P(E)×E → R.)

4. PREDICTION OF USER’S NOTION OF
SIMILARITY

We have obtained a search model of query by example for ge-
ographic entity search. Next, thevariable distance function used
in the search model should be discussed, which is a main contri-
bution of this research. We present the variable distance function
proposed in MindReader, reveal the limitation of the method, and
propose an adaptation to geographic entity search. The symbols we
use are listed in Table 1.

4.1 Formulation of MindReader
Generally, The Euclidean distance between two points is defined

asdist(x,y) =
√

(x− y)T (x− y), and equals(x−y)T I(x−y)
(root is omitted for convenience). By replacing the unit matrix with
a diagonal matrixD, it becomes a weighted Euclidean distance
(x−y)TD(x−y), i.e., where the differences in important dimen-
sions are weighted more and ones of meaningless dimensions less.
The weighted Euclidean distance can take account of the impor-
tance for each dimension or attribute. For example, price distance
is important for a user, and style distance for another. In addition,
using a symmetric matrixW instead of the diagonal matrix, the
distance function becomes able to capture the correlation of impor-
tance for each dimension, e.g., both expensive and Japanese style
restaurants are desirable. The symmetric matrix determines the dis-
tance function, and prediction of a user’s notion of similarity leads
to prediction of matrixW.

In MindReader, the distance function between a queryQi and
datadj is

dist(Qi,dj) = (dj −m)TW(dj −m), (6)

where it is assumed that a user has anideal querym and an ex-
pected distance corresponding to a symmetric matrixW in mind,
and the problem is to predictm andW from the given set of ex-
amplesQi. Figure 2 illustrates this problem. The black circles
are selected and given examples, and the problem is to estimate an
ideal bound to retrieve relevant data, represented as white circles.

The basic idea of the prediction is to minimize the distance be-

Selected

Relevant

Non-relevant

Ideal query point

Figure 2: Prediction of user’s notion of similarity by selected
examples. Ideal bound is illustrated as dotted line, which is
determined by matrix W in Equation 6.

tween selected examplesQi and the ideal querym. If a user had
an ideal query and an ideal distance, examples selected by the user
would be similar to the ideal query based on the distance. In Fig-
ure 2, the ideal query is represented as the star and is located at
the center of the ideal bounds. According to the assumption, the
prediction of the ideal querym and the matrix of the ideal distance
W is formulated as a minimization problem

min
m,W

∑
qk∈Qi

gk(qk −m)TW(qk −m), (7)

subject to the constrain

det(W) = 1, (8)

wheredet(W) is the determinant of the matrixW (this constraint
is not essential, but uniquely determines the matrix). The scalargk
is a goodness value for selected examples, and the default value is
1 (it can be multi-level).

The problem was solved theoretically. The ideal vectorm equals
an average of selected examples (weighted bygk), and the matrix
of the ideal distance is proportional to an inverse covariance matrix
(weighted bygk.)

In addition, using MindReader proved that a method used for
weighting dimensions in MARS [22] is a special case of Equation
6, where matrixW is a diagonal matrix and the goodness value
gk = 1. A matrix for weighting each dimension in MARS is com-
puted as the inverse of the variance of each feature among all rele-
vant examples, that is,wii =

1
σ2
i

.

4.2 Our Approach
A theoretical solution to the prediction of users’ notions of sim-

ilarity was given by Ishikawa et al. However, it cannot be applied
directly to our distance function because there are two fundamental
problems.

1. MindReader does not work well if only one or a few exam-
ples are given.

2. For entities, some attributes have ordinary weights for a dis-
tance measure, unlike image features.



Table 2: Categorization of Known and Unknown, Positive and
Negative examples. Known and Negative examples areimplicit
negative examples.

Known Unknown
Positive Selected Not Selected
Negative Not Selected Not Selected

First, it is generally difficult to predict which attributes are im-
portant for a user inputting few examples. However, the number of
input elements, such as keywords for a search task, is too small. For
content-based search in particular, or query by example, it cannot
be assumed that many examples are selected as a query because
of the difficulty of inputting them. At least, a robust method for
predicting users’ notions of similarity is required, and should work
even for only one example.

Second, there is a common, or standard similarity for entities
such as people and restaurants. For example, restaurants for $100
and for $10 meals that share other attributes in common should
not be similar, and restaurants with different names but sharing the
same features should be similar. It can be easily accepted that we
have a standard similarity for each entity, and a similarity far from
the standard cannot be acceptable to users. However, the previously
proposed method ignores the standard similarity, especially when
there are not enough examples given.

Therefore, we propose an improvement and an adaptation of the
previously proposed method for geographic search. The basic ideas
for solving the problems mentioned above are

1. Implicit negative examplesin a selection of geographic enti-
ties are used to support prediction of users’ notions of simi-
larity.

2. A similarity far from the pre-defined standard similarity is
given a penalty.

In the following sections, the proposed two approaches are ex-
plained.

4.2.1 Implicit Negative Examples
The main problem of predicting users’ notions of similarity is

the small number of inputs by users. Therefore, we assume implicit
negative examples, which are not explicitly selected as negative ex-
amples, but are assumed to be irrelevant to users’ needs from their
behavior. Additional inputs, not only selected positive examples,
but implicit negative examples make the prediction more robust.

In query by example for geographic entity search, users select
only positive examples to search for entities in a map. Non-selected
examples are categorized into two types, examples unknown to the
users or known negative ones, as summarized in Table 2. Naturally,
users select known and positive examples, and the others are not.
It is impossible to use unknown examples to predict users’ notions
of similarity because even users do not know whether they are rel-
evant. Implicit negative examples are exactly the known and nega-
tive examples that are not selected because they are not relevant to
users’ intentions.

Particularly for geographic entity search, implicit negative exam-
ples are predictable. Examples are shown in Figure 3. The black
circles are selected examples as a query, and they are obviously
known and positive examples. The white circles and crosses are
unknown examples, and they are ignored in this discussion. The
goal is to find known and negative examples that are not selected.

Known and Positive

Known and Negative

Unknown and Positive

Unknown and Negative

Figure 3: Implicit Negative Examples

Known and Positive

Known and Negative

Unknown and Positive

(Regarded as Negative)

Figure 4: Prediction of Known Examples. Dark shade means
high probability, and light means low.

Therefore, we propose a simple assumption on selection of positive
examples in a query by example system.

ASSUMPTION 1. Examples geographically close to selected pos-
itive examples are not selected intentionally despite the fact that
they are known, that is, they are implicit negative examples.

Near the selected positive examples in Figure 3, there are few
positive examples because such known and positive examples must
have been selected, and examples around known examples (in this
case, the selected positive examples) may be known. This assump-
tion highly depends on the input system, and is also strongly re-
lated to the area of a known place, which is a characteristic feature
of a geographic entity. It is rare that only one geographic entity is
known in a well known place, but some of the entities are known
in that area. In addition, in selecting examples, positive examples
close to selected examples may not be missed since positive ones
are recognized at that time. (Note that this case is not general,
but specific to our proposed method.) Although this assumption
seems to be specific to geographic entities, the idea of implicit feed-
back has been widely used and evaluated in information retrieval
research [16, 28].

Therefore, we have to calculate at what probability non-selected
examples are implicit negative examples. Intuitively, examples closer
to selected examples are known at higher probability. Thus, 2-D
Gaussian mixture models are used to predict a range of known
examples. Given a set of positive examplesQi, the probability



P (e|Qi) that an examplee is known is defined simply as the fol-
lowing.

P (e|Qi) =
∑

qk∈Qi

gk
Ng

N (epos|qk,pos,Σ), (9)

whereNg =
∑

qk∈Qi
gk, a sum ofgk, which is a goodness value

for a selected exampleqk. 2-D vectorsepos andqk,pos are posi-
tions containing latitude and longitude. The probabilityP (e|Qi)
is a mixture of Gaussian distributions with a fixed variance whose
means are positions of selected examples, and each Gaussian is
weighted by the goodness value for a selected example. It is ob-
viously proven thatP (e|Qi) is a probability sincegk/Ng is also
a probability. Figure 4 shows the probability of known examples.
The dark shade means high probability. In this example, an un-
known and positive example is also regarded as a negative one at
a low probability. However, if the assumption was reasonable, the
benefit of the gain of inputs would have cancel the missed predic-
tion.

Next, Equation 7 must be adapted for the obtained negative ex-
amples. The easiest way to use negative examples is to replace the
goodness valuegk with the probability−P (e|Qi) for non-selected
examples. Unfortunately, a negative goodness value does not work
well with MindReader, and negative examples were not discussed
well in the research. For an example of data with one dimension,
suppose that a user selects 0.9, 1, and 1.1 as a positive example, and
100 as a negative example for retrieving data close to 1. Accord-
ing to Equation 7, the ideal vectorm (scalar in this case) would
be much less than 1 sincem is the average of 0.9, 1, 1.1, and 100
weighted by their goodness values. Using this ideal vector, much
lower values would be retrieved at the top. In addition, a negative
distance can be allowed by using a negative goodness value.

As mentioned in Section 2.2, Ashwin et al. [8] proposed a method
for estimating a decision surface using negative examples. How-
ever, in our proposed method and also content-based retrieval, neg-
ative examples are not given explicitly. Thus, such a method for
clearly splitting positive and negative examples is not acceptable
for implicit negative examples.

Therefore, we modify Equation 7 for negative examples, and a
new minimization problem is

min
W

∑
ek∈Es

vk(ek −m)TW(ek −m) (10)

subject to the constraint,

∥W∥ = 1, wij ≥ 0, (11)

wherewij is ani-j element of matrixW, vk is a goodness value
for selected examples, and a negative probability with a parameter
α for non-selected examples,

vk =

{
gk ek ∈ Qi

−αP (e|Qi) else
(12)

(13)

andm is an average ofQi (weighted bygk,)

m =
1

Ng

∑
qk∈Qi

gkqk. (14)

The major modifications can be seen in the range of summation,
the ideal vector, and the constraint for matrixW. First, we take a

sum for all the examples including non-selected examples with neg-
ative values−αP (e|Qi), and parameterα depends on the number
of examples. Second, the ideal vector is fixed to the average of se-
lected examples, which is no longer a variable in the minimization,
but the same as in MindReader. Finally, a little-changed constraint
is given to prevent a negative distance function and excess values
in matrixW (this constraint is not yet essential.)

4.2.2 Penalty for Over-fitting Distance Function
So far, attributes of entities are treated equally; however, in judg-

ing the distance between entities, some attributes are important,
whereas others are meaningless, unlike image features. Thus, we
pre-define a standard distance, and an extraordinary distance ob-
tained with the prediction is given a penalty. This kind of penalty
can be seen in machine learning to prevent an over-fitting of param-
eters.

LettingŴ be a matrix for a standard distance, we finally obtain
a formalization of the prediction of users’ notions of similarity.

min
W

∑
ek∈Es

vk(ek −m)TW(ek −m) +
ρ

2
∥W − Ŵ∥2 (15)

subject to Equation 11. The term∥W − Ŵ∥2 is a penalty for
distance matrixW far from the standard̂W, and the penalty makes
the distance matrix close to the standard.

Finally, we have an optimal distance matrixW∗, and the ranking
function for a queryQi and datadj (Equation 5) reduces to

Rank(Qi,dj) = exp (−dist(Qi,dj))

= exp
(
−(dj −m)TW∗(dj −m)

)
.(16)

The decision to use certain parameters, i.e.,Σ for a covariance
matrix of 2-D Gaussian distribution,α for a weight of implicit neg-
ative examples, andρ for a weight of a penalty is discussed in Sec-
tion 5. We explain how to make the standard distance matrixŴ,
and how to solve the optimization problem (Equation 15) under the
constraint (Equation 11) in Section 5.2.

5. EXPERIMENT
This section first describes our implementation of our query by

example method for geographic entity search and explains the solu-
tion of the distance matrix discussed in Section 4. We then discuss
the set up of a test set for our experiment, present metrics we used
and baseline methods, and show the experimental results.

5.1 Implementation
We developed an implementation of our proposed query by ex-

ample method for geographic entity search. The geographic entities
we used were obtained from GourNavi, which is a service for in-
troducing Japanese restaurants. A map interface was implemented
with Google Maps API1, which allows users to select examples in
a known area to search for restaurants in an unknown area.

Restaurant entities were obtained through the GourNavi Web
service2. The number of retrieved entities was 46,945, and were
stored and indexed by latitude and longitude. Table 3 lists exam-
ples of available attributes for restaurants in GourNavi.

There are various types of attributes, text, float, integer, and set;
however, some attributes are insignificant for entity similarity. We
1http://www.google.com/apis/maps/
2http://api.gnavi.co.jp/



Table 3: Examples of attributes for restaurants in GourNavi
Attribute name Type Example of value

name Text Japanese bar:Sushi
latitude Float 35.025764

longitude Float 135.78125
category Text Japanese sushi bar

url Text http://sushi.jp/
address Text Yoshida, Sakyo, Kyoto, Japan

open time Time 17:00
holiday Day Wed

introduction Text Various kinds of Japanese food.
category label Set {bar, sushi, Japanese food}

budget Integer $30
equipment Set {private room, car park}

only used five attributes for measuring similarity between entities,
names, categories, category labels, introductions, and budgets.

The standard tf-idf method was used for a text attribute value.
tfij is the number of theith term in jth text, dfi is the number
of texts including theith term, andidfi = log(L/dfi). L is the
number of the all the texts. Generally, the similarity between doc-
uments is defined as the cosine of two document vectors, that is,
cos(v,u) = ⟨v,u⟩/∥v∥∥u∥, wherev andu are vectors consist-
ing of the products oftfij andidfi. The Euclidean distance was
used in the proposed distance function instead of the cosine simi-
larity, and the Euclidean distance does now work well for measur-
ing the similarity in high dimensional space such as a document
similarity [25]. However, by normalizing the vectorsv andu into
1, the squared Euclidean distance equals2 − 2 cos(v,u), and is
monotonically decreasing for the cosine. Therefore, the Euclidean
distance of normalized vectors is almost equivalent to the cosine
for our use.

For set attributes, the attribute values have a set of elements, as
can be seen in the attributecategory labelin Table 3. The bag of
elements can be treated as a bag of words for the representation of
documents. In this implementation, set attributes were considered
as text ones, and their distances were calculated.

These attribute values are very sparse and are represented as
points in a high dimensional space. For example, 27,212 dimen-
sions are allocated for text attribute values (the number of unique
terms in the name, category, and introduction,) and 158 for cat-
egory labels. Many attributes require many parameters, and it is
difficult to suitably estimate a large number of parameters because
of few input examples. Thus, we applylatent semantic analysis
to compress their dimensions into 50 for text and 20 for category
labels.

The budget attribute was normalized so that the maximum dis-
tance is 2, which is the same as the others. The schema isR =
{text, category_label,budget, pos} as defined in Section 3, and
the number of dimensions for an entity is50 + 20 + 1 + 2 = 73
(the position is ignored for calculating similarity.)

5.2 Estimation of Distance Matrix
The optimization problem (Equation 15) under the constraint

(Equation 11) cannot be solved analytically, but can be dissolved
numerically in the context of semi-definite programming [9]. How-
ever, a large number of parameters in the symmetric matrix for the
distance function requires many calculations, it would be difficult
to return results on-demand. Therefore, the symmetric matrix is
limited to a diagonal matrix to reduce the number of dimensions
and calculations in this implementation. The limitation makes the

0

2

4

6

8

10

12

14

16

1 2 3 4 5 Total

#
 o

f 
se

le
ct

ed
 e

x
a
m

p
le

s

Search intention ID

1

2

3

4

Source map ID

Figure 5: Number of selected examples as query.

optimization problem a convex quadratic programming problem,
and the number of parameters to be estimated is the same as the
dimensions of an entity.

To estimate the distance matrix,̂W must be determined as a
standard distance matrix forW. We manually determined a 5-
scaled distance (1 to 5) for 275 pairs of restaurants, and deter-
mined the standard distance matrix̂W by using support vector
machine (SVM) regression with additional constrained conditions,
i.e.,∥Ŵ∥ = 1, andŵij ≥ 0 (i, j = 1, 2, . . . , N) [27].

5.3 Test Set
Four volunteers manually created a test set for performance eval-

uation. The test set consisted of search intentions, queries, and data
with relevance score. The search intentions, source maps (where
users select examples as a query), and target maps (where exam-
ples are retrieved) are listed in Table 4. Search intention 1 is that
the absolute price is important in calculating similarity, 2 and 3 is
the style and food served, 4 is the relative price, and 5 is that the
combination of food and budget is important. The source and target
maps were selected from major cities in Japan.

The test set was created as follows. We first showed the volun-
teers four source maps; one to each volunteer, asked them to browse
restaurants in the maps for 5 minutes, and to select examples for
each intention as a query for 2 minutes. We obtained five queries
for each map, that is, a total of 20 types of queries. These selection
time limits were set for practical use. Without these time limits, all
the restaurants might have been checked, and all the positive ex-
amples might have been selected as a query, which is not real user
behavior. Figure 5 shows the statistics on the number of selected
examples as a query for each target map and question. 3.4 exam-
ples were selected on average. The goodness values were fixed at 1
for all the selected examples.

Next, the volunteers were divided into two groups, and two tar-
get maps were allocated; one to each group. They were asked
to browse restaurants on the maps for 5 minutes, and to evaluate
restaurants on a 5-point scale for each search intention. Table 4
also lists the average Kappa coefficient for the evaluation, which is
the degree of agreement by two volunteers. The scores are higher
than 0.80, which indicates almost perfect agreement on the evalua-
tion.

Now, we have 20 queries and two data sets to be retrieved. In
our experiment, the combinations, i.e., 40 tests, were tried with
each method described in the next section.

5.4 Settings



Table 4: Search intentions, source maps, and target maps.

Search intentions
ID Content
1 Restaurants for around 1,000 yen.
2 Restaurants serving spicy food.
3 Restaurants serving sea food.
4 Expensive restaurants
5 Restaurants serving special local

foods at modestly high prices

Source maps
ID Area # of entities
1 Tokyo 55
2 Nagoya 55
3 Osaka 59
4 Sapporo 51

Target maps
ID Area # of entities Avg of Kappa
1 Kyoto 49 0.94
2 Kobe 50 0.86
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To validate the effectiveness of our method, baseline methods
were used for comparison. The first baseline was a simple method
with a fixed distance function, which uses the standard matrixŴ
to calculate similarity (Baseline.) The second baseline was Min-
dReader, explained in Section 3 (MindReader.) In this experi-
ment, the distance matrix of MindReader was limited to a diagonal
matrix, and the elements in the matrix were given by inverse vari-
ances (weighted by goodness values). This method cannot work
with only one example given, so a unit matrix was assigned to the
distance matrix, as mentioned by Ishikawa et al. Our proposed
method is represented byProposed.

The metrics we used were mean average precision (MAP) and
normalized discounted cumulative gain (nDCG). The highest grade
of 5 is regarded as relevant for MAP since it is a method for data
with binary relevance.

5.5 Experimental Results
Some parameters were determined by comparing each value be-

fore the main experiment; a covariance matrixΣ for 2-D Gaus-
sian distribution, a weightα for implicit negative examples, and
a weightρ for the penalty. As the two parameters,Σ andα, are
related to each other, the combinations were tried to decide them.
The covariance matrix is a diagonal2× 2 matrix, and proportional
to a unit matrix, i.e.,Σ = σI. This is because a range of a known
area is assumed a circle, not an ellipse.

The results of the preliminary experiment forσ andα are shown
in Figure 6 and 7, which describe nDCG and MAP for the proposed
method. The results withα = 0 represents results of no weight for
implicit negative feedback (illustrated as dotted line,) and the im-
provement by using the implicit negative feedback was confirmed.

The local optimal combination isσ = 5.0 andα = 20.0. How-
ever, the value ofσ is not reasonable for the proposed method of
finding implicit negative feedback. The value5.0 is too large for
the real world, and it gives almost the same values to entities within
1 km square area. It means that all the non-selected examples are
treated as implicit negative examples. Therefore, we confirmed the
effectiveness of implicit negative feedback in the query by exam-
ple method, however, could not verify the validity of the method
for estimating implicit negative feedback. One of the reason why
σ was estimated as so a large value is that almost all of the restau-
rants relevant to given search intentions are selected as a query in
creating the test set. It might cause the large value to be the best for
the parameterσ.

The results of each value for the weightρ is shown in Figure 8
and 9, whereσ = 5.0 andα = 20.0. ρ = 0 represents results of no
weight for the penalty, and the proposed method with enough large
ρ is almost the same as the baseline method. The local optimal
value for the parameterρ is 1.0. The results indicate that neither
a method with only implicit negative feedback, nor one with only
the standard similarity is not effective for estimating user’s notion
of similarity.

The main experimental result is shown in Figure 10 and 11. Our
proposed method got the highest nDCG and MAP scores in the
three methods, whereas MindReader was the worst method in our
experiment. This was because the small number of given examples
made it difficult to predict the similarity adapted to each search
intention. The baseline method got a little lower scores than the
proposed one, and the result supports that the standard similarity is
required for entity similarity.

We could see some characteristics for each search intention. For
the search intention 1, MindReader worked better, and emphasized



0.71

0.715

0.72

0.725

0.73

0.735

0.74

0 2 4 6 8 10 12

n
D
C
G

ρ

Figure 8: nDCG of eachρ for the proposed method.

0.36

0.365

0.37

0.375

0.38

0.385

0.39

0.395

0.4

0.405

0 2 4 6 8 10 12

M
A
P

ρ

Figure 9: MAP of eachρ for the proposed method.

0.55

0.6

0.65

0.7

0.75

0.8

0.85

1 2 3 4 5 Total

n
D

C
G

Search intention ID

Baseline

MindReader

Proposed

Figure 10: nDCG for the proposed method and the baselines.

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

1 2 3 4 5 Total

M
A

P

Search intention ID

Baseline

MindReader

Proposed

Figure 11: MAP for the proposed method and the baselines.

the price similarity. However, for the search intention 4, where the
price similarity should be weighted, MindReader failed to achieve
high scores, but our proposed method could regarded the price as
an important attribute for calculating the similarity. The proposed
method is also robust to a search with relative similarity because of
the following reason. For retrieving expensive restaurants, a user
selects restaurant for relatively high price in a map, and budgets
of the selected restaurants are not always close to each other, for
example, restaurants whose budgets are more than $100. In this
case, the previously proposed method, MindReader neglects the
price similarity since it takes account into only selected examples.
On the contrary, our method makes use of not only selected exam-
ples, but also non-selected examples, and the difference between
selected examples and non-selected ones is used to estimate the
similarity. Thus, in our method, the price similarity is weighted so
as to make the non-selected examples far from selected examples.

For the search intention 2, the standard method and our proposed
method got much higher scores than MindReader. Serving spicy
food is a noticeable feature for restaurants, and the standard simi-
larity performs well for a previously predictable similarity.

6. CONCLUSION
We proposed a method of searching for geographic entities in an

unknown place with a query by example in a known place. The
proposed method enables users to use analogies for finding rele-
vant entities in unfamiliar places. Even if a user does not have any
knowledge about a place where he/she wants to find information,
he/she can make a query by selecting relevant examples in a well
known place. We raised two problems for calculating similarity in
the proposed method; the notion of similarity can vary for differ-
ent contexts, and accurately measuring similarity between entities

in different domains. We tackled the problem of the variability of
similarity with the idea of implicit negative feedback, and improved
previously proposed method using only positive examples. The ex-
perimental result showed the effectiveness of the implicit negative
feedback. However, we could not verify the validity of the method
for predicting implicit negative examples in a map interface.

There are still some problems remaining in the query by exam-
ple method for geographic entity search. We plan to address the
problem of similarity in different domains by findings from a study
of analogy.
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