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ABSTRACT
Keyword search in databases has received a lot of attention
in the database community as it is an effective approach for
querying a database without knowing its underlying schema.
However, keyword search queries often return too many re-
sults. One standard solution is to rank results such that the
“best” results appear first. Still, this approach can sufferfrom
redundancy problem where many high ranking results are in
fact coming from the same part of the database and results in
other parts of the database are missed completely.

In this paper, we propose the BROAD system which allows
users to perform diverse, hierarchical browsing on keyword
search results. Our system partitions the answer trees in the
keyword search results by selectingk diverse representatives
from the trees, separating the answer trees intok groups based
on their similarity to the representatives and then recursively
applying the partitioning for each group. By constructing sum-
marized result for the answer trees in each of thek groups, we
provide a way for users to quickly locate the results that they
desire.

Technically, our solution consists of three components. First,
a new distance metric is used to capture both semantic and
structural dissimilarity between answer trees. Second, based
on this metric, we propose a tree-based algorithm to efficiently
achieve result diversification. Finally, by coupling our parti-
tioning solution with result summarization techniques, weal-
low users to decide which partition to drill down in order to
obtain their intended answers. Extensive experiments were
conducted and the results validate the feasibility and the ef-
ficiency of our system.

1. INTRODUCTION
With increasing amount of textual data being stored in rela-

tional databases, keyword search is well recognized as a con-
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venient and effective approach to retrieve results withoutknow-
ing the underlying schema or learning a query language [3,
16, 17, 14]. The result of keyword query is often modeled as
a compact substructure, such as a tree or graph, which con-
nects keyword tuples to include all the keywords. Potentially,
a user could discover underlying relationships and the seman-
tics based on structural answers.

However, keyword search queries can often return too many
answers. This is because the semantics captured in a key-
word query is limited, and the tuples that keywords are located
in might come from different tables and connect with each
other in many ways. As a result, exploring and understanding
keyword search results can be time consuming and not user-
friendly. To illustrate this, we describe a simple example on
CiteSeerX1 dataset. Figure 1 shows the schema graphGS , in
which nodes are associated with tables and edges indicate for-
eign key references.
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Figure 1: CiteSeerX Schema Graph

EXAMPLE 1. Consider a keyword query on “skyline” and
“rank” over the CiteSeerX dataset. There are78 tuples con-
taining the keyword “skyline”, and729 tuples containing the
keyword “rank”. A snapshot of keyword tuples are presented
in Table 1, and part of the answers related to these tuples are
shown in Figure 2. For clear illustration, we use “a” to denote
an author and “p” to denote a paper. It can be seen that the
relationship between them varies a lot even for fixed keyword
tuples. Presenting and exploring the results of this keyword
query will be difficult.

A typical solution to large number of keyword search results
is to return top-k answers according to relevant score [14]. So-
phisticate ranking strategies have been developed to attempt
to capture the search intention of a user. Without knowing
the schema, however, it is hard for a user to explicitly express
the preference. For instance, the query{skyline, rank} aims
to discover the relationship between them, but it is difficult to
1http://citeseerx.ist.psu.edu/
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Figure 2: Search Result Examples

Table 1: The Snapshot of Keyword Tuples

ID Content Excerpt
kn1 The [Skyline] Operator
kn2 [Skyline] with Presorting
kn3 An Optimal and Progressive Algorithm for [Skyline] Queries
kn4 Merging [Ranks] from Heterogeneous Internet Sources
kn5 Why [Rank]-Based Allocation of Reproductive Trials is Best
kn6 The PageRank Citation [Rank]ing

indicate which keyword is more important or what types of
path connections are meaningful before a user realizes what
can be found in the dataset. Even if it is possible to estimate
users’ preference, the top-k results usually include many over-
lapped answers that are redundant to present. This can be seen
in Example 1 with an extreme case thatT2 andT4 share two
keyword nodes and even an identical answer structure.

Ideally, the results for keyword query would properly ac-
count for the interests of the overall user population [8]. In
view of this, result diversification has been well studied inin-
formation retrieval community [8, 12, 4]. More explicitly,they
try to put documents with broad information and different se-
mantics in the first page of search interface. Consequently,the
search engine improves users’ satisfaction since each userhas
high possibility of efficiently finding interesting documents.
Our aim here is to apply this idea to select diversified answer
trees for keyword search over databases. For instance, we may
chooseT1 andT7 in Figure 2 since they represent different
keyword tuples, and the connection structures are distinctas
well. To make this possible, three new challenges must be
overcome:

(1) Diversity Measurement: Intuitively, result diversification
is a trade-off between having more relevant results of the “cor-
rect” intent and having diverse results in the top positionsfor
a given query [12]. As such, aside from considering the rel-
evance of the answers, we also need to take into account the
pairwise difference between answers. Therefore, our first and
the most important challenge is to define a meaningful mea-
sure between substructures tailored for keyword search in databases.
Various efforts have been made to measure the dissimilarityof
keyword search results [24, 10]. While we will discuss these
papers in detail subsequently, it suffices to point out here that
none of them capture both textual and structural information
when trying to diversify keyword search answers.

(2) Query Answering: Result diversification is a NP hard
problem in nature [12] and is thus expected to be computa-
tionally intensive. Although finding representatives in cluster-
ing problem is a candidate solution, it is imperative to notice
that clustering method also has high computational cost. More
importantly, the diversity quality of the clustering method is
shown low compared with heuristic approaches [11]. Although
we try to divide results intok groups, our objective is to make
the distinction betweenk answers as large as possible.

(3) Result Representation: The ultimate goal of our paper
is to facilitate better search experience and database usability.
Since the original structural answers are complex and not easy
to understand, we need to simplify them in order to let users
quickly perceive the underlying difference between answers.
To achieve this goal, the challenge is to effectively summarize
the distinct features from many keyword search answers.

To overcome these challenges, we develop a novel system
for browsing and diversified keyword searching in databases,
i.e. BROAD (BROAD is an acronym for BROwsing And Di-
versified keyword searching). Our contributions towards di-
versified keyword search in databases are as follows:

• We have devised an effective kernel distance to mea-
sure the diversity of keyword search result. This metric
integrates both the textual difference and the structural
distinction in the answer trees.

• We have developed an efficient algorithm to findk di-
verse keyword query answers based on cover tree in-
dex structure. Unlike the post-processing approach, our
solution seamlessly combines both relevant result dis-
covery and diverse result set selection, allowing us to
dynamically update the search result.

• We have provided a hierarchical browsing interface to
further enhance our system. By coupling our solution
with summarization techniques, we enable users to effi-
ciently locate desired results by drilling down to relevant
answers incrementally.

• We have conducted extensive experiments on two real
datasets to show that our framework is both effective
and efficient.

The rest of the paper is organized as follows. Section 2
defines the problem handled throughout this paper and pro-
poses our new diversity measure. Section 3 introduces the
BROAD system architecture. Section 4 presents the efficient
index based solution, and the browsing interface of diversified
result is described in Section 5. Our extensive experimental
study is reported in Section 6. Section 7 reviews the related
literature on keyword search in databases and result diversifi-
cation. Section 8 concludes the paper.

2. PROBLEM DEFINITION
In this section, we introduce the keyword search model-

ing and describe the diversity problem studied in this paper.
Furthermore, we propose a novel diversity measure to capture
both content and structure information.



2.1 Keyword Search Modeling
We model our database as a graph in this paper. Database

schema is a directed graphGS calledschema graph, in which
nodes represent tables and edges represent foreign key refer-
ences. For two tablesR andS, the edgeR → S indicates
that the foreign key onS refers to the primary key onR. Note
that there may exist multiple edges betweenR andS to repre-
sent multiple foreign key references. Given the schema graph
GS , thedata graph GD consists of nodes representing tuples
and directed edges representing the foreign key referencesbe-
tween tuples. Consider al-keyword queryq {c1, c2, . . . , cl}.
Typically, the result ofq onGD is defined as follows.

DEFINITION 2.1. (Answer tree)
An answer treeT to the keyword queryq is a rooted subtree
of the data graph, satisfying:T contains all the keywords, and
any subtree ofT is not a valid answer tree. Denote the root of
T asnr(T ) and the node set ofT asN(T ).

Generally, without restriction on the size of the answer tree,
we will find a large number of meaningless answer trees due
to long paths between nodes. Instead, we restrict the results to
those trees that have a radius less than or equal tor. Note that
the radius indicates the largest path length between the root
node and leaf nodes. This is a common approach for keyword
search in databases [17, 14].

DEFINITION 2.2. (Res(q, r))
Given keyword queryq and radiusr, the answer treeT is in
the result setRes(q, r) iff the path lengths betweennr(T ) and
all the keyword nodes are less than or equal tor.

2.2 Diversity Problem Definition
We first assume that the dissimilarity between two answer

trees can be measured by a distance functiondist(Ta, Tb) (with
larger distance being more dissimilar). Based on this distance
function, which will be discussed later in this section, we now
formally state the problem of keyword search result diversifi-
cation.

PROBLEM 1. (Keyword Search Diversification)
Given keyword queryq and radiusr, find a set ofk answer
treesS ∈Res(q, r) which maximizemin{dist(Ta, Tb)}where
Ta, Tb ∈ S .

Although there are various approaches to define diversity,
we argue that the max-min diversification we adopted is suit-
able for keyword search in databases. Compared to the thresh-
old based method [27], it avoids the difficulty of providing the
query-dependent diversity threshold. Compared to the max-
sum definition [12], we will find result set with lower vari-
ance, making it easier for user to distinguish between answer
trees. Not surprisingly, the desired objective is NP-hard simi-
lar to the paper [12]. The proof follows a reduction from thek
center problem and we omit it due to the space limitation.

2.3 Kernel Based Diversity Measure
The core of diversity problem is the need to measure the

pairwise dissimilarity between answer trees, i.e.dist(Ta, Tb).
Here, we choose a kernel based method for this purpose and
will explain our choice subsequently.

2.3.1 Answer Tree Kernel
Formally, a kernel function [22] is a function measuring the

similarity of any pair of objects{x, x′} in the input domain
X . It is written asκ(x, x′) = 〈φ(x), φ(x′)〉, in which φ is
a mapping fromX to a feature spaceF . Given a set of ex-
amples{x1, x2, . . . , xm}, the Gram matrix is defined as the
m × m matrix Gκ whose entries areGκ

i,j = κ(xi, xj). A
kernel function is valid if and only if it is symmetric positive
semidefinite, i.e. if any of its Gram matrices are symmetric
positive semidefinite. Readers are referred to the book [22]for
a comprehensive introduction on kernel methods.

To ensure efficient computation of the kernel, we utilize the
subtree kernel [26] as the starting point since it is a linearcom-
plexity kernel for tree structural data. This kernel is extended
from the state-of-the-art convolution kernel [13]. The basic
idea is to express a kernel on a discrete object by a sum of
kernels of their constituent parts. The features of the subtree
kernel are proper subtrees of the input treeT . A proper subtree
fi comprises nodeni along with all of its descendants. Two
proper subtrees are identical if and only if they have the same
tree structure and the corresponding nodes are from the same
table. ConsideringT1 andT7 in Example 1, all of their proper
subtrees are shown in Figure 3. Both answer trees contain four
different proper subtrees, and they share three of them, namely,
f1, f2, f3. The definition of subtree kernel is as follows.
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Figure 3: Kernel Example

DEFINITION 2.3. (Subtree Kernel)
Given two treesTa andTb, the Subtree Kernel is:

κS(Ta, Tb) =
∑

na∈N(Ta)

∑

nb∈N(Tb)

∆(na, nb)

where∆(na, nb) =
∑|F|

i=1 Ii(na)Ii(nb), and whereIi(n)
is an indicator function which determines whether the proper
subtreefi is rooted in noden.

Originally, the subtree kernel is designed to compare only
tree structures without taking node contents into considera-
tion. For example, the kernel scoreκS(T1, T7) = 1 × 2 +
1 × 1 + 1 × 1 = 4 only because they share the substruc-
turesf1, f2, f3. In our case, the comparison between answer
trees need to consider node contents as well. Although the
paper [7] has integrated textual information into the convolu-
tion kernel, their approaches are only suitable for parse tree
in grammar analysis. Our paper is the first attempt to design
a kernel for structural keyword search answers. The idea is
to take∆(n1, n2) as a fuzzy match between proper subtrees.
Since answer trees contain textual information, we could com-
pare the content similarity of two proper subtrees from two
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answer trees that have the same structure. Letfa
i be a proper

subtree inTa andfb
i be a proper subtree inTb that share the

proper subtreefi. We merge the textual content in the nodes
of fa

i andfb
i into da

i anddb
i and refer to them as documents.

Next, we represent each document asv = (w1, w2, . . . , wt)
with each dimension corresponding to a separate term. If a
term occurs in the document, its value in the vector is non-
zero. Applying one of the best known schemes, i.e. TF-IDF
weighting, we obtainκD(da

i , db
i) = 〈va

i , vb
i 〉 whereva

i and
vb

i are the weighted term vectors ofda
i and db

i respectively.
Furthermore, the keyword queryq provides another source of
semantic information. Intuitively,fa

i andfb
i contribute more

to the overall kernel if they share more keywords. Thus, we
introduce a weight settingwab =

√

s/l wheres indicates the
number of shared keywords andl represents the number of
input keywords, yielding:

DEFINITION 2.4. (Answer Tree Kernel)
Given two treesTa andTb, the Answer Tree Kernel is:

κA(Ta, Tb) =
∑

na∈N(Ta)

∑

nb∈N(Tb)

wab∆
′(na, nb)

where∆′(na, nb) =
∑|F|

i=1 Ii(na)Ii(nb)κD(da
i , db

i), and where
Ii(n) is an indicator function which determines whether the
proper subtreefi is rooted in noden.

The answer tree kernel serves as an effective method to map
original answer trees to a kernel space. Next, we can define the
answer tree kernel distancedist(Ta, Tb) accordingly. How-
ever, in the original answer tree kernel, larger trees have higher
chances to share many common features with any small tree.
To overcome this drawback, we compute the normalized ker-
nel, i.e.

κ(Ta, Tb) = κA(Ta, Tb)/
√

κA(Ta, Ta) · κA(Tb, Tb) (1)

Based on the normalized kernel, we can define the answer tree
distance asdist(Ta, Tb) =

√

1− κ(Ta, Tb). One important
property of answer tree kernel is shown in Lemma 2.1.

LEMMA 2.1. Answer tree kernel is a valid kernel, and answer
tree distance is a metric.

PROOF. For the convolution kernel, if the kernels on the
subparts are positive semidefinite, the overall kernel is also
positive semidefinite [13]. As the answer tree kernel accords
with the convolution kernel format, we need to prove thatκD(da

i , db
i )

is valid. This can be shown by the kernel definition because
κD(da

i , db
i ) is computed explicitly in terms of a dot product.

Therefore, the answer tree kernelκA(Ta, Tb) is a valid ker-
nel and we map the answer tree to one metric space. Conse-
quently, we define a norm||T || =

√

κ(T, T ) based on the
normalized kernel, and then the L2 distance metric on this
space is

L2(Ta, Tb) = ||Ta − Tb||
=

√

κ(Ta, Ta) + κ(Tb, Tb)− 2κ(Ta, Tb)

=
√

2(1− κ(Ta, Tb))

The above deduction relies onκ(Ta, Ta) = κ(Tb, Tb) = 1
by substituting Equation 1. Finally, we conclude thatdist(Ta, Tb)
is a metric sinceL2(Ta, Tb) =

√
2dist(Ta, Tb).

2.3.2 Alternative Methods
There exist several different ways to define the similarity

between answer trees. We could extract a finite-length feature
vector for each answer tree, and then map it to a feature space
to calculate the similarity via dot product. However, explic-
itly defining an effective feature space needs domain expert
knowledge. Another way is to adopt tree edit distance [9].
This metric is defined as the minimal number of edit oper-
ations to transform one tree to another. However, computing
tree edit distance for treesTa andTb suffers an expensive com-
putational complexityO((|Ta|+ |Tb|)3) [9]. Besides, we can
decompose answer trees into a set of nodes and utilize Jac-
card’s distance to measure the difference. This method is ef-
ficient but sacrifices the result quality. First, it only considers
the exact match of nodes, but ignores the textual similarity
between them. Second, it fails to measure the structural con-
nections due to decomposition. Compared to these methods,
our kernel based approach can be computed in linear time and
capture both structural and textual similarity without theneed
for domain knowledge.

3. SYSTEM ARCHITECTURE
We next present the BROAD system architecture as in Fig-

ure 4. We try to use a pipelined framework to overcome the
challenges we discussed earlier. When a user inputs onel-
keyword query in the browsing interface, it will be sent to
keyword search engine generating candidate answer tree set
T . Here we rely on the standard keyword search engine in
graph databases, which discovers answer trees from the data
graph building on top of relational databases [3, 17]. Note
that this component can be easily replaced with the relational
keyword search engine [16]. Our BROAD system builds the
connection between user interface and keyword search engine.
It mainly consists of three components: Cover Tree Indexer,
Diverse Result Generator and Hierarchical Browsing Opera-
tor. The results from the search engine can be progressively
inserted into cover tree index in an online fashion. Based on
this index structure, we will discover diverse result set and in-
teract with users in a hierarchical browsing manner. For better
illustration, we briefly explain the functionality of thesecom-
ponents in BROAD system as follows.

Hierarchical 

Browsing Operator

Relational Database

Result Browsing Interface

Diverse Result 

Generator

Keyword Search Engine

Keyword 

query

Result trees

Data graph

Schema graph

Cover Tree Indexer
Kernel 

Calculator

B

R

O

A

D

Figure 4: BROAD System Architecture

• Cover Tree Indexer: This module is the core of our sys-
tem and will be discussed in details in Section 4. It dy-
namically manages the answer trees that are returned by



search engine. The kernel calculator serves as a sub-
component that computes the distance between answer
trees based on the schema graph, so that the cover tree
can index results effectively.

• Diverse Result Generator: The generator relies on the
Cover Tree Indexer to discoverk diverse results. This
can not only directly show result to users, but also pro-
vides them with the Hierarchical Browsing Operator for
further improvement.

• Hierarchical Browsing Operator: This component al-
lows users to browse answer trees in a hierarchical fash-
ion and will be discussed in Section 5. The hierarchy is
constructed by partitioning answer trees intok groups
based on their similarity to thek diverse results, and
then recursively applying partitioning to each group. By
summarizing the answer trees in each of thek groups,
we provide a way for users to quickly locate the desired
results.

4. METHODOLOGY
In this section, we propose an efficient algorithm comput-

ing the tree kernel distance. Based on this, we develop a cover
tree based algorithm to solve the Problem 1. Alternative ap-
proaches are listed in Section 4.3.

4.1 Kernel Distance Computation
To compute the tree kernel distance, a naı̈ve calculation fol-

lows naturally from the idea in Definition 2.4. Intuitively,this
method checks all the possible combinations between nodes
of two answer trees and sums up the shared parts to obtain the
final score. It is straightforward but suffers fromO(|Ta||Tb|)
computational complexity. Here we consider this problem from
another aspect. The number of proper subtrees in a tree equals
to the size of the tree. Let us consider Figure 3 again.T1 has
four proper subtrees{f1, f2, f3, f4}, andT7 has five{f1, f1, f2, f3, f5}.
Therefore, we could directly enumerate all proper subtreesin-
stead of checking every possible node combination.

Based on this intuition, we design a novel bottom-up al-
gorithm to merge answer trees into a directed acyclic graph.
The graph at the bottom of Figure 3 is generated from answer
treesT1 andT7. The number inside each node represents the
correspondence between a tree node and a graph node. For
instance, the nodes with label3 in two answer trees can be
merged into the graph node with label3. It is because they
have the same structuref3, in which all the nodes come from
the “paper” table. Due to the bottom-up traversal, the children
of newly accessed node must be mapped to certain graph node
before it. Thus, by checking the child correspondences, we
could easily determine whether this node should be mapped
to existing node or we need to create a new graph node. At
last, each graph node represents one kind of proper subtree,
because we create a new graph node if and only if we discover
a new proper subtree. In this example, the two answer trees
are merged into the graph with five nodes, indicating that they
contain five different substructures in total. Following Defi-
nition 2.4, we calculate and sum up kernel scores of all the
substructures to derive the final kernel score.

The improved algorithm contains two major subcomponents
as in Algorithm 1. FunctionbuildDAG merges two answer

trees into one directed acyclic graphG. Following the bottom-
up order, we add nodes inTa into theleftsetof nodes inG and
nodes inTb into the rightset of nodes inG. We then utilize
G in thekernel function. This component computes semantic
scores based on therightsetand theleftsetof each graph node,
and adds them up to obtain kernel score. In the main algo-
rithm, we need to derive the self kernels forTa andTb and the
cross kernel betweenTa andTb. Finally, we can calculate the
kernel distancedist(Ta, Tb) in line 4. Concerning the compu-
tational cost, the merging part needs single bottom-up traverse
of two answer trees, and the computing part hasO(|G|) com-
plexity with |G| ≤ |Ta|+|Tb|. Obviously, the total complexity
of Algorithm 1 is linear to the answer tree size.

Algorithm 1 : KernelDistance
Input : Answer treesTa andTb

Output : The kernel distancedist(Ta, Tb)
1 DAG Gab←− buildDAG(Ta, Tb)
2 DAG Gaa←− buildDAG(Ta, Ta)
3 DAG Gbb←− buildDAG(Tb, Tb)

4 dist(Ta, Tb)=
√

1 − kernel(Gab)/
√

kernel(Gaa)kernel(Gbb)

buildDAG (Ta, Tb)
1 enqueue leaf nodes into queueQ and create DAGG
2 while Q is not emptydo
3 dequeue nodev from Q ; found←− false
4 foreach nodew ∈ G in reverse orderdo
5 break ifw andv have different heights,

outdegrees, or provenances
6 if w andv have the same childrenthen
7 if v ∈ Ta then addv to w.leftset
8 else ifv ∈ Tb then addv to w.rightset
9 found←− true ; break

10 if found = falsethen
11 add a new nodew to G
12 if v ∈ Ta then addv to w.leftset
13 else ifv ∈ Tb then addv to w.rightset
14 add arcs inG from w to all children ofv
15 if v 6= Rootand parent(v)’ children are processed

then enqueue node parent(v) into Q

kernel(G)
1 κA ←− 0
2 foreach nodev ∈ G in bottom up orderdo
3 da ←−

⋃

text content of v.leftset
4 db ←−

⋃

text content of v.rightset
5 wab ←−

√

s/l ; ∆′(v) = κD(da, db)
6 κA+ = wab∆

′(v)

4.2 Cover Tree Based Diversification
We next describe a cover tree solution to findk diversity an-

swers out ofN answer trees. We assumeN > k throughout
the paper, since it is trivial to return all the candidates asdi-
verse results whenN ≤ k. The cover tree [6] is a metric tree
to index data and perform nearest neighbor search in metric
spaces. It is a leveled tree where each level is a “cover” for
the level beneath it. Each level is indexed by an integer scale
i which starts from zero (root node) and increases as we de-
scend the tree. For instance, an cover tree in Figure 5 indexes
fifteen results of Example 1. Every answer tree repeats in the
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lower level after it first appears, so the lowest level contains
all the answer trees. Assume that we use the cover treeCT
to index our answer setT based on answer tree distances, and
Ci to indicate answer trees inT associated with the nodes at
level i. Cover tree obeys three important properties:

• Nesting: Ci ⊆ Ci+1

• Covering: For every treeTa ∈ Ci+1, there is a treeTb

such thatdist(Ta, Tb) ≤ 1/2i and exactly one suchTb

is a parent ofTa.

• Separation: For all treesTa, Tb ∈ Ci, the distance from
Ta to Tb is greater than1/2i.

T8

T3T8

T9 T8 T7

T4

T3T4

T9 T5 T8T6 T10T7 T1 T4T2 T3 T12T11

T13

T15

T15

T13 T14 T15

Figure 5: Cover Tree Example
The separation property of cover tree suggests that nodes at

higher level are more diverse. Therefore, instead of discover-
ingk diverse results from the whole answer set, we could make
use of the cover tree to efficiently find good candidates for the
result diversification problem. Unlike the original usage of
cover tree, we propose a greedy algorithm to meet our need.
Intuitively, the idea is to discover diverse results in the high-
est possible level over the cover tree. As illustrated in Algo-
rithm 2, we access cover tree one level at a time, and then stop
at the first level including at leastk nodes, which is denoted as
the working levelCi. If the size ofCi equalsk, all the answer
trees in this level are returned as diverse results. Otherwise,
Ci−1 is selected as the partial results, for that they are more
separate in general according to the separation property. Next,
we heuristically expand the farthest node in the working level
until |S| = k. Whenk is set to3 for the cover tree in Figure 5,
the algorithm proceeds as follows. In the level0, it only con-
tains the root node. Then the algorithm continues to the next
level with four nodes. The number of nodes is larger thank,
so this level becomes the working level andT8 from the above
level is selected as the partial result. Next,T3 andT15 are fur-
ther included by means of farthest expanding. Finally, we dis-
cover{T8, T3, T15} as diverse results for this running exam-
ple. The cover tree index is constructed inO(c6N ln N) time
for the expansion constantc [6]. The basic operation later in
this algorithm issetdist(T,S), i.e. 1

|S|

∑

Ta∈Ci
dist(T, Ta),

which requires|S| distance computations. Since|S| ≤ k, we
obtains its complexity asO(k). This operation is performed
O(k|Ci|) times in the while loop, so the complexity of this
algorithm isO(k|Ci| × k) = O(c6N ln N + k2N) in terms
of distance computations.

Furthermore, we propose an update method to support pro-
gressively updating thek diverse results in the BROAD sys-
tem. The underlying idea is to check whether this newly added
answer treeTnew affects the working level, and then adjust
thek diverse results by means of swapping betweenTnew and
Told in original results. Theswapcost(Tnew, Told) indicates
the average distance change when we replaceTold with Tnew

in S , i.e. dist(Tnew,S) − dist(Told,S). The complexity
of Algorithm 3 consists of two components. The first is the
beginning insertion with a complexity ofO(ln N) [6]. The
following part hasO(k2) complexity since theswapcost op-
eration is performedO(k) times. Thus, the total complexity
of the update algorithm isO(ln N + k2) in terms of distance
computations.

Algorithm 2 : CoverTreeDiversification
Input : Answer tree setT , k
Output : Thek diverse result setS
Build cover treeCT from answer tree setT1

// find the working level
Ci−1 ←− NULL2

Ci ←− C03

while |Ci| < k do4

Ci−1 = Ci5

Ci = Ci+16

// discover k diverse results
if |Ci| = k then7

S ←− ⋃

all the answer trees inCi8

else9

S ←− ⋃

all the answer trees inCi−110

while |S| < k do11

find answer treeT ∈ Ci \ S , s.t.setdist(T,S) =12

max{setdist(T,S) : T ∈ Ci \ S}
S ←− S ∪ {T}13

Algorithm 3 : Update
Input : Cover treeCT , Answer treeTnew , Result setS
Output : The refinedk diverse result setS ′

insertTnew into CT1

if working levelCi ∈ CT is not changedthen2

if |Ci−1| = k then3

S ′ ←− ⋃

all the answer trees inCi−14

set the working level to beCi−15

else S ′ ←− S6

else7

maxcost←− 0; swaptree←− NULL8

foreach answer treeTold ∈ S do9

if swapcost(Tnew, Told) > maxcost then10

maxcost←− swapcost(Tnew, Told)11

swaptree←− Told12

if maxcost > 0 then13

replaceswaptree in S with Tnew14

S ′ ←− S15

To sum up, the cover tree based approach has several advan-
tages. First, instead of diversifying results in the whole answer
set, we utilizes the separation property to reduce the number
of distance computations. Furthermore, cover tree supports
progressive insertion with minor effort. Finally, the tree-like
structure makes it a great tool for hierarchical browsing, which
will be further explained in Section 5.

4.3 Alternative Solutions



We propose two state-of-the-art alternative approaches to
solve the diversification problem. One solution is adapted from
the farthest expansion algorithm [11, 12]. It maintains two
sets of trees: the answer tree setT and diverse result setS .
Initially, the size ofT is n and the size ofS is zero. The
farthest answer trees are iteratively moved fromT to S un-
til |T | = N − k and |S| = k, as shown in Algorithm 4.
setdist(T,S) in line 4 is the average distance between answer
treeT and all answer trees inS , i.e. 1

|S|

∑

Ta∈S dist(T, Ta).
Although guarantees a 2-approximation to Problem 1’s opti-
mal solution [12], this algorithm has complexityO(N2) in
terms of distance computations. One possible relaxation of
the quadratic complexity is to randomly select the first result
and expand to restk− 1 results. However, this method is sen-
sitive to the first random result, which needs multiple restarts
to get the stable performance.

Another approach is derived from thek-medoids algorithm,
as presented in Algorithm 5. The idea is to cluster candidates
into k groups and select medoids ask diverse results. The
number of distance computations isO(Ik(N − k)2), whereI
is the number of iterations. This method suffers high compu-
tational cost. Furthermore, it also requires starting frommul-
tiple initial medoids to approach global optimal results. The
detailed comparison among these algorithms will be shown in
the experimental section.

Algorithm 4 : FarthestExpanding
Input : Answer tree setT , k
Output : Thek diverse result setS
find Ta, Tb, s.t.dist(Ta, Tb) = max{dist(Ta, Tb) :1

Ta, Tb ∈ T , Ta 6= Tb}
S ←− {Ta, Tb}2

while |S| < k do3

find answer treeT ∈ T \ S , s.t.4

setdist(T,S) = max{setdist(T,S) : T ∈ T \ S}
S ←− S ∪ {T}5

Algorithm 5 : Clustering
Input : Answer tree setT , k
Output : Thek diverse result setS
Randomly select initial medoidsS = {T1, . . . , Tk}1

for i = 1 to I do2

for T ∈ T \ S do3

AssociateT with the medoidTj ,4

s.t.dist(T,Tj) = min{dist(T, Tj) : Tj ∈ S}
for clusterSj : j ∈ 1→ k do5

Update corresponding medoidsTj ←− T , s.t.6

setdist(T,Sj) = min{setdist(T, Sj) : T ∈
Sj}

5. RESULT REPRESENTATION
BROAD system provides an interactive representation of

search results. We implement a hierarchical navigation ap-
proach with visual interface to support user exploration.

5.1 Hierarchical Browsing
Hierarchical browsing is an effective approach to interact

with users and can be elegantly supported by the cover tree
structure. We proceed as follows. First, we separate answer
trees in the working level intok answer tree groupsG based
on their kernel similarities to thek diverse results. A user then
select a subsetH of interest. Second, we fetch all nodes in next
level covered byH, and treat them as nodes in a new working
level. Thus, we can perform Algorithm 2 again to obtain a new
set of diverse results. This procedure iteratively proceeds until
reaches the intended answer tree/s. For instance,T8, T3 and
T15 in Figure 5 are diverse results found previously. We first
assignT4 to T3 due to the kernel similarity and these four an-
swer trees form three groups. Assume that users are interested
in the group{T3, T4}, so we drill down to next level with an-
swer tree set{T3, T4, T7}. They are directly selected as new
diverse answers because the size of this level equals to three.

5.2 Visual Interface
To support hierarchical browsing, we develop a visual inter-

face so that users can easily browse and select preferred an-
swer trees. In general, we merge a group of answer trees into
circular view derived from the Circos project [19]. Circos has
been proven to be a scalable and flexible visualization in many
real world applications and research literature. In the follow-
ing, we take answer treeT7 to show the process of mapping an
answer tree into a circle. Figure 6a depictsT7 and it is trans-
formed to the red part in Figure 6b and 6c. The root node and
keyword nodes are mapped to segments, and pathes between
nodes are mapped to ribbons. Answer tree contents, which
will be discussed later, are selected as representative words
around the circle. We also support the focused view when a
user chooses certain answer tree. It is displayed with colorand
path structures, while other answer trees become transparent.
T7 in Figure 6c is shown in red and highlighted with the struc-
ture “author→paper” between the root node and the “skyline”
keyword node. With the answer tree embedding, we presents
the summarized view for a group of answer trees, which sal-
vages space compared to the original layout. Furthermore, we
utilize different colors to distinguish answer trees so that users
can quickly capture how many answer trees are covered in the
group. Also, users may refer to focused view for the detail of
individual answer tree. This compact view is suitable for key-
word search for thatk is usually much less than one hundred,
otherwise it is impossible to perceive search results.

Aside from structural summarization, representative words
Wr are attached to the related segments in order to distinguish
the circles that are on the same level of the hierarchy. Given
any segments, let the node it represents ben. The ribbons
that connects to other segments in the circle actually repre-
sent paths in the answer trees that connectn to other nodes
in the answer trees. For each segment, candidate wordsWc

are selected from these pathes. Candidates for the highlighted
root segment in Figure 6c are all the words from nodes inT7.
We then obtainWr from these candidates as in Algorithm 6.
In short, we compute a TF-IDF like score for candidate words,
and select top candidates as representative words. As such,we
sketch out the distinct contents of answer trees. The number
of representative words selected depends on the width of the
segment. For the green root segment in Figure 6f, the words
“network”, “distributed”, “peer” and “neighbor” are selected
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Figure 6: Result Representation

Algorithm 6 : Word Selection
Input : Segments, Answer tree groupsG
Output : Representative wordsWr

Obtain candidate wordsWc of segments1

Obtain groupg that segments belongs to2

foreach candidate wordw ∈ Wc do3

T ′ ←− all the answer trees ing containingw4

T ←− all the answer trees ing5

w.CoverRatio←− |T ′|/|T |6

G′ ←− all the groups inG containingw7

w.Frequency ←− |G′|/|G|8

w.Score←−9

w.CoverRatio× log(1/w.Frequency)

SortWc with decreasing scores10

SelectWr proportional to the width of the segments11

as representative words, since they have highest scores. To
further emphasize the word distinctions within a segment, we
present the selected words in different font sizes, according to
their term frequencies in one segment. The words “network”
and “peer” are highlighted with the biggest font size since their
term frequencies are the largest in the segment.

The circular representation provides a summarized view both
for structural and textual information about an answer tree

group, which enhances the process of hierarchical browsing.
In Figures 6d, 6e and 6f, we show three circles representing
three groups of answer trees on the lower level of the browsing
hierarchy. The left circle consists of two answer trees withone
“rank” node and two “skyline” nodes. The content is mainly
about the web services. The middle circle contains three an-
swer trees. The major topic is the relationship between top-k
query, skyline query and preference discovery. The right circle
with three answer trees emphasizes the connection between
skyline algorithm and distributed environment. In summary,
circles can show distinct and summarized information about
groups, which help users to browse and select desired answer
trees. An interactive BROAD demo system is accessible over
the Web2.

6. EXPERIMENTS
We present experimental studies to evaluate the BROAD

system in this section. Without loss of generality, we im-
plemented the state-of-the-art graph based keyword searchal-
gorithm(TopK) [17]. To assess cover tree diversification (Di-
verseK), we compare it withTopK, Farthest Expanding algo-
rithm(FarthestK) and Clustering algorithm(ClusterK).

Our experiments are executed based on the java code with
5 GB main memory. Table 2 explains the parameters used

2http://db128gb-b.ddns.comp.nus.edu.sg:8080/broad/



throughout this section. It also shows the range and the default
values (in bold) of the parameters. In each experiment, we
adjust one parameter while keeping the other one at its default
value.

Table 2: Parameter Settings
Parameter Description Range

N answer tree set size|T | 25, 50, 75, 100
k diverse result size 2, 4, 6, 8, 10

6.1 Datasets and Queries
We use two real datasets to assess our system. One is Cite-

SeerX, a collection of scientific and academic papers focusing
on computer and information science. We choose this dataset
for two reasons: i) It contains rich structural and textual in-
formation. This dataset maintains a large amount of paper ab-
stracts as well as citations between papers; ii) It is a dataset for
an online search engine associated with a query log. Another
is Wikipedia, a well-known, web-based, collaborative ency-
clopedia. We test on a Wikipedia snapshot in March 20083.
Statistics about the graphs generated from these two datasets
is shown in Table 3. Answer tree radiuses are set with respect
to the closeness among nodes in different datasets.

Table 3: Dataset Statistics
Property CiteSeerX Wikipedia

Node count 1, 127, 838 2, 216, 743
Edge count 3, 414, 540 76, 797, 970
Graph size ∼ 0.1 GB ∼ 0.6 GB
Text size ∼ 0.5 GB ∼ 5.0 GB

Answer tree radius 6 3

To obtain a reasonable query set, we adopt a two-stage pro-
cedure. In the first stage, we extract meaningful query terms
for each dataset. For CiteSeerX, we obtain a query log which
is dominated by short queries with no more than2 keywords
(> 94%). As such, we derive query terms from the log in-
stead of directly using it. This is done by extracting frequent
terms with term frequencies larger than10. For Wikipedia, we
extract ambiguous terms from disambiguation pages [1]. Am-
biguous terms refer to more than one topics which Wikipedia
covers. For example, “Healer” may refer to a film or a music
album. We collect and use them as query terms. The second
step is to generate keyword queries by randomly combining
query terms. For query sizel from 2 to 5, we produce1000
initial queries for each value ofl. In order to guarantee correct-
ness, we test the queries using the keyword search engine, and
filter queries that cannot produce enough answer trees. Then
we rank the remaining queries according to the number of dif-
ferent keyword nodes in a descending order. Finally, we select
the top-20 queries for eachl, i.e. 80 queries per dataset.

6.2 Evaluation Metrics
In IR community, evaluating the accuracy of diverse query

results is well studied and several evaluation metrics are es-
tablished, such as S-recall and S-precision [28],α-NDCG [8],
NDCG-IA [4] and so forth. The metrics extended from NDCG
are not suitable for our problem, for these metrics rely on the
result ranking. Therefore, we will evaluate our system based
3http://www.archive.org/details/enwiki-20080312

on S-Recall and S-Precision. However, we cannot directly
make use of them, but need to carefully adapt them for key-
word search in databases. Fundamentally speaking, most of
these evaluation metrics are based on subtopics or nuggets,
which provide semantics covered by answers. In the con-
text of database keyword search, we are required to define the
meaningful subtopics. For CiteSeerX dataset, we utilize each
keyword node to represent a distinct subtopic inspired by the
paper [10]. This is reasonable since keyword nodes include
the most important meanings and different keyword nodes in-
dicate different semantics. Following the idea in query gen-
eration, we extract the subtopics from disambiguation pages
for Wikipedia dataset. Each keyword term is related to one
subtopic shown in the associated disambiguation page. In this
way, answer trees can be reliably mapped to subtopics. Let
subtopicsq for queryq be the relevant subtopics in all answer
trees, and subtopics(T ) be the relevant subtopics in answer tree
T . We formally define S-recall in database keyword search as
follows:

DEFINITION 6.1. (S-recall)
Givenk results for queryq, the subtopic recall is:

S-recall atk =
|⋃k

a=1 subtopics(Ta)|
|subtopicsq|

where|subtopicsq| = |
⋃N

a=1 subtopics(Ta)|.
The above metric refers to the percentage of subtopics cov-

ered by one of thek results derived from the paper [28]. How-
ever, it is trivial to achieve recall of 100% by returning allan-
swer trees in response to any query. Therefore we also de-
fine S-Precision as a complement to S-recall. The subtopicsk

refers to the ideal size of subtopics ink results, assuming that
all keyword nodes contain distinct subtopics.

DEFINITION 6.2. (S-precision)
Givenk results for queryq, the subtopic precision is:

S-precision atk =
|⋃k

a=1 subtopics(Ta)|
|subtopicsk|

where|subtopicsk| =
∑k

a=1 |subtopics(Ta)|.
Besides the subtopic definition, our S-precision still differs

from the S-precision in paper [28]. Originally, S-precision
is defined based on S-recall. Given S-recallr, S-precision
equals tominRes(Sopt, r)/minRes(S , r). minRes(S , r)
indicates the minimal size of results having S-recallr. This
definition is not straightforward in the first place, since itis
derived from S-recallr instead of result sizek. Moreover, the
computation is impractical due to the hardness of generating
the optimal solution. These two reasons drive us to alter the
definition of S-precision. Nevertheless, our definitions ofS-
recall and S-precision are natural generalization of standard
recall and precision measures.

Furthermore, in order to show the effectiveness of the kernel
distance, we calculate the minimal kernel distance (Min-dist)
used in Problem 1, i.e.min{dist(Ta, Tb)}, Ta, Tb ∈ S . In-
tuitively, if Min-dist is positively correlated with S-recall and
S-precision, we can conclude that the objective of Problem 1
is reasonable and it indeed produces diverse results.

As for efficiency evaluation, we focus on the response time
comparison for result diversification excluding the time todis-
cover answer trees. This is because we use identical keyword
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search engine without affecting the comparison among algo-
rithms. We also show the update cost for cover tree based
solution to test its flexibility. In summary, by evaluating above
metrics, we expect to investigate the overheads and gains of
our framework.

6.3 Effectiveness Evaluation
First, we varyk to study how this parameter affects the

effectiveness of four approaches. To begin with, we present
the average S-recall in Figure 7. It is clear that this metric
has an ascending trend with the increase ofk for all schemes.
Sincesubtopicsq remains the same for all schemes, S-recall
is only dependant on|⋃k

a=1 subtopics(Ta)|. As k increases,
this value increases as well, bringing about the ascent of S-
recall. Nevertheless, we can easily notice their distinction in
performance from the bar graph.TopK performs worst be-
cause its ranking only relies on the relevance of the keyword
query. AlthoughClusterK groups answer trees according
to the similarity, it is not optimized to select pairwise dif-
ferent medoids, so it also produces low quality results. For
FarthestK andDiverseK, it can be seen that they acquire
the best results since they both apply the greedy strategy todis-
cover results with respect to Problem 1’s objective. Compar-
ing the two datasets, the S-recall for Wikipedia in Figure 7bis
higher than that of CiteSeerX in Figure 7a, since the number of
T ’s subtopics in Wikipedia is smaller than that in CiteSeerX.

Figure 8 depicts the effect ofk on the average S-precision
for both datasets. The relative performances among all ap-
proaches are similar to the analysis for S-recall but the trend
is negatively proportional tok. Our solution together with
FarthestK discovers the most diverse results among these
four algorithms, since higher S-precision indicates smaller subtopic
overlap between answer trees. Comparing Figure 8a and Fig-
ure 8b, we observe that the S-precision for Wikipedia is lower
than that of CiteSeerX. This again is due to the limited number
of subtopics inT , which results in Wikipedia having a higher
chance of obtaining overlapped result trees.
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Figure 7: avg S-recall v.s. k
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Figure 8: avg S-precision v.s. k
Next, we show the effectiveness measures by varying pa-

rameterN . The comparisons with respect to average S-recall

and average S-precision are illustrated in Figure 9,10 respec-
tively. Like the case of varyingk, our solution as well asFar-
thestKgives the best quality answers and outperformsClus-
terK and TopK by 20% to 50%. This result shows the ef-
fectiveness of our solution. In Figure 9, S-recall decreases
asN increases. This is because|subtopicsq| increases with
N . Whensubtopicsk remains the same with invariantk, S-
precision is proportional to|⋃k

a=1 subtopics(Ta)|, i.e. the
coverage of thek results. The results ofTopK have the same
coverage. The coverage ofclusterK has a small fluctuation,
because thek medoids of clustering method are affected by
the randomly selected initial medoids. For the other two al-
gorithms, the quality increases withN . This observation is
accordant with the intuition that we have more chances to dis-
cover better results asN increases. All these are reflected in
Figure 10.
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Figure 9: avg S-recall v.s. N
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Figure 10: avg S-precision v.s. N

The last set of experiments focuses on correlation analysis
between S-recall, S-precision and Min-dist. We observe that
the absolute value of each metric varies with respect to differ-
ent queries. Therefore, it is meaningless to directly compare
the absolute value among queries. Instead, we transform them
to the ranked value with each query. To illustrate, we calculate
the ranking of the recalls{0.36,0.45,0.39,0.42} for the four al-
gorithms as{4,1,3,2}, in which smaller value indicates higher
rank. If the related ranks of Min-dist are{4,1,2,3}, we obtain
four points{(4 4),(1 1),(2 3),(3 2)} in 2d figure for this query.
As such, different query results are comparable. In Figure 11a,
we display the scatter plot of S-recall against Min-dist for80
queries on CiteSeerX. As the plot for Wikipedia dataset is sim-
ilar, we won’t display it. For better representation, we jitter the
overlapped points in order to separate them. Generally speak-
ing, this view indicates that there is a positive correlation since
the majority of the points are located near the diagonal. The
situation is similar in Figure 11b, which shows the relationship
between S-precision and Min-dist.

Furthermore, we compute the correlation between these met-
rics using the Spearman’s rank correlation coefficient [18].
It is a popular approach to examine correlation between the



ranked variables. The value has the range from−1 to +1 in-
dicating the change from negative correlation to positive cor-
relation. Denoting the coefficient between S-recall and Min-
dist asρrm and the coefficient between S-precision and Min-
dist asρpm, we calculate and obtainρrm = ρpm = 0.84
in CiteSeerX dataset andρrm = ρpm = 0.68 in Wikipedia
dataset, which suggest that there is a strong ranking correla-
tion between S-recall, S-precision and Min-dist. Therefore,
we conclude that our distance measure significantly captures
the diversity between answer trees.
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Figure 11: Correlation Visualization on CiteSeerX

6.4 Efficiency Evaluation
We next report the efficiency results. One important ob-

servation is the repeated distance computations waste a lot
of time for all three algorithms. In our implementation, we
cached the computed kernel distances in the main memory
and reused them in case they appeared again. Because each
distinct distance is calculated only once, the running timecan
be improved. Note that this trade-off between time and space
is meaningful because the answer tree set sizeN is relatively
small compared to the cardinality of the dataset. Figure 12 dis-
plays the relationship between running time andk. The com-
putation times forFarthestKandDiverseKremain stable for
differentk. The former computes all pairs of kernel distances
for the initial two farthest answer trees, so the remainingk−2
results can be discovered without computing any new kernel
distance. In order to build the cover tree index, the latter al-
ready computes distances between the answer trees in the same
level of the cover tree. Therefore, findingk results on certain
working level merely relies on the cached distances. For the
clustering method, however, the number of distance computa-
tions grows up as the increase ofk. Its running time is smaller
thanFarthestK’s for a smallk, but approaches to the running
time of FarthestKwhen k equals to10, suggesting that it has
to compute all pairs of distances eventually.

Then the efficiency with respect toN is shown in Figure 13.
Among three algorithms,FarthestK is the slowest,ClusterK
ranks in the middle andDiverseK is the fastest. Because the
average size of answer trees grows up, the average distance
computation cost becomes larger. Therefore, the response time
for cover tree based algorithm increases at a super-linear trend,
but still saves about15% ∼ 30% against theFarthestK. Re-
specting to the running time for two datasets, we perceive that
Wikipedia queries are faster than CiteSeerX queries on aver-
age. The underlying reason is the average answer trees size of
Wikipedia is smaller than that of CiteSeerX. As a result, the
individual distance computation takes less time for Wikipedia

dataset. Besides, the cover tree based solution supports dy-
namical updates as shown in Algorithm 3. This operation av-
eragely takes47ms for CiteSeerX and25ms for Wikipedia on
the default parameter settings, which just incurs a small over-
head compared to discovering from scratch.
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Figure 12: avg Runtime v.s. k
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Figure 13: avg Runtime v.s. N
In summary, we show that the BROAD system is both effec-

tive and efficient from the above experiments. The proposed
kernel distance nicely captures the diversity of the answers.
Aiming at the same objective, the cover tree based solution is
comparable to theFurthestKalgorithm, which is much bet-
ter than the clustering method and the original top-k answers.
Also, it has the best response time and can dynamically update
k diverse results instantly.

7. RELATED WORK
Keyword search in databases has been extensively studied.

Current approaches can be classified into two categories: schema-
based ones and graph-based ones. The schema-based meth-
ods [16] generated join expressions based on database schema
and produced the resulting tuple trees through SQL queries.
The graph-based approaches [3, 17] materialized the database
as a graph in which each node corresponds to a tuple. They
discovered compacted substructures based on heuristic graph
search. Many of recent works [15, 20] developed different
ranking strategies in order to improve the search effectiveness.
Our work here provides a new angle to the problem by intro-
ducing diversity as an important search criteria and hierarchi-
cal browsing as a natural way to find relevant answers.

The notion of diversity has been investigated in many dif-
ferent contexts. Search result diversification is a powerful ap-
proach to enhance user satisfaction in the IR community [8, 4,
12, 11]. They developed various diversity measures for docu-
ments, and effectively solved the diversity problem based on
different diversification objectives. However, their diversity
measures are designed for documents, so the approaches are
not applicable to keyword search in databases with structural
answer set. Apart from result diversification in information re-
trieval, database researchers studied this problem as well. Yu

TRD3/11



et al. [27] introduced the notion of explanation-based diver-
sity in recommendation systems. Vee et al. [25] diversified
the query results by applying an inverted-list algorithm. Liu
et al. [21] developed a feature selection algorithm in orderto
highlight the differences among structural XML data.

Two recent works considered diversification related to key-
word search in databases. PerK [24] studied the personalized
keyword search in databases considering the answer diversity.
DivQ [10] solved a new problem with regard to discovering
diversified schemas. Both of them focused on re-ranking the
results aware of diversity. Differently, we develop an interac-
tive system which allows users to perform diverse, hierarchical
browsing on keyword search results. This approach is benefi-
cial to users since they can quickly discover answers based on
their interests.

A common approach for making large datasets tractable for
interactive exploration is through a browseable hierarchy. Smith
et al. [23] grouped and visualized the search results based on
the rich categorizes. Abello et al. [2] described a node-link-
based graph visualization that allows clustering and naviga-
tion of large graphs. Balzer et al. [5] developed the voronoi
treemaps for the visualization of software metrics. To the best
of our knowledge, this is the first work to provide an hierar-
chical visualization on the keyword search results. We utilize
summarization technique to visualize a group of answer trees
in a compact circular view. Users can better perceive contex-
tual and structural information through the interactive inter-
face.

8. CONCLUSIONS AND FUTURE WORK
In this paper, we have introduced BROAD, a novel system

that integrates the discovery of diverse results with the current
keyword search engine in databases. Unlike previous works,
we proposed a new kernel distance metric between answer
trees which captures both the structural and semantic infor-
mation. Moreover, a cover tree based approach was devel-
oped in order to quickly and progressively return diverse re-
sults. To further consolidate this interesting framework,we
provided a hierarchical browsing approach that helps navigate
users in refining and browsing keyword search results. The
outcomes from an experimental study demonstrated that the
BROAD system can provide broad views of the answers that
are returned by keyword search engine.

As for future research, we’d like to generalize our BROAD
system to other keyword search based applications such as
keyword search on XML database, RDF database etc.. As
a result, it will become a general system to diversify struc-
tural search results and help users to browse the answer sets
from keyword search. However, integrating different typesof
search results with the unified kernel distance remains chal-
lenging. Furthermore, explaining the underlying meaning of
each diverse result is definitely another interesting area for fu-
ture work.
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