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Abstract

In recent years, the great success of Web search engines has shown the simplicity and the

power of keyword search on billions of textual pages on the Web. In addition to textual

pages, there also exist vast collections of structured, semi-structured, and unstructured data

in various applications that contain abundant text information. Due to the simplicity and

the power of keyword search, it is natural to extend keyword search to retrieve information

from large-scale structured, semi-structured, and unstructured data.

In this thesis, we study a class of important challenging problems centered on keyword

search on large-scale data. We propose various techniques for different types of important

data sources, including relational tables, graphs, and search logs. Specifically, for relational

tables, we show that, while searching individual tuples using keywords is useful, in some

scenarios, it may not find any tuples since keywords may be distributed in different tuples.

To enhance the capability of the keyword search technique on relational tables, we develop

the aggregate keyword search method which finds aggregate groups of tuples jointly matching

a set of query keywords. For graphs, we indicate that keyword queries are often ambiguous.

Thus, developing efficient and effective query suggestion techniques is crucial to provide

satisfactory user search experience. We extend the query suggestion technique in Web

search to help users conduct keyword search on graphs. For search logs, we study various

types of keyword search applications in Web search engines, and conclude that all of those

applications are related to several novel mining functions on search logs. We build a universal

OLAP infrastructure on search logs which supports scalable online query suggestion.

The proposed techniques have several desirable characteristics which are useful in dif-

ferent application scenarios. We evaluate our approaches on a broad range of real data sets

and synthetic data sets and demonstrate that the techniques can achieve high performance.

We also provide an overview of the keyword search problem on large-scale data, survey the
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literature study in the field, and discuss some potential future research directions.

Keywords: keyword search; aggregate keyword search; query suggestion; OLAP
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“I like the dreams of the future better than the history of the past.”

— Thomas Jefferson(1743 – 1826)
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Chapter 1

Introduction

Keyword search is a type of search that looks for matching documents which contain one or

more keywords specified by a user [73]. Recently, the great success of Web search engines

such as Google and Microsoft’s Bing has shown the simplicity and the power of keyword

search on large collections of Web documents. Typically, a user needs to submit to a Web

search engine a keyword query which contains one or more keywords. TheWeb search engine

then searches the pools of indexed Web documents and returns a ranked list of matching

documents to the user. The simplicity and the power of keyword search have made it the

most popular way for millions of users to retrieve information on the Web through Web

search engines.

In the current information era, in addition to textual Web documents, there also exist

vast collections of structured, semi-structured, and unstructured data in various applications

that contain abundant text information. Typical examples of those data sources include

relational tables, XML data, labeled graphs, and so on. Traditionally, in order to retrieve

information from those data sources, a user has to learn some specific structured query

languages, such as SQL and XQuery [32]. In some particular scenarios such as forming a

SQL query in a relational database or issuing an XQuery over large-scale XML data, a user

also needs to be familiar with the underlying data schemas. The data schemas may be very

complex and fast evolving. As a result, it is impractical for those general users to look up

information using the traditional methods based on structured query languages.

Due to the simplicity and the power of keyword search, it is natural to extend keyword

search to retrieve information from large-scale structured, semi-structured, and unstructured

data. Thus, developing effective and efficient keyword search techniques for different types

1
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Keyword Search Query Suggestion

Structured Data

Relational Tables

Semi−Structured Data

Labeled Graphs

Unstructured Data

Web Pages

Search Logs

Answer Models

Single−Entity Model Multiple−Entity Model

Data−Driven

Usage−Driven

Data Models

Two Tasks

Figure 1.1: Overview of the keyword search problem.

of data sources is an important and interesting research problem [4, 14, 79, 13, 15, 86, 87].

1.1 Motivation and Problem Overview

Many studies about keyword search in various aspects have been conducted in recent years.

Figure 1.1 provides an overview of the keyword search problem on large-scale data.

Given users’ keyword queries, the core task in the keyword search problem is finding

related and meaningful answers from different data sources. To understand the problem

well, it is necessary to first understand the different data models and answer models.

In terms of the data models, keyword search can be applied not only on unstructured

data (e.g., Web documents), but also on structured data (e.g., relational tables) and semi-

structured data (e.g., XML data and labeled graphs). For instance, the problem of keyword

search on labeled graphs tries to assemble semantically relevant connections (modeled as a

subgraph) among keywords in the query [39, 45, 23, 20]. As another example, the problem

of keyword search on relational tables focuses on finding individual tuples matching a set of

query keywords from one table or the join of multiple tables [3, 10, 41, 52, 54, 61, 62].

In different data models, the answers to keyword search are quite different. Without

loss of generality, the answer models of keyword search can be roughly classified into two

categories: the single-entity model and the multiple-entity model. In the single-entity answer

model, all the keywords in a query must appear together in a single entity (e.g., a Web
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document, a tuple in a relation table, or a node in a labeled graph). However, in the multiple-

entity answer model, the keywords in a query can be distributed into several entities which

are closely related.

In the keyword search problem, another core task is providing related queries as sugges-

tions to assist users’ search process. With the assistance of keyword search, both experienced

users and inexperienced users can easily retrieve valuable information from large-scale struc-

tured, semi-structured, and unstructured data. However, in most cases, a keyword query

typically is very short, which on average only contains 2 or 3 keywords [77]. Such short

keyword queries may not be able to precisely capture users’ information needs. As a result,

keyword queries in practice are often ambiguous. To improve the effectiveness of keyword

search, most popular commercial Web search engines currently provide a useful service called

query suggestion. By conjecturing a user’s real search intent, the Web search engines can

recommend a set of related queries which may better reflect the user’s true information

need.

To provide meaningful recommendations, query suggestion has to take into account

different types of information sources. Generally, all the existing query suggestion methods

for keyword search can be roughly classified into either data-driven methods or usage-driven

methods. The data-driven query suggestion methods utilize the data itself. They apply

data mining techniques to identify the correlations among data, and select closely related

queries as recommendations. The usage-driven query suggestion methods focus on the search

activities. For example, search logs trace users’ search behavior. In Web search engines, a

commonly used query suggestion method [5] is to find common queries following the current

user query in search logs and use those queries as suggestions for each other.

As keyword search is a useful tool to retrieve information from large-scale structured,

semi-structured, and unstructured data, developing efficient and effective keyword search

techniques on different data sources has been an important research direction in data mining,

database systems, Web Search and information retrieval.

Although keyword search has attracted much attention in recent years, there still exist

several challenging problems which remain unsolved.

• How can we enhance the capability of the keyword search technique? Recently, keyword

search has been applied successfully on relational databases where some text attributes

are used to store text-rich information. As reviewed in Chapter 2, all of the existing
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methods focus on finding a set of tuples that are most relevant to a given keyword

query. Here, each tuple in the answer set may be from one table or from the join of

multiple tables. Generally, the existing methods try to identify interesting connections

using primary-foreign key relationships among those tuples which match the query

keywords. While searching matching tuples using keywords is useful, in some scenarios,

it may not find any tuples, since keywords may be distributed into a set of different

tuples without primary-foreign key relationships. To improve the capability of keyword

search on relational databases, is there any way to obtain interesting information even

though the keywords appear in a set of different tuples in the relational databases

(e.g., different types of connections among those keywords and tuples)?

• How can we extend the query suggestion technique to various scenarios? As analyzed

before, keyword queries are often ambiguous. Query suggestion has been shown an

important and powerful tool for the Web search engines to achieve good search per-

formance. Although the problem of keyword search on different data sources has been

studied for several years, and several prototype systems supporting keyword search

have been developed, as far as we known, there is no previous work on systematically

analyzing query suggestion methods for keyword search on different data sources, such

as relational databases and graphs. As relational databases and graphs carry rich in-

formation, it is very essential to explore the data-driven based recommendation. Thus,

can we develop any methods to derive effective data-driven query suggestions to assist

users’ search process on relational databases and graphs?

• How can we strengthen the scalability of the query suggestion technique? Search logs,

which contain rich and up-to-date information about users’ needs and preferences, are

inherently an indispensable component in keyword search. Search logs have become

a critical data source to analyze users’ search behavior, which in turns have many

potential applications, such as usage-driven query suggestion. On one hand, analyzing

large-scale search logs requires a system infrastructure with high efficiency. On the

other hand, given that there are many different applications using search logs, how

many specific search log analysis tools do we have to build? Obviously, building one

specific search log analysis tool per application is neither effective nor efficient. Can

we develop a search log analysis infrastructure supporting the essential needs of many

different applications efficiently?
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This thesis tries to make good progress in answering the above questions.

1.2 Contributions

In this thesis, we study a class of important challenging problems centered on keyword search

on large-scale data. The proposed techniques are designed for different types of important

data sources, including relational tables, graphs, and search logs. In particular, we make

the following contributions.

• For relational tables, we systematically develop the aggregate keyword search method

so as to enhance the capability of the keyword search technique. In particular, we

conduct a group-by-based keyword search. We are interested in identifying a minimal

context where all the keywords in a query are covered. We further extend our methods

to allow partial matches and matches using a keyword ontology.

• For graphs, we identify the importance of query suggestion for keyword search on

graphs, and propose a practical solution framework. We develop efficient methods

to recommend keyword queries for keyword search on graphs. The general idea is to

cluster all the valid answers, and recommend related queries from each cluster. We

develop a hierarchical decomposition tree index structure to improve the performance

of query suggestion.

• For search logs, we study various types of keyword search applications in Web search

engines, and conclude that all of those applications are related to three novel mining

functions on search logs, namely forward search, backward search, and session retrieval.

We build a universal OLAP infrastructure on search logs which supports online query

suggestion. To build the OLAP infrastructure, we develop a simple yet scalable and

distributable index structure.

Although the techniques are developed for different types of data sources, the problems

we studied in this thesis are highly related. Firstly, the techniques we used for relational

tables and search logs can be categorized as OLAP. For relational tables, we conduct a

group-by-based keyword search. For search logs, we design OLAP operations on search logs.

Secondly, the results returned by different techniques can be used for recommendation. For

relational tables, the aggregate keyword search method can identify a minimal context (e.g.,
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attribute values) where the keywords in a query are covered. Some related information

in the same context can be recommended to the users. For graphs and search logs, the

proposed techniques are used to recommend meaningful keyword queries to the users.

Some major components of this thesis were published as journal and conference papers.

Particularly, the major results in Chapter 3 were published in [89, 90] and the major results

in Chapter 5 were published in [88]. Part of the contents in Chapter 2 were published

in [89, 90, 88, 68].

1.3 Organization of the Thesis

The remainder of the thesis is structured as follows:

• In Chapter 2, we review the related work and explain how they are related to and

different from this thesis.

• In Chapter 3, we focus on relational tables. A novel keyword search method, aggregate

keyword search, is developed. The efficiency and the effectiveness of aggregate keyword

search are verified by both theoretical analysis and experimental evaluations.

• Query suggestion is a very useful tool to improve the effectiveness of keyword search.

However, to the best of our knowledge, there are no previous studies about developing

query suggestion methods on labeled graphs. In Chapter 4, we take an initiative step

towards addressing the problem of query suggestion for keyword search on graphs.

• Search logs are inherently an indispensable output for the keyword search process.

Search logs contain crowd intelligence accumulated from millions of users. Using

search logs, we may develop a good variety of useful keyword search applications. In

Chapter 5, we propose an OLAP system on search logs which serves as an infrastruc-

ture to support many different applications in Web search engines.

• The thesis concludes in Chapter 6. Some interesting extensions and future research

directions of keyword search are also discussed.

Extensive experimental results are presented in Chapters 3, 4, and 5 to demonstrate

that the techniques we proposed can achieve high performance.



Chapter 2

Related Work

In this chapter, we discuss two major areas of research work related to this thesis, and also

briefly point out their relationships to our studies and the significant differences.

2.1 Keyword Search

Keyword search is a well-studied problem in the world of text documents and Web search

engines [73]. The Informational Retrieval (IR) community has utilized the keyword search

techniques for searching large-scale unstructured data, and has developed various tech-

niques for ranking query results and evaluating their effectiveness [6, 56]. Meanwhile, the

Database (DB) community has mostly focused on large-collections of structured data, and

has designed sophisticated techniques for efficiently processing structured queries over the

data [32]. In recent years, emerging applications such as customer support, health care, and

XML data management require high demands of processing abundant mixtures of struc-

tured and unstructured data. As a result, the integration of Databases and Information

Retrieval technologies becomes very important [4, 14, 79].

Keyword search provides great flexibility for analyzing both structured and unstructured

data that contain abundant text information. In this section, we summarize some repre-

sentative studies in different research areas including Information Retrieval, Databases, and

the integration of Databases and Information Retrieval.

7
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Keyword search in IR

Keyword search in DB
Keyword search in IR and DB
...

Document Text

1

2
3
...

keyword
search

in
ir

db

...

2, 3
1, 2, 3
1, 3
1, 2, 3
1, 2, 3

An inverted list

Figure 2.1: An example of the inverted list.

2.1.1 Keyword Search in Information Retrieval

In Information Retrieval, keyword search is a type of search method that looks for matching

documents which contain one or more keywords specified by a user [73]. The Boolean

retrieval model [56] is one of the most popular models for information retrieval in which

users can pose any keyword queries in the form of a Boolean expression of keywords, that

is, keywords are combined with some Boolean operators such as AND, OR, and NOT. The

Boolean retrieval model views each document as just a set of keywords. A document either

matches or does not match a keyword query.

Inverted lists are commonly adopted as the data structure for efficiently answering var-

ious keyword queries in the Boolean retrieval model [6, 56, 92, 93, 38]. The basic idea of

an inverted list is to keep a dictionary of keywords. Then, for each keyword, the index

structure has a list that records which documents the keyword occurs in. Figure 2.1 shows

a simple example of the inverted list for a set of documents.

In the case of large document collections, the resulting number of matching documents

using the Boolean retrieval model can far more than what a human being could possibly scan

through. Accordingly, it is essential for a search system to rank the documents matching

a keyword query properly. This model is called ranked retrieval model [56]. The vector



CHAPTER 2. RELATED WORK 9

space model [74] is usually adopted to represent the documents and the keyword queries.

The relevance of a document with respect to a keyword query can be measured using the

well-known Cosine similarity [72].

An important and necessary post-search activity for keyword search in Information Re-

trieval is the ranking of search results [6, 48, 59]. In general, the ranking metrics take into

account two important factors. One is the relevance between a document and a keyword

query. The other is the importance of the document itself. The term-based ranking and the

link-based ranking are the two most popular ranking methods used widely in practice.

The term-based ranking methods, such as TFIDF [6], captures the relevance between

documents and keyword queries based on the content information in the documents. A

document d and a keyword query q can be regarded as sets of keywords, respectively. The

TFIDF score of a document d with respect to a keyword query q is defined as TFIDF (d, q) =
∑

t∈d∩q TF (t)× IDF (t), where TF (t) is the term frequency of keyword t in d, and IDF (t)

is the inverse document frequency of keyword t which is the total number of documents in

the collections divided by the number of documents that contain t.

The link-based ranking methods, such as PageRank [59] and HITS [48], are widely

adopted by Web search engines for ranking the search results. The link structure of the

Web can be viewed as a directed graph in which each node is a Web page, and each directed

edge is a hyperlink between two pages. The link-based ranking methods assign scores to Web

pages to reflect their importance. In PageRank [59], each page on the Web has a measure

of page importance that is independent of any information need or keyword query. Roughly

speaking, the importance of a page is proportional to the sum of the importance scores of

pages linking to it. In HITS [48], a query is used to select a subgraph from the Web. From

this subgraph, two kinds of nodes are identified: authoritative pages to which many pages

link, and hub pages that contain comprehensive collections of links to authoritative pages.

2.1.2 Keyword Search in Databases

Relational databases are widely used in practice. Recently, the burst of the Internet has

given rise to an ever increasing amount of text data associated with multiple attributes.

For instance, customer reviews in a laptop shopping website are always associated with

attributes like manufacturer, brand, CPU, and OS. Such data can be easily maintained using

a relational table where specific text attributes (e.g., review) are used to store the text data.

The database management systems, also known as DBMS (e.g., Oracle, Microsoft’s SQL
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Server, MySQL), utilize a built-in full-text search engine to retrieve the tuples that contain

keywords in some text attributes [71, 75, 70]. To make sure that full-text queries can be

applied on a given table in a database, the database administrator has to create a full-text

index on the table in advance. The full-text index includes one or more text attributes in

the table. The results to the full-text queries are individual tuples in the corresponding

relational databases.

In recent years, the Boolean retrieval model [6, 56, 92, 93, 38] and natural language

processing techniques have been integrated into the full-text functionalities in those database

management systems.

2.1.3 Keyword Search in Databases & Information Retrieval

The integration of Databases and Information Retrieval provides flexible ways for users to

query information using keyword search. A few critical challenges have been identified such

as how to model the query answers in a semantic way and how to address the flexibility

in scoring and ranking models. To obtain more details in this direction, survey studies

in [4, 14, 79, 13, 15, 86, 87] provide excellent insights into those issues.

As a concrete step to provide an integrated platform for text-rich and data-rich ap-

plications, keyword search on relational databases becomes an active topic in database

research. Several interesting and effective solutions and prototype systems have been devel-

oped [3, 41, 10, 39, 54, 66].

For instance, DBXplorer [3] is a keyword-based search system implemented using a

commercial relational database and Web server. DBXplorer returns all rows, either from

individual tables or by joining multiple tables using primary-foreign keys, such that each

row contains all keywords in a query. It uses a symbol table as the key data structure to look

up the respective locations of query keywords in the database. DISCOVER [41] produces

without redundancy all joining networks of tuples on primary and foreign keys, where a

joining network represents a tuple that can be generated by joining some tuples in multiple

tables. Each joining network collectively contains all keywords in a query. Both DBXplorer

and DISCOVER exploit the schema of the underlying databases. Hristidis et al. [40] develop

efficient methods which can handle queries with both AND and OR semantics and exploit

ranking techniques to retrieve top-k answers.

Quite a few studies about keyword search on relational databases model the database as
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a graph. BANKS [10] models a database as a graph where tuples are nodes and application-

oriented relationships are edges. Under such an extension, keyword search can be generalized

on trees and graphs. BANKS searches for minimum Steiner trees [25] that contain all

keywords in the query. Some effective heuristics are exploited to approximate the Steiner

tree problem, and thus the algorithm can be applied to huge graphs of tuples. To improve the

search efficiency on large graphs, Kacholia et al. [45] introduce the bidirectional expansion

techniques to improve the search efficiency on large graph databases. Dalvi et al. [20] study

the problem of keyword search on graphs which are significantly large to be held in main

memory. To provide keyword search on graphs which are stored in external memory, Dalvi

et al. [20] build a graph representation which combines both condensed version of the graph

and the original graph together. The resulting graph representation is always memory

resident.

Because keyword search on relational databases and graphs takes both vertex labels

and graph structures into account, there are many possible strategies for ranking answers.

Different ranking strategies reflect designers’ respective concerns. Various effective IR-style

ranking criteria and search methods are developed, such as those studies in [52, 54, 23, 49,

15, 62].

Most of the previous studies concentrate on finding minimal connected trees from rela-

tional databases and graphs [3, 41, 40, 10, 46, 52, 47, 54, 23]. Recently, several other types

of semantics of query answers have been proposed. Under the graph model of a relational

database, BLINKS [39] proposes to find distinct roots as answers to a keyword query. An

m-keyword query finds a collection of tuples that contain all the keywords reachable from a

root tuple within a user-given distance. BLINKS [39] builds a bi-level index for fast keyword

search on graphs. Recently, Qin et al. [62] model a query answer as a community. A com-

munity contains several core vertices connecting all the keywords in the query. Li et al. [49]

study keyword search on large collections of heterogenous data. An r-radius Steiner graph

semantic is proposed to model the query answers. Later on, Qin et al. [61] consider all the

previous semantics of query answers, and show that the current commercial database man-

agement systems are powerful enough to support keyword queries in relational databases

efficiently without any additional indexing to be built and maintained.

Instead of returning subgraphs that contain all the keywords, ObjectRank [7] returns

individual tuples as answers. It applies a modified PageRank algorithm to keyword search

in a database for which there is a natural flow of authority between the objects (e.g., tuples
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in relational databases). To calculate the global importance of an object, a random surfer

has the same probability to start from any object in the base set [67]. ObjectRank returns

objects which have high authority with respect to all query keywords.

The quality of approximation in top-k keyword proximity search is studied in [47]. Yu

et al. [85] use a keyword relationship matrix to evaluate keyword relationships in distributed

databases. Most recently, Vu et al. [78] extend the work [85] by summarizing each database

using a keyword relationship graph, which can help to select top-k most promising databases

effectively in query processing.

How Is Our Study Different?

The existing studies about keyword search on relational databases and our work in Chapter 3

address different types of keyword queries on relational databases. First, previous studies

focus on relational databases which consist of a set of relational tables. In Chapter 3, an

aggregate keyword query is conducted on a single large relational table. Second, previous

studies look for individual tuples (or a set of tuples interconnected by primary-foreign key

relationships) such that all the query keywords appear in at least one returned tuple in the

database. In other words, the answers to be returned are tuples from the original database.

However, in Chapter 3, the answers to the aggregate keyword queries are aggregate cells

(group-bys). All the query keywords must appear in at least one tuple in the correspond-

ing group-bys. In other words, the answers to be returned are aggregated results from the

original relational table. Third, in the previous studies, the tuples to be returned come

from different relational tables which are connected by the primary-foreign key relation-

ships. However, in Chapter 3, the tuples are in the same table and those tuples in the

same group-by have same values on those group-by attributes. As a result, the problem of

aggregate keyword query is quite different from those existing studies about keyword search

on relational databases.

The existing methods about keyword search on relational databases cannot be extended

straightforwardly to tackle the aggregate keyword search problem in Chapter 3. First,

previous studies find tuples from different tables which are interconnected by primary-foreign

key relationships, it is possible to extend some of the existing methods to compute those

joining networks where tuples from the same table are joined (that is, self-join of a table).

However, for a query of m keywords, we need to conduct the self-joins of the original table

for m − 1 times, which is very time-consuming. Second, the number of joining networks
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generated by the self-joins can be much larger than the number of valid answers due to

the monotonicity of aggregate cells. Such extensions cannot compute the valid answers

to aggregate keyword queries efficiently. As a result, we need to develop specific query

answering techniques to conduct the aggregate keyword queries efficiently and effectively.

2.2 Query Suggestion

In those popular commercial Web search engines, query suggestion has become a well-

accepted functionality to assist the users to explore and formulate their precise information

needs during the search process. The objective of query suggestion in search engines is

transforming an initial search query into a better one which is capable of satisfying the

users’ real information need by retrieving more relevant documents. There are quite a lot

of studies conducted on generating different types of query suggestions, such as query auto-

completion [17], query spelling correction [51], query expansion [80], and query rewriting [44]

To provide a good query suggestion, it is necessary to understand the users’ precise search

intents behind search queries. Generally, additional information rather than search queries

should be taken into consideration for query understanding. These pieces of information

include users’ explicit feedbacks (e.g., [55]), users’ implicit feedbacks (e.g., [12, 11]), users’

personal profiles (e.g., [16]), search result snippets (e.g., [64]), and so on.

Search logs contain crowd intelligence accumulated from millions of users, that is, a

large number of people simultaneously converge upon the same point of knowledge. As such,

search logs recently have been widely used for the purpose of query suggestion. For instance,

Cui et al. [19] extract probabilistic correlations between query keywords and document

terms by analyzing search logs and used the correlations to select high-quality expansion

terms for new queries. Jones et al. [44] identify typical substitutions the users made to their

queries from search logs, and leverage the information to improve the quality of user queries.

Recently, search context has been identified as one piece of important source to understand

users’ search behavior. For instance, Cao et al. [12, 11] propose a general context-aware

model for query suggestion and ranking. These studies indicate that search contexts are

effective for disambiguating keyword queries and improving the quality of multiple search

services.

Most recently, the query suggestion technique has attracted some attention for keyword

search on structured and semi-structured data. Zhou et al. [91] propose a query relaxation
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scheme to deal with imprecise document models and heterogeneous schemas. The major

idea is to utilize duplicates in co-related data sets to identify important correlations. Then,

these correlations are used to appropriately relax users’ search queries. Recently, Li et

al. [50] study a keyword search problem on XML data by mining promising result types.

Li et al. [50] claim that keyword query is hard to be precise. As a result, the number of

returned answers may be too huge, and only a few types of them are interesting to the

users. With the aim to help users disambiguate possible interpretations of the query, Li et

al. [50] propose a ranking methods by taking into account the query results for different

interpretation. Only the most promising result types are returned.

How Is Our Study Different?

The methods of query suggestion in Web search engines cannot be extended straightfor-

wardly to solve the problem in Chapter 4. First, the answer models for Web search and

search on graphs are completely different. In Web search, an answer to a keyword query

is a textual Web page. However, when conducting keyword search on graphs, an answer

to a keyword query can have many different types of semantics, such as a Steiner tree or

a root node. Second, the ranking models for Web search and search on graphs are not the

same. In Web search, the set of textual Web pages are ranked based on their relevance

to the query. For keyword search on graphs, the answers are ranked according to specific

ranking scores, such as the weight of the answer. Third, many pieces of information in

Web search, especially search logs, can be used to analyze users’ search activities. However,

when conducting keyword search on graphs, we do not have rich sources to understand

users’ search behavior. Those critical differences make the problem of query suggestion for

keyword search on graphs more challenging.

The problem studied in [50] is quite different from our study in Chapter 4. First, the

work in [50] focuses on XML data which is a tree structure. However, our work in Chapter 4

focuses on general graphs. Thus, the methods in [50] cannot be used to solve our problem

in Chapter 4. Second, while the work in [50] identifies most promising result types, the goal

of our work in Chapter 4 is to recommend a set of related queries to assist users’ search

process. As far as we know, our work in Chapter 4 is the first systematic study on providing

query suggestions for keyword search on general graphs.

Many previous studies have been conducted on analyzing search logs for various keyword

search applications such as query suggestion and keyword bidding. However, as far as we
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know, there is no previous work on building a general search log analysis infrastructure to

support various online applications in Web search engines. In Chapter 5, we present an

initiative towards building an online analytic processing (OLAP for short) system on search

logs as the universal search log analysis infrastructure.



Chapter 3

Aggregate Keyword Search on

Relational Tables

Relational databases are widely used in practice. Recently, keyword search has been applied

successfully on relational databases where some text attributes are used to store text-rich

information. As reviewed in Chapter 2, all of the existing methods address the following

search problem: given a set of keywords, find a set of tuples that are most relevant (for

example, find the top-k most relevant tuples) to the set of keywords. Here, each tuple in

the answer set may be from one table or from the join of multiple tables.

While searching individual tuples using keywords is useful, in some application sce-

narios, a user may be interested in an aggregate group of tuples jointly matching a set of

query keywords. In this chapter, we motivate a novel problem of aggregate keyword search:

finding minimal group-bys covering a set of query keywords well, which is useful in many

applications.

In this chapter, we first provide a motivation example to illustrate the usage of aggregate

keyword search in Section 3.1. Then, in Section 3.2, we formulate the problem of aggregate

keyword search on relational databases, and discuss some significant differences between

our work and some others. We develop the maximum join approach in Section 3.3, and the

keyword graph approach in Section 3.4. In Section 3.5, the complete aggregate keyword

search is extended and generalized for partial matching and matching based on a keyword

ontology. A systematic performance study is reported in Section 3.6. Section 3.7 summarizes

this chapter.

16
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Month State City Event Description

December Texas Houston Space Shuttle Experience rocket, supersonic, jet

December Texas Dallas Cowboy’s Dream Run motorcycle, culture, beer

December Texas Austin SPAM Museum Party classical American Hormel foods

November Arizona Phoenix Cowboy Culture Show rock music

Table 3.1: A table of tourism events.

3.1 A Motivation Example

Example 1 (Motivation) Table 3.1 shows a database of tourism event calendar. Such an

event calendar is popular in many tourism Websites and travel agents’ databases (or data

warehouses). To keep our discussion simple, in the field of description, a set of keywords

are extracted. In general, this field can store text description of events.

Scott, a customer planning his vacation, is interested in seeing space shuttles, riding

motorcycle and experiencing American food. He can search the event calendar using the

set of keywords {“space shuttle”, “motorcycle”, “American food”}. Unfortunately, the three

keywords do not appear together in any single tuple, and thus the results returned by the

existing keyword search methods may contain at most one keyword in a tuple.

However, Scott may find the aggregate group (December, Texas, ∗, ∗, ∗) interesting and

useful, since he can have space shuttles, motorcycle, and American food all together if he

visits Texas in December. The ∗ signs on attributes city, event, and description mean

that he will have multiple events in multiple cities with different descriptions.

To make his vacation planning effective, Scott may want to have the aggregate as specific

as possible – it should cover a small area (for example, Texas instead of the whole United

States) and a short period (for example, December instead of year 2009).

In summary, the task of keyword search for Scott is to find minimal aggregates in the

event calendar database such that for each of such aggregates, all keywords are contained by

the union of the tuples in the aggregate.

Different from the existing studies about keyword search on relational databases which

find a tuple (or a set of tuples interconnected by primary-foreign key relationships) matching

the requested keywords well, the aggregate keyword search investigated in this chapter tries

to identify a minimal context where the keywords in a query are covered. In addition to
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the example of the tourism event query in Example 1, there are quite a few interesting

applications of the aggregate keyword queries in practice.

• For movie retailer stores, their databases store all the information about thousands

of movies, such as title of the movie, director, leading actor, leading actress,

writer, and so on. The aggregate keyword queries can suggest to the customers some

interesting factors of movies that customers may find interesting. For example, a

customer favoring in science fiction movies may be suggested that the director Steven

Spielberg has directed quite a few sci-fi movies. Later on, the customer may want

to watch some more movies directed by Steven Spielberg.

• For online social networking sites, their databases store all the information about differ-

ent user communities and groups, such as member’s location, member’s interest,

member’s gender, member’s age, and so on. The aggregate keyword queries can

recommend to those new users some important factors of those social communities

that they may prefer to joining in. For example, a female university student may find

that most people in her age likes shopping. Thus, she may want to first join those

communities which focus on shopping information.

Similar situations arise in some related recommendation services, such as restaurant rec-

ommendation, hotel recommendation, friend finder suggestion, shopping goods promotion,

and so on.

As analyzed in Chapter 2, aggregate keyword search cannot be achieved efficiently using

the keyword search methods developed in the existing studies, since those methods do not

consider aggregate group-bys in the search which are critical for aggregate keyword search.

3.2 Aggregate Keyword Queries

For the sake of simplicity, in this chapter, we follow the conventional terminology in online

analytic processing (OLAP) and data cubes [35].

Definition 1 (Aggregate cell) Let T = (A1, . . . , An) be a relational table. An aggregate

cell (or a cell for short) on table T is a tuple c = (x1, . . . , xn) where xi ∈ Ai or xi = ∗

(1 6 i 6 n), and ∗ is a meta symbol meaning that the attribute is generalized. The cover
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of aggregate cell c is the set of tuples in T that have the same values as c on those non-∗

attributes, that is,

Cov(c) = {(v1, . . . , vn) ∈ T |vi = xi if xi 6= ∗, 1 6 i 6 n}

A base cell is an aggregate cell which takes a non-∗ value on every attribute.

For two aggregate cells c = (x1, . . . , xn) and c′ = (y1, . . . , yn), c is an ancestor of c′,

and c′ a descendant of c, denoted by c ≻ c′, if xi = yi for each xi 6= ∗ (1 6 i 6 n), and

there exists i0 (1 6 i0 6 n) such that xi0 = ∗ but yi0 6= ∗. We write c � c′ if c ≻ c′ or c = c′.

For example, in Table 3.1, the cover of aggregate cell (December, Texas, ∗, ∗, ∗) contains

the three tuples about the events in Texas in December. Moreover, (∗, Texas, ∗, ∗, ∗) ≻

(December, Texas, ∗, ∗, ∗).

Apparently, aggregate cells have the following property.

Corollary 1 (Monotonicity) For aggregate cells c and c′ such that c ≻ c′, Cov(c) ⊇

Cov(c′).

For example, in Table 3.1, Cov(∗, Texas, ∗, ∗, ∗) ⊇ Cov(December, Texas, ∗, ∗, ∗).

In this chapter, we consider keyword search on a table which contains some text-rich

attributes such as attributes of character strings or large object blocks of text. Formally,

we define an aggregate keyword query as follows.

Definition 2 (Aggregate keyword query) Given a table T , an aggregate keyword

query is a 3-tuple Q = (D, C,W ), where D is a subset of attributes in table T , C is a subset

of text-rich attributes in T , and W is a set of keywords. We call D the aggregate space

and each attribute A ∈ D a dimension. We call C the set of text attributes of Q. D and

C do not have to be exclusive to each other.

An aggregate cell c on T is an answer to the aggregate keyword query (or c matches

Q for short) if (1) c takes value ∗ on all attributes not in D, that is, c[A] = ∗ if A 6∈ D; and

(2) for every keyword w ∈ W , there exists a tuple t ∈ Cov(c) and an attribute A ∈ C such

that w appears in the text of t[A].

Example 2 (Aggregate keyword query) The aggregate keyword query in Example 1

can be written as Q = ({Month, State, City, Event}, {Event, Description}, {“space shut-

tle”, “motorcycle”, “American food”}) according to Definition 2, where table T is shown in

Table 3.1.
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(a2, b1, *)(a1, *, c2)(a1, *, c1)(a1, b2, *)(a1, b1, *) (a2, b2, *)

(*, b2, *)

(*, *, *)

(*, *, c2)(*, *, c1)(*, b1, *)(a2, *, *)(a1, *, *)

(a2, b1, c2, w1)(a2, b1, c1, w1)(a1, b2, c2, w1)(a1, b1, c2, w2)(a1, b1, c1, w1) (a2, b2, c1, w2)

(*, b2, c2)(*, b2, c1)(*, b1, c2)(*, b1, c1)(a2, *, c2)(a2, *, c1)

Figure 3.1: The aggregate lattice on ABC.

Due to the monotonicity of aggregate cells in covers (Corollary 1), if c is an answer to an

aggregate keyword query, then every aggregate cell which is an ancestor of c (that is, more

general than c) is also an answer to the query. In order to eliminate the redundancy and

also address the requirements from practice that specific search results are often preferred,

we propose the notion of minimal answers.

Definition 3 (Minimal answer) An aggregate cell c is a minimal answer to an aggre-

gate keyword query Q if c is an answer to Q and every descendant of c is not an answer to

Q.

The problem of aggregate keyword search is to find the complete set of minimal

answers to a given aggregate keyword query Q.

In some situations, the minimal answers can be ranked according to a specific ranking

function (e.g., TFIDF based ranking function). Users may be only interested in top-k an-

swers. However, defining a meaningful ranking function in practice is a challenge. Moreover,

in different relational databases, the ranking functions can be quite different, since the data

stored in the databases may be quite different. In this chapter, we focus on finding the

complete set of minimal answers. The problem of top-k answer retrieval is interesting for

future research.

It is well known that all the aggregate cells on a table form a lattice. Thus, aggregate

keyword search is to search the minimal answers in the aggregate cell lattice as illustrated

in the following example.

Example 3 (Lattice) In table T = (A,B,C,D) in Table 3.2, attribute D contains a set

of keywords wi (i > 0). Consider query Q = (ABC,D, {w1, w2}).
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A B C D

a1 b1 c1 w1, w3

a1 b1 c2 w2, w5

a1 b2 c2 w1

a2 b1 c1 w1, w4

a2 b1 c2 w1, w3

a2 b2 c1 w2, w6

Table 3.2: Table T in Example 3.

Figure 3.1 shows the aggregate cells in aggregate space ABC and the lattice. Aggregate

cells (a1, b1, ∗), (a1, ∗, c2), (∗, b1, c2), (∗, b2, ∗), and (a2, ∗, c1) are the minimal answers to the

query. They are highlighted in boxes in the figure.

In this chapter, for simplicity, we only consider two-level aggregations, that is, for an

aggregate cell c = (x1, . . . , xn), xi is either a value in the corresponding dimension Ai or an

aggregated value ∗. The proposed aggregate keyword search can be extended to support

multiple-level aggregations. For example, consider the dimension Month in Table 3.1, the

values in this dimension could be organized into a hierarchy, such as Month – Season – Year.

For an aggregate cell c, the value of the dimension Month can be a specific month such as

December, or an aggregated value such as Winter or 2011, or even a generalized value ∗.

Then, the cover of an aggregate cell c contains a set of tuples satisfying the following two

conditions: (1) for those non-aggregated attributes, those tuples have the same values as c;

and (2) for those aggregated attributes, those tuples have the values which are descendants of

the values of c in the corresponding dimension hierarchy. The definition of minimal answers

can be extended similarly. However, this problem modeling introduces more challenges,

since every dimension has its own hierarchy. We leave the detailed discussion of aggregate

keyword search using multiple-level aggregations as an interesting future research direction.

It is also possible to consider whether the aggregate keyword search can be applied on

multiple tables. Intuitively, we can conduct join operations on multiple tables to form a

global table. Then, we can apply the aggregate keyword search on the global table. However,

the joined table could be very huge. Moreover, the results of aggregate keyword search may

contain unnecessary information. For example, consider two tables T1(A,B) and T2(B,C).

T1 has one tuple t11 = (a1, b1), and T2 has two tuples t21 = (b1, c1) and t22 = (b2, c1). We
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may find a minimal answer c = (a1, ∗, c1) if we conduct joins on T1 and T2. However, both

of the two tuples in T2 are in the cover of c. But only t21 can be joined with t11 to obtain

the minimal answer. Thus, it is interesting to explore whether some efficient and effective

solutions are available to answer aggregate keyword queries on multiple tables.

Another interesting direction to explore in the future is the ranking of minimal answers.

As shown in Table 3.4, the number of minimal answers to an aggregate keyword query

could be very large. In some cases, users may be only interested in the top-k results where

k is a small number specified by the user. There are some factors need to be considered

for ranking minimal answers. For example, the number of tuples in the cover is useful to

examine whether the minimal answer contains too much irreverent information. As another

example, different dimensions may have different importance. The rankings of answers need

to consider whether important dimensions are aggregated or not. We will develop detailed

ranking measures in the future study.

3.2.1 Comparisons with Keyword-Driven Analytical Processing

Keyword-driven analytical processing (KDAP) [82] probably is the work most relevant to

our study. KDAP involves two phases. In the differentiate phase, for a set of keywords,

a set of candidate subspaces are generated where each subspace corresponds to a possible

join path between the dimensions and the facts in a data warehouse schema (for example, a

star schema). In the explore phase, for each subspace, the aggregated values for some pre-

defined measure are calculated and the top-k interesting group-by attributes to partition

the subspace are found.

For instance, as an example in [82], to answer a query “Columbus LCD”, the KDAP

system may aggregate the sales about “LCD” and break down the results into sub-aggregates

for “Projector Technology = LCD”, “Department = Monitor, Product = Flat Panel (LCD)”,

etc. Only the tuples that link with “Columbus” will be considered. A user can then drill

down to aggregates of finer granularity.

Both the KDAP method and our study consider aggregate cells in keyword matching.

The critical difference is that the two approaches address two different application scenarios.

In the KDAP method, the aggregates of the most general subspaces are enumerated, and the

top-k interesting group-by attributes are computed to help a user to drill down the results.

In other words, KDAP serves the interactive exploration of data using keyword search.

In this study, the aggregate keyword search is modeled as a type of queries. Only the
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minimal aggregate cells matching a query are returned. Moreover, we focus on the efficiency

of query answering. Please note that [82] does not report any experimental results on the

efficiency of query answering in KDAP since it is not a major concern in that study.

3.2.2 Comparisons with Iceberg Cube Computation

As elaborated in Example 3, aggregate keyword search finds aggregate cells in a data cube

lattice (that is, the aggregate cell lattice) in the aggregate space D in the query. Thus,

aggregate keyword search is related to the problem of iceberg cube computation which has

been studied extensively.

The concept of data cube is formulated in [35]. [28] proposes iceberg queries which find in

a cube lattice the aggregate cells satisfying some given constraints (for example, aggregates

whose SUM passing a given threshold).

Efficient algorithms for computing iceberg cubes with respect to various constraints have

been developed. Particularly, the BUC algorithm [9] exploits monotonic constraints like

COUNT(∗) > v and conducts a bottom-up search (that is, from the most general aggregate

cells to the most specific ones). [37] tackles non-monotonic constraints like AVG(∗) > v

by using some weaker but monotonic constraints in pruning. More efficient algorithms for

iceberg cube computation are proposed in [83, 30]. The problem of iceberg cube computation

on distributed network environment is investigated in [58].

A keyword query can be viewed as a special case of iceberg queries, where the constraint is

that the tuples in an aggregate cell should jointly match all keywords in the query. However,

this kind of constraints have not been explored in the literature of iceberg cube computation.

The existing methods only consider the constraints composed by SQL aggregates like SUM,

AVG and COUNT. In those constraints, every tuple in an aggregate cell contributes to the

aggregate which will be computed and checked against the constraint. In aggregate keyword

search, a keyword is expected to appear in only a small subset of tuples. Therefore, most

tuples of an aggregate cell may not match any keyword in the query, and thus do not need

to be considered in the search.

Due to the monotonicity in aggregate keyword search (Corollary 1), can we straight-

forwardly extend an existing iceberg cube computation method like BUC to tackle the

aggregate keyword search problem? In aggregate keyword search, we are interested in the

minimal aggregate cells matching all keywords in the query. However, all the existing ice-

berg cube computation methods more or less follow the BUC framework and search from
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the most general cell to the most specific cells in order to use monotonic constraints to

prune the search space. The general-to-specific search strategy is inefficient for aggregate

keyword search since it has to check many answers to the query until the minimal answers

are computed.

3.3 The Maximum Join Approach

As reviewed in Chapter 2, inverted indexes of keywords [6, 56, 92, 93, 38] are heavily used

in keyword search and have been supported extensively in practical systems. It is natural

to exploit inverted indexes of keywords to support aggregate keyword search.

3.3.1 A Simple Nested Loop Solution

For a keyword w and a text-rich attribute A, let ILA(w) be the inverted list of tuples which

contain w in attribute A. That is, ILA(w) = {t ∈ T |w appears in t[A]}.

Consider a simple query Q = (D, C, {w1, w2}) where there are only two keywords in the

query and there is only one text-rich attribute C. How can we derive the minimal answers

to the query from ILC(w1) and ILC(w2)?

For a tuple t1 ∈ ILC(w1) and a tuple t2 ∈ ILC(w2), every aggregate cell c that is a

common ancestor of both t1 and t2 matches the query. We are interested in the minimal

answers. Then, what is the most specific aggregate cell that is a common ancestor of both

t1 and t2?

Definition 4 (Maximum join) For two tuples tx and ty in table R, the maximum join

of tx and ty on attribute set A ⊆ R is a tuple t = tx ∨A ty such that (1) for any attribute

A ∈ A, t[A] = tx[A] if tx[A] = ty[A], otherwise t[A] = ∗; and (2) for any attribute B 6∈ A,

t[B] = ∗.

We call this operation maximum join since it keeps the common values between the two

operant tuples on as many attributes as possible.

Example 4 (Maximum join) In Table 3.2, (a1, b1, c1, {w1, w3})∨ABC(a1, b1, c2, {w2, w5}) =

(a1, b1, ∗, ∗).
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Algorithm 1 The simple nested loop algorithm.

Input: query Q = (D, C, {w1, w2}), ILC(w1) and ILC(w2);
Output: minimal aggregates matching Q;

Step 1: generate possible minimal aggregates
1: Ans = ∅; // Ans is the answer set
2: for each tuple t1 ∈ ILC(w1) do
3: for each tuple t2 ∈ ILC(w2) do
4: Ans = Ans ∪ {t1 ∨D t2};
5: end for
6: end for

Step 2: remove non-minimal aggregates from Ans
7: for each tuple t ∈ Ans do
8: for each tuple t′ ∈ Ans do
9: if t′ ≺ t then

10: Ans = Ans− {t′};
11: else if t ≺ t′ then
12: Ans = Ans− {t};
13: break;
14: end if
15: end for
16: end for

As can be seen from Figure 3.1, the maximal-join of two tuples gives the least upper

bound (supremum) of the two tuples in the lattice. In general, we have the following property

of maximum joins.

Corollary 2 (Properties) The maximum-join operation is associative. That is, (t1 ∨A

t2) ∨A t3 = t1 ∨A (t2 ∨A t3). Moreover, ∨l
i=1ti is the supremum of tuples t1, . . . , tl in the

aggregate lattice.

Using the maximum join operation, we can conduct a nested loop to answer a simple

query Q = (D, C, {w1, w2}) as shown in Algorithm 1. The algorithm is in two steps. In the

first step, maximum joins are applied on pairs of tuples from ILC(w1) and ILC(w2). The

maximum joins are candidates for minimal answers. In the second step, we remove those

aggregates that are not minimal.

The simple nested loop method can be easily extended to handle queries with more

than two keywords and more than one text-rich attribute. Generally, for query Q =

(D, C, {w1, . . . , wm}), we can derive the inverted list of keyword wi (1 6 i 6 m) on at-

tribute set C as ILC(wi) = ∪C∈CILC(wi). Moreover, the first step of Algorithm 1 can be
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extended so that m nested loops are conducted to obtain the maximal joins of tuples ∨m
i=1ti

where ti ∈ ILC(wi).

To answer query Q = (D, C, {w1, . . . , wm}), the nested loop algorithm has the time com-

plexity O(
∏m

i=1 |ILC(wi)|
2). The first step takes time O(

∏m
i=1 |ILC(wi)|) and may generate

up to
∏m

i=1 |ILC(wi)| aggregates in the answer set. To remove the non-minimal answers,

the second step takes time O(
∏m

i=1 |ILC(wi)|
2). In a relational table T = (A1, . . . , An) with

N rows, the total number of aggregate cells is O(N · 2n) or O(Πn
i=1(|Ai| + 1)), where |Ai|

is the number of distinct values in dimension Ai. Thus, the simple nested algorithm needs

O(N2 · 2n+1) time in the worst case.

Clearly, the nested loop method is inefficacious for large databases and queries with

multiple keywords. In the rest of this section, we will develop several interesting techniques

to speed up the search.

3.3.2 Pruning Exactly Matching Tuples

Hereafter, when the set of text-rich attributes C is clear from context, we write an inverted

list ILC(w) as IL(w) for the sake of simplicity. Similarly, we write t1 ∨D t2 as t1 ∨ t2 when

D is clear from the context.

Theorem 1 (Pruning exactly matching tuples) Consider query Q = (D, C, {w1, w2})

and inverted lists IL(w1) and IL(w2). For tuples t1 ∈ IL(w1) and t2 ∈ IL(w2) such that

t1[D] = t2[D], t1 ∨ t2 is a minimal answer. Moreover, except for t1 ∨ t2, no other minimal

answers can be an ancestor of either t1 or t2.

Proof. The minimality of t1 ∨ t2 holds since t1 ∨ t2 does not take value ∗ on any attributes

in D. Except for t1 ∨ t2, every ancestor of t1 or t2 must be an ancestor of t1 ∨ t2 in D, and

thus cannot be a minimal answer.

Using Theorem 1, once two tuples t1 ∈ IL(w1) and t2 ∈ IL(w2) are found such that

t1[D] = t2[D], t1∨ t2 should be output as a minimal answer, and t1 and t2 should be ignored

in the rest of the join.

3.3.3 Reducing Matching Candidates Using Answers

For an aggregate keyword query, we can use some answers found before, which may not

even be minimal, to prune matching candidates.
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Theorem 2 (Reducing matching candidates) Let t be an answer to Q = (D, C, {w1, w2})

and t1 ∈ IL(w1). For any tuple t2 ∈ IL(w2), if for every attribute D ∈ D where t1[D] 6= t[D],

t2[D] 6= t1[D], then t1 ∨ t2 is not a minimal answer to the query.

Proof. For every attribute D ∈ D where t1[D] 6= t[D], since t1[D] 6= t2[D], (t1 ∨ t2)[D] = ∗.

On every other attribute D′ ∈ D where t1[D
′] = t[D′], either (t1 ∨ t2)[D

′] = t1[D
′] = t[D′]

or (t1 ∨ t2)[D
′] = ∗. Thus, t1 ∨ t2 � t. Consequently, t1 ∨ t2 cannot be a minimal answer to

Q.

Using Theorem 2, for each tuple t1 ∈ IL(w1), if there is an answer t (not necessary

a minimal one) to query Q = (D, C, {w1, w2}) such that t[D] = t1[D] on some attribute

D ∈ D, we can use t to reduce the tuples in IL(w2) that need to be joined with t1 as

elaborated in the following example.

Example 5 (Reducing matching candidates) Consider query Q = (ABC,D, {w1, w2})

on the table T shown in Table 3.2. A maximum join between (a1, b1, c2) and (a1, b2, c2)

generates an answer (a1, ∗, c2) to the query. Although tuple (a1, b1, c2) contains w1 on D

and tuple (a2, b2, c1) contains w2 on D, as indicated by Theorem 2, joining (a1, b1, c2) and

(a2, b2, c1) results in aggregate cell (∗, ∗, ∗), which is an ancestor of (a1, ∗, c2) and cannot be

a minimal answer.

For a tuple t1 ∈ IL(w1) and an answer t to a query Q = (D, C, {w1, w2}), the tuples in

IL(w2) surviving from the pruning using Theorem 2 can be found efficiently using inverted

lists. In implementation, instead of maintaining an inverted list IL(w) of keyword w, we

maintain a set of inverted lists ILA=a(w) for every value a in the domain of every attribute

A, which links all tuples having value a on attribute A and containing keyword w on the

text-rich attributes. Clearly, IL(w) = ∪a∈AILA=a(w) where A is an arbitrary attribute.

Here, we assume that tuples do not take null value on any attribute. If some tuples take

null values on some attributes, we can simply ignore those tuples on those attributes, since

those tuples do not match any query keywords on those attributes.

Suppose t is an answer to query Q = (D, C, {w1, w2}) and t1 contains keyword w1 but

not w2. Then, t1 needs to join with only the tuples in

Candiate(t1) = ∪D∈D:t1[D] 6=t[D]ILD=t1[D](w2).

Other tuples in IL(w2) should not be joined with t1 according to Theorem 2.
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An answer t is called overlapping with a tuple t1 if there exists at least one attribute

D ∈ D such that t[D] = t1[D]. Clearly, the more answers overlapping with t1, the more

candidates can be reduced.

Heuristically, the more specific t1 ∨ t in Theorem 2, the more candidate tuples may be

reduced for the maximum joins with t1. Therefore, for each tuple t1 ∈ IL(w1), we should

try to find t2 ∈ IL(w2) such that t = t1 ∨ t2 contains as few ∗’s as possible. To implement

the heuristic, for query Q = (D, C, (w1, w2)) and each tuple t1 ∈ IL(w1) currently in the

outer loop, we need to measure how well a tuple in ILC(w2) matches t1 in D. This can be

achieved efficiently using bitmap operations as follows.

We initialize a counter of value 0 for every tuple in inverted list ILC(w2). For each

attribute D ∈ D, we compute ILD=t1[D](w1) ∩ ILD(w2) using bitmaps. For each tuple in

the intersection, the counter of the tuple is incremented by 1. After checking all attributes

in D, the tuples having the largest counter value match t1 the best. Thus, we can sort tuples

in ILC(w2) in the counter value descending order and conduct maximum joins with t1 on

them. In this order, the most specific matches can be found the earliest.

Comparing to the traditional solution which builds an inverted list IL(w) for each key-

word w, in our method, the number of inverted lists is larger. However, in terms of the space

complexity, maintaining one inverted list per keyword and multiple lists per keyword only

differs in O(|T | · |D|) space, where |T | is the number of keywords, and |D| is the number of

dimensional attributes. Since |D| is a constant, the space complexity is the same. Moreover,

the inverted lists can be accessed in O(1) time using hashing. Furthermore, as explained

above, the number of inverted lists to be accessed only depends on the number of dimen-

sions on which a tuple t1 and an answer t have different values. The heuristic used in our

method can find the most specific answers as early as possible, which in turn is beneficial for

the pruning strategy, since the number of dimensions that t1 and t having different values

is small. As a result, maintaining the inverted lists for each dimension values is useful to

improve the query performance.

3.3.4 Fast Minimal Answer Checking

In order to obtain minimal answers to an aggregate keyword query, we need to remove non-

minimal answers from the answer set. The näıve method in Algorithm 1 adopts a nested

loop. Each time when a new answer t (not necessary a minimal answer) is found, we need

to scan the answer set once to consider if t should be inserted into the answer set. If t is an
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ancestor of some answers in the answer set, t cannot be a minimal answer, thus t should not

be inserted into the answer set. In the other case, if t is a descendant of some answers in the

answer set, those answers cannot be the minimal answers, thus need to be removed from

the answer set. Without any index structures, it leads to O(n2) time complexity, where n

is the size of the answer set. Can we do better?

The answers in the answer set can be organized into inverted lists. For an arbitrary

attribute A, ILA=a represents the inverted list for all answers t such that t[A] = a. Using

Definition 1, we have the following result.

Corollary 3 (Ancestor and descendant) Suppose the answers to query Q = (D, C,W )

are organized into inverted lists, and t is an answer. Let

Ancestor(t) = (∩D∈D:t[D] 6=∗(ILD=∗ ∪ ILD=t[D]))

∩(∩D∈D:t[D]=∗ILD=∗)

and Descendant(t) = ∩D∈D:t[D] 6=∗ILD=t[D]. That is, if an answer t1 ∈ Ancestor(t), for

those dimensions that t has a ∗ value, t1 also has a ∗ value; for those dimensions that t

has a non-∗ value, t1 must either have the same non-∗ value or a ∗ value; if an answer

t2 ∈ Descendant(t), for those dimensions that t has a non-∗ value, t2 must have the same

non-∗ value.

Then, the answers in Ancestor(t) are not minimal. Moreover, t is not minimal if

Descendant(t) 6= ∅.

Both Ancestor(t) and Descendant(t) can be implemented efficiently using bitmaps. For

each newly found answer t, we calculate Ancestor(t) andDescendant(t). IfDescendant(t) 6=

∅, t is not inserted into the answer set. Otherwise, t is inserted into the answer set, and

all answers in Ancestor(t) are removed from the answer set. In this way, we maintain a

small answer set during the maximal join computation. When the computation is done, the

answers in the answer set are guaranteed to be minimal.

3.3.5 Integrating the Speeding-Up Strategies

The strategies described in Sections 3.3.2, 3.3.3, and 3.3.4 can be integrated into a fast

maximum-join approach as shown in Algorithm 2.

For a query containing m keywords, we need m− 1 rounds of maximum joins. Heuris-

tically, the larger the sizes of the two inverted lists in the maximum join, the more costly
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Algorithm 2 The fast maximum-join algorithm.

Input: query Q = (D, C, {w1, . . . , wm}), ILC(w1), . . . , ILC(wm);
Output: minimal aggregates matching Q;
1: Ans = ∅; // Ans is the answer set
2: CandList = {ILC(w1), . . . , ILC(wm)};
3: initialize k = 1; /* m keywords need m− 1 rounds of joins */
4: while k < m do
5: k = k + 1;
6: pick two candidate inverted lists IL1

C and IL2
C with smallest sizes from CandList,

and remove them from CandList;
7: for each tuple t1 ∈ IL1

C do
8: use strategy in Section 3.3.3 to calculate the counter for tuples in IL2

C ;
9: while IL2

C is not empty do
10: let t2 be the tuple in IL2

C with largest counter;
11: if the counter of t2 is equal to the dimension then
12: use strategy in Section 3.3.4 to insert an answer t1 into Ans; /* t1 exactly

matches t2, as described in Section 3.3.2 */
13: remove t1 and t2 from each inverted list;
14: break;
15: else
16: maximum join t1 and t2 to obtain an answer;
17: use strategy in Section 3.3.4 to insert the answer into Ans;
18: use strategy in Section 3.3.3 to find candidate tuples in IL2

C , and update IL2
C ;

19: end if
20: end while
21: end for
22: build an inverted list for answers in Ans and insert it into CandList;
23: end while

the join. Here, the size of an inverted list is the number of tuples in the list. Thus, in each

round of maximum joins, we pick two inverted lists with the smallest sizes.

It is a challenging problem to develop a better heuristic to decide the orders of maximum

joins for those keywords in the query. The general principle is to reduce the total number

of maximum joins which are needed in the algorithm. However, there are a set of challenges

which need to be addressed.

The first challenge is how to accurately estimate the number of maximum joins which

are needed. In relational databases, we can accurately estimate the number of joins (e.g.,

equi-join, left outer join) based on the correlations of attribute values. However, in our

case, the situation is much more complicated. We developed a set of pruning strategies to
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prune the number of maximum joins in the algorithm. Those pruning strategies may affect

the estimation greatly. As a result, the estimation needs to take into account the pruning

strategies, and is far from trivial.

The second challenge is how to estimate the number of intermediate minimal answers

generated in each round of maximum joins. In our problem, the candidate answers generated

by any two keywords will become the input to the next rounds of maximum joins. Thus,

the size of the intermediate minimal answers plays an important role for the performance

of the maximum-join algorithm. Consider two pairs of keywords (w1, w2) and (w3, w4).

Suppose the number of maximum joins for w1 and w2 is smaller than that for w3 and w4,

we cannot simply make a conclusion that w1 and w2 should be maximum-joined first, since

it is possible that the number of the intermediate minimal answers generated by joining w1

and w2 is much larger than that by joining w3 and w4.

The current heuristic used in our algorithm is very simple, and it achieves relatively

good performance. For a performance comparison, we compared our simple heuristic to a

random selection method (that is, for a query containing m keywords, we randomly pick

two words and get the corresponding lists of tuples for the next round of maximum joins).

In Figure 3.9, we show the performance of the maximum-join algorithm using the simple

heuristic we developed in this chapter, as well as that using the random method. The simple

heuristic clearly outperforms the random method. We leave the problem of developing a

better heuristic for deciding the orders of maximum-joins as an interesting future direction.

When we conduct the maximum joins between the tuples in two inverted lists, for each

tuple t1 ∈ IL
1
C , we first compute the counters of tuples in IL2

C , according to the strategy in

Section 3.3.3. Apparently, if the largest counter value is equal to the number of dimensions

in the table, the two tuples are exactly matching tuples. According to the strategy in

Section 3.3.2, the two tuples can be removed and a minimal answer is generated. We use

the strategy in Section 3.3.4 to insert the answer into the answer set. If the largest counter

value is less than the number of dimensions, we pick the tuple t2 with the largest counter

value and compute the maximum join of t1 and t2 as an answer. Again, we use the strategy

in Section 3.3.4 to insert the answer into the answer set. The answer set should be updated

accordingly, and non-minimal answers should be removed.

Based on the newly found answer, we can use the strategy in Section 3.3.3 to reduce the

number of candidate tuples to be joined in IL2
C . Once IL2

C becomes empty, we can continue

to pick the next tuple in IL1
C . At the end of the algorithm, the answer set contains exactly
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the minimal answers.

3.4 The Keyword Graph Approach

If the number of keywords in an aggregate keyword query is not small, or the database is

large, the fast maximum join method may still be costly. In this section, we propose to

materialize a keyword graph index for fast answering of aggregate keyword queries.

3.4.1 Keyword Graph Index and Query Answering

Since graphs are capable of modeling complicated relationships, several graph-based indexes

have been proposed to efficiently answer some queries. For example, [85] proposes a keyword

relationship matrix to evaluate keyword relationships in distributed databases, which can

be considered as a special case of a graph index. Moreover, [78] extends the work [85] by

summarizing each database using a keyword relationship graph, where nodes represent terms

and edges describe relationships between them. The keyword relationship graph can help

to select top-k most promising databases effectively during the query processing. Recently,

[21] presents a personalized search approach that involves a graph-based representation of

the user profile.

However, those graph indexes are not designed for aggregate keyword queries. Can we

develop keyword graph indexes for effective and efficient aggregate keyword search?

Apparently, for an aggregate keyword query Q = (D, C,W ), (∗, ∗, . . . , ∗) is an answer if

for every keyword w ∈ W , ILC(w) 6= ∅. This can be checked easily. We call (∗, ∗, . . . , ∗) a

trivial answer. We build the following keyword graph index to find non-trivial answers to

an aggregate keyword query.

Definition 5 (Keyword graph index) Given a table T , a keyword graph index is

an undirected graph G(T ) = (V,E) such that (1) V is the set of keywords in the text-rich

attributes in T ; and (2) (u, v) ∈ E is an edge if there exists a non-trivial answer to query

Qu,v = (D, C, {w1, w2}), where D and C represent the aggregate space and the set of textual

attributes in T , respectively. Both D and C can be set to be the complete set of attributes in

T . Edge (u, v) is associated with the set of minimal answers to query Qu,v.

Obviously, the number of edges in the keyword graph index is O(|V |2), while each edge is

associated with the complete set of minimal answers. In practice, the number of keywords in
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w1

w2

w3

w4

(a1, ∗, ∗, ∗)

(∗, b1, ∗, ∗)

(∗, ∗, c1, ∗)

(∗, ∗, ∗, d1)

Figure 3.2: A counter example showing that the condition in Theorem 3 is not sufficient.

the text-rich attributes is limited, and many keyword pairs lead to trivial answers only. For

example, we conduct the experiments using the IMDB data set. It contains 134,080 tuples,

7 dimensions and 3 textual attributes. On average each tuple contains 9.206 keywords in

the text attributes. Among 16,297 distinct keywords in the IMDB data set, only 305,412

pairs of keywords (that is, 0.23%) have non-trivial answers. The average size of the minimal

answer set on edges (that is, average number of minimal answers per edge) is 26.0. The

size of the whole keyword graph index is 103.3 MB. Thus, a keyword graph index can be

maintained easily in the main memory.

Keyword graph indexes have the following property.

Theorem 3 (Keyword graph) For an aggregate keyword query Q = (D, C,W ), there

exists a non-trivial answer to Q in table T only if in the keyword graph index G(T ) on table

T , there exists a clique on the set W of vertices.

Proof. Let c be a non-trivial answer to Q. Then, for any u, v ∈W , c must be a non-trivial

answer to query Qu,v = (D, C, {u, v}). That is, (u, v) is an edge in G(T ).

Theorem 3 is a necessary condition. It is easy to see that the condition is not sufficient.

Example 6 (A counter example) Consider a keyword graph index in Figure 3.2. There

are 4 distinct keywords. For a query Q = {w1, w2, w4}, there exists a clique in the keyword

graph index. However, by joining minimal answers on edges connecting those keywords, we

can find that Q does not have a non-trivial answer.
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Once the minimal answers to aggregate keyword queries on keyword pairs are materi-

alized in a keyword graph index, we can use Theorem 3 to answer queries efficiently. For

a query Q = (D, C, {w1, . . . , wm}), we can check whether there exists a clique on vertices

w1, . . . , wm. If not, then there is no non-trivial answer to the query. If there exists a clique,

we try to construct minimal answers using the minimal answer sets associated with the

edges in the clique.

If the query contains only two keywords (that is, m = 2), the minimal answers can

be found directly from edge (w1, w2) since the answers are materialized on the edge. If

the query involves more than 2 keywords (that is, m > 3), the minimal answers can be

computed by maximum joins on the sets of minimal answers associated with the edges in

the clique. It is easy to show the following.

Lemma 1 (Maximal join on answers) If t is a minimal answer to a query Q = (D, C,

{w1, . . . , wm}), then there exist minimal answers t1 and t2 to queries (D, C, {w1, w2}) and

(D, C, {w2, . . . , wm}), respectively, such that t = t1 ∨D t2.

Let Answer(Q1) and Answer(Q2) be the sets of minimal answers to queries Q1 =

(D, C, {w1, w2}) and Q2 = (D, C, {w2, w3}), respectively. We call the process of applying

maximal joins on Answer(Q1) and Answer(Q2) to compute the minimal answers to query

Q = (D, C, {w1, w2, w3}) the join of Answer(Q1) and Answer(Q2). The cost of the join is

O(|Answer(Q1)| · |Answer(Q2)|).

To answer query Q = (D, C, {w1, . . . , wm}), using Lemma 1 repeatedly, we only need to

check m− 1 edges covering all keywords w1, . . . , wm in the clique. Each edge is associated

with the set of minimal answers to a query on a pair of keywords. The weight of the edge

is the size of the answer set. In order to reduce the total cost of the joins, heuristically, we

can find a spanning tree connecting the m keywords such that the product of the weights

on the edges is minimized.

The traditional minimum spanning tree problem minimizes the sum of the edge weights.

Several greedy algorithms, such as Prim’s algorithm and Kruskal’s algorithm [18], can find

the optimal answers in polynomial time. The greedy selection idea can also be applied

to our problem here. The greedy method works as follows: all keywords in the query are

unmarked in the beginning. We sort the edges in the clique in the weight ascending order.

The edge of the smallest weight is picked first and the keywords connected by the edge

are marked. Iteratively, we pick a new edge of the smallest weight such that it connects a
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marked keyword and an unmarked one until all keywords in the query are marked.

3.4.2 Index Construction

A näıve method to construct a keyword graph index is to compute maximum joins on the

inverted lists of every keyword pairs. However, the näıve method is inefficient. If tuple t1

contains keywords w1 and w2, and tuple t2 contains w3 and w4, t1∨ t2 may be computed up

to 4 times since t1 ∨ t2 is an answer to four pairs of keywords including (w1, w3), (w1, w4),

(w2, w3) and (w2, w4).

As an efficient solution, we conduct a self-maximum join on the table to construct the

keyword graph. For two tuples t1 and t2, we compute t1 ∨ t2 only once, and add it to all

edges of (u, v) where u and v are contained in t1 and t2, but not both in either t1 or t2.

By removing those non-minimal answers, we find all the minimal answers for every pair of

keywords, and obtain the keyword graph.

Trivial answers are not stored in a keyword graph index. This constraint improves the

efficiency of keyword graph construction. For a tuple t, the set of tuples that generate a

non-trivial answer by a maximum join with t is ∪DILD=t[D], where ILD=t[D] represents the

inverted list for all tuples having value t[D] on dimension D. Maximum joins should be

applied to only those tuples and t. The keyword graph construction method is summarized

in Algorithm 3.

3.4.3 Index Maintenance

A keyword graph index can be maintained easily against insertions, deletions and updates

on the table.

When a new tuple t is inserted into the table, we only need to conduct the maximum

join between t and the tuples already in the table as well as t itself. If t contains some

new keywords, we create the corresponding keyword vertices in the keyword graph. The

maintenance procedure is the same as lines 3-19 in Algorithm 3.

When a tuple t is deleted from the table, for a keyword only appearing in t, the vertex

and the related edges in the keyword graph should be removed. If t also contains some other

keywords, we conduct maximum joins between t and other tuples in the table. If the join

result appears as a minimal answer on an edge (u, v) where u and v are two keywords, we

re-compute the minimal answers of Qu,v = (D, C, {u, v}) by removing t from T .
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Algorithm 3 The keyword graph construction algorithm.

Input: A table T ;
Output: A keyword graph G(T ) = (V,E);
1: initialize V as the set of keywords in T ;
2: for each tuple t ∈ T do
3: initialize the candidate tuple set to Cand = ∅;
4: let Cand = ∪DILD=t[D];
5: let Wt be the set of keywords contained in t;
6: for each tuple t′ ∈ Cand do
7: if t = t′ then
8: for each pair w1, w2 ∈Wt do
9: add t to edge (w1, w2), and remove non-minimal answers on edge (w1, w2)

(Section 3.3.4);
10: end for
11: else
12: let Wt′ be the set of keywords contained in t′;
13: r = t ∨ t′;
14: for each pair w1 ∈Wt −Wt′ and w2 ∈Wt′ −Wt do
15: add r to edge (w1, w2);
16: remove non-minimal answers on edge (w1, w2) (Section 3.3.4);
17: end for
18: end if
19: end for
20: end for

When a tuple t is updated, it can be treated as one deletion (the original tuple is deleted)

and one insertion (the new tuple is inserted). The keyword graph index can be updated

accordingly.

3.5 Extensions and Generalization

The methods in Sections 3.3 and 3.4 look for complete matches, that is, all keywords are

contained in an answer. However, complete matches may not exist for some queries. For ex-

ample, in Table 3.1, queryQ = ({Month, State, City, Event}, {Event, Descriptions},

{“space shuttle”, “motorcycle”, “rock music”}) cannot find a non-trivial answer.

In this section, we propose two solutions to handle queries which do not have a non-

trivial answer or even an answer. Our first solution allows partial matches (for example,

matching m′ of m keywords (m′ 6 m)). In our second solution, a keyword is allowed to
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be matched by some other similar keywords according to a keyword ontology (for example,

keyword “fruit” in a query can be matched by keyword “apple” in the data).

3.5.1 Partial Keyword Matching

Given a queryQ = (D, C, {w1, . . . , wm}), partial keyword matching is to find all minimal,

non-trivial answers that cover as many query keywords as possible.

For example, in Table 3.1, there is no non-trivial answer to query Q = ({Month, State,

City, Event}, {Event, Descriptions}, {“space shuttle”, “motorcycle”, “rock music”}).

However, a minimal answer (December, Texas, ∗, ∗, ∗) partially matching 2
3 of the keywords

may still be interesting to the user.

For a query containing m keywords, a brute-force solution is to consider all possible

combinations of m keywords, m−1 keywords, . . . , until some non-trivial answers are found.

For each combination of keywords, we need to conduct the maximum join to find all the

minimal answers. Clearly, it is inefficient at all.

Here, we propose an approach using the keyword graph index. Theorem 3 provides a

necessary condition that a complete match exists if the corresponding keyword vertices in the

keyword graph index form a clique. Given a query containing m keywords w1, . . . , wm, we

can check the subgraph G(Q) of the keyword graph which contains only the keyword vertices

in the query. By checking G(Q), we can identify if some non-trivial answers may exist for

a subset of query keywords. Moreover, we can identify the maximum number of query

keywords that can be matched by extracting the maximum clique from the corresponding

keyword graph.

Although the problem of finding the maximum clique is one of the first problems shown

to be NP-complete [33], in practice, an aggregate keyword query often contains a small

number of keywords (for example, less than 10). Thus, the query keyword subgraph G(Q)

is often small. It is possible to enumerate all the possible cliques in G(Q).

To find partial matches to an aggregate keyword query, we start from those largest

cliques. By joining the sets of minimal answers on the edges, the minimal answers can

be found. If there is no non-trivial answer in the largest cliques, we need to consider the

smaller cliques and the minimal answers. The algorithm stops until some non-trivial minimal

answers are found.

Alternatively, a user may provide the minimum number of keywords that need to be
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covered in an answer. Our method can be easily extended to answer such a constraint-

based partial keyword matching query – we only need to search answers on those cliques

whose size passes the user’s constraint.

In some other situations, a user can specify a subset of keywords that must be covered in

an answer. Our method can also be easily extended to deal with such cases. Those selected

keywords are chosen as seed nodes in the keyword graph index. We only need to find larger

cliques containing those seed nodes.

3.5.2 Hierarchical Keyword Matching

Keywords generally follow a hierarchical structure. A keyword hierarchy (or a keyword

ontology) is a strict partial order ≺ on the set L of all keywords. We assume that there

exists a meta symbol ∗ ∈ L which is the most general category generalizing all keywords.

For two keywords w1, w2 ∈ L, if w1 ≺ w2, w1 is more general than w2. For example, fruit

≺ apple. We write w1 � w2 if w1 ≺ w2 or w1 = w2.

If an aggregate keyword query cannot find a non-trivial, complete matching answer,

alternatively, we may loosen the query requirement to allow a keyword in the query to be

matched by another keyword in data that is similar in the keyword hierarchy.

There are two ways of hierarchical keyword matching.

Specialization matches a keyword w in a query with another keyword w′ which is a de-

scendant of w in the keyword hierarchy. For example, keyword “fruit” in a query may

be matched by keyword “apple” in the hierarchy.

Generalization matches w with keyword w′′ which is an ancestor of w. For example,

keyword “apple” in a query maybe matched by keyword “fruit” in the hierarchy.

In this chapter, we only discuss specialization here in detail, partly because in many

applications users may be interested in more specific answers. However, our method can be

easily extended to support generalization matching.

Using a keyword graph index, we can greedily loosen the query requirement to allow

hierarchical keyword matching. For a query containing m keywords w1, . . . , wm which does

not have a non-trivial complete matching answer, we can specialize a query keyword to a

more specific one according to the hierarchical structure, and find the complete matching
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(a) A keyword graph index (b) A keyword subgraph (c) A keyword subgraph

w1w1 w1

w2w2 w2

w3w3
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G(Q) G(Q)w3→w4

Figure 3.3: An example of keyword specialization.

answers for the new set of keywords. The search continues until some non-trivial minimal

answers can be found.

When we choose a query keyword to specialize, we should consider two factors.

First, by specializing w1 to w2 such that w1 ≺ w2, how many new edges can be added to

the query subgraph if w1 is replaced by w2? Since keywords are specialized in the matching,

the edges between w1 and some other query keywords can be retained. We are interested in

the new edges that can be added to the query subgraph by specializing the keyword which

can help to find a clique and a non-trivial answer.

Example 7 (Specialization) Consider a keyword graph index in Figure 3.3(a). There

are 4 distinct keywords. For a query Q = {w1, w2, w3}, its corresponding keyword subgraph

G(Q) is shown in Figure 3.3(b). Clearly, keywords in Q only have 2 edges connecting them,

and they do not form a clique structure, thus there are no exact answers to Q. However, we

can replace keyword w3 with another keyword w4 if w4 is a descendent of w3. The keyword

subgraph G(Q)w3→w4
is shown in Figure 3.3(c). All the keywords in Figure 3.3(c) form a

clique structure. By replacing keyword w3 with keyword w4, there are 3 edges connecting the

keywords in the query.

Second, how many descendant keywords of w1 are also descendants of w2 in the keyword

hierarchy? Formally, we consider the ratio α(w2)
α(w1)

where α(w) is the number of leaf keywords

in the keyword hierarchy that are descendants of w. The larger the ratio, the less generality

is lost in the specialization. By taking the above two factors into account, we can assign an

“extendability” score for each keyword in the query.
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Definition 6 (Extendability) Given a keyword w1 in a query keyword subgraph G(Q)

and a keyword hierarchy, the extendability score of w1 with respected to its descendant

w2 is

ext(w1 → w2) =
α(w2)

α(w1)
(|E(G(Q)w1→w2

)| − |E(G(Q))|),

where |E(G(Q))| is the number of edges in graph G(Q) and |E(G(Q)w1→w2
| is the number

of edges in graph G(Q) by replacing w1 with w2. The extendability of w1 is the maximum

extendability value of ext(w1, desc(w1)) where desc(w1) is a descendant of w1 in the keyword

hierarchy.

We can calculate the extendability of each keyword in a query. The keyword w with the

highest extendability is selected, and the keyword w is replaced by w′ such that ext(w,w′)

is the maximum among all descendants of w. We call this a specialization of the query.

After a specialization of the query, we examine if a clique exists in the new query keyword

subgraph. The more rounds of specialization, the more uncertainty introduced to the query.

If a clique exists and the clique leads to a non-trivial answer, we terminate the specialization

immediately and return the query answers; if not, we conduct another round of specialization

greedily.

When the specialization of all keywords reaches the leaf keywords in the hierarchy, no

more specialization can be conducted. In such an extreme case, the hierarchical keyword

matching fails.

Too many rounds of specializations may not lead to a good answer loyal to the original

query objective. A user may specify the maximum number of specializations allowed as a

control parameter. Our method can be easily extended to accommodate such a constraint.

There are some other interesting directions to explore in the future study. For example,

a keyword query typically is very short, which on average only contains two or three key-

words [77]. As a result, keyword queries in practice are often ambiguous. To overcome this

disadvantage, a useful tool is to develop some error tolerant keyword matching algorithms

such that keywords in the query do not need to be exactly matched in the results. As

another example, tuples in the relational databases may be semantically related. It is inter-

esting to examine whether the semantic relationship among those tuples can be utilized to

improve the performance of keyword search on relational databases. Furthermore, in Web

search, approximate keyword matching is widely adopted. A user may mis-spell some key-

words in the query, and the Web search engines could automatically find information using
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related keywords. The approximate keyword matching technique can be straightforwardly

incorporated into the aggregate keyword search. For each keyword w in the query, we can

first find its related keyword w′ using the approximate keyword matching technique. Then,

the inverted list of w′ is retrieved for the query processing of aggregate keyword search.

3.6 Experimental Evaluation and Performance Study

In this section, we report a systematic empirical study to evaluate our aggregate keyword

search methods using both real data sets and synthetic data sets. All the experiments were

conducted on a PC computer running the Microsoft Windows XP SP2 Professional Edition

operating system, with a 3.0 GHz Pentium 4 CPU, 1.0 GB main memory, and a 160 GB

hard disk. The programs were implemented in C/C++ and were compiled using Microsoft

Visual Studio .Net 2005.

3.6.1 Results on Real Data Sets

We first describe the data set we used in the experiments. Then, we report the experimental

results.

The IMDB Data Set

The Internet Movie Database (IMDB) data set [76] has been used extensively in the pre-

vious work on keyword search on relational databases [39, 54, 23]. We use this data set to

empirically evaluate our aggregate keyword search methods.

We downloaded the whole raw IMDB data. We pre-processed the data set by removing

duplicate records and missing values. We converted a subset of its raw text files into a

large relational table. The schema of the table and the statistical information are shown in

Table 3.3.

We used the first 7 attributes as the dimensions in the search space. Some attributes

such as “actor” and “actress” may have more than one value for one specific movie. To use

those attributes as dimensions, we picked the most frequent value if multiple values exist

on such an attribute in a tuple. After the pre-processing, we obtained a relational table of

134, 080 tuples.

Among the 10 attributes in the table, we use “genre”, “keyword” and “location” as the
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Attribute Description Cardinality

Movie movie title 134,080

Director director of the movie 62,443

Actor leading actor of the movie 68,214

Actress leading actress of the movie 72,908

Country producing country of the movie 73

Language language of the movie 45

Year producing year of the movie 67

Genre genres of the movie 24

Keyword keywords of the movie 15,224

Location shooting locations of the movie 1,049

Table 3.3: The IMDB database schema and its statistical information.

text attributes, and the remaining attributes as the dimensions. Table 3.3 also shows the

total number of keywords for each text attribute and the cardinality of each dimension. On

average each tuple contains 9.206 keywords in the text attributes.

In data representation, we adopted the popular packing technique [9]. A value on a

dimension is mapped to an integer between 1 and the cardinality of the dimension. We also

map keywords to integers.

Index Construction

Both the simple nested loop approach in Algorithm 1 and the fast maximum join approach

in Algorithm 2 need to maintain the inverted list index for each keyword in the table. The

total number of keywords in the IMDB data set is 16, 297. The average length of those

inverted lists is 87.1, while the largest length is 13, 442. The size of the whole inverted list

is 5.5 MB.

We used Algorithm 3 to construct the keyword graph index. The construction took

107 seconds. Among 16, 297 keywords, 305, 412 pairs of keywords (that is, 0.23%) have

non-trivial answers. The average size of the minimal answer set on edges (that is, average

number of minimal answers per edge) is 26.0. The size of the whole keyword graph index is

103.3 MB.

Both the inverted list index and the keyword graph index can be maintained on the

disk. We can organize the indexes into chunks, while each chunk only contains a subset of
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the whole index. In the query answering, only those related inverted lists, or the related

keywords and the answer sets on the related edges need to be loaded into the main memory.

Since the number of keywords in a query is often small, the I/O cost is low.

Recently, most of the modern computers have large main memories (typically several

gigabytes). In general, the whole keyword graph index is small enough to be held in the main

memory. As shown later in the performance comparisons, the query answering algorithm

using the keyword graph index can achieve the smallest response time. In practice, which

query answering algorithm to choose really depends on the requirements on the response

time and the memory usage. If the response time is more crucial than the memory usage,

the keyword graph algorithm is a better choice.

We will examine the index construction cost in more detail using synthetic data sets.

Aggregate Keyword Queries – Complete Matches

We tested a large number of aggregate keyword queries, which include a wide variety of

keywords and their combinations. We considered factors like the frequencies of keywords,

the size of the potential minimal answers to be returned, the text attributes in which the

keywords appear, etc.

We first focus our performance evaluation on a representative test set of 12 queries here.

Our test set has 12 queries (denoted by Q1 to Q12) with query length ranging from 2 to 5.

Among them, each length contains 3 different queries. Note that the query Qi+3 (1 6 i 6 9)

is obtained by adding one more keyword to the query Qi. In this way, we can examine the

effect when the number of query keywords increases. The queries are shown in Table 3.4.

We list in Table 3.4 the number of minimal answers for each query. When the number

of query keywords increases from 2 to 3, the number of minimal answers may increase. The

minimal answers to a two keyword query are often quite specific tuples. When the third

keyword is added, for example, query Q4, the minimal answers have to be generalized. One

specific answer can generate many ancestors by combining with other tuples. Query Q3,

however, is an exception, since most of the movies containing keywords “mafia-boss” and

“Italy” also contain “revenge”. Thus, many minimal answers to Q3 are also minimal answers

to Q6.

When the number of query keywords increases further (for example, more than 3 key-

words), the number of minimal answers decreases. When some new keywords are added

into the query, the minimal answers are becoming much more general. Many combinations
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Query Keywords in Text Attributes
Query ID Genre Keyword Location # answers

Q1 Action explosion / 1,404

Q2 Comedy / New York 740

Q3 / mafia-boss Italy 684

Q4 Action explosion, war / 2,109

Q5 Comedy family New York 1,026

Q6 / mafia-boss, revenge Italy 407

Q7 Action explosion, war England 724

Q8 Comedy family, christmas New York 308

Q9 Crime mafia-boss, revenge Italy 341

Q10 Action explosion, war, superhero England 215

Q11 Comedy family, christmas, revenge New York 0

Q12 Crime mafia-boss, revenge, friendship Italy 43

Table 3.4: The aggregate keyword queries.

of tuples may generate the same minimal answers. The number of possible minimal answers

decreases.

As discussed in Chapter 2, the existing studies about keyword search on relational

databases and our work address different types of keyword queries on relational databases.

The existing methods cannot be extended straightforwardly to tackle the aggregate keyword

search problem. Thus, we do not conduct the performance comparison with those existing

keyword search algorithms on relational databases. Alternatively, to examine the efficiency

of our methods, we compare our methods to the following baseline algorithm which is an

extension of the conventional iceberg cube computation [9]. Consider Example 3 and the

corresponding lattice in Figure 3.1, we compute the cells using the processing tree in Fig-

ure 3.4. The numbers in Figure 3.4 indicate the orders in which the baseline algorithm visits

the group-bys.

The baseline algorithm first produces the empty group-by. Next, it partitions on dimen-

sion A. Since there are two distinct values on dimension A (that is, a1 and a2), we produce

two partitions 〈a1〉 and 〈a2〉. Then, the baseline algorithm recurses on partition 〈a1〉. The

〈a1〉 partition is aggregated and produces a cell c1 = (a1, ∗, ∗) for the A group-by. To ex-

amine whether c1 is a valid answer, we need to examine whether all the query keywords w1

and w2 appear in some tuples in the cover Cov(c1). To efficiently achieve that goal, for each
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Figure 3.4: The processing tree of the baseline algorithm.

keyword w in the database, we maintain an inverted list IL(w). For each keyword w in the

query, we scan Cov(c1) once to examine if there exists at least one tuple in IL(w). If it is

not the case, we conclude that cell c1 is not a valid answer, and the baseline algorithm stops

the current loop, since there is no need to further examine the children in the processing

tree. If all keywords in the query appear in Cov(c1), c1 is a valid answer, and it is placed in

the candidate answer set. We continue to partition the 〈a1〉 partition on dimension B. It

recurses on the 〈a1, b1〉 partition and generates a cell c2 = (a1, b1, ∗) for the AB group-by.

The baseline algorithm again examines whether c2 is a valid answer. If c2 is a valid answer

due to c2 being more specific than c1, c1 cannot be a minimal answer, thus, c1 is removed

from the candidate answer set and c2 is placed into the candidate answer set. Similarly, we

process partitions 〈a1, b1, c1〉 and 〈a1, b1, c2〉. The baseline algorithm then recurses on the

〈a1, b2〉 partition. When this is completed, it partitions the 〈a1〉 partition on dimension C

to produce the 〈a1, C〉 aggregates.

After we obtain the candidate answer set, the baseline algorithm needs to scan the

candidate answer set once and remove any non-minimal answers. Finally, the baseline

algorithm can find the complete set of minimal answers for an aggregate keyword query.

To load the whole keyword graph index into the main memory, it took 9.731 seconds.

On average, the loading time for one specific edge in the keyword graph index is 0.032

milliseconds, which is a very small number. In the experimental evaluation, we focus only

on the efficiency of the query answering algorithms. Thus, for the response times with

respect to different queries in the following analysis, we ignore the I/O costs and only

consider the response time of the query answering algorithms.
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Figure 3.5: Query time of queries with different sizes.

Figure 3.5 compares the query answering time for the 12 queries using the baseline

algorithm (denoted by Baseline), the simple nested loop algorithm (Algorithm 1, denoted

by Simple), the fast maximum join algorithm (Algorithm 2, denoted by Fast), and the

keyword graph index method (denoted by Index ). The time axis is drawn in logarithmic

scale.

The baseline algorithm performs the worst among the four methods. The major reason

is that the baseline algorithm needs to compute the whole lattice. Moreover, the baseline

algorithm needs to consider all the tuples in the database. In practice, given a keyword

query, only a part of tuples are needed to be considered. The simple nested loop algorithm

performs better than the baseline algorithm, but it is the worst among the three methods

other than the baseline algorithm. The fast algorithm adopts several speed up strategies,

thus, its query time is about an order of magnitude shorter than the simple nested loop

algorithm. The keyword graph index based algorithm is very fast in query answering.

When the number of query keywords is 2, we can directly obtain the minimal answers from

the edge labels, and thus, the query answering time is ignorable. When the number of query

keywords is at least 3, the query time is about 20 times shorter than the fast maximum

join algorithm. One reason is that the keyword graph index method already calculates the

minimal answers for each pair of keywords, thus, given m query keywords, we only need to

conduct maximum joins on m− 1 edges. Another reason is that only the minimal answers
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Figure 3.6: Effectiveness of each pruning strategy in the maximum-join method.

stored on the edges participate in the maximum joins, which are much smaller than the

total number of tuples involved in the maximum join methods.

Generally, when the number of query keywords increases, the query time increases,

since more query keywords lead to a larger number of maximum join operations. It is

interesting to find that when the number of query keywords increases, the query time of the

baseline algorithm does not increases greatly. The reason is that the size of queries is not

the bottleneck in the baseline algorithm. The major time-consuming part of the baseline

algorithm is to compute the whole lattice.

Using the keyword graph index, the query time for Q11 is exceptionally small. The

reason is that by examining the keyword graph index, the 5 query keywords in Q11 do not

form a clique in the graph index, thus we even do not need to conduct any maximum join

operations. The results confirm that the query answering algorithm using keyword graph

index is efficient and effective.

We also examine the effectiveness of the speed up strategies in Algorithm 2. In this

chapter, we only show the basic cases Q1, Q2 and Q3 each of which has 2 keywords. The

results for other queries are similar. In Figure 3.6, for each query, we tested the query

answering time of adopting all three speed up strategies, as well as leaving one strategy out.

All the speed up strategies contribute to the reduction of query time. However, their

contributions are not the same. The strategy of reducing matching candidates (Section 3.3.3)

contributes the best, since it can reduce the candidate tuples to be considered greatly.
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Figure 3.7: Query time of queries with different sizes (random queries).

The fast minimal answer checking strategy (Section 3.3.4) removes non-minimal answers.

Comparing to the nested-loop based superset checking, it is much more efficient. The effect

of pruning exactly matching tuples (Section 3.3.2) is not as much as the other two, since

the exact matching tuples are not frequently met.

In the above analysis, we focus on a set of 12 representative queries. To examine the

performance of the query answering algorithms in general situations, we also conduct the

performance evaluation on a large set of randomly generated queries.

We first examine the effect of the query size. The query size plays an important role

in query answering. In practice (e.g., Web search), the number of keywords in a keyword

query is relatively small (e.g, 2 or 3 words in Web search queries [77]). As explained in

Section 3.3, the running time of our algorithms are highly related to two factors: (1) the

rounds of maximum joins (the maximum join algorithm) as well as the number of edges to

be examined in the keyword graph index (the keyword graph algorithm); (2) the size of the

intermediate minimal answers after each round of maximum joins. When the number of

keywords in the query increases, the first factor obviously increases as well. However, the

second factor does not increases always. At some stage, the number of intermediate minimal

answers achieves the maximum value; then, it decreases even more keywords appear in the

query. This can be verified based on the results shown in Table 3.4. In general, in the IMDB

data set, the size of the minimal answers is largest when the number of keywords in the

query is equal to 3.
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Figure 3.8: Effectiveness of each pruning strategy in the maximum-join method (random
queries).

In Figure 3.7, we plot the running time of the two algorithms with respect to different

sizes of queries. For each fixed query size, the running time refers to the average time of 100

randomly generated queries. When the number of keywords is small (e.g., less than or equal

to 3), the increase of the running time is large; however, when the number of keywords is

large (e.g., larger than 4), the increase of the running time is small. The results in Figure 3.7

also verify that even if the size of the query is very large, our algorithms still can achieve

reasonably good performance.

We next examine the effect of each pruning strategy in the maximum-join method using

randomly generated queries. In Figure 3.8, we plot the running time of the queries with

different sizes in terms of adopting all three speed up strategies, as well as leaving one

strategy out. For each fixed query size, the running time refers to the average time of 100

randomly generated queries. The results are similar to those in Figure 3.6.

As we mentioned in Section 3.3.5, for a keyword query which contains m different key-

words, we need to conduct m− 1 rounds of maximum joins. The orders of maximum joins

is crucial to the performance of the query answering algorithms. In this chapter, we adopt

a simple heuristic, that is, in each round of maximum joins, we pick two inverted lists with

the smallest sizes.

The heuristic used in our algorithm is very simple, and it achieves relatively good per-

formance. For a performance comparison, we compared our simple heuristic to a random
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Figure 3.9: Effectiveness of the heuristic for the orders of maximum joins (random queries).

Query size 2 3 4 5 6 7

# queries 100 100 100 100 100 100

# queries that the traditional keyword search
methods cannot find a single matching tuple 61 82 87 88 93 95

# queries that the aggregate keyword
search cannot find a non-trivial answer 2 6 7 11 13 13

Table 3.5: The effectiveness of the aggregate keyword queries.

selection method (that is, for a query containing m keywords, we randomly pick two words

and get the corresponding lists of tuples for the next round of maximum joins). In Figure 3.9,

we show the performance of the maximum-join algorithm using the Simple Heuristic we

developed in this chapter, as well as that using the Random Method. All the pruning

strategies are adopted. The simple heuristic clearly outperforms the random method.

We examine the effectiveness of the proposed aggregate keyword search using randomly

generated queries. We vary the number of keywords in the query from 2 to 7; and for each

fixed query size, we randomly generate 100 different queries. For each query, we examine

whether there exists a single tuple matching all the keywords in the query. If there does,

the traditional keyword search algorithms on relational databases can retrieve some results;

if not, the traditional keyword search algorithms cannot find any results. Table 3.5 shows

the results. When the number of keywords in a query is not very small (e.g., more than 3),

the majority of queries cannot find any single tuple matching all the keywords in the query.
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Query size 2 3 4 5 6 7

# queries 100 100 100 100 100 100

# queries that the aggregate keyword
search cannot find a non-trivial answer 2 6 7 11 13 13

Percentage of queries that the aggregate key-
word search cannot find a non-trivial answer 2% 6% 7% 11% 13% 13%

Average # matched keywords
using partial keyword matching 1 2 2.86 3.73 4.23 4.85

Table 3.6: The effectiveness of the partial keyword matching.

However, the aggregate keyword search is still able to find some useful results even if the

query keywords do not appear in a tuple together. In the worst case, the aggregate keyword

search may just return a trivial answer (that is, an answer with ∗ on all the dimensions).

We count the number of queries when the aggregate keyword search only returns a trivial

answer, and the results are shown in Table 3.5. In general, only a small number of queries

cannot find a non-trivial answer using the aggregate keyword search. The results clearly

indicate that the aggregate keyword search is quite useful in practice.

Partial Keyword Matching Queries

We first examine the effectiveness of the partial keyword matching. We use the same set of

randomly generated queries in Section 3.6.1. As discussed in Section 3.6.1, some aggregate

keyword queries may return a trivial answer that is not informative to users. For those

queries which cannot find a non-trivial answer using the aggregate keyword search, we adopt

the partial keyword matching technique. We count the maximal number of keywords in the

query that can be matched using the partial keyword matching. If most of the keywords in

the query can be matched, the answers returned by the partial keyword matching may still

be interesting to users. Table 3.6 shows the results. In general, the majority of keywords in

the query are matched using the partial keyword matching. The results indicate that the

partial keyword matching is useful to find some good answers even if the aggregate keyword

search cannot find a non-trivial answer.

We conducted the experiments to evaluate our partial keyword matching queries using

the keyword graph index. To simulate the partial keyword matching scenario, we used

queries Q7, Q8 and Q9 in Table 3.4 as the base queries and add some irrelevant keywords into

each query. Specifically, for each query, we manually added 1, 2 and 3 irrelevant keywords
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Figure 3.10: Query time for partial keyword matching queries.
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Figure 3.11: Query time for partial keyword matching queries (random queries).

into the query to obtain the extended queries, and make sure that any of those irrelevant

keywords do not have non-trivial complete match answers together with the keywords in

the base query.

Our method returns the answers to the base queries as the partially match answers to

the extended queries. The experimental results confirm that our partial matching method

is effective. Moreover, Figure 3.10 shows the runtime of partial matching query answering.

When the number of irrelevant query keywords increases, the query time increases, because

more cliques need to be considered in the query answering.

We also examine the performance of the partial matching using randomly generated
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Query size 2 3 4 5 6 7

# queries 100 100 100 100 100 100

# queries that the aggregate keyword
search cannot find a non-trivial answer 2 6 7 11 13 13

Percentage of queries that the aggregate key-
word search cannot find a non-trivial answer 2% 6% 7% 11% 13% 13%

Average # rounds of specialization 2 2.5 2.71 3.09 3.46 3.62

Table 3.7: The effectiveness of the hierarchical keyword matching.

queries. Figure 3.11 shows the results of the running time with respect to different sizes

of queries. For each randomly generated query, we randomly added 1, 2 and 3 irrelevant

keywords into the query to obtain the extended queries. The results are similar to those in

Figure 3.10.

Hierarchical Keyword Matching Queries

We first examine the effectiveness of the hierarchical keyword matching. We use the same

set of randomly generated queries in Section 3.6.1. As discussed in Section 3.6.1, some

aggregate keyword queries may return a trivial answer that is not informative to users. For

those queries which cannot find a non-trivial answer using the aggregate keyword search,

we adopt the hierarchical keyword matching technique. We count the number of rounds

that the specification needs to be conducted. Too many rounds of specializations may not

lead to a good answer loyal to the original query objective. Table 3.7 shows the results. In

general, only a few rounds of specification are needed for the hierarchical keyword matching

technique to find a non-trivial answer. The results indicate that the hierarchical keyword

matching is useful to find some good answers even if the aggregate keyword search cannot

find a non-trivial answer.

We also conducted experiments to evaluate our hierarchical keyword matching methods

using the keyword graph index. A critical issue is to build a keyword hierarchy for the

keywords in the data set. Since the number of keywords is large, we adopted the WordNet

taxonomy [29] as the hierarchy. WordNet is a semantic lexicon for the English language. It

groups English words into sets of synonyms. We queried the WordNet taxonomy database

for each keyword, and built the hierarchical relations among them according to the WordNet

synonyms.

To simulate the hierarchical keyword matching scenario, we used queries Q7, Q8 and
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Q9 in Table 3.4 as the base queries, and replaced some keywords in those queries by their

ancestors in the hierarchy. Specifically, for each query, we manually replaced 1, 2 or 3

keywords with some ancestor keywords to obtain the extended queries, and make sure that

the keywords in each extended query do not form a clique in the keyword graph index.

When only 1 keyword is replaced with an ancestor keyword, among the 3 queries, all

the returned results match the answers to the base queries. When the number of keywords

to be replaced increases, however, the results become weaker. In the case of 2 keywords

are replaced, only the extended queries based on Q7 and Q8 return the expected answers.

In the case of 3 keywords are replaced, only the extended query based on Q7 returns the

expected answer. The reason is, when more keywords are replaced, when we select a keyword

to specialize, the number of choices increases, thus the probability to return the expected

answers becomes smaller. However, our hierarchical keyword matching algorithm can still

find meaningful answers. For example, Q4 is a 3-keyword query {“Animation”, “Animal”,

“USA”}. There is no exact answer in the table for this query. We can find an approximate

keyword matching {“Animation”, “lions”, “Walt Disney World”}, and one answer with the

movie title “The Lion King” will be returned.

Figure 3.12 shows the query answering time in hierarchical matching. Similar to the

partial matching method, when the number of query keywords to be replaced increases, the

query time increases. This is because more calculation for extendability score is needed.

Generally, the hierarchical keyword matching queries can be answered efficiently using the

keyword graph index.

We also examine the performance of the hierarchical matching using randomly generated

queries. Figure 3.13 shows the results of the running time with respect to different sizes of

queries. For each randomly generated query, we randomly replaced 1, 2 or 3 keywords with

some ancestor keywords to obtain the extended queries. The results are similar to those in

Figure 3.12.

3.6.2 Results on Synthetic Data Sets

To test the efficiency and the scalability of our aggregate keyword search methods, we

generated various synthetic data sets. In those data sets, we randomly generated 1 million

tuples for each data set. We varied the number of dimensions from 2 to 10. We tested the

data sets of the cardinalities 100 and 1, 000 in each dimension. Since the number of text

attributes does not affect the keyword search performance, for simplicity, we only generated
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Figure 3.12: Query time for hierarchical keyword matching queries.
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Figure 3.13: Query time for hierarchical keyword matching queries (random queries).

1 text attribute. Each keyword appears only once in one tuple. We fixed the number of

keywords in the text attribute for each tuple to 10, and varied the total number of keywords

in the data set from 1, 000 to 100, 000. The keywords are distributed uniformly except

for the experiments in Section 3.6.2. Thus, on average the number of tuples in the data

set that contain one specific keyword varied from 10, 000 to 100. We also use the packing

technique [9] to represent the data sets.
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Figure 3.14: Query time of the two methods on different synthetic data sets.

Efficiency and Scalability

To study the efficiency and the scalability of our aggregate keyword search methods, we

randomly picked 10 different keyword queries, each of which contains 3 different keywords.

Figure 3.14 shows the query answering time.

The keyword graph index method is an order of magnitude faster than the fast maximum

join algorithm. The simple nested loop method is an order of magnitude slower than the

fast maximum join method. To make the figures readable, we omit them here.

The number of dimensions, the cardinality of the dimensions and the total number of

keywords affect the query answering time greatly. In general, when the number of dimensions

increases, the query answering time increases. First, the maximum join cost is proportional

to the dimensionality. Moreover, the increase of runtime is not linear. As the dimensionality

increases, more minimal answers may be found, thus more time is needed. When the

cardinality increases, the query answering time decreases. The more diverse the dimensions,

the more effective of the pruning powers in the maximum join operations. The total number

of keywords in the text attribute highly affects the query time. The more keywords in the

table, on average less tuples contain a keyword.

We generated the keyword graph index using Algorithm 3. The keyword graph gener-

ation is sensitive to the number of tuples in the table. We conducted the experiments on

10 dimensional data with cardinality of 1, 000 on each dimension, set the total number of



CHAPTER 3. AGGREGATE KEYWORD SEARCH ON RELATIONAL TABLES 57

 0
 200
 400
 600
 800

 1000
 1200
 1400
 1600

 0.25  0.5  0.75  1  1.25

T
im

e 
(s

ec
)

# tuples (million)

Figure 3.15: Running time for the keyword graph index generation.

keywords to 10, 000, and varied the number of tuples from 0.25 million to 1.25 million. The

results on runtime are shown in Figure 3.15. The runtime increases almost linearly as the

number of tuples increases, since the number of maximum join operations and the number

of answers generated both increase as the number of tuples increases.

Figures 3.16 and Figure 3.17 examine the size of the keyword graph index with respect

to the number of tuples, where the settings are the same as Figure 3.15. To measure the

index size, we used the number of edges in the graph and the average number of minimal

answers on each edge. Generally, when the number of tuples increases, the number of edges

increases because the probability that two keywords have a non-trivial answer increases.

Meanwhile, the average number of minimal answers on each edge also increases because

more tuples may contain both keywords.

Skewness

The aggregate keyword search methods are sensitive to skewness in data. In all of the

previous experiments, the data was generated uniformly. We ran an experiment on the

synthetic data set with 1 million tuples, 10 dimensions with cardinality 1, 000, and a total

number of 10, 000 keywords. We varied the skewness simultaneously in all dimensions. We

used the Zipf distribution to generate the skewed data. Zipf uses a parameter α to determine

the skewness. When α = 0, the data is uniform, and as α increases, the skewness increases
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Figure 3.16: The number of edges in the keyword graph index.

 350
 360
 370
 380
 390
 400
 410
 420

 0.25  0.5  0.75  1  1.25

A
ve

ra
ge

 la
be

l s
iz

e

# tuples (million)

Figure 3.17: The average length of edge labels in the keyword graph index.

rapidly: at α = 3, the most frequent value occurs in about 83% of the tuples. We randomly

picked 10 different keyword queries with query size 3. The average query answering time

is shown in Figure 3.18. The performance of the two methods becomes as the skewness on

dimensions increases. However, the keyword graph index method still performs well.

Skewness may occur on text attributes, too. We ran another experiment on the data

set with 1 million tuples, 10 dimensions with cardinality of 1, 000, and a total number of

10, 000 keywords. We made the skewness happen in the text attribute only. We also used

a Zipf distribution. We randomly picked 10 different keyword queries with query size 2,

in which one keyword has a high frequency and the other does not. The average query
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Figure 3.18: Skew on dimensional attributes.
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Figure 3.19: Skew on text attribute.

answering time is shown in Figure 3.19. When the parameter α is small (for example,

0.5), the query answering time increases when the data becomes skewed. This is because

the tuples containing the frequent keyword in a query increases dramatically. However,

when α is further larger, the query answering time decreases because the number of tuples

containing the infrequent keyword in a query decreases dramatically. The query answering

time is dominated by the infrequent keyword.

In summary, our experimental results on both real data and synthetic data clearly show

that aggregate keyword queries on large relational databases are highly feasible. Our meth-

ods are efficient and scalable in most of the cases. Particularly, the keyword graph index
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approach is effective.

3.7 Conclusions

In this chapter, we identified a novel type of aggregate keyword queries on relational

databases. We showed that such queries are useful in some applications. We developed the

maximum join approach and the keyword graph index approach. Moreover, we extended

the keyword graph index approach to address partial matching and hierarchical matching.

We reported a systematic performance study using real data sets and synthetic data sets to

verify the effectiveness and the efficiency of our methods.

The techniques developed in this chapter are useful in some other applications. For

example, some techniques in this chapter may be useful in KDAP [82]. As future work, we

plan to explore extensions of aggregate keyword queries and our methods in those appli-

cations. Moreover, in some applications, a user may want to rank the minimal answers in

some meaningful ways such as finding the top-k minimal answers. It is interesting to extend

our methods to address such a requirement.



Chapter 4

Query Suggestion for Keyword

Search on Graphs

As discussed in Chapter 2, in recent years, many studies about keyword search in various

aspects have been conducted on structured and semi-structured data, especially on relational

databases and graphs. Several recent studies [3, 41] have shown that relational databases can

also be modeled as graphs. In the graph model, nodes refer to entities, such as a tuple in a

relational database; and edges refer to relationships among entities, such as primary-foreign

key relationships in a relational database. A keyword query on graphs tries to assemble

semantically relevant connections in the graph among those keywords in the query (e.g.,

finding embedded trees or subgraphs connecting all the keywords in the query).

With the assistance of keyword search, both experienced users and inexperienced users

can easily retrieve valuable information from large-scale data. However, a keyword query

typically is very short, which on average only contains two or three keywords [77]. As

a result, keyword queries in practice are often ambiguous. To improve the effectiveness

of keyword search and assist users’ search process, most popular commercial Web search

engines currently provide a useful service called query suggestion. By conjecturing a user’s

real search intent, the Web search engines can recommend a set of related keyword queries

which may better capture the user’s real information needs.

Query suggestion has been shown an important and powerful tool for the Web search

engines to achieve good search performance. Although the problem of keyword search on

graphs has been studied for several years, and several prototype systems supporting keyword

61
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search on graphs have been developed, as far as we known, there is no previous work on

systematically analyzing query suggestion methods for keyword search on graphs.

Due to the ambiguity of keyword queries, as well as the complex structures of answers to

keyword search on graphs, query suggestion becomes very important to improve the search

performance of keyword search on graphs. In order to provide meaningful recommendations

for keyword search on graphs, several critical challenges need to be properly addressed.

• First, it is necessary to maintain a clear understanding of different scenarios when

query suggestion becomes necessary to capture users’ real information needs. For

example, query suggestion is necessary if the size of the answer set is too small. An

extreme case refers to the failing query [57], where the answer set to a keyword query

is empty. The previous studies about keyword search on graphs cannot properly deal

with the issue of failing query, since they just notify the user there is no valid answer

at all. Such a simple negative response will easily frustrate the users’ enthusiasm, and

at last, results in bad user search experience. Alternatively, it is better to recommend

a set of related queries to users to assist their search process.

In addition to the scenario of failing query, are there any other scenarios that query

suggestion is necessary? Understanding the different scenarios for query suggestion is

crucial to develop query suggestion methods for keyword search on graphs.

• Second, it is important to identify the relationships among different scenarios for

query suggestion. Since there are several different scenarios for query suggestion, a

straightforward solution is to develop some specific query suggestion methods for each

scenario. However, it is obviously neither practical nor efficient.

Although different scenarios for query suggestion exist, it is possible that different sce-

narios have some underlying relationships. Once such relationships can be identified,

we only need to develop specific query suggestion methods for some scenarios, and the

remaining ones could be solved straightforwardly.

• Third, it is possible to exploit the data-driven query suggestion methods for keyword

search on graphs. Most of the query suggestion methods for Web search engines utilize

large collections of search logs. Search logs record the history of search behaviors from

millions of users, which are beneficial for providing high quality of query suggestions.

However, search logs for keyword search on graphs are not largely available at this
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moment. There are no publicly available search logs on graphs. Moreover, users’

search activities on graphs may be quite different from those through Web search

engines. Thus, search logs from Web search engines cannot be used to analyze users’

search behavior on graphs.

The data-driven query suggestion methods in Web search engines utilize the data

itself. The central idea is to apply data mining techniques to identify the correlations

among data, and select closely related queries as recommendations. Thus, can we

develop some data-driven query suggestion methods on graphs? If so, what kind of

information should we extract from graphs to provide query suggestion?

• Last but not least, it is critical to provide online query suggestion for keyword search on

graphs. The query response time is a crucial performance measure for different search

systems. It is not desirable for a user to wait a long time to obtain the suggestions.

Can we design efficient solutions of query suggestion for keyword search on graphs?

In this chapter, we take an initiative towards the challenging problem of query suggestion

for keyword search on graphs. The remainder of the chapter is organized as follows. In

Section 4.1, we formulate the problem of query suggestion for keyword search on graphs. We

present the solution framework in Section 4.2 and describe our recommendation methods

in Section 4.3. A systematic performance study is reported in Section 4.4. Section 4.5

concludes the chapter.

4.1 Problem Definition: Query Suggestion for Keyword Search

on Graphs

In this section, we first introduce the graph model of the data and the problem of keyword

search on graphs, then we formalize the problem of query suggestion for keyword search on

graphs.

4.1.1 Graph Model of the Data

Graphs can be used to represent complex data structures. For instance, the Web can be

modeled as a directed graph G = (V,E), in which each node vi ∈ V represents one page on

the Web, and two nodes vi and vj are connected by a directed edge eij = ei → ej if there
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exists a hyperlink from page vi to page vj on the Web. Some other typical graphs include

social networks, road networks, mobile phone communication networks, etc.

Several recent studies [3, 41, 10, 40, 45, 52, 47, 54, 39, 20, 49, 61] have shown that the

structured data and semi-structured data can also be modeled using graphs. For instance,

several keyword search prototype systems (e.g., DBXplorer [3], Discover [41], BANKS [10],

BLINKS [39], and SPARKS [54]) have been developed to use the graph model to represent

the relational databases. In the graph model, nodes refer to entities, such as a tuple in a

relational database; and edges refer to relationships among entities, such as primary-foreign

key relationship in relational databases.

Depending on specific applications, either directed graph model or undirected graph

model can be adopted. For instance, while some systems (e.g., DBXplorer [3] and Dis-

cover [41]) model the data as an undirected graph, some other systems (e.g., BANKS [10],

BLINKS [39], and SPARKS [54]) model the data as a directed graph.

Without loss of generality, in this chapter, we take the directed graph model to represent

the data. The major reason is that the tightness of connections between two nodes in the

graph is not necessary to be symmetric, thus, modeling directionality in graphs becomes

a natural strategy in many applications. Moreover, the undirected graph model can be

considered as a special case of the directed graph model, since each undirected edge in an

undirected graph can be represented using two directed edges in the corresponding directed

graph.

The nodes in a graph contain a finite set of keywords. For instance, in the Web graph,

the keywords that each node associated with can be those keywords appearing in the body

of the corresponding HTML source file; in the graph model of a relational database, the

keywords that each node associated with can be those keywords extracted from the textual

attributes of the corresponding tuple in the relational database.

Definition 7 (Graph Model of the Data) The complex data are modeled using a di-

rected graph G = (V,E). Each node v ∈ V represents an entity in the data. For a pair of

nodes vi, vj ∈ V , there exists a directed edge eij = vi → vj if the corresponding entities of vi

and vj in the data have a specific relation.

The dictionary, D, is a finite set of keywords that appear in the data. There is a node-to-

keyword mapping φ : V → 2D, which lists the finite set of keywords contained in a node. We

use W (v) to represent the set of keywords that a node v contains. The number of distinct
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Figure 4.1: Keyword search on a directed graph.

keywords contained in a node v is denoted as |W (v)|.

There is also a keyword-to-node mapping κ : D → 2V , which lists the finite set of nodes

that contain the keyword. We use S(w) to represent the set of nodes that contain a keyword

w. The number of distinct nodes containing keyword w is denoted as |S(w)|.

There is a cost function δ : E → R
+, which models the distance of the nodes between

each other.

For simplicity, in this chapter, we assume that each edge in a graph has the same

weight. This assumption can be easily removed by taking into account the edge weights

when defining the ranking functions.

Example 8 (Graph Model) Consider the graph in Figure 4.1. There are 12 nodes in

the graph, and each node is labeled with a set of keywords. For example, W (v1) = {w2}.

Moreover, a keyword may appear in a set of different nodes. For example, S(w1) = {v2, v8}.

Furthermore, each edge has the same weight in the graph, thus, we do not explicitly label the

edge weight in the graph.

4.1.2 Keyword Search on Graphs

Keyword search on graphs tries to assemble semantically relevant connections in the graph

among those keywords in the query. In the directed graph model, an answer to a keyword
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query on graphs may have different types of semantics, such as a Steiner tree [23], an r-

radius subgraph [49], or a community [62]. Following the studies in BLINKS [39] and many

recent ones, in this chapter, we adopt the rooted tree semantic.

Definition 8 (Rooted Tree Semantic) Given a keyword query q = {w1, w2, . . . , wm}

and a directed graph G, an answer to q is a rooted tree with a root node r and m leaf

nodes, represented as n1, . . . , nm, where r and ni’s are nodes in G (may not be distinct)

satisfying the following two properties:

Containment: ∀i, ni contains keyword wi, that is, wi ∈W (ni);

Connectivity: ∀i, there exists a directed path in G from r to ni.

Intuitively, in the rooted tree semantic, the directed paths from the root node to the leaf

nodes in an answer describe how the keywords are semantically related in the graph.

We can assign numerical scores to each answer to a keyword query on graphs. In many

cases, the score of an answer is a function of all the weights on the edges in the answer.

Several models of the scoring function have been proposed in the literature. For instance,

the model used in [10] defines the score of an answer as the number of edges in the answer.

The model used in [45] treats an answer as a set of paths, with one path per keyword, where

each path starts from the root node and points to the leaf node that contains the keyword

in the query. The score of an answer is defined as the sum of all the path lengths in the

answer. In general, if the scoring function of the answers is monotonic, the keyword search

algorithms on graphs are not affected by which specific scoring function is used.

The problem of finding minimal rooted trees as answers to a keyword query on graphs is

known as the group Steiner tree problem, which is NP-hard [33]. Some recent studies [45, 39]

model the rooted tree semantic using the set-of-paths model, that is, each rooted tree is

considered to be a set of paths, from the root node to each of the leaf node in the tree.

The results in [45, 39] shown that this set-of-paths model allows keyword search queries

on graphs to be answered in polynomial time. Moreover, the set-of-paths model avoids the

situation of generating a large amount of similar answers with the same root node. As a

result, we adopt the set-of-paths model for rooted trees in this chapter.

Accordingly, the set of answers under the set-of-paths model can be ranked based on the

total path lengths in the answer.

Example 9 (Keyword Search on Graphs) Consider the graph in Figure 4.1. For a

keyword query q = {w1, w2, w3}, nodes v8, v5, v4 can be leaf nodes in an answer Ans while
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v7 is the root node in Ans. Based on the set-of-paths model, this answer can be modeled as

three distinct paths: v7 → v8, v7 → v5, and v7 → v4. The total path lengths in Ans is equal

to 3.

4.1.3 Query Suggestion for Keyword Search on Graphs

Many existing studies about keyword search on graphs focus on finding top-k answers to

a keyword query, where all the valid answers are ranked according to a specific ranking

function.

However, keyword queries are typically very short. Thus, in many situations, keyword

queries are very ambiguous. Answers to a keyword query on graphs may be quite different

from each other.

Example 10 (Different Answers) Consider the graph in Figure 4.1. For a keyword

query q = {w2, w3}, we can find a set of different answers, e.g., Ans1 = {v4 → v1, v4},

Ans2 = {v6 → v7 → v5, v6 → v9}, Ans3 = {v5, v5 → v7 → v4}.

However, those answers capture different relationships among the two keywords w2 and

w3 in the query. For example, for Ans1, there is a directed connection from keyword w3

to keyword w2. For Ans3, there is a directed connection from keyword w2 to keyword w3

(through keyword w4). For Ans2, there is no directed connections between keywords w2 and

w3. However, another keyword w5 (contained in the root node v6) has directed connections

to both of them.

If the answers are ranked according to the total path lengths in the answers. Ans1, Ans2,

Ans3 have scores 1, 3, 2, respectively. If only top-2 answers are required, Ans2 will not be

returned. Thus, the relationships captured by Ans2 cannot be identified.

Other than returning top-k answers on graphs, alternatively, a search system on graphs

can recommend a set of related queries to users to assist their search process (e.g., help them

formalize their real information needs). In Example 10, the search system may recommend

a query q′ = {w2, w3, w5} which can help users to find the information they want. Since

keyword w5 appears in the root node v6 in the answer Ans2, thus, Ans2 is also an answer to

query q′. Thus, query suggestion is important for the system to achieve good performance.

In order to recommend meaningful suggestions for keyword search on graphs, the query

suggestion methods have to take into account different types of information sources. In
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general, all the existing query suggestion methods for Web search can be roughly classified

into two categories: the usage-driven methods and the data-driven methods. The usage-

driven query suggestion methods focus on the users’ search activities. For example, search

logs are widely used to trace the users’ search behaviors. In Web search engines, a commonly

used query suggestion method [5] is to find common queries in search logs following the

current query and use those queries as suggestions.

While search logs are useful to analyze users’ search activities, in the context of keyword

search on graphs, search logs are not available at this moment. As far as we know, there

is no publicly available large-scale search logs for keyword search on graphs. Moreover,

the graph data and the Web pages are quite different in terms of structure, content, data

format, and so on. The search behaviors on graphs are quite different from those through

Web search engines. As a result, search logs from Web search engines cannot be used to

analyze users’ search activities on graphs.

To develop query suggestion methods for keyword search on graphs, in this chapter,

we focus our attentions on data-driven query suggestion methods. The data-driven query

suggestion methods utilize the data itself. Some data mining techniques are conducted on

the data to identify the co-relations among entities, and then closely related entities are

selected as recommendations.

Generally, a keyword query q on graphs carries a set of different search intents. One

search intent represents one unique information need [56]. A crucial challenge for query

suggestion is to precisely capture different search intents for a given keyword query. There

are several possible ways to understand users’ search intents. One straightforward solution

is to build a universal knowledge corpus. Given a keyword query, all the possible search

intents can be retrieved from the corpus. However, this solution needs a large scale keyword

queries and a perfect understanding of the semantic relationships among those keywords.

Another solution is letting the user provide some additional information, such as what

specific semantic relationships the user is looking for. However, in such a case, a user

needs to understand the graph data well enough, which may not be desirable. In Web

search engines, the data-driven query suggestion methods utilize the data itself for mining

different search intents. Thus, can we learn the search intents directly from the graph data?

For a keyword query q, an answer to q is a rooted directed tree connecting all the key-

words in q. There may exist several answers which are quite different from each other in
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terms of the tree structures, keyword semantics, and so on. As shown in Example 10, differ-

ent answers captures different semantic relationships among those keywords in q. Answers

for the same search intent are likely to be similar to each other, while answers for different

search intents are possibly quite different from each other. Thus, the search intents of a

keyword query q can be captured if we can cluster all the valid answers to q.

Definition 9 (Search Intents) For a keyword query q and a graph G = (V,E), we assume

there are n valid answers, denoted as A = {Ans1, Ans2, . . . , Ansn}. A similarity function

Sim(Ansi, Ansj) is used to calculate the similarity between two answers Ansi and Ansj.

A search intent Ci is captured by a subset of answers Ci = {Ansi1 , Ansi2 , . . . , Ansiti} (1 6

i1 < i2 < . . . < ti 6 n), such that the answers in Ci are similar to each other while the

answers in Ci and A − Ci are dissimilar, that is, ∀Ansj1, Ansj2 ∈ Ci and Ansj3 /∈ Ci,

Sim(Ansj1 , Ansj2) > Sim(Ansj1 , Ansj3) and Sim(AAnsj1, Ansj2) > Sim(Ansj2 , Ansj3).

In the context of keyword search on graphs, each answer is a directed rooted tree, there

are many different ways to measure the similarity between two answers. We will discuss the

similarity measures in more detail in Section 4.3.

We say a query q captures a search intent Ci if and only if: (1) each answer Ansj ∈ Ci

is a valid answer to q; (2) if an answer Ansj /∈ Ci, Ansj is not a valid answer to q.

Consider a keyword query q on a graph G, let us denote different search interests as

C1, C2, . . . , Ck, where k is a user-specified parameter representing the total number of possi-

ble search intents underlying q. The goal of query suggestion for keyword search on graphs

is to recommend k related queries such that each search intent Ci(1 6 i 6 k) underlying q

is captured as much as possible.

Definition 10 (Query Suggestion on Graphs) Consider a directed graph G = (V,E)

in which each node v ∈ V is associated with a set of keywords W (v), an m-keyword query

q = {w1, w2, . . . , wm}, and a user-specified parameter k, there are k different search intents

underlying q, denoted as C1, C2, . . . , Ck. The problem of query suggestion for keyword search

on graphs is to find a set of k queries Q = {q1, q2, . . . , qk} such that each query qi captures

one unique search intent Ci, where 1 6 i 6 k.
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4.2 Query Suggestion Scenarios and A Solution Framework

In this section, we first summarize all the possible scenarios that query suggestion is nec-

essary when we conduct keyword search on graphs, then we provide a general solution

framework to address the problem of query suggestion for keyword search on graphs.

4.2.1 Categorization of Scenarios for Query Suggestion

To develop query suggestion methods, it is critical to maintain a clear understanding of

different situations when query suggestion becomes necessary to capture users’ information

needs. In practice, when a user submits a keyword query to a search system on graphs,

there are several different scenarios which may result in the necessity of query suggestion.

• The size of the answer set is too large. It usually happens when some keywords in

a search query are popular keywords contained in many nodes in the graph. If the

system returns all the answers, the user may feel very hard to immediately get what

she/he is really interested in. In some previous keyword search applications, the system

returns top-k answers when k is a small parameters indicating the number of answers

to be returned. All the valid answers are ranked according to some pre-defined scoring

functions. However, it is quite often that some answers the user is really interested in

do not appear in the top-k answer set at all (e.g., the situation in Example 10). For

query suggestion, the task is to summarize all the valid answers into several categories

and recommend to the user related queries from each category.

For instance, consider the example in Example 10, the relationships between the two

keywords w2 and w3 can be generally classified into three categories: (1) there exists

a directed connection from w2 to w3; (2) there exists a directed connection from w3

to w2; (3) there does not exist any directed connections between w2 and w3. For

each category, we can recommend a related query to capture the corresponding search

intent.

• The size of the answer set is too small. It usually happens when some keywords

in a search query are very rare in the graph. An extreme case refers to the failing

query [57], where the answer set to a search query is empty. The previous studies

about keyword search on graphs cannot properly deal with the issue of failing query,

since they just notify the user there is no valid answer at all. Such a simple negative
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response will easily frustrate users’ enthusiasm, and at last, results in bad user search

experience. For query suggestion, it is necessary to understand users’ search intents

and recommend a set of related queries.

For instance, consider the graph in Figure 4.1, if a user submits a keyword query

q = {w2, w7}, we find that in the graph there is no valid answer to q at all. The reason

is that keyword w7 only appears in one node v3, and there does not exist a rooted tree

in which v3 is a leaf node. However, if we know that the user is interested in w1 as

well which is closely related to w7 in the graph, the system can recommend a related

query q′ = {w2, w1} to the user.

• The quality of answers is too low. It usually happens when some keywords in a search

query have very loose connections to others. Typically, when a user starts a search

process, at the very beginning, she/he may not have a very good understanding on

what they are really looking for. As a result, the keywords in a search query may not

be well formalized. In this case, even if the systems return all the valid answers, the

user may not be interested in those answers at all. To address this issue, a reasonable

solution is to provide query suggestions to the user to assist her/him on formalizing

meaningful keyword queries.

For instance, consider the graph in Figure 4.1, if a user first submits a query q =

{w1, w6}, technically, there are two valid answers satisfying the search requirement,

such as an answer tree which takes v7 as the root node and v2 and v12 as leaf nodes,

and another answer tree which takes v5 as the root node and v12 and v8 as leaf nodes.

However, the connections between w1 and w6 in the answer trees are very loose (i.e.,

the number of edges in the answer trees are very large), which infers that the quality

of answers is very low. As a result, the user may not be interested in those answers.

The situation of low quality of answers does not conflict with the previous two situations.

When we consider the first two scenarios, we assume that the size of the answer set is the

major reason to cause unsatisfied search experience. As such, the quality of answers is

reasonable in the first two scenarios. However, when we consider the last scenario of low

quality of answers, the size of the answer set can be either too large, too small, or even

resealable.

In addition to the above three scenarios, query suggestion is also useful to improve users’

search experience. For instance, query suggestion can recommend a set of related queries in
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Figure 4.2: The framework of query suggestion for keyword search on graphs.

other disciplines to users so as to broaden users’ interests (e.g., recommend a set of recent

hot queries). However, those studies are far beyond the scope of the study in this chapter.

For simplicity, we focus our analysis on the three scenarios we discussed above, and try to

develop query suggestion methods for those three scenarios.

4.2.2 A General Solution Framework

As discussed in Section 4.2.1, query suggestion is necessary in three different scenarios. In

each scenario, the underlying reason for query suggestion is different.

Figure 5.1 shows the framework of query suggestion in a keyword search system on

graphs. We take a 2-stage solution. In the first stage, when a user submits a keyword query

to the system, the system does not know which specific scenario the query suggestion should

fall into. Thus, the goal of the first stage is to identify the corresponding scenario for query

suggestion. Once the scenario is determined, the second stage is to recommend a set of

related queries to the user.
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Scenario Identification

In the first stage, we have to address two critical issues. The first issue is how to efficiently

estimate the size of the answer set. The second issue is how to efficiently quantify the quality

of those answers.

As described in Section 4.1, a valid answer to a keyword query on graphs is a rooted

directed tree. For a keyword query q = {w1, w2, . . . , wm}, any keyword wi ∈ q (1 6 i 6 m)

must appear in at least one leaf node in the answer tree. Based on the keyword-to-node

mapping in the graph G, we can find a set of nodes v1, v2, . . . , vm such that vi ∈ S(wi),

where S(wi) is the set of nodes containing keyword wi. If there exists a node in the graph

having a directed path leading to each vi (1 6 i 6 m), there must exist one (and also only

one) rooted directed tree which takes nodes v1, v2, . . . , vm as leaf nodes. If such a node does

not exist in the graph, we can conclude that no valid answer trees can be found which use

nodes v1, v2, . . . , vm as leaf nodes.

Based on the above finding, we can get an upper bound on the size of the answer set.

For a keyword query q = {w1, w2, . . . , wm}, based on the keyword-to-node mapping, we can

find Sq = {S(w1), S(w2), . . . , S(wm)}, where S(wi) is the set of nodes containing keyword

wi. The number of valid answers to q is at mostmaxsize
∏m

i=1 |S(wi)|, where |S(wi)| denotes

the number of nodes in S(wi).

The above upper bound may be too loose, we can get an even better estimation on

the size of the answer set if we maintain d-neighborhoods for a keyword wi in the graph,

denoted as Neighborhood(wi)
d, where d is a small integer. Consider a keyword query

q = {w1, w2, . . . , wm}, S(wi) is the set of nodes containing wi (1 6 i 6 m). A node

v ∈ Neighborhood(wi)
d if there exists one node u ∈ S(wi) such that the shortest distance

dist(u, v) 6 d. If node v appears in the d-neighborhoods of all m keywords in q, v is a

possible root node for an answer tree. Thus, we have an estimated size of answer set, that

is, estsize = |{v|∀i ∈ [1,m], v ∈ Neighborhood(wi)
d}|.

The quality of an answer can be quantified using the score associated with each an-

swer. In this chapter, we consider the score of an answer as the sum of lengths of each

path connecting a root node and a leaf node. For a node v ∈ Neighborhood(wi)
d, we

denote d(v,wi) as the minimal distance from v to any nodes in S(wi), that is, d(v,wi) =

min{dist(v, vi)|vi ∈ S(wi)}. Consequently, we have an estimated average quality of answers,

that is, estquality =
∑

v

∑
i d(v,wi)

estsize
, where 1 6 i 6 m and v ∈

⋂m
i=1Neighborhood(wi)

d.
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Algorithm 4 The algorithm for scenario identification.

Input: a directed graph G = (V,E), a search query q = {w1, w2, . . . , wm}, three user
specified parameters θ, δ, and ρ (θ < δ) which determine the thresholds for too few
answers, too many answers, as well as average quality of answers, respectively.

Output: the recommendation scenario;
1: calculate estquality and estsize, respectively.
2: if estquality < ρ then
3: return Scenario 3;
4: else if estsize < θ then
5: return Scenario 2;
6: else if estsize > δ then
7: return Scenario 1;
8: else
9: return -1 // no query suggestion is necessary

10: end if

Based on the estimations about the size of the answer set and the average quality of the

answers, we can identify the corresponding scenario for query suggestion. The algorithm

is outlined in Algorithm 4. Suppose we have three user specified parameters θ, δ, and ρ

(θ < δ) which determine the thresholds for too few answers, too many answers, as well as

average quality of answers, respectively. When a user submits a query q = {w1, w2, . . . , wm},

if estquality > ρ and estsize > δ, we classify it into the first scenario; if estquality > ρ and

estsize < θ, we classify it into the second scenario; if estquality < ρ, we classify it into the

third scenario.

Query Suggestion

As discussed in Section 4.2.1, the scenarios for query suggestion are quite different. Thus, in

the second stage, the task is to analyze the scenario and develop recommendation methods

for the corresponding scenario.

When the size of the answer set is too large, users may easily get lost for a large answer

set. Generally, different answers may carry different semantic relationships among search

keywords. It is highly possible that the answers in the answer set are diverse. Beyond

returning top-k answers which may not be diverse enough to capture users’ possible search

intents, a reasonable solution of query suggestion is to return k related queries which captures

different search intents.

As discussed in Definition 9, answers for the same search intent are quite similar to each
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Algorithm 5 The algorithm for scenario transformation.

Input: a directed graph G = (V,E), a search query q = {w1, w2, . . . , wm}, the recommen-
dation scenario, three user specified parameters θ, δ, and ρ (θ < δ) which determine the
thresholds for too few answers, too many answers, as well as average quality of answers,
respectively.

Output: a transformed query q′;
1: if Scenario 1 then
2: return q;
3: else if Scenario 2 then
4: sort w1, w2, . . . , wm in descending order according to |S(wi)|;
5: while estsize 6 δ do
6: let wj be the keyword with smallest S(wj);
7: find another keyword w′

j such that w′
j ∈ Neighborhood(wj)

1 and w′
j has the largest

occurrence;
8: let q′ = q − {wj}+ {w′

j};
9: calculate estsize;

10: end while
11: return q′;
12: else
13: while estquality < ρ do
14: sort w1, w2, . . . , wm in ascending order according to the average shortest distance

to other keywords;
15: let wj be the keyword with largest average shortest distance;
16: let q′ = q − {wj};
17: calculate estquality;
18: end while
19: return q′;
20: end if

other, and answers for different search intents are quite different from each other. Thus,

the key idea of our method is to cluster all the valid answers into k clusters. Each cluster

represents one possible users’ search intent. We generate k related queries from k different

clusters. The objective is to recommend sufficient diverse suggestions to users such that

users’ search intents can be captured as much as possible. We present in more detail our

recommendation solutions in Section 4.3.

Interestingly, the other two scenarios, that is, the scenario of too few answers and the sce-

nario of low quality of answers, both can be transferred to the first scenario. The algorithm

of the transformation is outlined in Algorithm 5.

When the size of the answer set is too small, users may not be able to find useful
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information they are looking for. The major reason in this scenario is that some keywords

in the search query are very rare. In the graph, there are no sufficient nodes containing

those keywords. Interestingly, the case of too few answers can be transferred to the case of

too many answers easily. For a search query q = {w1, w2, . . . , wm}, a keyword wi appears in

|S(wi)| nodes. We can sort those keywords in q based on the number of nodes containing the

keywords. Without loss of generality, we assume that |S(w1)| > |S(w2)| > . . . > |S(wm)|.

We first replace keyword wm in q with one related keyword which is not rare in the graph.

Our idea is to pick the keyword wm′ contained in a node v ∈ Neighborhood(wm)1 with

largest occurrence. We next estimate the size of the answer set to a new query q′ =

{w1, w2, . . . , wm−1, wm′}. If there are enough answers (e.g., estsize > δ), we have transferred

the case of too few answers to the case of too many answers. Thus, we can use the method

for the case of too many answers to recommend related queries. If there are not enough

answers, we can keep replacing keywords in the search query with smallest occurrence until

we can get enough answers.

When the quality of the answers is too low, users may not be satisfied on the found

answers, or even worse that users may not know what they really want to find. This will

result in bad user search experience. Typically, the case of low quality of answers happens

mainly due to the reason that keywords in the search query do not have tight connections

in the graph. Specifically, the shortest distance between two keywords in the graph is very

large. Not surprisingly, the case of low quality of answers can be transferred to the case

of too many answers and too few answers in fact. For each pair of keywords wi and wj,

we calculate the average shortest distance between the two keywords in the graph. For a

search query q = {w1, w2, . . . , wm}, each time we pick one keyword which is farthest away

from other keywords in q and remove it from q, until the quality of the answers to the new

keyword query is good enough (e.g., estquality > ρ). It may result in either the case of too

many answers or the case of too few answers. We can use the specific methods for the two

cases to recommend related queries accordingly.

4.3 Query Suggestion Methods

As discussed in Section 4.2.2, both the scenarios of too few answers and low quality of

answers can be transferred to the scenario of too many answers. Thus, in this section,

we focus our discussion about query suggestion methods only on the scenario of too many
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answers.

In this section, we first present a general clustering-based solution to recommend related

queries for the scenario of too many answers. Then we develop several effective speed up

strategies to improve the performance of query suggestion on graphs.

4.3.1 A General Solution

When a user submits a keyword query to the system, the user is interested in exploring the

semantic relationships among those search keywords. In the scenario of too many answers,

the answers in the answer set are diverse. At the first glance, we may easily have two

options to address the diversity issue of answers. The first solution is to return all the

possible answers in the answer set. However, the user may easily get lost. The second

solution is to return top-k answers based on some scoring functions, where k is a user

defined parameter. Although this solution can reduce the returned answers, it still cannot

address the diversity issue properly. The returned top-k answers are likely to be not diverse

enough to capture users’ possible search intents.

Keywords in a search query are ambiguous. Thus, the search query submitted by the

user is not representative enough. Rather than guessing users’ real search intents which

seems to be subjective, the system may focus on the answers in the answer set. Though

the answers are diverse, we are still able to find clusters of answers which are similar in

the sense of carrying similar semantic relationships among those query keywords. If we can

find all such kinds of answer clusters, we can recommend queries to the user based on those

answers in each cluster.

The general solution is outlined in Algorithm 6. The algorithm first extracts all the valid

answers A to the given search query q. Generally, any previous methods for keyword search

on graphs can be adopted to extract answers. Conducting the answer generation algorithm

on the original graph may not be efficient, since we are looking for the complete set of valid

answers. In Section 4.3.2, we present a simple but effective index structure to speed up the

answer generation process.

Once the answer set A to q is constructed, Algorithm 6 conducts a clustering proce-

dure on all the answers in A to generate k clusters. Here k is a user specified parameter,

representing the possible number of different search intents underlying the search query q.

Since each valid answer is a minimal rooted directed tree, we can calculate the similarity

between two answer trees based on well-defined similarity measures. We discuss similarity
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Algorithm 6 A general clustering-based solution to query suggestion for keyword search
on graphs.

Input: A directed graph G = (V,E), a search query q = {w1, w2, . . . , wm}, a user specified
parameter k;

Output: k related queries Q = {q1, q2, . . . , qk};
1: set Q = ∅;
2: find all valid answers A to q;
3: conduct k-medoids clustering algorithm on A to generate k clusters C1, C2, . . . , Ck;
4: for each cluster Ci do
5: generate a set of keywords qi to capture those answers in Ci;
6: let Q = Q ∪ {qi};
7: end for
8: return Q;

calculation in more detail in Section 4.3.3.

The answers in A are diverse. After the clustering procedure, we expect that answers in

the same cluster carry similar semantic relationships among those query keywords. Thus,

each cluster can be represented as one possible search intent the user is looking for. To

recommend related queries, the system can construct recommendation based on answers in

the same cluster. It becomes a covering problem, that is, finding a set of keywords such that

answers in the same cluster are covered, and answers in the other clusters are not covered.

We develop a recommendation solution in Section 4.3.4.

Algorithm 6 requires the system to explicitly enumerate all valid answers to a keyword

query. In practice, the size of the answer set is huge (e.g., estsize is a large number). As

a result, the answer generation step may be very costly. We develop an early clustering

method based on a simple heuristic. The heuristic-based recommendation method is not

necessary to conduct the clustering until all valid answers are found. We present details of

the heuristic-based recommendation method in Section 4.3.5.

Backward Expanding Search

To generate all the valid answers to a keyword query q, any previous studies about keyword

search on graphs can be adopted. However, some methods are specifically developed for

returning top-k answers, they are not efficient and effective to generate the complete set of

answers. By taking into considerations both time complexity and space complexity, in this

chapter, we adopt and extend the previous well-known Backward Expanding Search
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(BES) method [10] to enumerate the complete set of valid answers. However, our query

suggestion framework does not have any restrictions on the methods for generating all valid

answers to a keyword query.

For a keyword query q = {w1, w2, . . . , wm}, generating the complete set of answers

using the BES algorithm consists of two main steps. In the first step, for each keyword

wi (1 6 i 6 m), BES finds the set of nodes S(wi) containing wi in the graph. Thus,

Sq =
⋃m

i=1 S(wi) is the set of relevant nodes for the search query q. In the second step,

BES maintains |Sq| iterators to concurrently run |Sq| copies of the Dijkstra’s single source

shortest path algorithm on the graph [18]. Each iterator starts with one of the nodes in Sq

as source. The iterator traverses the graph edges in reverse direction. The idea of the BES

algorithm is to find a common vertex from which a directed path exists to at least one node

in each S(wi). Those directed paths correspond to a minimal rooted directed tree which

takes the common vertex as the root node and the corresponding source nodes as leaf nodes.

The constructed tree is a valid answer.

During the searching process, each iterator expands and generates more nodes, thus,

more valid answers are found. The BES algorithm correctly enumerate the complete set of

answers if we continue the searching until no iterator can generate new nodes. We refer to

the complete set of answers to the search query q as A.

4.3.2 Hierarchical Decomposition Tree

Directly applying the BES algorithm on the original graph may not be efficient in practice.

The first reason is that BES generates valid answers roughly in score descending order, thus,

BES is efficient for finding top-k answers. However, we want to find the complete set of

answers. The orders of answers to be generated are not important in our problem. The

second reason is that the graph may be very large, sometimes it is even not possible to hold

the whole graph in the main memory.

To address the efficiency issue in generating the complete set of answers, we adopt the

idea of hierarchical decomposition tree proposed by Bartal [8]. Generally, a hierarchical

decomposition of a graph G = (V,E) is a recursive partitioning of V into smaller subsets

until at the lowest level of the hierarchy, individual subsets only contain single vertices. The

decomposition process is associated with a tree structure (e.g., the hierarchical decomposi-

tion tree). Each leaf node in the hierarchical decomposition tree T = (VT , ET ) corresponds

to a node in the original graph G = (V,E). This indicates that there is a one-to-one node
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mapping ψ : VT → V . Each internal node, however, do not have mappings to nodes in

G. Bartal [8] shows that the hierarchical decomposition tree is useful to develop efficient

approximation algorithms for group Steiner tree problem in general graphs.

The hierarchical decomposition tree for general graphs has a nice property [8].

Property 1 (Hierarchical Decomposition Tree [8]) For a weighted connected graph

G = (V,E), G can be f -probabilistically approximated by a weighted tree T = (VT , ET ),

that is, for all nodes u, v ∈ V , distG(u, v) 6 distT (ψ(u), ψ(v)) 6 f × distG(u, v), where f =

O(log2|V |), ψ is a one-to-one mapping between V and VT , and distG(u, v) and distT (ψ(u), ψ(v))

are shortest distances between two nodes in G and T , respectively.

The tree metric is much simpler than the general graph metric. According to Property 1,

to find the group Steiner tree on a general graph G, we can first find the group Steiner tree

on the corresponding hierarchical decomposition tree T , then transfer the solution from T

to the original graph G with a theoretical performance guarantee of a factor f .

We extend the idea of hierarchical decomposition tree to support keyword search on

graphs. To construct such a decomposition tree, we adopt the algorithm described in [8].

It is a recursive node partitioning process. At the very beginning, the algorithm performs a

bread-first-search transversal on the graph and partitions the set of nodes into subsets such

that the diameter of each subset is at most diam(G)
f

, where diam(G) is the diameter of the

original graph G. In each iteration, the algorithm recursively partitions the node sets from

the previous iteration to subsets while the diameter of each subset is decreased by a factor

of f . The partitioning continues until each node sets contain only one node.

To make the hierarchical decomposition tree be suitable for keyword search on graphs,

for each internal node v ∈ VT in the tree T , we maintain the list of cutting edges listv

where node partitioning is performed. The idea is that if an internal node v ∈ VT is the

least common vertex which connects two leaf nodes u1, u2 ∈ T , at least one node associated

with those cutting edges in v must connect two corresponding nodes ψ(u1), ψ(u2) in the

original graph G. Property 1 guarantees that the shortest distance between u1 and u2 in

T is an f -factor of the shortest distance between two corresponding nodes ψ(u1), ψ(u2) in

G, thus, the node associated with those cutting edges in v refers to the root node of an

f -approximate answer which in the leaf nodes containing keywords in ψ(u1), ψ(u2).

We incorporate the BES algorithm to generate the complete set of answers using the

hierarchical decomposition tree. The algorithm is outlined in Algorithm 7.
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Algorithm 7 Generating approximate answers using the hierarchical decomposition tree.

Input: A directed graph G = (V,E), a corresponding f -approximate hierarchical decom-
position tree T , a search query q = {w1, w2, . . . , wm};

Output: The complete set of answers A;
1: set A = ∅;
2: let Sq =

⋃m
i=1 S(wi);

3: for each node vi ∈ Sq do
4: create an iterators which uses vi as the source;
5: let u be the parent node of vi in T ;
6: if u is not visited before by any iterator then
7: create Setj(u) for 1 6 j 6 |Sq|, and set Setj(u) = ∅;
8: end if
9: calculate CrossProduct = {vi} ×

∏
j 6=i Seti(u);

10: let Seti(u) = Seti(u) ∪ {vi};
11: for each tuple ∈ CrossProduct do
12: find the cutting edges in u from T ;
13: examine associated nodes and pick the one with smallest distances to the corre-

sponding leaf nodes;
14: update A;
15: end for
16: end for

Let Sq =
⋃m

i=1 S(wi). We concurrently run |Sq| copies of parent finding in the hierarchical

decomposition tree. Each iterator expands the current searching by retrieving the parent

node in the tree T . Within each vertex u visited by any iterator, we maintain a node list

Setj(u) for each keyword wj ∈ q. Consider an iterator starting from a node vi ∈ Sq currently

is visiting u. At that time, some other iterators might have already visited node u before

and the nodes in Sq corresponding to those iterators are already in Setj(u). Thus, we are

able to find the least common node u. We retrieve the nodes in the cutting edges in u

in the tree T . Then we need to generate the new answers containing node vi. We simply

calculate the cross product and each cross product tuple corresponds to an answer. The

corresponding root node appears in the nodes associated with the cutting edges in u. The

searching continues until no new least common nodes can be found in the tree T . At last,

we can find the complete set of f -approximate answers to a keyword query on G.
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4.3.3 Similarity Calculation

Once the search algorithm has found all the valid answers, we need to conduct the clustering

algorithm on the answers so that answers carrying similar semantic relationships among

keywords can go to the same cluster. To cluster the answers, it is necessary to measure the

similarity between two answers.

In this chapter, an answer is a minimal rooted directed tree. Thus, the similarity between

two answers can be measured based on the structures of the answers. Without loss of

generality, several pieces of information in the answers can be used to measure the similarity,

such as the set of keywords, the graph structures, and the neighborhoods structures.

Consider an answer Ansi, it contains a set of leaf nodes and internal nodes. The leaf

nodes containing those keywords in a search query, and the internal nodes containing those

keywords which capture semantic relationships among keywords in a search query. Ob-

viously, the simplest way to measure the similarity is to use the keywords in an answer.

Typically, the similarity based on keywords can be measured using the well-known Jaccard

distance [56].

Definition 11 (Similarity based on Keywords) Consider two answers Ansi and Ansj,

each contains a set of keywords W (Ansi) and W (Asnj), respectively. The similarity be-

tween Ansi and Ansj based on keywords can be measured as Sim(Ansi, Ansj)keyword =
|W (Ansi)∩W (Ansj)|
|W (Ansi)∪W (Ansj)|

.

The keyword-based similarity is easy to calculate. However, it may not be differentiate

enough for the purpose of clustering, since keywords in different answers are still possible

similar. In such a case, using the keyword-based similarity is not enough to cluster all the

answers.

Similarity based on graph structures may help to address the above issue. We can

measure the similarity by taking into account the directed path structures in the answers.

Definition 12 (Similarity based on Structures) Consider two answers Ansi and Ansj,

each is a rooted tree.The similarity between Ansi and Ansj based on structures can be mea-

sured as Sim(Ansi, Ansj)structure = dist(Ansi, Ansj), where dist(Ansi, Ansj) represents

the graph distance between two tree structures Ansi and Ansj.

In practice, calculating the exact graph distance between two trees may be costly. In
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fact, when a user submits a keyword query to a graph, the user is interested in the se-

mantic relationships among those keywords, which is captured using paths connecting those

keywords through the root node. Thus, we only need to consider the similarity of those

connection paths among query keywords in the answers.

In this chapter, we adopt the set-of-paths model. Thus, for two answers, we can have

a one-to-one path mapping based on leaf nodes which contain the same keyword in the

search query. We can estimate the structure-based similarity by considering path similarity

between two answers. Consider a query q = {w1, w2, . . . , wm}, there are m distinct paths

from root node to leaf node in an answer. Assume we want to calculate the similarity

between two answers Ansi and Ansj. For each keyword wi, we consider the corresponding

two mapped paths in Ansi and Ansj. The similarity of two paths can be simply measured

by counting the number of keywords which uniquely appear in one path only. The smaller

the number of unique keywords, the more similar the two paths. The sum of similarity for

m mapped paths is used to estimate the graph distance between Ansi and Ansj.

In some cases, even the structure-based similarity may not be differentiate enough. For

instance, suppose each answer is just a single node in the graph (it is possible if the node

contains all the keywords in a keyword query). Neither the keyword-based similarity nor

the structure-based similarity may work well to cluster those answers. In such a case,

neighborhood information may be brought into consideration for similarity calculation.

Definition 13 (Similarity based on neighborhoods) Consider two answers Ansi and

Ansj. We can extract the corresponding neighborhoods for the answers. A d-neighborhood

structure of answer Ansi, denoted as Neighbord(Ansi), is an induced subgraph which con-

tains the nodes in Ansi and any other nodes in G which has a shortest distance to a node in

Ansi less than or equal to d. The similarity between Ansi and Ansj based on neighborhoods

can be measured as Sim(Ansi, Ansj)neighbor = dist(Neighbord(Ansi), Neighbord(Ansj)).

While the keyword-based similarity is easy to calculate, it may not be differentiate

enough for clustering. Moreover, although the neighborhood-based similarity is costly to

calculate, it is differentiate enough for clustering. When we conduct the clustering on the

complete set of answers, we have to balance the efficiency for similarity calculation and

effectiveness of similarity measures for clustering.
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We adopt a flexible solution based on the idea of clusterability [27]. The term “clus-

terability” is used to determine whether the answers are differentiate enough for clustering

based on specific similarity measure. We first use the keyword-based similarity for cluster-

ing. If we find that the answers are not clusterable, that is, keyword-based similarity is

not differentiate enough to separate answers, we adopt the next level of similarity, that is,

structure-based similarity. We continue to the next level of neighborhood-based similarity,

if the answers are still not clusterable. If we find that the answers are already cluster-

able enough, we just adopt the current choice of the similarity measure, and conduct the

clustering on the answers.

It is crucial to measure the clusterability given a set of answers. We adopt a simple

heuristic. For a uniformly distributed dataset, we randomly pick k data as centers and

calculate the inner-distance of k clusters. If we conduct such a trial for enough times, we

may find that the differences among different trials is not large. However, the differences

is very likely to be large on a perfectible clusterable dataset (e.g., centers are fixed). Using

this simple idea, we conduct the trials on the answers using different levels of similarity

measures. After a set of trials (in practice, we choose a reasonable number, e.g., 5), we

monitor the average inner-distance of each cluster. If the variance is too small, we argue

that the current similarity measure is not good enough, thus, we choose the next level of

similarity measure. It stops when either the similarity measure is good enough or the last

level of similarity measure has been chosen.

In some scenarios, the locations of answers in the graph are also useful to differentiate

the answers. Two answers may be more similar to each other if the two answers appear

closely in the graph. As an interesting future research direction, we will explore the distance

measure of answers in the graph for query suggestion.

4.3.4 Recommendation Generation

Once the similarity measure is chosen, we can conduct the conventional k-medoids clustering

algorithm to cluster the answers into k clusters. Once we obtain those clusters, in the next

step, we need to recommend keywords from each cluster.

The recommendation should try to capture semantic relationship among those search

keywords as much as possible. In general, we say a query qi captures a search intent Ci if

and only if: (1) each answer Ansj ∈ Ci is a valid answer to qi; (2) if an answer Ansj /∈ Ci,

Ansj is not a valid answer to qi.
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An answer is a tree, in which each leaf node contains a keyword in the query. In order

to satisfy the first condition, for each leaf node vi which contains a keyword wi in the query,

the leaf node must be retained in the answer for a recommended query. In other words, in

the recommended query, at least one keyword must come from vi. As a result, the keywords

in the recommended query comes from m leaf nodes in an answer.

In order to satisfy the second condition, we have to make sure that some keywords in

a recommended query for a search intent Ci must not appear in the cluster of answers for

other search intents.

One simple recommendation generation solution is as follows. For a specific search intent

Ci which contains a set of answers, we consider the keywords contained in those leaf nodes.

Let S(wi)Ci
represents the set of leaf nodes in Ci that contain the keyword wi. We find the

keywords commonly appear in all those nodes in S(wi)Ci
, and denoted as W (wi)Ci

. If there

exists a keyword w ∈W (wi)Ci
and w /∈W (wi)Cj

for any j /∈ i, we can recommend a query

q′ = q − {wi}+ {w}.

It is easy to see that q′ satisfies the two requirements of query suggestions. However,

the simple recommendation generation solution may not work in practice. First, such a

keyword w (w ∈ W (wi)Ci
and w /∈ W (wi)Cj

for any j /∈ i) may not exist at all. Second,

if we replace wi with w in the original query, some more answers to the new query q′ may

exist in the graph. We may need to conduct the query suggestion process repeatedly.

To address the issue, we propose an alternative solution for generating recommended

queries. We relax the two requirements for query suggestion a little bit. Rather than

making sure that each answer Ansj ∈ Ci is a valid answer to qi, we only require that each

answer Ansj ∈ Ci is a valid subtree in an answer Ans′j to qi.

Generally, the root node in an answer plays an important role to capture the semantic

relationships among keywords. For the answers in the same cluster, keywords in a search

query must appear in at least one of the leaf nodes in the answer. Thus the keywords in

the root node are used to build linkages among those keywords in the query. The recom-

mended queries should satisfy the requirement that the answers to the recommended queries

should capture similar semantic relationship among search keywords, i.e, having the same

root nodes as those answers in the original answer set. Not surprisingly, if we recommend

keywords from the root nodes in the answer trees from the same cluster, we are able to

provide to users the detailed semantic relationship they are interested in.

The above query suggestion method is based on Property 2.
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Figure 4.3: The rationale of query suggestion.

Property 2 (Query Suggestion) Consider a keyword query q = {w1, w2, . . . , wm} in

Figure 4.3, Ans is an answer with r as the root node. Let wm+1 be a keyword contained

in r in Ans. We construct another answer Ans′ by adding a leaf node vm+1 which con-

tains keyword wm+1 (vm+1 is the same to r). Ans′ must be a valid answer to the query

q′ = {w1, w2, . . . , wm, wm+1}.

Based on the above finding, our recommendation is constructed from keywords appearing

in those root nodes in the answers. The query suggestion method is outlined in Algorithm 8.

Given a cluster of answers Ci = {Ansi1 , Ansi2 , . . . , Ansis}, we extract the common

keywords appearing in the root nodes in the answers in Ci. The algorithm next tries to find

a keyword w which only appears in Candi but not appear in any other Candj where j 6= i.

If such a keyword w exist, we can generate a recommendation query qi by appending w to

q; however, if such a keyword w does not exist, we have to compromise the requirement of

query suggestions. The algorithm tries to find the keyword w which appears frequently in

Candi and appears rarely in other Candj. Similarity, the keyword w is appended to q to

generate a recommended query. The algorithm constructs the recommendations for each

cluster. Finally a set Q of k recommendations are returned.

4.3.5 Early Clustering and Query Suggestion

Before conducting the clustering on the answers, Algorithm 6 requires that all the valid

answers should be explicitly extracted. However, in practice, it may not be efficient, since

enumerating all the valid answers and clustering them may be quite time-consuming. Can

we avoid explicitly generating all the valid answers but still be able to recommend related
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Algorithm 8 Generating query suggestions.

Input: a directed graph G = (V,E), a search query q = {w1, w2, . . . , wm}, k clusters of
answers A = {C1, C2, . . . , Ck};

Output: k recommended queries Q;
1: initialize i = 1;
2: initialize qi = ∅;
3: for i 6 k do
4: let Candi contain those common keywords in the root nodes in the answers in Ci;
5: i = i+ 1;
6: end for
7: let i = 1;
8: for i 6 k do
9: find a keyword w ∈ Candi and w /∈ Candj for any other j 6= i;

10: if such a keyword w does not exist then
11: find a keyword w such that freq(w,Candi)∑

j 6=i freq(w,Candj)
is smallest;

12: end if
13: let qi = qi ∪ {w};
14: i = i+ 1;
15: end for
16: return Q;

keywords with high quality?

Consider the searching algorithm on the hierarchical decomposition tree T in Algo-

rithm 7. We want to find an internal node v ∈ VT such that v is the least common node in

T which connects to nodes containing all the search keywords as leaf nodes. The distance

from v to the leaf nodes is at most f -factor of the shortest distance in the original graph.

The length of the paths in the answers actually play an important role in the similarity

calculation. The larger the path lengths, the more likely that the answers carry different

semantic relationship among keywords. Thus rather than conducting clustering on the ex-

plicitly extracted answers, we can use internal nodes in the hierarchical decomposition tree

for early clustering.

In the hierarchical decomposition tree, we maintain the list of keywords appearing in

the cutting edges of each internal nodes. Those keywords appear in some root nodes of the

answers. The algorithm starts the searching exactly the same as that in Algorithm 7. We

want to find a set of internal nodes in the hierarchical decomposition tree which connect

corresponding leaf nodes in the tree. However, we do not look at the original graph when

internal nodes are identified. We argue that the group Steiner trees in the hierarchical
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decomposition tree are representative enough for answer clustering.

There are several reasons. First, the group Steiner tree in the decomposition tree can be

easily extended to be an answer in the original graph, by simply mapping internal nodes into

nodes in the original graph. Second, each internal node contains keywords which appear

in the cutting edges during the partitioning. Correspondingly, in the original graph, those

keywords are very likely to appear in the paths from the root node to the leaf nodes. Third,

the lengths of paths in the tree is an approximation of the shortest distance in the original

graph.

Based on the above findings, we conduct the clustering on those internal nodes in the

hierarchical decomposition tree. The paths from the root node to the leaf nodes are used

for measuring the similarity during the clustering procedure. The keywords in the internal

nodes are used for candidates for query suggestion generation. The generation algorithm is

similar to the one in Algorithm 8.

4.4 Experimental Results and Performance Study

In this section, we report a systematic empirical study conducted on a real data set to

evaluate our query suggestion methods for keyword search on graphs. All the experiments

were conducted on a PC computer running the Microsoft Windows XP SP3 Professional

Edition operating system, with a 3.0 GHz Pentium 4 CPU, 1.0 GB main memory, and a

250 GB SATA hard drive. The programs were implemented in C++ and were compiled

using Microsoft Visual Studio .Net 2008.

4.4.1 The DBLP Data Set

We downloaded the raw DBLP data from the Website [69] and constructed the graph version

of the DBLP data following the steps in [39]. Since the original DBLP data is a tree in

which each paper is represented as a small subtree, we made several modifications on the

data by including two new types of non-tree edges. The first type of edges we added is by

connecting papers through citation relationship. The second type of edges we added is by

merging the same author node under different paper subtree as one unique author node.

Moreover, we modified the DBLP data by removing non-interesting elements in each paper

such as URL, EE, etc. Furthermore, we removed those papers not being referenced by other

papers. At last, we obtain a graph version of the DBLP data which contains about 91K
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Query ID Keywords # Nodes Containing Keywords # Answers

Q1 {blink, graph} (3, 1704) 39
Q2 {jagadish, optimization} (16, 311) 101
Q3 {spamicity, cook} (11, 79) 0
Q4 {approximation, dynamic, optimal} (332, 630, 411) 703
Q5 {multimedia, type, object} (304, 110, 91) 66
Q6 {vapnik, support, vector} (11, 103, 329) 1198
Q7 {database, olap, grey, cube} (1105, 396, 27, 91) 598
Q8 {hector, jagadish, performance, improving} (7, 16, 996, 104) 337
Q9 {jiawei, xifeng, sigmod, graph} (17, 6, 731, 1704) 206

Table 4.1: Keyword queries.

papers and 171K authors, in total 534K nodes and 709K edges. The number of distinct

lower-cased keywords in the DBLP data is about 63K.

4.4.2 Answers to Keyword Search on Graphs

To extensively demonstrate the performance of our query suggestion methods for keyword

search on graphs, we carefully select a set of 9 different keyword queries with different sizes

(i.e., sizes are varied from 2 to 4). We tried to include a wide variety of keywords by

taking into considerations the selectivity of keywords, the size of the relevant answers, etc.

Table 4.1 lists the keywords in each search query.

Among the 9 different keyword queries, 3 of them have 2 keywords, 3 of them have 3

keywords, and 3 of them have 4 keywords. We counted the number of nodes containing

the specific keywords in the queries, and the results are shown in Table 4.1. Generally, the

keywords in 9 queries have different number of occurrences in the graph.

Generally, the number of the valid answers varies when the keywords in the query are

different. In some situations, such as Q4 and Q6, the number of the valid answers is very

large; in some other situations, such as Q1 and Q5, the number of the valid answers is very

small. We also find that in Q3, there does not exist any valid answers at all. The results

indicate that the categorizations of scenarios for query suggestions described in Section 4.2.1

is meaningful.

Moreover, among 9 different keyword queries, different recommendation scenarios exist.

For example, in Q1 and Q5, the quality of the answers is fine, but the number of the valid

answers is too few. Thus in our recommendation methods, we first need to replace one

keyword in the query with another keyword which has a larger occurrence in the original
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graph. In Q3, the quality of the answers is very low. Thus in our recommendation methods,

we first need to remove one keyword which has a largest shortest distance to other keywords.

In this case, keyword spamicity is removed.

4.4.3 Accuracy of Query Suggestions

We compared three different recommendation methods developed in this chapter for per-

formance analysis. The first method refers to the query suggestion method without the

hierarchical decomposition tree in Section 4.3.2 and the heuristic in Section 4.3.5. We call

this method as Simple method. The second method refers to the query suggestion method

in which the hierarchical decomposition tree is used to approximate the answers. We call

this method as Decomposition Tree method. The third method refers to the query sug-

gestion method when the heuristic in Section 4.3.5 is used. We call this method as Fast

method.

In Table 4.1, we list the total number of answers to each query. In Table 4.2, we list the

recommended queries provided by three different query suggestion methods. Here we set

the parameter k to 2, that is, 2 related queries are generated. If we treat the recommended

queries returned by the simple method as the ground truth, we find that the performance of

the decomposition tree method and the fast method is quite good. For example, among 18

returned queries, the queries returned by the decomposition tree method have a precision

score 15
18 = 0.83, and the queries returned by the fast method have a precision score 12

18 = 0.67.

In Web search, user studies have been widely adopted to examine the accuracy of the

query suggestion results. However, user studies are an expensive task, and sometimes it may

be biased due to some reasons, such as lack of background knowledge for those participants.

In this chapter, we only examine the accuracy of query suggestion based on comparisons

with the baseline result. As some future directions, we will develop more reliable measures

to evaluate the query suggestion results.

4.4.4 Efficiency of Query Suggestions

We also examine the response time of query suggestions using different methods. Figure 4.4

shows the query response time of 9 different queries in Table 4.1 with respect to three

different query suggestion methods.
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Figure 4.4: The response time of query suggestion.

Generally, the decomposition tree method and the fast method have obvious improve-

ments on the response time. When the simple method needs around 30 seconds to recom-

mend related queries, the other two methods only needs about 10 and 5 seconds, respectively.

Moreover, we also find that the number of valid answers to a keyword query have great im-

pact on the query suggestion response time. It is easy to understand, since more answers

means the time for answer generation is large, the time for clustering answer is large, and

the time for generating related queries from clusters is large.

The results in Table 4.2 and in Figure 4.3 indicate that the decomposition tree method

and the fast method can balance the quality of query suggestion and the response time.

4.4.5 Parameter Settings of Query Suggestion Methods

In our query suggestion methods, we have several important parameters, such as the value of

k, which represents the number of recommendations to be returned; the number of keywords

m in the query. In this section, we report several experiments conducted on the DBLP

dataset to examine the effects of different parameter settings.

We first examine the effects of the parameter m. We varied the values of m from 2

to 6. For each specific m, we randomly generated 100 different queries. We adopted the

three different query suggestion methods, and examined the average running time for those

random queries. We fix the value of k to be 3. Figure 4.5 shows the results.

In general, when the value of m increases, the running time of different query suggestion

methods increases as well. This is because the number of valid answers increases when m

increases. Among all the cases, the simple method has the largest running time, while the
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Figure 4.6: The running time with respect to different values of k.

decomposition tree based method is much more better. The fast method has the smallest

running time. The results indicate that the speed-up strategies we developed in the chapter

are very useful to improve the query suggestion performance.

We next examine the effects of the parameter k. We varied the values of k from 2 to

6. We randomly generated 100 different queries with size 3. We adopted the three different

query suggestion methods, and examined the average running time for those random queries.

Figure 4.6 shows the results.

Generally, when the value of k increases, the running time of different query suggestion

methods increase as well. This is because we need more time to conduct the clustering step
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on the answers and recommend more related queries.

4.5 Conclusions

In this chapter, we took an initiative step towards the problem of query suggestion for

keyword search on graphs. We identified the importance of query suggestion for keyword

search systems on graphs. We formalized the problem of query suggestion for keyword

search on graphs, and categorized the possible recommendation scenarios into three major

categories. We presented a general solution framework to provide recommendations, and

developed practical recommendation methods. The experimental results conducted on large

real data sets verified the effectiveness and efficiency of our proposed query suggestion

methods.

There are several interesting directions we plan to explore in the near future. For in-

stance, in practice, different users may have quite different search behaviors. As a result,

personalized and context-aware query suggestions is very popular in Web search engines.

It is interesting to analyze and develop recommendation methods for keyword search on

graphs based on the personalization and context-aware manner. For another case, in this

chapter, we treat k related queries in the recommendation equally. In some applications,

it is desirable to recommend a list of k ranked recommendations. Therefore, the user can

quickly identify the real information needs from top-ranked recommendations. Finally, the

query response time is crucial in the keyword search system. While the methods proposed

in this chapter can recommend related queries in a short time, it is interesting to see if

there are more speed up strategies or effective index structures can further improve the

performance of query suggestion for keyword search on graphs.



Chapter 5

OLAP Infrastructure on Search

Logs

With the great success of Web search engines such as Google and Microsoft’s Bing, the

keyword search technique has been widely used by millions of users for searching interesting

information from large-scale data. It is well-known that the Web search engines use search

logs to trace users’ search history. Inherently, search logs are an indispensable output for

the whole keyword search process.

In general, search logs contain rich and up-to-date information about users’ needs and

preferences. While search engines retrieve information from the Web, users implicitly vote

for or against the retrieved information as well as the services using their clicks. Moreover,

search logs contain crowd intelligence accumulated from millions of users, which may be

leveraged in social computing, customer relationship management, and many other areas.

In recent years, search logs have become a more and more important data source for a wide

scope of applications to improve the applicability of keyword search.

Using search logs, we may develop a good variety of keyword search applications in

a search engine, which are truly useful for the users and highly profitable for the search

engine. For example, by examining the queries frequently asked by users after the query

“KDD 2011”, a search engine can suggest queries such as “San Diego hotel” which may

improve users’ search experience (e.g., [12, 42]). As another example, by analyzing query

sequences and click-through information in search logs, a search engine can help an advertiser

to bid for relevant keywords (e.g, [31]). Some further examples include using search logs to

95
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improve the Web search ranking (e.g., [1, 43]), personalize Web search results (e.g., [24, 63]),

correct search query spellings (e.g., [44, 51]), and monitor and evaluate the performance of

search engines and other Web services (e.g., [2, 26]).

Given that there are many different keyword search applications in search engines, how

many specific search log analysis tools do we have to build? Obviously, building one specific

search log analysis tool per application is neither effective nor efficient. Can we develop a

search log analysis infrastructure supporting the essential needs of many different keyword

search applications? There are some interesting opportunities and challenges.

First, although different keyword search applications carry different purposes and techni-

cal demands, by a careful survey of a variety of real applications, we find that many analysis

tasks can be supported by a small number of search log pattern mining functions, as ex-

emplified in Section 5.1.2. This observation makes the idea of building a central search log

analysis infrastructure feasible and practical. Building a search log analysis infrastructure

presents a new opportunity for developing more effective and powerful search engines.

Second, although there are numerous previous studies on extracting interesting pat-

terns from search logs, those methods cannot be directly applied to building the search log

analysis infrastructure. The target infrastructure should be able to serve multiple keyword

search applications and answer general requests on search log pattern mining. However,

almost every previous work is designed for a specific task – the algorithms and data struc-

tures are customized for specific tasks. Therefore, those methods cannot meet the diverse

requirements in a search log analysis infrastructure.

Third, search logs are often huge and keep growing rapidly over time. Moreover, many

keyword search applications require online response to the pattern mining queries. There-

fore, a search log analysis infrastructure has to be constructed in a distributed computation

environment. Organizing search logs and supporting online mining in a distributed environ-

ment present great challenges.

In this chapter, we present an initiative towards building an online analytic processing

(OLAP for short) system on search logs as the search log analysis infrastructure. The

central idea is that we build a simple yet scalable and distributable index on search logs so

that sequential patterns in search logs can be mined online to support many real keyword

search applications. The role of the OLAP system is shown in Figure 5.1. As shown in

Section 5.2, the system not only can support online applications in search engines, but

also can facilitate online analysis of search logs by search engine developers. We make the
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Figure 5.1: The framework of the OLAP infrastructure on search logs.

following contributions.

First, we argue that many traditional aggregate functions, such as sum, min and max,

may not be suitable to support OLAP on search logs. Instead, we identify three novel

mining functions, namely forward search, backward search, and session retrieval, which are

particularly useful for data analysis on search logs. We further illustrate how to integrate

those novel functions with OLAP operations, such as roll-up and drill-down, on search logs.

Second, we develop a simple yet scalable and distributable index structure to support

OLAP on search logs using the three mining functions. We do not follow the materializa-

tion approach widely adopted in building data warehouses on relational data, since those

approaches cannot be straightforwardly applied to sequential search logs. Instead, we use

a suffix-tree index. Moreover, we develop a distributed suffix tree construction and mainte-

nance method under the MapReduce programming model [22].

Last, we demonstrate the feasibility and potential of a search log analysis infrastructure

through a systematic empirical study. We extracted from a major commercial search engine

a search log containing more than 4.96 billion searches, 2.48 billion sessions, and 1.48 billion

unique queries. The experimental results indicate that our OLAP system on search logs

is effective to support various keyword search applications, and our design is efficient in

practice.

The rest of the chapter is organized as follows. Section 5.1 identifies several OLAP
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functions and operations on search logs, and briefly discusses the difference between our

work and S-OLAP [53]. In Section 5.2, we propose our approach to scalable OLAP on

search logs. A systematic empirical study conducted on a large real data set is reported in

Section 5.3. Section 5.4 concludes the chapter.

5.1 Problem Definition: OLAP on Search Logs

In this section, we first briefly review how to extract query sessions from search logs. Then,

we present three basic sequence mining functions on query sessions, and show that those

functions can be used to conduct OLAP on search logs. Furthermore, we outline the major

differences between our work and S-OLAP [53].

5.1.1 Query Session Extraction

Conceptually, a search log is a sequence of queries and click events. Since a search log often

contains the information from multiple users over a long period, we can divide a search log

into sessions.

In practice, we can extract sessions in two steps, as described in [12]. First, for each

user, we extract the queries by the user from the search log as a stream. Then, we segment

each user’s stream into sessions based on a widely adopted rule [81]: two queries are split

into two sessions if the time interval between them exceeds 30 minutes.

Formally, let Q be the set of unique queries in a search log. A query sequence s =

〈q1 · · · qn〉 is an ordered list of queries, where qi ∈ Q (1 6 i 6 n). n is the length of s, denoted

by |s| = n. A subsequence of sequence s = 〈q1 · · · qn〉 is a sequence s′ = 〈qi+1 · · · qi+m〉 where

m > 1, i > 0, and i +m 6 n, denoted by s′ ⊑ s. In particular, s′ is a prefix of s if i = 0.

s′ is a suffix of s if i = n −m. The concatenation of two sequences s1 = 〈q1 · · · qn1
〉 and

s2 = 〈q′1 · · · q
′
n2
〉 is s1 ◦ s2 = 〈q1 · · · qn1

q′1 · · · q
′
n2
〉.

In many search engine applications, frequency is often used as the measure in analysis.

Given a set of query sessions D = {s1, s2, . . . , sN}, the frequency of a query sequence s is

freq(s) = |{si|s ⊑ si}| (si ∈ D). The session frequency of s is sfreq(s) = |{si|s = si}|.
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5.1.2 Session Sequence Mining Functions

To build a search log analysis infrastructure, we collect different requirements on mining

search logs at a major commercial search engine. We find that the major needs can be

summarized into three basic session sequence mining functions, namely forward search,

backward search and session retrieval. Importantly, many keyword search applications are

based on mining frequent sequences. Moreover, different from traditional sequential pattern

mining [65] which finds the complete set of sequential patterns, a keyword search application

typically relies on the top-k query sequences related to a given query sequence s.

Definition 14 (Forward search) In a set of sessions, given a query sequence s and a

search result size k, the forward search finds k sequences s1, . . . , sk such that s ◦ si (1 6

i 6 k) is among the top-k most frequent sequences that have s as the prefix.

Example 11 (Forward search) A user’s search experience can be improved substantially

if a search engine can predict the user’s search intent and suggest some highly relevant

queries. This is the central idea behind the query suggestion application. For example, a

user planning to buy a car may browse different brands of cars. After the user conducts a

sequence of queries s = 〈“Honda” “Ford”〉, a search engine may use a forward search to

find the top-k query sequences s ◦ q, and suggest the queries q to the user. Such queries

may be about some other brands like “Toyota”, or about comparisons and reviews like “car

comparison”.

A forward search only considers sequences si that are consecutive to query sequence s in

sessions. This is because non-consecutive queries may not be closely related in semantics.

For example, a user may raise a sequence of queries 〈“Beijing Olympics” “US basketball

team 2008” “Kobe Bryant” “LA Lakers”〉. Although each pair of consecutive queries are

closely related, the relationship between “Beijing Olympics” and “LA Lakers” is relatively

weak. Thus, we only consider consecutive query sequences in our mining functions.

Symmetrically, we have backward search.

Definition 15 (Backward search) In a set of sessions, given a query sequence s and

a search result size k, the backward search finds k sequences s1, . . . , sk such that si ◦ s

(1 6 i 6 k) is among the top-k most frequent sequences that have s as the suffix.
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Example 12 (Backward search) Keyword bidding is an important service in sponsored

search. A search engine may provide a keyword generation application to help a customer

to select keywords to bid.

A small electronic store may find keyword “digital camcorder” expensive. By a backward

search, the search engine can find the query subsequences that often appear immediately

before query “digital camcorder” in query sessions. For example, some users may raise

queries “digital video recorder”, “DV”, or “DC” before “digital camcorder” in sessions,

since they may not get the term “camcorder” at the first place. The small electronic store

may bid for those keywords which are cheaper than “digital camcorder” but carry similar

search intent.

Forward search and backward search focus on finding subsequences. In some situations,

the whole sessions may need to be retrieved as a pattern.

Definition 16 (Session retrieval) In a set of sessions, given a query sequence s, the

session retrieval finds the top-k query sessions s1, . . . , sk in session frequency (sfreq)

that contain s.

Example 13 (Session retrieval) Search logs can be analyzed by search engine developers

to monitor the search quality and diagnose the causes of user dissatisfactory queries. For

example, suppose the click-through rate of query “Obama” is high in the past, but drops dra-

matically recently. To investigate the causes, a dissatisfactory query diagnosis (DSAT) ap-

plication can find the top-k sessions containing “Obama” using a session retrieval function.

By analyzing those sessions, if a search engine developer finds that the sessions contain-

ing query “election” have high click-through rate, while the recent sessions containing query

“inauguration” have low click-through rate, the reason for the decrease of the click-through

rate may be that the search engine does not provide enough fresh results about Obama’s

inauguration.

5.1.3 OLAP on Search Log Session Data

OLAP is well defined on relational data. For example, consider a transaction table on sales

of electronic goods in Canada T (tid, prod, cust, agent, amount) where the attributes tid,

prod, cust, agent, and amount are transaction-id, product name, customer name, agent

name, and sales amount, respectively. A user may want to analyze how the sales amount is
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related to various factors such as product category, customer group, agent group, as well as

their combinations. OLAP queries retrieve group-by aggregates on amount using various

combinations of dimension values, such as the sum of amount for all cameras sold by the

Vancouver agents. Using OLAP, a user can roll up or drill down along different group-by

levels, such as comparing the sales amount of cameras by agents in Vancouver and that by

agents in Canada.

Sessions are query sequences. To conduct OLAP on session data, a user can specify

a query sequence s. Analogous to the relational case, each query in s can be considered

as a dimension, while the frequency of s can be considered as the measure. The three

basic session sequence mining functions in Section 5.1.2 are then regarded as the aggregate

functions. The sequential drill-down operations (drill-down for short) on s can be defined

as aggregations by either pre-pending a sequence s1 at the head of s or appending s1 at the

tail of s. In other words, the sequential drill-down operations perform on either sequence

s1 ◦ s or sequence s ◦ s1. Reversely, the sequential roll-up operations (roll-up for short) on s

can be defined as aggregations by removing a subsequence of s either at the head or tail.

Example 14 (OLAP operations on session data) In query suggestion application,

the search engine provides suggestions each time the user raises a query. For example, when

a user raises a query “Honda”, the search engine can apply a forward search function on

s1 = 〈“Honda”〉 and get the top-k queries as the candidates for query suggestion. Suppose

the user raises a second query “Ford”, the search engine can drill down using the forward

search function to find out the top-k queries following sequence s2 = 〈“Honda” “Ford”〉 as

the candidates for query suggestion.

In keyword bidding application, suppose a user applies the backward search function on

sequence s1 = 〈“digital camcorder”〉 and finds the sequence s2 = 〈“DV”

“digital camcorder”〉 interesting. The user may further roll up using the forward search

function and find out the top-k queries following s3 = 〈“DV”〉. Those top-k queries may

also be good candidates to bid.

5.1.4 Comparisons with S-OLAP

Most of the OLAP methods focus on relational data. Recently, OLAP has been extended

to other data. In particular, Lo et al. [53] extend OLAP to S-OLAP on sequence data,

which is highly related to our study. In S-OLAP, a user defines a pattern template of
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interest. For example, template 〈XY Y X〉 captures a round trip by travelers where X

and Y are two subway stations. Aggregates such as count() are computed on a sequence

database for each instance of the pattern template such as 〈“Downtown” “Waterfront”

“Waterfront” “Downtown”〉. An inverted index and a join-based algorithm are proposed to

support efficient computation.

S-OLAP and the OLAP on search logs in this chapter extend OLAP to sequence data

from different angles. First, S-OLAP assumes that a user specifies pattern templates. How-

ever, in keyword search applications in search engines, pattern templates are often unknown.

Instead, specific query sequences are used as constraints in search. Second, S-OLAP is in-

efficient to support online response to several sequence mining functions, such as forward

search, backward search, and session retrieval, since the results have to be computed by

joining the inverted lists on the fly. As shown in Section 5.1, these functions are commonly

required by many keyword search applications in search engines. Finally, the join-based

algorithm in S-OLAP cannot be scaled up to distributed computation environment. Our

empirical study shows that the join-based algorithm may cause heavy network traffic, and

thus, severely degrade the system performance when the inverted lists are stored in differ-

ent machines. Thus, S-OLAP cannot handle a huge amount of session data generated by

commercial search engines.

5.2 Scalable OLAP on Search Logs

In relational data, materialization is often used to make OLAP operations effectively and

efficiently. That is, all aggregates are pre-computed and indexed so that whenever a query

comes, the result can be retrieved promptly. In search logs, the size of search logs in search

engines is usually very large. It is infeasible to scan a search log on the fly to conduct OLAP

operations based on the three sequence mining functions. Thus, we need an effective index

on search logs. Moreover, even an index on search logs is often too large to be computed

and stored in a single machine. Index construction has to be distributed.

Another challenge of supporting OLAP on search log session data using the three basic

sequence mining functions is that the dimensions are not explicitly pre-defined. Analogous

to the relational case, each query in the session data can be considered as a dimension, while

the frequency of query sequences can be considered as the measure. There are a huge number

of possible query sequences. Quantitatively, if a length up to l is considered, then the total
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SID Query sequences SID Query sequences

s1 〈q1q2q3q4〉 s5 〈q6q1q2q5〉
s2 〈q1q2q4q5〉 s6 〈q1q2q3q5〉
s3 〈q6q1q2q5〉 s7 〈q1q2q3q6〉
s4 〈q1q2q3q4〉 s8 〈q6q1q2q5〉

Table 5.1: A running example of 8 query sessions.

number of possible query sequences is
∑l

i=1 |Q|l, where Q is the set of unique queries. In a

search engine, there can be billions of unique queries, which make the pre-computation for

even short query sequences (e.g., l = 3) infeasible.

The framework of our OLAP system on search logs, as shown in Figure 5.1, consists

of a log data engine and an OLAP engine. The log data engine extracts query sessions

from search logs as described in Section 5.1.1, constructs distributed indexes from query

sessions, and maintains the indexes when new logs arrive. We introduce the index structure

in Section 5.2.1, and describe in Section 5.2.2 how to construct and maintain the index

structures in a distributed manner.

The OLAP engine delegates online mining requests from keyword search applications to

corresponding index servers, and integrates results from index servers. We describe online

mining in Section 5.2.3.

5.2.1 Suffix Trees and Reversed Suffix Trees

A core task in the three basic sequence mining functions is subsequence matching : given

a set of sequences D and a query sequence s, find the sequences in D of which s is a

subsequence. Suffix trees and their compacted forms [36] are effective data structures to

solve the problem, since a subsequence s′ of a sequence s must be a prefix of a suffix of s.

A suffix tree organizes all suffixes of a given sequence into a prefix sharing tree such that

each suffix corresponds to a path from the root node to a leaf node in the tree. By organizing

all the suffixes of s into a tree structure, to check whether sequence s′ is a subsequence of

s, we can simply examine whether there is a path corresponding to s′ from the root of the

suffix tree.

Most of the existing methods [34] construct a suffix tree for indexing one (long) sequence.

However, in the case of query session mining, the average sequence length is short, but the
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Figure 5.2: A suffix tree for Table 5.1.

number of sequences is huge. We extend the suffix tree structure for indexing query sessions

straightforwardly. Figure 5.2 shows a suffix tree for the query sessions in Table 5.1. In the

tree, each edge is labeled by a query and each node except for the root corresponds to the

query sequence constituted by the labels along the path from the root to that node. More-

over, each node is associated with a value representing the frequency of the corresponding

query sequence in the search log. Algorithm 9 outlines the pseudo code of the suffix tree

construction algorithm.

We use two special symbols, § and #, in the suffix tree to denote the start and the end

of a query session. For example, query session s = 〈q1q2q3〉 is converted to s′ = 〈§q1q2q3#〉

before it is indexed into the suffix tree. As to be shown in Section 5.2.3, these two symbols

are important in online mining.

To serve backward search, we also build a reversed suffix tree. For each query session

s = 〈q1q2 . . . qn〉, we obtain a reversed query sequence s′ = 〈qnqn−1 . . . q1〉 and insert all

suffixes of s′ into the reversed suffix tree. Figure 5.3 shows the reversed suffix tree for the

query sessions in Table 5.1.

5.2.2 Distributed Suffix Tree Construction

A search log may contain billions of query sessions. The resulting suffix tree and reversed

suffix tree cannot be held into the main memory or even the disk of one machine. The
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Algorithm 9 Building suffix and reverse suffix trees

Input: A set of query sessions D = {s1, . . . , sN};
Output: A suffix tree T and a reverse suffix tree RT;
Initialization: T = RT = new tree(∅);

1: for all session si = 〈q1 . . . qni〉 in D (1 6 i 6 N) do
2: si = 〈§q1 . . . qni#〉; rsi = 〈#qni . . . q1§〉
3: for all suffix s′i of si do
4: if (|s′i| > 1) then Insert(s′i, T);
5: end for
6: for all suffix rs′i of rsi do
7: if (|rs′i| > 1) then Insert(rs′i, RT);
8: end for
9: end for

10: return T and RT;

Method: Insert(s, T)

1: curN = T;
2: for all element q in s do
3: if q ∈ curN.child then
4: curN = curN.child[q]; curN.count++;
5: else
6: chN = new tree(q); chN.count = 1;
7: curN.child.add(chN); curN = chN;
8: end if
9: end for

existing studies on disk-based suffix tree construction (e.g., [60]) target at indexing one long

sequence. To the best of our knowledge, there is no existing work on efficient construction

of a suffix tree for a large number of sequences on multiple computers.

We develop a distributed suffix tree construction method under the MapReduce pro-

gramming model [22], a general architecture for distributed processing on large computer

clusters. The central idea of MapReduce is to divide a large task into chunks so that they

can be assigned to computers for processing in parallel. At the beginning, the whole data

set is stored distributively in the cluster; each computer possesses a subset of data. In the

map phase, each computer processes its local subset of data and emits pieces of intermediate

results, where each piece is associated with a key. In the reduce phase, all pieces of inter-

mediate results carrying the same key are collected and processed on the same computer.

Figure 5.4 shows the major steps of our distributed index construction method. In the

first step, we compute all suffixes and the corresponding frequencies using the MapReduce

model. In the second step, we partition the entire set of suffixes into several parts such

that each part can be held in the main memory of one index server. The first two steps are
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Figure 5.3: A reversed suffix tree for Table 5.1.

conducted under the MapReduce model. In the last step, we construct the local suffix trees

and reversed suffix trees on each index server. As to be explained shortly, the partitioning

method in the second step guarantees that the local (reversed) suffix trees are subtrees of

the global (reversed) suffix trees.

In the map phase of Step 1, each computer processes a subset of query sessions. For each

query session s, the computer emits an intermediate key-value pair (s′, 1) for every suffix

s′ of s, where the value 1 here is the contribution to frequency of suffix s′ from s. In the

reduce phase, all intermediate key-value pairs having suffix s′ as the key are processed on

the same computer. The computer simply outputs a final pair (s′, freq(s′)) where freq(s′)

is the number of intermediate pairs carrying key s′.

The above MapReduce method returns all suffixes of sessions and their frequencies. We

need to organize them into a suffix tree. Ideally, we want that the suffix tree can be held in

main memory so that online mining can be conducted quickly. However, since the number

of all suffixes is usually very large, the whole suffix tree cannot fit in one machine. To tackle

the problem, we partition a suffix tree into subtrees so that each subtree can be held into

the main memory of an index server. Moreover, we require all subtrees are exclusive from

each other so that there are no identical paths on two subtrees. Finally, we try to make sure

that the sizes of the subtrees do not vary dramatically in the hope that the online mining
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workload can be distributed relatively evenly on the index servers.

One challenge is that it is hard to estimate the size of a subtree using only the suffixes

in the subtree, since the suffixes may share common prefixes. For example, a subtree with

two suffixes s1 = 〈q1q2q3〉 and s2 = 〈q1q2q4〉 has only 4 nodes since the two suffixes share a

prefix 〈q1q2〉.

Given a set of suffix sequences, a simple yet reachable upper bound of the size of the

suffix tree constructed from the suffix sequences is the total number of query instances in

the suffix sequences. For example, the upper bound of the size of the suffix tree constructed

from s1 = 〈q1q2q3〉 and s2 = 〈q1q2q4〉 is 6. Using this upper bound in space allocation is

conservative. The advantage is that we reserve sufficient space for the growth of the tree

when new search logs are added.

To partition the suffix tree, for each query q ∈ Q, we again apply the MapReduce

approach and compute the upper bound of the subtree rooted at q. Algorithm 10 outlines the
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Algorithm 10 Suffix tree partition.
Input: The set of unique suffixes S, the set of unique queries Q, and the number of nodes M that
can be held in one index server;
Output: The set of sequences S where each s ∈ S corresponds to the root node of a subtree;
Initiate: S = ∅;

1: for all q ∈ Q do
2: sq = new Element(); sq.seq = 〈q〉; sq.size = 0; S.add(sq);
3: end for
4: estimate size for each element in S using MapReduce;
5: return Split(S);

Method: Split(S)

1: toEstimate = ∅; finished = false;
2: while (!finished) do
3: finished = true;
4: for all s ∈ S do
5: if (s.size > M) then
6: finished = false;
7: for all q ∈ Q do
8: sq = new Element(); sq.seq = s.seq ◦ 〈q〉;
9: sq.size = 0; toEstimate.add(sq);

10: end for
11: S.Remove(s);
12: end if
13: end for
14: estimate the size for each element in toEstimate;
15: add all the elements in toEstimate into S;
16: end while

details of the algorithm. In the map phase, each suffix sequence s generates an intermediate

key-value pair (q1, |s| − 1), where q1 is the first query in s, and |s| − 1 is the number of

queries in s except for q1. In the reduce phase, all intermediate key-value pairs carrying

the same key, say q1, are processed by the same computer. The computer outputs a final

pair (q1, size) where size is the sum of values in all intermediate key-value pairs with key

q1. Clearly, size is the upper bound of the size of the subtree rooted at query q1. If size

is less than the size limit of an index server, the whole subtree rooted at q1 can be held

in the index server. In this case, we assign all the suffixes whose first query is q1 to the

same index server. Otherwise, we can further divide the subtree rooted at q1 recursively

and assign the suffixes accordingly. In this way, we can guarantee that the local suffix trees

on different index servers are exclusive. Algorithm 10 provides the pseudo codes of the

partition procedure.

New search log sessions keep arriving incrementally. To incrementally maintain the
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suffix tree, when a new batch of query sessions arrive, we only process the new batch using

the MapReduce process similar to that in Step 1 and compute the frequency freq(s) of

each suffix s within the new batch. Then, the new set of suffixes are assigned to the index

server according to the subtrees that they should be hosted. If a subtree in an index server

exceeds the memory capacity after the new suffixes are inserted, the subtree is partitioned

recursively as in Step 2 and more index servers are used. Finally, each local suffix tree is

updated to incorporate the new suffixes.

The reversed suffix trees can be constructed and maintained in a similar way.

5.2.3 Online Search Log Mining

To conduct OLAP on session data, a user can specify a query sequence s. Analogous to

the relational case, each query in s can be considered as a dimension, while the frequency

of s can be considered as the measure. The three basic session sequence mining functions

in Section 5.1.2 are then regarded as the aggregate functions. The sequential drill-down

operations (drill-down for short) on s can be defined as aggregations by either pre-pending

a sequence s1 at the head of s or appending s1 at the tail of s. In other words, the sequen-

tial drill-down operations perform on either sequence s1 ◦ s or sequence s ◦ s1. Reversely,

the sequential roll-up operations (roll-up for short) on s can be defined as aggregations by

removing a subsequence of s either at the head or tail.

In this section, we discuss the implementation of the three basic sequence mining func-

tions online using a suffix tree and a reversed suffix tree.

Forward Search and Backward Search

A forward search can be implemented using a suffix tree. Let s be a query sequence. We

can search the suffix tree and find a path from the root to a node v that matches s. If such

a path does not exist, then no query session contains s and thus nothing can be returned by

the forward search. If such a path is found, then we only need to search the subtree rooted

at v, and find the top-k nodes in the subtree with the largest frequencies. The paths from

v to those nodes are the answers.

A thorough search of the subtree rooted at v can be costly if the subtree is large. It is

easy to see that in a suffix tree, the frequency at a node v is always larger than or equal to

that at any descendant of the node. Thus, we can conduct a best-first search to find the
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top-k answers.

Example 15 (Forward search) Consider the sessions in Table 5.1 and the corresponding

suffix tree in Figure 5.2. Suppose the query sequence is s = 〈q1q2〉. A forward search starts

from the root node and finds a path matching s (the left most path in the figure).

The node v corresponding to s has 3 child nodes. We can follow the labels on the edges

from v and form a candidate answer set Cand. During the forward search process, Cand is

maintained as a priority queue in frequency descending order. Therefore, Cand = {q3, q5, q4}

at the beginning. If the user is interested in top-2 answers, we first pick the head element

q3 from Cand. As Cand is maintained as a priority queue, q3 has the largest frequency

and can be safely placed into the final answer set R. This is due to a good property of the

suffix tree: any descendant node v′ cannot have a frequency higher than that in any of its

ancestor nodes v. In the next step, all the sequences corresponding to the child node of v

are inserted into Cand. The priority queue now becomes Cand = {q5, q3q4, q4, q3q5, q3q6}.

Again, we pick the head element q5 from Cand and place it in R. Therefore, the top-2

answers are R = {q3, q5}. If the user is interested in top-3 answers, the queue is updated

to Cand = {q3q4, q4, q3q5, q3q6} since q5 does not have a child. The top-3 answers are

R = {q3, q5, q3q4}.

A suffix tree may be distributed in multiple index servers. When the search involves

multiple index servers, each index server looks up the local subtree and returns the local

top-k results to the OLAP server. Since the local subtrees are exclusive, the global top-k

results must be among the local top-k results. Therefore, the OLAP server only needs to

examine all the local top-k results and select the most frequent ones as the global top-k

results.

Similarly, a backward search can be conducted using a reversed suffix tree.

Session retrieval

To conduct session retrieval online, we pre-compute the frequencies of sessions in a session

table by a MapReduce process. Specifically, in the map phase, each session s generates a

key value pair (s, 1). In the reduce phase, all identical sessions are assigned to the same

computer and thus the frequency of the session can be computed.

We enhance the suffix tree by adding the session information. Each leaf node of the

suffix tree is attached a list of the IDs of the sessions containing the suffix. This can be
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Figure 5.5: An enhanced suffix tree.

easily computed as a byproduct in the suffix tree construction. Moreover, all session IDs in

the list are sorted in the frequency descending order. Figure 5.5 shows the enhanced suffix

tree of our running example.

Session retrieval with a query sequence s can be conducted online using the enhanced

suffix tree. We first find the node v such that the path from the root of the suffix tree to v

matches s. We then search the leaf nodes in the subtree rooted at v and find the IDs of the

top-k frequent sessions. Once we have the IDs of the top-k sessions, the last step is to get

the query sequences of the corresponding sessions. To avoid physically storing the query

sequences, which could be expensive in space, we reuse the query sequences on the suffix

tree. That is, instead of storing the actual query sequence in the mapping table, for each

session ID, we store a pointer to the leaf node corresponding to the query session in the

suffix tree. We call this mapping table id-pointer table. As an example, in Figure 5.5, the

entry for session s1 in the id-pointer table points to leaf node n1. To find out the sequence

of s1, we only need to trace the path from the leaf node n1 back to the root and then

reverse the order of the labels on the path. In this example, the path from n1 to the root is

〈q4q3q2q1〉, and thus s1 = 〈q1q2q3q4〉.

To speed up the search, we can further store at each internal node v in the suffix tree a

list of k0 sessions that are most frequent in the subtree of v, where k0 is a number so that

most of the session retrieval requests ask for less than k0 results. In practice, k0 is often a
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small number like 10. Once the list is stored, the session retrieval operations requesting less

than k0 results obtain the IDs of the top-k sessions directly from the node and thus do not

need to search the leaf nodes in the subtree. Only when a session retrieval requests more

than k0 results we need to search the subtree.

5.3 Performance Study and Experimental Results

In this section, we report a systematic evaluation of our OLAP system using a real query

log data set extracted from a major commercial search engine. The data set contains

4, 963, 601, 307 searches and 1, 481, 946, 526 unique queries. We apply the session segmenta-

tion method discussed in Section 5.1.1 and derive 2, 488, 594, 484 sessions.

We first examine the characteristics of session data. Figure 5.6 shows the distribution

of the length of sessions. For those sessions of lengths greater than 1, the length of sessions

follows a power-law distribution. It indicates that the majority of sessions in the search log

are not long. As introduced in Section 5.2, the level of a suffix tree is at most the length of

the longest query sequence. Therefore, the suffix tree for the session data is not high, which

suggests that the query answering process could be very efficient since it is not necessary to

traverse deep in the suffix tree index.
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We also plot the number of unique sessions with respect to their frequencies in Figure 5.7.

The figure shows that the frequency of unique query sessions also follows a power-law distri-

bution. This indicates that the suffix tree index can greatly compress the data since many

sessions have identical query sequences.

5.3.1 Index Construction

We build the suffix tree index and the reversed suffix tree index using the methods developed

in Section 5.2. In Section 5.2.3, we presented several strategies to achieve the sessional

retrieval function. Based on the analysis, the strategy in which each leaf node is associated

with a list of session IDs can balance the storage size and the query answering response

time. By default, the index built in the following subsections refers to that strategy.

Our index construction methods follow a distributed implementation. We use a MapRe-

duce cluster consisting of 20 computers. The map phase and the reduce phase are auto-

matically scheduled by the system. Moreover, up to 6 computers are used as index servers.

All the 26 computers run the 64 bit Microsoft Windows Server 2003 operating system, each

with an Intel Xeon 2.33 GHz CPU and 8 GB main memory.
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Figure 5.8: The index construction time for each step.

To examine the scalability of our index construction algorithm, we measure the construc-

tion time with respect to uniform samples of the whole search log data with different sizes.

As elaborated in Section 5.2.2, the index construction consists of three steps. The first step

extracts all suffixes and their frequencies using a MapReduce approach. The second step

partitions the suffixes and allocates them to individual index servers. These two steps are

carried out in the MapReduce cluster. The last step constructs the local suffix tree as well as

the reversed suffix tree on each index server. We first use three computers as index servers.

The run time for each step is shown in Figures 5.8(a), 5.8(b) and 5.8(c), respectively.

For the first two steps, the runtime increases over-linearly when data size increases. By

monitoring the CPU usage and I/O status of the computers in the MapReduce system, we

find that the overall time of each step is dominated by writing intermediate and final results

to disks. In the first step, both intermediate and final results are (suffix, frequency) pairs.

Since the total number of intermediate and final pairs increases over-linearly with respect

to the size of sessions, so does the total runtime of the first step. In the second step, both
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intermediate and final results of the MapReduce procedure are (prefix, size) pairs, where

prefix corresponds to a subtree and size is the estimated number of nodes in the subtree.

To reduce the chances of recursive partition of the suffix and reverse suffix trees, in our

implementation, we choose the length of prefixes to be 2. Consequently, the overall time for

the second step is over-linear since the total numbers of intermediate and final (prefix, size)

pairs increase over-linearly with respect to the size of sessions.

Although the first two steps do not scale linearly, the overall time is acceptable. In

particular, even on the whole data set containing about 2.5 billion sessions, the first step

and the second step still finish within one hour, respectively. This verifies that our algorithms

under the MapReduce programming model are efficient to handle large data sets.

In Figure 5.8(c), the curve shows the average runtime, while the deviation bars indicate

the variance of the runtime among the three index servers. We can see the average run time

scales well with respect to the size of data. Moreover, the variation of runtime is very small,

which indicates that the suffixes are partitioned evenly and the load of the index servers is

well balanced.

To measure the effectiveness of distributed indexing, we use more machines as index

servers. The runtime for the first two steps is similar to that in Figures 5.8(a) and 5.8(b),

since we only add index servers without changing the MapReduce cluster. Figure 5.8(d)

shows the average runtime for the third step using four, five, and six machines, respectively.

All machines have the same configuration. We can see that the average runtime per index

server drops dramatically when more machines are used. Although the decrease is not

strictly linear, the average runtime when six machines are used is only 64.4% of that when

three machines are used.

We also measure the size of index storage. Figure 5.9(a) shows the memory usage of the

index structure using three servers. Clearly, the index size is roughly linear with respect to

the data set size. Moreover, the deviation bars show that the index servers have balanced

load. Last, as shown in Figure 5.9(b), the memory usage per index server drops to nearly

half when the number of index servers increases from three to six.

5.3.2 OLAP Performance

To test the efficiency of our system, we randomly extract a sample set of 1, 000 query

sequences of length varying between 1 and 4 from the original search log. We evaluate

the response time on the three OLAP functions, i.e., forward search (FS), backward search
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Figure 5.9: Memory usage of index servers.
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Figure 5.10: The effect of l and k on response time.

(BS), and session retrieval (SR). Three index servers are used to hold the index and run the

mining tasks jointly.

Two factors may affect the response time: the length l of the input query sequences and

the answer set size k. In the following experiments, we set l = 2 and k = 10 by default.

In the experiments, the average response time for a forward/backward search is 0.19

second and the average response time for a session retrieval is 0.72 second. The results verify

the feasibility of our approach for online keyword search applications in search engines.

Obviously, the response time can be further decreased by caching technologies and more

advanced hardware.

We further investigate the effect of the factors, l and k, respectively, by varying one
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factor but keeping the other factor fixed at the default value. The effect of the length

parameter l is shown in Figure 5.10(a). When l increases, the response time for all three

OLAP functions decreases. This is because the longer the query sequence, the more specific

the sequence is, and thus the smaller the search space that the query answering algorithms

need to traverse.

The effect of the size parameter k is shown in Figure 5.10(b). When k increases, the

response time of all the three functions increases. Generating a larger result set requires

visiting more candidate nodes during the search procedure.

5.3.3 Performance Comparisons with S-OLAP

For comparison, we implement the S-OLAP system as described in [53] and extend the

pattern manipulation operations in [53] to answer the forward search, backward search and

session retrieval. These extended solutions are referred to as the inverted list approach.

The main extension is as follows. For each query sequence of length 1, the inverted list

method constructs an inverted list in which the IDs of the sessions containing that query

sequence are kept. For each query sequence of length greater than one, the inverted list can

be derived by joining the two inverted lists for two subsequences. Since the join operation

does not guarantee the consecutiveness of subsequences, the joined inverted list has be to

scanned once to remove invalid sessions. The join operation in the inverted list approach

can be carried out either offline or on the fly. To make a tradeoff between the index storage

size and the response time, only the inverted lists for short query sequences, e.g., 1 and 2,

are pre-computed offline, while the inverted lists for long sequences are computed on the fly.

It is ideal for the inverted list approach to be deployed distributively on multiple ma-

chines. Unfortunately, The inverted list approach cannot be extended to a distributed

computation environment straightforwardly. We observe several reasons from the empirical

study. First, during the query answering procedure, the inverted lists for long sequences

have to be computed on the fly. In a distributed environment, the inverted lists to be joined

may be stored in different machines. Consequently, the join operation may make the net-

work traffic a bottleneck of the system. Moreover, the computation of the inverted lists for

long sequences may need multiple rounds of join operation, where each round involves the

combination of subsequences. Since the number of intermediate joining results may grow

exponentially with respect to the number of subsequences, it is a costly to maintain the

intermediate joining results in a distributed way.
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Figure 5.11: Comparison between ST and IL on (a) index construction time and (b) memory
usage.

Since the inverted list approach cannot be easily extended to a distributed environment,

we use a small uniform sample data set whose inverted lists can be held in the main memory

of a single machine. This small set contains 27, 091, 874 searches, 13, 587, 124 sessions, and

6, 579, 346 unique queries. To make a fair comparison, our method also uses only one index

server. Moreover, for a thorough comparison, we consider different options to construct

the inverted lists. Specifically, IL(1) refers to the option that only the inverted lists for

sequences of length 1 are pre-computed, IL(2) refers to the option that the inverted lists

for sequences of lengths 1 and 2 are pre-computed, and IL(all) refers to that the complete

set of inverted lists for all sequences are pre-computed. Finally, we use ST to refer to our

suffix tree method.

We first examine the index construction time for the suffix tree approach and the inverted

list approach. For the suffix tree approach, the index construction includes building both

the suffix tree and the reversed suffix tree. The results are shown in Figure 5.11(a). When

the IL(1) option is adopted, only the inverted lists for the sequences of length 1 are pre-

computed. Therefore, the construction time for the IL(1) option is the smallest. However,

when the inverted lists for longer sequences are built, the index construction time increases

dramatically. The runtime for the IL(all) option is the most costly, almost 7 times longer

than that of the suffix tree approach.

Figure 5.11(b) shows the actual memory usage of the indexes in different approaches.

The results have a trend similar to that in Figure 5.11(a). The IL(1) option has the smallest

index size, while the inverted lists for option IL(all) are the largest. The index of the suffix

tree approach is slightly smaller than that of option IL(2).
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Figure 5.12: Comparison on forward search.

We further analyze the query response time of our approach and the inverted list ap-

proach. Similar to the evaluation in Section 5.3.2, we consider the effect of the length l of

the input query sequences and the size k of answer sets. By default, l = 2 and k = 10.

Figure 5.12(a) shows the query response time when the length of input query sequences

varies from 1 to 4. Our suffix tree approach has the shortest response time, and the IL(all)

option has comparable performance. However, the IL(1) option is very slow for all lengths

of input query sequences, while the response time for option IL(2) increases dramatically

when the length of input sequences is greater than 1. In general, to conduct the forward

search for a query sequence of length l, the inverted list approach needs to look up the

inverted lists for sequences of length l + 1. If the inverted lists are not pre-computed, they

have to be generated by expensive join operations on the fly. That is the reason why option

IL(1) is slow for all lengths and option IL(2) becomes dramatically more costly at length

2.

Figure 5.12(b) shows the query response time when the size k changes. For all the four

curves, the response time increases when k increases because the larger the size k, the more

candidates need to be processed. The suffix tree approach and the IL(all) option are much

faster than options IL(1) and IL(2) because by default l = 2. We omit the results on

backward search here, since the results are similar to those on forward search.

We finally examine the response time for session retrieval. Figure 5.13(a) shows the

results when the length l of the input query sequences varies. In general, to retrieve sessions

using query sequence of length l, the inverted list approach needs to look up the inverted
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Figure 5.13: Comparison on session retrieval.

lists for sequences of length l. Consequently, the response time for option IL(1) increases

dramatically when the length is larger than 1, since the answer to longer sequences requires

more join operations on the fly. Similarly, the response time for option IL(2) increases

dramatically when the length is over 2. The suffix tree approach and the IL(all) option

have better performance, and the response time is much shorter than that of the cases when

the online join operations are executed. Figure 5.13(b) shows the results when the size k

varies. The IL(1) option is the slowest, since l = 2.

The suffix tree approach is more suitable than the inverted list approach to serve as

the index structure of a log analysis infrastructure. First, compared with the options such

as IL(1) and IL(2), where only partial inverted lists are pre-computed, the suffix tree

approach is more scalable to the length of input sequences and the efficiency is comparable

to that of the IL(all) option. Second, compared with the IL(all) option, where all inverted

lists are pre-computed, the suffix tree approach has much smaller construction time and

memory usage. Finally and most importantly, the suffix tree approach can be scaled up to

a distributed environment and handle a huge amount of log data in real applications.

5.4 Conclusions

In this chapter, we proposed an OLAP system on search logs. It can support many keyword

search applications in search engines, such as query suggestion and keyword bidding. We

formalized three OLAP functions on search logs, and developed a simple yet effective suffix-

tree index to support online mining of query sessions. We implemented our methods in a
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prototype system and conducted a systematic empirical study to verify the usefulness and

feasibility of our design.

Our system proposed in this chapter is only a first step. There is much more for future

work. For example, besides query sequences, we may consider other dimensions of session

data, such as the date of sessions and the location of users. As another example, the

personalized search application may want to compare the top-k sessions containing query

“LA Lakers” from Los Angeles in December 2010 with those from US in the fourth quarter

of 2010.

As another example, the current OLAP infrastructure is built using the query session

data. In some scenarios, the user data that cover consecutive query sessions of the same user

may be more desirable. It is interesting to explore whether the current technique can be

applied for the user data. Since the length of the user data could be much longer, the depth

of the suffix tree could be large. It introduces tremendous challenges in query answering and

index maintenance. Can we develop some compression techniques to effectively maintain

the index structure?



Chapter 6

Conclusions and Future Work

As our world is now in its information era, huge amounts of structured, semi-structured,

and unstructured data are accumulated everyday. A real universal challenge is to find useful

information from large collections of data to capture users’ information needs. Keyword

search on large-scale data is a fast-growing research direction to meet this challenge. Many

kinds of techniques have been developed in the past decade. In this thesis, we focus on

some challenging problems in keyword search on large-scale data, centered on relational

tables, graphs, and search logs. Moreover, the proposed techniques have several desirable

characteristics which are useful in different application scenarios.

In this chapter, we first summarize the thesis, and then discuss some interesting future

research directions.

6.1 Summary of the Thesis

Keyword search provides a simple but powerful solution for millions of users to search in-

formation from large-scale data. Due to the high demands of managing and processing

large-scale structured, semi-structured, and unstructured data in various emerging appli-

cations, keyword search becomes an important technique. In this thesis, we study a class

of important challenging problems centered on keyword search on relational tables, graphs,

and search logs. In particular, we make the following contributions.

• We provide an overview of the keyword search problem on large-scale data. Two

important tasks, keyword search and query suggestion, are discussed. The task of

122
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keyword search highly relies on understanding two important concepts, that is, the

data model and the answer model.

• For relational tables, we show that, while searching individual tuples using keywords is

useful, in some scenarios, it may not find any tuples since keywords may be distributed

in different tuples. We propose a novel method of aggregate keyword search by finding

an aggregate group of tuples jointly matching a set of query keywords. We develop

two interesting approaches to tackle the problem. We further extend our methods to

allow partial matches and matches using a keyword ontology. An extensive empirical

evaluation using both real data sets and synthetic data sets is reported to verify the

effectiveness of aggregate keyword search and the efficiency of our methods.

• For graphs, we indicate that developing efficient and effective query suggestion tech-

niques is crucial to provide satisfactory user search experience. We propose a practical

solution framework, and develop efficient methods to recommend keyword queries for

keyword search on graphs. Our experimental results conducted on large real graph

data sets indicate that the problem of query suggestion for keyword search on graphs

is necessary and important, and our proposed techniques are efficient and effective to

provide meaningful recommendations for keyword search on graphs.

• For search logs, we admit that more and more keyword search applications are being

developed in search engines based on search logs, such as query suggestion, keyword

bidding, and dissatisfactory query analysis. By observing that many keyword search

applications in search engines highly rely on online mining of search logs, we develop

an OLAP system on search logs which serves as an infrastructure supporting various

keyword search applications. An empirical study using real data of over two billion

query sessions demonstrates the usefulness and the feasibility of our design.

6.2 Future Research Directions

With the simplicity and the power of the keyword search technique, it is interesting to

re-examine and explore many related problems, extensions and applications in the future.

Some of them are listed here.

• Information unit-based keyword search. Web search engines nowadays are commonly
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used by users to retrieve information on the Web. To find information about the

available funding opportunities in Canada, a user may submit a query with keywords

Canada, funding and computer science to a search engine. Issuing the above query

to a popular Web search engine may surprisingly find that the returned results missed

some relevant funding opportunities. The main reason is that Website owners prefer

to create Websites that are composed of multiple pages connected using hyper-links.

Therefore, the contents are often distributed into multiple pages. The current Web

search engines retrieve individual pages matching all (or most) of the keywords in the

query and rank them high in the results. However, individual pages may not contain

all the information for a query. It is crucial that the structure of Web pages, as well as

the semantic relationships among those pages, are taken into consideration for more

accurate Web information search.

An interesting future research direction is to retrieve relevant information based on

Minimal Information Unit, which is considered to be a minimal logical document. The

minimal logical document can be either an individual page or multiple pages forming

one atomic unit. For instance, given the query with keywords Canada, funding and

computer science, an answer to the information unit-based search could be: (1)

an individual page matching all (or most) of the keywords; or (2) a minimal set of

pages interconnected with hyper-links together matching all (or most) of the keywords.

Therefore, the user can retrieve all the valuable information, without missing any

relevant funding opportunities available in Canada.

• Data-driven information search. The current keyword search technique in Web search

engines tries to match the user query keywords against a large collection of textual

pages. In recent years, many research activities have been focusing on either provid-

ing meaningful query suggestions or improving the matching techniques between the

queries and the pages. However, other than the unstructured textual pages on the

Web, there also exist vast collections of structured data (e.g., relational tables) and

semi-structured data (e.g., XML data, labeled graphs). There is no effort on analyz-

ing whether the data is suitable for answering specific keyword queries. What if the

best answer to a query is contained in structured/semi-structured data other than

unstructured textual pages? What if some semantics are included in the query?

Consider a keyword query movies in Vancouver, the user in fact is looking for the
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showtime lists of movies in Vancouver. If we consider this query as a matching of key-

words over unstructured textual pages, only those Web pages containing the keywords

will be returned to the user. However, in this case, the movies on shown in Vancouver

without a keyword movie will not be returned. In fact, such queries can be answered

better using structured/semi-structured data. For instance, a showtime movie listing

table would provide accurate answers to the query movies in Vancouver.

In some other situations, user queries may carry semantic meanings. Consider a

keyword query laptop about $1000. Here, the user is implying that he is interested

in laptop price. The traditional keyword matching cannot return the exact answers to

the user. For instance, laptops about $900 or laptops about $1100 will not be matched

with the query. When the query itself contains rich semantics, performing those queries

over free text documents should not be straightforwardly keyword matching. In such

scenarios, data becomes more important. If there exist appropriate structured/semi-

structured data which contain information such as laptops and their prices, the query

could be well interpreted using those data.

Generally, sorting the results based on IR-style relevance may not be the best solution

in some particular scenarios. We may need to perform a deeper analysis of the query

in order to understand the semantics and return better results by using appropriate

data sources.

• Real-time information management and search. The Web 2.0 technique has created

huge interactive information sharing. One obstacle nowadays requiring further explo-

ration is searching important information at real-time (e.g., popular tweets on Twit-

ter), even before they are widely spread on the Web. To address the problem, it is

necessary to understand and predict the patterns of information spread. In the context

of Web 2.0, people are actively involved in the information spread. To understand the

dynamics of real-time information search, fundamentally, two important issues need

to be considered. The first issue is to reason how information moves between people

through social connections. The second issue is to trace the small fragments of infor-

mation themselves. For practical applications, it is also interesting to obtain a better

understanding on how to leverage the vast network data for real-time search and how

to maintain the fast-evolving data.

• Preserving privacy in keyword search. The Web search engines nowadays must have
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access to users’ personal information to provide accurate search results. For instance,

social search is one type of Web search which takes into account the social graph of the

person initiating the search query. To perform a search process, social search engines

take into account various sources of users’ social information, such as collaborative

discovery of Web pages, social tags, social comments, and so on. In such a case,

the search providers have to be trusted to not abuse their privilege. However, this

arrangement in practice is not always desirable. As a real-life example, the AOL

company recently released a subset of the Web search log data without any notice.

Researchers have shown that some detailed user profiles can be constructed from the

released data [84].

Although the search engines could provide personalized search results to users, the

dramatic usage of personal social information poses a big privacy concern. It could

be desirable for a search engine to perform accurate keyword search for users while

protecting their privacy well.
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