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A Method for Efficiently Supporting Interactive,

Fuzzy Search on Structured Data

[0601} Government Rights

[0002] This invention was made with Government support under Grant No.
0238588, awarded by the National Science Foundation. The Government had
certain rights in the invention.

{0003} Related Applications

[0004] The present application is related to U.S. Provisional Patent
Applications serial nos.; 61078082, filed on July 3, 2008; 611125827, filed on Nov.
7, 2008; and 61152171, filed on Feb. 12, 2009, which are incorporated herein by

reference and to which priority is claimed pursuant to 35 USC 119

[0005] Background of the Invention
[0006] Field of the Invention
[0007] The invention relates to the field of interactive fuzzy-logic searches

of string databases using a computer.

[0008] Description of the Prior Art

{0009] Traditional information systems return answers o g user after the
user submits a complete query. Users often feel “left in the dark” when they have
limited knowledge about the underlying data or the entities they are looking for,
and have {o use a try-and-see approach for finding information. A recent trend of
supporting autocomplete in these systems is a first step fowards solving this
problem.

{0010] in information systems, often users cannot find their interesting
records or documents because they don't know the exact representation of the
entity in the backend repository. For example, a person Dame "John Lemmon®
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could be mistakenly represented as "Johnny Lemon”. A person called “William
Gates” could be stored as "Bill Gates." As a result, a user might not be able o
find the records if he doesn't know the exact speliing of the person he s looking
for. The same problem exists especially for the case where data came from
various Web sources, which tends to be heterogeneous and noisy.

[0011] What is needed is a method which allows information systems to
answer queries even {f there is a slight mismatch between the user query and
the physical representation of the interesting entities.

{0012] What is needed is a method that can also allow users to
interactively query the repository as they type in their query.

[0013] in order to give mstant feedback when users formulate search
queries, many information systems are supporting autocomplete search, which
shows results immediately afler a user types in a partial query. As an example,
aimost all the major search engines nowadays automatically suggest possible
keyword queries as a user types in partial keywords. Both Google Finance and
Yahoo! Finance support searching for stock information as users type in
keywords. Most autocomplete systems freat a query with multiple keywords as a
single string, and find answers with text that matches the string exactly. As an
ilustrative example, consider the search box on the home page of Apple inc. that
supports autocomplete search on its products. Although a keyword query “itunes”
can find a record “tunes wi-ft music store”, a query with keywords “itunes music”
cannot find this record {as of June 2009), simply because these two keywords
appear at different places in the record.

[0014] To overcome this limitation, a new fype-ahead search paradigm
has emerged recently. A system using this paradigm treats a query as a set of
keywords, and does a full-text search on the underlying data fo find answers
including the keywords. An example is the CompleteSearch system on DBLP2,
which searches the underlying publication data “on the fly” as the user types in
qguery keywords lefter by lefter. For instance, a query “music sig” can find
publication records with the keyword “music™ and a keyword that has "sig” as a

T
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prefix, such as “sigiy”, “sigmod”, and “signature”. in this way, a user can get
instant feedback after typing keywords, thus can obtain more knowledge about
the underlying data to formulate a query more easily.

[0015] A main challenge in fuzzy type-ahead search is the requirement of
high efficiency. To make search interactive, from the time the user has a
keystroke to the time the resulis computed from the server are displayed on the
users browser, the delay should be as small as possible. An interactive speed
requires this delay be within milliseconds. Notice that this time inciudes the
network transfer delay, execution time on the server, and the time for the browser
to execute its javascript {(which tends to be slow). Providing a high efficiency is
especially important since the system needs to answer more queries than a
traditional system that answers a query only after the user finishes typing a
complete query.

{0016] The problem includes how to answer ranking queries in fuzzy type-
ahead search on large amounts of data. Consider a collection of records such as
the tuples in a relational table. As a user types in a Keyword query letier by letter,
we want to on-the-fly find records with keywords similar to the query keywords.
We treat the {ast keyword in the query as a partial keyword the user is
completing. We assume an index structure with a trie for the keywords in the
underlying data, and each leaf node has an inverted fist of records with this
keyword, with the weight of this keyword in the record. As an example, Table IV
shows & sample collection of publication records. For simplicity, we only list some
of the keywords for each record. Fig. 8 shows the corresponding index structure.
[0017] Suppose a user types in a query “music icde It”, We want to find
records with keywords similar {o these keywords, and rank them to find the best
answers. To get the answers, for each query keyword, we can find keywords
similar the query keyword. For instance, both the Keywords “icdt” and “icde” are
simitar to the second query keyword. The last keyword “It” is freated as a prefix
condition, since the user is still typing at the end of this keyword. We find
keywords that have a prefix similar to “li", such as "lin", "liu", “Wui”, “icde”, and

i
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“iedt”. We access the inveried lists of these similar keywords to find records and
rank them to find the best answers for the user.

{0018] A key question is: how {o access these lists efficiently to answer
top-k queries? In the literature there are many algorithms for answering top-k
queries by accessing lists. These algorithms share the same framework originally
proposed by Fagin, in which we have lists of records sorted based on various
conditions. An aggregation function {akes the scores of a record from these lists
and computes the final score of the record. There are two methods {o access
these lists: (1) Random Access: Given a record id, we can refrieve the score of
the record on each list; {2) Sorfed Access: We refrieve the record ids on sach list

following the list order.

{0019] Brief Summary of the Invention
{0020} We disclose a method and apparatus for an information-access
paradigm, called *iSearch,” it which the system searches on the underlying data
“on the fly” as the user types in query keywords. It extends autocomplete
interfaces by (1) supporting queries with multiple keywords on data with multiple
altributes; and (2) iinding relevant records that may not match query keywords
exactly. This framework allows users to explore data as they type, even in the
presence of minor errors.
fo021] There are challenges in this framework for large amountis of data.
The first one is search efficiency. Since each keystroke of the user could invoke
a query on the backend, we need efficiant algorithms {o process each such query
within milliseconds. We develop a caching-based technique to support
incremental computation on a trie index structure. The second chaillenge is
supporting fuzzy search with an interactive speed. We propose a technique to do
incremental computation with efficient pruning and caching. We have developed
saveral real prototypes using these techniques. One of them has been deployed
to support interactive search on the UCH directory, which has been used regularly
and well received by users due to its friendly interface and high search efficiency.



WO 2010/003129 PCT/US2009/049633

[0022] One of the fllustrated embodiments of the invention is a method to
support efficient, interactive, and fuzzy search on text data. Interactive, fuzzy
search on structured data is important in applications such as query relaxation,
autocomplete, and spell checking, where inconsistencies and errors exist in user
queries as well as data. In this embodiment, we developed techniques to
efficiently and interactively answer fuzzy queries on structured data. Most of
existing algorithms cannot support interactive, fuzzy search. After a user types in
a query with keywords, these algorithms find records and documents that
include these keywords exactly.

{0023] The techniques of the illustrated embodiment allows users to
efficiently search for information interactively, and they can find records and
documents even if these records and documents are shghtly different from the
user keywords. In the ilustrated embodiment of the invention, we developed the
following novel techniques o effectively, efficiently, and interactively answer
fuzzy search over struciured data:

[0024] 1) We use tree-based indexes o efficiently index the data and use

an algorithm {o traverse the tree as the user types in a query.

[0025] 2} We adapilively maintain the intermediate resuits for the query to
suppott interactive, fuzzy search.

[0026] 3) We develop good ranking algorithms to sort the candidate
results.

{0027} We have developed an online demo called PSearch, available at

hitp://psearch.ics.uci.edu/. The goal of the PSearch Project is to make it easier
to search for people at the University of California at lrvine. It has a single input
search box, which allows keyword queries on people name, UCInetiD, telephone
number, department, and title. It has the following features:

» Supports interactive search: search as you type;

« Allows minor errors in the keywords;

« Supports synonyms, e.g., "William = Bill" and" NACS = Network and

Academic Computing Services” .
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» Allows multiple keywords; We use the UC! Directory data provided

by NACS.
[0028] The illustrated embodiment of the invention may be used in
information gystems that need to allow users to interactively search for text datg
even with minor errors. For example, E-commerce Web sites that have
structured data about their products can benefit from our techniques. Services
that allow peopie to search for people can also use our techniques to make their
search more powseriul. The lustrated embodiment of the invention can also be
used to allow users to browse data in underlying databases.
{0029] in the context of the illustrated embodiment we consider how to
support these two types of operations efficiently by utifizing characteristics
specific to our problem setting, so that we can adopt these algorithms to solve
our problem. We make the following contributions. We present two efficient
algorithms for supporting random access on the inverted lists. Both require a
forward index on the dala, and their performance depends on the number of
keywords In each record. We consider how o support sorted access on the
inverted lists efficiently. We identify an important subclass of ranking functions,
which have been proven to be very effective in several systems we have
deployed. We develop a list-pruning technique to improve the performance. We
consider how {o further improve the performance of sorted access by list
matenalzation, i.e., precomputing and storing the union of the leaf-node inverted
fists for a trie node. We show how to use materialized lists properly to improve
the performance. We then consider how o select trie nodes to materialize their
lists given a space constraint in order {0 maximize query performance. We show
our experimental resulls on several real data sets o show the query performance
of algorithms using our techniques. We also give suggestions on how {o use

these techniques in applications with large data sets.

[0030} Preliminaries: Data and Queries:



WO 2010/003129 PCT/US2009/049633

[0031] We first review the problem of fuzzy type ahead search. Let Rbe a
collection of records such as the tuples in a relational table. Let D be the set of
words in R. As a user types in a keyword query letter by letter, we want to on-the-
fly find records with keywords similar to the query keywords. We use edit
distance to measure the similarnty between strings. Formally, the edit distance
between two strings 8§ and s, denoted by ed{s,, 8;), is the minimum number of
single-character edit operations {i.e., insertion, deletion, and substitution) needed
to transform s to 2. For example, ed(icde, idt) = 2.
{0032] Let Q be a query the user has typed in, which is a sequence of
keywords fwy, we, [0, Wy [ We treat the 1ast keyword wy, as a partial keyword
the user is completing. We want to find the keywords in the data set that are
similar to query keywords, since records with such a keyword could be of interest
to the user.
{0033] Let ir be a function that quantifies the similarity between a string s
and a guery keyword w in D, An example is:

[0034] (s, w)=1-ed(s, w)/ jw|,
{0035] where | w| is the fength of the keyword w. We normalize the edit
distance based on the query-keyword length in order to allow more errors for
tonger query keywords. Qur results in the paper focus on this funclion, and they
can be generalized to other functions using edit distance.
a. Let dbe a keyword in D. For each complete keyword w; {i=1, .-,
m - 1), we define the similarity of d to w; as:

[0036] Sim{d, w;} = r{d, w,).

[0037] Since the last keyword wy, is treated as a prefix condition, we
define the similarity of d {o wy, as the maximal similarity of s prefixes using
function 17, Le.. Sim(d, wy, )} = max prefix p of d {p, wy, ). Let 7 be a similarity
threshold. We say a keyword in D is simifar to a query keyword w if Sim{d, w) 2 .
We say a prefix p of g keyword in [ is simifar fo the query keyword w,,, if m7{p,
wm iz Let®{w) =1, , mdenote the set of keywords in D similar to w,
and P{wp, ) denote the set of prefixes {of keywords in D} similar to wp, .
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{0038] In our running example, suppose a user types in a query “icde ¥
letter by letter on the data shown in Table IV. Suppose the similarity threshold 7 is
0:45. Then the set of prefixes similar to the partial keyword “I" 8 P(I1")y = {1, §,

fin, hu, o, i i}, and the setl of data keywords similar to the partial keyword *i"
s @ (h" = flin, Hu, i, icde, icdt}) in particular, "lut” is similar to “li" since
Sim{lui, )= 1 - ed(lui, iy}li| =05 2 7. The set of similar words for the
complete keyword “icde” is @(ficde"} = ficde, icdt}. Notice that in the running
example, for simplicity, we use a relatively small similarity threshold r. increasing

the threshold can reduce the number of similar prefixes on the trie.

[0039] Top-k Answers:

{0040] We rank gach record r in R based on #s relevance {o the query. Let
F{, ) be such a ranking function that takes the query Q and a record r € R, and
computes a score F(r, Q) as the relevance of the record r to the guery Q. Given a
positive integer k, our goal 1s to compute the k best records in R ranked by thewr
relevance o Q. Notice that cur problem setting allows an important record to be
in the answer, even if not all the query keywords have a similar keyword in the
record. We want to compute these records efficiently as the user modifies the
query by adding maore letters, or maodifying or deleting the letters in Q. Without
toss of generality, each string in the data set and a query is assumed o only use
lower case lefters.

{0041] An effective ranking function F computes the relevance score F{r,
Q) based on the similarities of the keywords in r and those keywords in the
query. Notice that a keyword d in the record could have different prefixes with
different similarities to the partial keyword wy, , and we can {ake their maximal
value as the overall similarity between d and wy, . The function also considers the
importance of each keyword in the record. A keyword in record rhas a weight
with respect to r, such as the term frequency and inverse document frequency
{TH/IDF) of the keyword in the record. Notice that this setting covers the specific

cases where each record has a keyword independent weight, such as the rank of
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a Web page if a record is a URL with tokenized keywords, and the number of

publications of an author if a record is an author.

{0042] indexing and Searching:

{0043] To support fuzzy type-ahead search efficiently, we construct a trie
for the data keywords in D. A trie node has a character label. Each keyword in D
corresponds 1o a unique path from the root to a leaf node on the trie. For
simplicity, a trie node is mentioned interchangeably with the keyword
corresponding to the path from the root fo the node. A leaf node has an inverted
list of pairs [rid, weight}i, where rid is the ID of a record containing the leaf-node
string, and weight is the weight of the keyword in the record. Fig. 9 shows the
index structure in our running example. For instance, for the leaf node of keyword
in”, its inverted list has five elements. The first element “[rs, 9 indicates that
the record ry has this keyword, and the weight of this keyword in this record is "9,
{0044] We compute the top-k answers 1o the query Q in two steps. in the
first step, for each keyword w; in the query, we compute the similar keywords
${w;) and simiar prefixes Plw, } on the trie (shown in Fig. 10). We disclosed
above an efficient algonthm for incrementally computing these similar strings as
the user modifies the current query. In our running example, the keyword “icde”
in the query has two similar data keywords ®%icde") = {icde, icdt}. The partial
keyword has seven similar prefixes, te, Py = 4, &, lin, liu, u, ki, 1} They
have five leaf-node keywords: “lin”, “iu”, “lui”, "icde”, and “jedt”. ...

{0045] In the second step, we access the inverted lists of these similar
data keywords o compute the k best answers to the query. Many algorithms
have been proposed for answering top-k queries by accessing sorted lists. When
adopting these algorithms {0 solve our problem, we need to efficiently support
two basic types of access used in these algorithms: random access and sorted
access on the lists. Below we consider how to efficiently support these two

access methods, and the corresponding requirements on the index structure.

9
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[0046] Supporting Random Access Efficiently

a. Consider how to support efficient random access in order {o adopt
existing top-k algorithms in the lterature. In each random access, given an iD of
a record r, we want {o retrieve information related {o the keywords in the query @,
which allows us to compute the score F(r, Q). In particular, for a keyword w; in the
qguery, does the record r have a keyword similar o w? One naive way to get the
information is to retfrieve the original record r and go through its keywords. This
approach has two limitations. First, if the data is {oo large to fit into memory and
has to reside on hard disks, accessing the onginal data from the disks may slow
down the process significantly. This costly operation will prevent us from
achieving an interactive-search speed. lis second limitation is that it may require
a lot of computation of siring similarities based on edit distance, which could be
time consuming.

b. Here we present two efficient approaches for solving this problem.
Both require a forward index in which each record has a forward list of the 1Ds of
its keywords and their corresponding weights. We assume each keyword has a
unique 1D corresponding its leaf node on the trie, and the 1Ds of the keywords
follow their alphabetical order. Fig. 11 shows the forward lists in our running
example. The element "1, 9] on the forward list of record r; shows that this
record has a keyword with the 1D 17, which is the keyword “lin” as shown on the
trie. The weight of this keyword in this record is “9”. For simplicity, in the
discussion we focus on how to verify whether the record has a keyword with a
prefix similar to the partial keyword w,, . With minor modifications the discussion
extends o the case where we want 1o verify whether r has a keyword similarto a

complete keyword w; in the query.

[0047] Method 1: Probing on Forward Lists

{0048} This method maintains, for each irie node n, a keyword range {in,
un], where In and un are the minimal and maximal keyword 1Ds of its leaf nodes,
respectively. An interesting observation is that a complete word with 17 as a prefix

16
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must have an D in this keyword range, and each compiete word in the data set
with an 1D in this range must have a prefix of n. In Fig. 11, the keyword range of
node " is [1, 3], since 1 is the smallest 1D of #s leaf nodes and 3 is the largest
ID of its leaf nodes.

{0049] Based on this observation, this method venfies whether record r
containg a keyword with a prefix similar to w,,, as 4 follows. For a prefix p on the
trie similar to wy,;, (computed in the first step of the algorithm as described in
Section 1), we check if there is a keyword {D on the forward list of rin the
keyword range {/,, u,] of the trie node of p. Since we can keep the forward list of r
sorted, this checking can be done efficiently. In particular, we do a binary search
using the lower bound ; on the forward list of r to get the smallest 1D " no less
than /. The record has a keyword similar 1o wi, If y exists and is no greater than
the upper bound up, t.e, ¥ £ Uy,

{0050] In our running example, suppose we want to vernify whether the
record 13 contains a complete word with a prefix similar {0 the partial keyword “if".
For each of s similar prefixes, we check if its range contains a keyword in the
record, For instance, consider the similar prefix “I" with the range {1, 3] Using a
binary search on the forward list { [1, 9], [3, 4], [5, 4] ) of 3, we find a keyword
1D 1 in this range. Thus we know that the record indeed contains a keywaord
similar {o this prefix.

[0051} B. Method 2: Probing on Trie Leaf Nodes
{0052] Using this method, for sach prefix p similar to wy, , we traverse the
subtrie of p and identify its leaf nodes. For each leaf node d, we store the fact
that for the query Q, this keyword d has a prefix similar to w,, in the query.
Specifically, we store

[0053] [Query ID, partial keyword w,, , sim{p, wy }].
{0054} We store the query 1D in order to differentiate it from other queries
in case muitiple queries are answered concurrently. We store the similarity
between wy and p to compute the score of this keyword in a candidate record. in

11
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case the leaf node has several prefixes similar to wy , we only keep their
maximal similarnity to w,, . For each keyword w; in the query, we aiso store the
same information for those trie nodes similar o w,. Therefore, a leaf node might
have multiple entries corresponding to different keywords in the same guery. We
call these entries for the leaf node as its collection of relevant query keywords.
This coliection can be implemented as a hash table using the query 1D as the
key, or an array sorted based on the query 1D. Notice that this structure neseds
very little storage space, since the entries of old queries can be quickly reused by
new queries, and the number of keywords in a query tends to be small.

{0055] We use this additional information to efficiently check i a record r
contains a complele word with a prefix similar to the partial keyword wy, . We
scan the forward list of r. For each of its keyword 1Ds, we locate the
corresponding leaf node on the trie, and test whether its collection of relevant
query keywords includes this query and the keyword w,, . if 50, we use the stored
string simiarity to compute the score of this keyword in the query.

[00586] Fig. 12 shows how we use this method in our running example,
where the user types in a keyword query g1 = ficde, li]. When computing the
complete words of *If°, for each of its leaf nodes such as “lin” and ", we insert
the query D {shown as “g+"), the partial keyword “If¥, and the corresponding
prefix similarity to iis collection of relevant query keywords. To verify whether
record r; has a word with a prefix similar 1o “i", we scan is forward list. lis first
keyword is “lin”. We access i corresponding leaf node, and see that the node's
collection of relevant query keywords includes this query partial keyword. We can
retrieve the comresponding prefix similarity 1o compute the score of this keyword

with respect to this query.

[0057] C. Comparing Two Methods

{0058] The time complexity of method 1is O { G *log(}r}) ), where G is
the total number of similar prefixes of w,, and similar complete keywords of wy's
for 1-€ m-1, and | r] is the number of distinct keywords in record . Since the
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similar prefixes of w, could have ancestor-descendant refationships, we can

optimize the step of accessing them by only considering those “highest” ones.

[0059] The time complexity of the second method is
{0060} Z'p'ref‘i;\' pofwy, | Tpt + dri « (0L
{0061] The first term corresponds to the time of traversing the subiries of

similar prefixes, where T, is the size of the sublrie at a similar prefix p. The
second term corresponds to the time of probing the leaf nodes, where | QI is the
number of query keywords. Notice that to identify the answers, we need access
the inverted lists of complete words, thus the first term can be removed from the
complexity. Meathod 1 is preferred for data sets where records have a lot of
keywords such as long documents, while method 2 is preferred for data sets
where records have a small number of records such as relational tables with
relatively short attribute values. For both methods, we can retrieve the weight of
& keyword in the record and the similarity between the record keyword and the
coresponding query keyword, which is precomputed on the trie. We use this

weight and similanty to compute a score of this query keyword with respect to the

record.
{00862] Supporting Sorted Access Efficiently
[0063] Consider how to do sorted access efficiently in algorithms for

computing top-k answers. Existing fop-k algorithms assume we are given
multiple lists sorted based on various conditions. Each record has a scoreon a
fist, and we use an aggregation function to combine the scores of the record on
different lists {o compute its overall relevance to the query. The aggregation
function needs fo be monotonic, i.e., decreasing the score of a record on a list
cannot increase the record’s overall score. In our problem, for each data keyword
similar to a keyword in the query, we have an inverted list sorted based on the
weight of the keyword in a record. Thus we can adopt an existing top-k algorithm
to solve ouwr problem by accessing these sorted lists, assuming the ranking

function is monotonic with respect to the weights on the lists. This approach has
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the advantage of allowing a general class of ranking functions. On the other
hand, its performance could be low since the number of lists for a query could be
farge (in tens of thousands or even hundreds of thousands), especially since the
fast prefix keyword wy,, can have multiple similar prefixes, each of which can
have multiple leaf nodes, and accessing these lists can be costly. For instance,
there are about tens of thousands of inverted lists for each query on DBLP
dataset. Next we consider how to improve the performance of sorted access on

an important class of ranking functions.

[0064]  Important Class of Ranking Functions
[0065] An interesting observation in ouwr problem setling is that the inveried
fists of a query form groups naturally. In particular, each complete keyword w; has
several inverted lists corresponding to its similar data keywords in ©(w), the last
parial keyword w,, has several similar prefixes in P{wy, ), each of which has
multiple leaf nodes. These groups allow us to improve the sored-access

performance for a large class of ranking functions £ with the following two

properties,

[00866] Property 1: The score F(r, QY of arecord ricaquery Qis a
monotonic combination of scores of the query keywords with respect {o the
record r.

[0067] Formally, we compute the score ~(r, Q) in two steps. In the first

step, for each keyword w in the query, we compute a score of the keyword with
respect to the record r and the query, denoted by Score(r, w, Q). In the second
step, we compute the score Fr, Q) by applying a monotonic function on the
Score(r, w, QY's for ali the keywords w in the query. The intuition of this property
is that the more relevant an individual query keyword is 1o a record, the more
likely this keyword is a good answer {o this query. As we will see shorily, this
propetly allows us to partiion all the inverted lists info different groups based on

guery keywords. i our running example, we compute the score of a record to the
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query “icde Ii" by aggregating the scores of each of the query keywords “icde”
and "Ii" with respect to the record.

[0068] The next gquestion is how {o compute the value Score(r, w, Q},
especially since the keyword w can be similar to multiple keywords in the record
r. Let d be a keyword in record r such that d is similar to the query keyword w,
La., d € O{w). We use Score(r, w, d) to denote the relevance of this query
keyword w to the record keyword d. The value should depend on both the weight
of w in ras well as the similarity between w and d, i.e., Sim(d, w). intuitively, the
more similar they are, the more relevant wis to d.

{0069] Property 2: The relevance value Score(r, w, Q) for a query keyword
w in the record is the maximal value of the Score(r, w, dY's for all the keywords d
in the record. This property states that we only look at the most relevant keyword
in a record to a query keyword when computing the relevance of the query
keyword {o the record. It means that the ranking function is “greedy” to find the
most relevant keyword in the record as an indicator of how important this record
is 1o the user query. In addition, as we can see shorily, this property alfows us to
do effective pruning when accessing the multiple lists of a query keyword. In
several prototype systems we have implemented, we used ranking functions with
these two properties, and the function have been proved 1o be very effective.
{0070] in the following, as an exampie, we use the following ranking

function with the two properties o discuss techniques 1o support efficient sorted

3CCess.
{0071} Hr, Q)= Z:ij{ Score(r, w., @) (1)
[0072] where
[0073} SCOFB(E Wi, Q) = MAX record keyword din ¢ {S‘CO{’E(I} Wi, d)} s
{2)
[0074] and

[0075] Score(r, w, d) = Sim{d, wy) ~ Weight{d, ) (3}

—
L
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[0076] in the last formula, Sim{d, wy) is the similarity between complete
keyword w; and record keyword d, and Weight{d, ) is the weight of ¢ in record r.

[0077] B. Accessing Lists in Groups

{0078] The first property allows us to partition the inverted lists into several
groups based on their corresponding query Keywords. Each query keyword w
has a group of inverted lists, which can produce a list of record 1Ds sorted on
their scores with respect to this keyword. On {op of these sorted lists of groups,
we can adopt an existing top-k algorithm to find the k best records for the query.
{0079] For each group of inverted lists for the query keyword w, we need
to support sorted access that refrieves the next most refevant record 1D for w.
Fully computing this sorted list L{w} using the keyword lisis is expensive in terms
of ime and space. We can support sorted access on this list L{w) efficiently by
building a max heap on the inverted lists. In particular, we maintain a cursor on
each inveried list in the group. Tha heap consists of the record 1Ds pointed by the
cursors so far, sorted on the scores of the similar keywords in these records.
Notice that each inverted list is already soried based on the weights of its
keyword in the records, and all the records on this list share the same similarity
between this keyword and the query keyword w. Thus this list is also sorted
based on the scores of this keyword in these records. To retrieve the next best
record from this group, we pop the top element 6 from the heap, increment the
cursor of the list of the popped element by 1, and push the new element of this
fist to the heap. The second property allows us to ignore other lists that may
produce this popped record, since their corresponding scores will no fonger affect
the score of this record with respect o the query keyword w. Since our method
does not need to compute the entire list of L{w), we call L{w) the virtual sorfed list
of the query keyword w.

{0080] In our running example, Fig. 13 shows the two heaps for a query Q
with two keywords “icde” and 1", For illustration purposes, for each group of lists
we also show the virtual merged list of records with their scores, and this list is

16
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only partially computed during the traversal of the underlying lists. Each record
on a heap has an associated score of this keyword with respect {o the query
keyword, computed using Equation 3. For instance, for record 1 on the inverted
fist of the keyword “Iui” sirifar to the query keyword “li", we have Score(ry, i, Q) =
(1 eddui, B /|| ) * Weight(ry, lui) = 4.

[0081] Suppose we want to compute the top-2 best answers based on the
functions described above, by doing sorted access only. We first pop the top
elements of the two max heaps, [r:, 8] and [rs, 9], and compute an upper bound
on the pverall score of an answer, i.e., 18. We increment the cursors of the lists
that produce these top elements, push them to the heaps, and retrieve the next
two top elements: [rs, 8] and [rs, 8] The new score upper bound becomes 16.
After refrieving the four elements of every max heap, we can compute the top-2
records together with their scores: [rs, 16/ and [rs, 16].

foos2} C. Pruning Low-Score Lists

[0083] We can further improve the performance of sorted access on the
virtual sorted list L{w) of the query keyword w using the idea of "on-demand heap
construction,” i.e., we want to avoid constructing a heap for all the inverted lists of
keywords similar to a query keyword. Let L, ., Ls be these inverted lists with
the similar keywords dq, .., dy, respedclively. Each pushipop operation on the
heap of these lists takes Ofog(?)) time. if we can reduce the number of elements
on the heap, we can reduce the cost of its push/pop operations. Intuitively, we
sort these inverted lists based on the similarities of their keywords to w, i.e.,
Simi{d;, wy, oo, sim{d, w). We first construct the max heap using the lists with
the highest similarity values. Suppose L, is a list not included in the heap so far.
We can derive an upper bound u; on the score of a record from L; (with respect to
the query keyword w) using the largest weight on the list and the siring similanty
Sim{d, w). Let r be the top record on the heap, with a score Score{r, w, Q). If

Scorelr, w, Q)  u;, then this list does not need {o be included in the heap, since it
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cannot have a record with g higher score. Otherwise, this fist needs to be
included in the heap.

[0084] Based on this analysis, each time we pop a record from the heap
and push a new record rto it, we compare the score of the new record with the
upper bounds of those lists not included in the heap so far. For those lists with an
upper bound smaller than this score, they need to be included in the heap from
now on. Notice that this checking can be done very efficiently by storing the
maximal value of these upper bounds, and ordering these lists based on their
upper bounds.

{0085] We have two observations about this pruning method. (1) As a
special case, if those keywords matching a query keyword exactly have the
highest relevance scores, this method allows us to consider these records prior
considering other records with mismatching keywords, Thus this method is
consistent with the idea "exactly-matched records should come out first and fast”
{2) The pruning power can be evan more significant if the query keyword w is the
last prefix keyword wy, , since many of its similar keywords share the same prefix
p on the {rie similar to wy, . We can compute an upper bound of the record scores
from these lists and store the bound on the trie node p. In this way, we can prune
the lists more effectively by comparing the value Score(r, w, Q) with this upper
bound stored on the trie, without needing to on-the-fly compute the upper bound.
[00886] In our running example of the query “icde I¥°, Fig. 13 lustrates how
we can prune low-score lists and do on-demand heap constructions. The prefix
“fi" has several similar keywords. Among them, the two words “in” and "liu” have
the highest similarity value to the query keyword, mainly because they have a
prefix matching the keyword exactly. YWe build a heap using these two lists. We
compute the upper bounds of record scores for the lists “lu”, “icde”, and “iedt”,
which are 3, 4.5, 3, respectively. These lists are never included in the heap since
their upper bounds are always smaller than the scores of popped records before
the traversal terminates. As “icde” and "iedt” share the same similar prefix *i" for
", they have the same similarity to “Ii". We can store the upper bound of the
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weightis in the inverted lists of “icde” and “icdt” on trie node {7, We compute the
upper bound score of “icde” and “icdt” using the stored weight, instead of

W
}

retrieving leaf-descendants of V" to compute the bound. The improvement is
significant if there are multiple similar 7 words share a similar prefix. Similarly, for
the query keyword “ifcde”, using the pruning method we only need to build a heap
using a single list, which is the one corresponding to the keyword “icde” on the

trie. The list of the keyword “icdt” is pruned and never included in the heap.

{0087} Improving Sorted Access By List Materialization

{0088] Consider how to further improve the performance of sorted access
by precomputing and storing the unions of some of the inverted lists on the trie.
L.et v be a trie node, and ((v) be the union of the inverted lists of v's leaf nodes,
sorted by their record weights. if a record appears more than once on these lists,
we choose its maximal weight as its weight on list U(v). We call U{v) the union fist
of node v. For example, the union list of the trie node *It" in our running example
has fra, 9, [rs, 8], [rr, 8], fra, 7], [re, B}, [re, 4], [ra, 3], and [rz, 1] When using a max
heap to retrieve records sorted by their scores with respect o a query keyword,
this materialized union list could help us build a max heap with fewer lists and
reduce the cost of push/pop operations on the heap. Therefore, this method
allows us to utilize additional memory space 0 answer iop-k queries more
efficiently.

{0089] The benefit of list materialization on sorted access on a max heap
is especially significant for the last prefix keyword wy, , since it could have
muitiple similar prefixes on the trie, which correspond {o many leaf-node
keywords. Thus in the remainder of this section we mainly focus on the cost-
benefit analysis for this prefix keyword w,, . We first discuss how {o use
materialized union lists to speed up sorted access below, and then consider how

to select trie nodes to materialize thelr union lists given a space constraint below.

[0090]  Utilizing Materfalized Union Lists Properly
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[0091] Suppose v is a trie node whose union list U{v) has been
materialized. One subtlety in using (Xv) to speed up sorted access for the prafix
keyword wy, is that U{v} is sorted based on its record weights, while the
push/pop operations on the max heap require each list on the heap be sorted
based on ifs record scores with respect to wy, . Recall that the value Score(r, wiy, ,
i) of a record ron the list of a keyword ¢, with respect to w,, is based on both
Weight(di, r) and Sim{di, wy, ). In order to use U{v} to replace the lisis of v's leaf
nodes in the max heap, the following two conditions need to be satisfied:

{0092] All the leaf nodes of v have the same similarity 1o wy, .

{0093] All the leaf nodes of v are similar to wy, , 1L.&., thelr similarity to w,, is
no less than the threshold 7.

{0094] When the conditions are satisfied, the sorting order of the union list
(v} is also the order of the scores of the records on the leaf-node lists with
raspect 1o w,, . In this case, we call the union list U(v) "usable” for the max heap
of the query keyword wy, . For instance, consider the index in Fig. 9 and a query
“music icd”. For the query keyward “icd”, we access its similar data keywords
“icde” and “icdt”, and build a max heap on their inverted lists based on record
scores with respect to this query keyword. For the frie node “icd”, both of s leaf
nodes are similar 1o the query keyword (with the same similarity), its union list is
usable for the max heap of this keyword. That is, we can use its materialized
union list in the max heap of these twa inverted kists, saving the time {o traverse
these two lists.

{0095] Matenalizing U{v) has the following performance benefils for the
max heap for wy . (1) We do not need {0 traverse the trie {0 access these leaf
nodes and use them o construct the max heap, (2) Each push/pop operation on
the heap is more efficient since ifs has fewer lists. Notice that if v has an ancestor
v with a materialized union list U{v’) also usable for the max heap, then we can
use the materialized list v’} instead of U{v}, and the list U{v) will no longer

benefit the performance of this max heap.
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[0096] B. Choosing Union Lists to Materialize

[0097] Let B be a budget of storage space we are given to materialize
union lists. Our goal is o select trie nodes {o materialize their union lists to
maximize the performance of queries. The following are several naive algorithms
for choosing trie nodes:

[0098] Random: We randomly select trie nodes.

[0099] TopDown: We select nodes top down from the trie root.

{00100] BottomUlp: We select nodes bottom up from the feaf nodes.
{00101] Each naive approach keeps choosing trie nodes to materialize their
union lists until the sum of their list sizes reaches the space limit B. One main
limitation of these approaches is that they do not quantitatively consider the
benefits of materializing a union list. To overcome this limitation, we propose a
cost based method called CostBased to do list materialization. its main idea is
the following.

{00102] For simplicity we say a node has been “materialized” if its union list
has been materialized. For a query Q with a prefix keyword w,, , suppose some
of the rie nodes have their union lists materialized. Let v be the highest trie node
that is usable for the max heap of w , and U{v) has not been materialized.
Materializing the union list of an ancestor of v does not have any benefit on this
max heap, since the score order of their records might not be consistent with the
weight order or these records. For each non-leaf trie descendant ¢ of v, such that
no node on the path from v to ¢ {including ¢) has been materialized. We cando a
cost-based analysis to quantify the bensfit of materializing U{c) on the
performance of operations on the max heap of wn, . If v has a descendant node ¢’
that has a materialized list, then materializing the descendants of ¢’ will no longer
benefit the max heap for wy, .

{00103] Here we present an analysis of the benefits of materializing the
usabile node v. in general, for a {rie node n, let T(n) denote ifs subtrie, ] T(n)]

denote the number of nodes in T{v), and D{n) denote the set of n's leaf nodes.
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The total time of traversing this subtrie and accessing the inverted lists of its leaf
nodesis O (| T(w) | + |DW | ).
{00104] As illustrated in Fig. 14, suppose v has matenalized descendants.
Let M(v) be the set of highest materialized descendants of v. These materialized
nodes can help reduce the time of accessing the inverted lists of v's leaf nodes in
two ways. First, we do not need {o traverse the descendants of a materialized
node d € M(v). We can just traverse | T(v) | - Taeuq 1 T(d) | trie nodes.
Second, when inserting lists o the max heap of w,, , we inseri the union list of
each d € M{v) and the inverted lists of " € N{(v) into the heap, where N(v)
denotes the set of Vs leaf descendants having no ancestors in M(v). Let S{v) =
M{vy U N (v). Now we quantify the benefits of materializing the node v
[00105] Reducing traversal time: Since we do not need to traverse v's
descendants, the time reduction is By = O { | T(V}| - Laeme 1 T(d) §
{00106] Reducing heap-construction time: When constructing the max heap
for the query keyword wy, , we ingert the union list U(v) into the heap, instead of
the inverted lists of those nodes in S(v). The time reduction is B, = | S(w} - 1.
[00107] Reducing sorted-access time: if we insert the union list {Xv) to the
max heap of wy, , the number of leaf nodes inthe heap is S, = X e prwyy Sa-
Otherwise, itis S, + | S(vi| - 1. The time reduction of a sorted access is B3 = O
{og(Sy,,*+ | S0 - 1)) - Ollog(S,,, )
{00108] The following is the overall benefit of materializing v for the query
keyword query wn, |

[00109] B, =8B+ By+ A, * B, {4)
{00110] where A, is the number of sorted accesses on v}, The analysis
above is on a single gquery. Suppose we are given a query workload. For each
irie node, wea can quantify the benefits of materializing its union list with respeact
to the workload by taking the summation of the benefits of materializing #ts union
fist fo all the queries in the workload, based on Equation 4. In addition, the
memaory cost of materializing v is the number of records in the union list of v. We

choose the best union list to materialize based on their benefits and costs {sizes).

[
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Notice that materializing this list will affect the benefits of matenalizing other
union lists on the guery workload. So after deciding a node to materialize, we
may need to recompute the benefits of other affected nodes. We repeat this
process until we reach the given space budget B. If there is no query workload,
we can use the trie structure to count the probabiiity of each trie node to be
gueried and use such information to compute the benefit of materializing a node.
[00111] in summary we have disclosed how to efficiently answer top- &
queries in fuzzy type-ahead search. We focused on an index structure with a {rie
of keywords in a data set and inverted lists of records on the trie leaf nodes. We
studied two technical challenges when adopting existing top-k algorithms in the
literature: how to efficiently support random access and sorted access on
inverted lists? We presented two efficient algonthms for supporting random
access. For sorted access, we first identified an important class of ranking
functions that allow us to improve its performance by grouping the lists. We then
proposed two techniques to suppont efficient sorted access using list pruning and
materialization. We conducted an experimental consider on real dala sefs to
show that our techniques can answer queries on large data sets efficiently.
{00112] in summary, the dlustrated embodiment of the invention is a
method for efficient, interactive, and fuzzy search on text data comprising the
steps of! using tree-based indexes to efficiently index the data; using an
algornithm o traverse the tree as the user types in a query, adaptlively
maintaining the intermediate resulis for the query {o support interactive, fuzzy
sgarch; and sorting the candidate results using ranking algorithms.

[00113] The method further comprises performing query relaxation,
autocompletion, or spell checking.

{00114] Where there is a single inpul search box, the illustrated
embodiment of the invention the allows keyword queries on a plurality of data
ficlds wherein the search is interactive, allows minor errors in the keywords,

supports synonyms, and/or allows multiple keywords.

e
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[00115] The llustrated embodiment of the invention is a method used in an
information system to allow users 1o interactively search for text data even with
ITHNOL eITOrS,

[00116] The ustrated embodiment of the invention is a method for

searching a structured data table T with m attributes and 1 records, where A =

words, w; and w; |, *w; £ w)” denotes that wy is a prefix string of w; , where a query
consists of a set of prefixes Q = {p1, pz, . . ., pi, where a predicted-word set is

Wy, = fwlwis @ member of Wand k s wj, the method comprising for each prefix
p: finding the set of prefixes from the data set that are similar to p;, by:
determining the predicted-record set Ro = {r | risamemberof R, foreveryi, 1 <4
/-1, prappears in 1, and there exists a w included in W), w appears in 7}; and

for a keystroke that invokes query Q, returning the top-f records in Rg for a given
value {, ranked by their relevancy to the query.

[00117] Where returning the top-t records in Ry for a given value {, ranked
by their relevancy to the query the illustrated embodiment of the invention
comprises finding a trie node corresponding 1o a keyword in a trie with inverted
lists on leaf nodes by traversing the trie from the root; locating leaf descendants
of the trie node corresponding to the keyword, and retrieving the corresponding
predicted words and the predicted records on inverted lists,

{00118] Where returning the top-f records in Rq for a given value ¢, ranked
by their relevancy to the query the illustrated embodiment of the invention
comprises maintaining a session cache for each user where each session cache
keeps keywords that the user has input in the past and other information for each
keyword, including its corresponding trie node and the top-f predicted records.

{00119] Where maintaining a session cache for each user the illustrated
embodiment of the invention comprises inputting in a query string €€y © 7 €

letter by letter, where p; = €46 1 7 ¢ is a prefix query {1 £/ % x) and where ;s
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the trie node corresponding {o pi., and after inputting in the prefix query p;,

storing node m; for p; and its top-f predicted records, inputting a new character
Cx+1 At the end of the previous query string €162 . © 7 ¢y, determining whether node
1y that has been kept for p, has a child with a label of .. if 50, locating leaf
descendants of node nw, and retnieving corresponding predicted words and the
predicted records, otherwise, there is no word that has a prefix of Py, and then
refurning an empty answer.

{00120] The illustrated embodiment of the invention is a method further
comprising modifying a previous gquery string arbitranly, or copying and pasting a
completely different string for a new query string, among all the keywords input
by the user, identifying the cached keyword that has the longest prefix with the
new query.

{00121} The ustrated embodiment of the invention is a method further

inputting a new query p'= 6102 0. 6c’ gy, finding p:that has a longest prefix
with p’, using node n; of p; to incrementally answer the new query p’ by ingerting
the characters after the longest prefix of the new query ¢’ . [ ¢y one by one, if
there exists a cached keyword p; = p’, using the cached top-t records of p; o
directly answer the query p’ otherwise if there is no such cached keyword,
answering the query without use of any cache.

[00122] The step of returning the top-f records in R for a given value |,
ranked by their relevancy to the query comprises tokenizing a query string into
saveral keywords, ky, ko, 7. o [ ki, for each keyword k; {1 i< {- 1) determining
only a predicted word, k;, and one predicted-record list of a trie node

correspanding o k;, denoted as /;,, where g predicted words for &, and their

predicted records by 121N ( Ul !i;) namely taking the union of the lists of

predicted keywords for partial words, and intersecting the union of lists of
predicted keywords for partial words with lists of the complete keywords.

[
L
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[00123] The step of determining the predicted records by

Nizi ki N (Uff:i I;},,) comprises determining the union I = U7_, I;; of the
predicted-record lists of the partial keyword k; 1o generate an ordered predicied
fist by using a sori-merge algorithm and then determining the intersection of
several hists L., /; by using a merge-join algorithm fo intersect the lists,
assuming these lists are pre-sorted or determining whether each record on the
short iists appears in other long lists by doing a binary search or a hash-based
fookup.

{00124] The step of returning the top-tf records in Rg for a given value ¢,

ranked by their relevancy to the query comprises freating every keyword as a

predicted record r, for each 1 £ %, there exists at least one predicted word w;
for k;in r, since k; must be a prefix of w;, quantifying their similarity as:

[00125] sim{kywyy = | k] o | wil
{00126] if there are multiple predicted words in r for a partial keyword &,
selecting the predicted word w; with the maximal similarity to & and gquantifying a
weight of a predicted word to capture the importance of a predicted word, and
taking into account the number of attributes that the / predicted words appear in,
denacted as n,, o combine similarity, weight and number of attributes to generate
a ranking function to score r for the query Q as follows:

1

{00127] SCORE(r,() = o+ 3, tdf, » simlle, w) + (1~ a} « =,

¥ ity

{00128] where ¢ is a tuning parameter between 0 and 1.

{00129] The method i1s for searching a structured data table T with the
query Q= {ky ks, 000 . k¢, where an edit distance between {wo strings s; and sy,
denoted by ed(s4, s3), is the minimum number of edit operations of single
characters needed {0 transform the first string s+ to the second sinng s, and an
edit-distance threshold &, for 1 </ </, where a predicted-word set W, for k;is {w
[ Aw' S w, we W, edik,w’) < 8}, where a predicted-record set Ry is {r[ re

Rvl £L3w; € Wowyappearsinr}. The flustrated embodiment of the
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invention comprises defermining the fop-f predicted records in Rg ranked by their
relevancy {o Q with the edit-distance threshaold 8.

{060130] The step of determining the predicted-record set R comprises
determining possible multiple words which have a prefix similar to g partial
keyword, including multiple trie nodes corresponding to these words defined as
the active nodes for the keyword k, locating leaf descendants of the active
nodes, and determining the predicted records corresponding to these leaf nodes.
{00131] The illustrated embodiment of the invention further comprises:
inputting a keyword k, storing a set of active nodes @, = {[n, &}, where nis an
active node for k, and & = ed{k; ) £ §, inputting one more letter after &, and
finding only the descendants of the active nodes of k as active nodes of the new
gquery which comprises inifializing an active-node set for an empty keyword g,
Le, ®c={fn; & &= |nl $8} namely including all trie nodes n whose
correspanding string has a length | n| within the edit-distance threshold &,
inputiing a query string 610y 7 7 ¢y letter by letter as follows: after inputting in a
prefix guery py = ¢80 1 2 ¢ (1 £ x), storing an active-node set ®,, for p;, when
inputting a new character ¢+ and submitting a new query pw1, Ncrementally

determining the active-node set @, for p..¢ by using @, as follows: for each i,

By
$n 1 @, , we consider whether the descendants of n are active nodes for Py,

for the node n, if & + 1 <9, then nis an active node for pwy, then storing fn, & +
1]into @, for each child . of node n, (1) the child node 1, has a character

different from Cyy, €d{ns Pefed(m p+ 1= G+ L &S+ 155 thenngsisan

active node for the new string, then staring [ns, & + 1] into @,__, or (2) the child

Pyt
node n, has a label ¢y is denoted as a matching node ny, ed{ny, P} S ed{n;
Dy} = &% 8, so that ny 18 an active node of the new string, then storing [y, &
into @, .., but if the distance for the node n,, is smaller than 9, Le., & <9, then
for each ny's descendant d that is at most § - ¢, letters away from ny, adding [d;

¢z ] to the active-node set for the new string Py, where &= &+ | d]- | n].

-
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[00132] Where during storing set @, _, it is possible to add two new pairs
fv; &:] and [v; &] for the same trie node v in which case storing the one of the

new pairs fv, &] and [, &} for the same ine node v with the smaller edit

distance.

{00133] Where given two words w; and w; , their normalized edit distance 1s:
[00134] ned{w; w;) = ed(wyw) ¢ max(|w],; {w |);

[00135] where | w,:| denotes the length of w;, where given an input keyword

and one of its predicted words, the prefix of the predicted word with the minimum
ned is defined as a best predicted prefix, and the corresponding normalized edit
distance is defined as the “‘minimal normalized edit distance,” denoted as "mned”
and where returning the top-f records in Ry for a given value ¢, ranked by thew
relevancy o the query comprises determining i k; is a complete keyword, then
using ned to quantify the similarity; otherwise, if k; is a partal keyword, then
using mned to quantify their similarity, namely quantifying similarity of two words
using: sim{ky wid = vy (1 - ned{k, wi) + {1 -y} * (1 - mnedi{k; w;)); whereyis a
tuning parameter between 0 and 1.

[00136] The step of returning the top-f records in Ry for a given value |
ranked by their relevancy to the query comprises among the union lists Uy, Uz, .
.., U, of the leaf nodes of each prefix node identifying the shortest union list,
verifying each record 1D on the shortest list by checking if & exists on all the other
union lists by maintaining a forward list maintained for each record r, which is a
sorted list of {Ds of keywords inr, denoted as F,. so that each prefix pyhas a
range of keyword 1Ds [Minld,, Maxid], verifying whether r appears on a union list
Uy of a query prefix py for a record r on the shortest union list by testing if p
appears in the forward list F; as a prefix by performing a binary search for Minid,
on the forward list F, to get a lower bound Idy, and check if Idi 1S no larger than
Maxlidy, where the probing succeeds if the condition holds, and fails otherwise,
{00137] Where each query keyword has mulitiple active nodes of similar
prefixes, nstead of determining the union of the leaf nodes of one prefix node,
the illustrated embodiment of the invention comprises determining the unions of

B
w0



WO 2010/003129 PCT/US2009/049633

the leaf nodes for all active nodes of a prefix keyword, estimating the lengths of
these union lists o find a shortest one, for each record r on the shortest union
list, for each of the other query keywords, {or each of its active nodes, testing if
the corresponding similar prefix appears in the record r as a prefix using the
forward list of r, Fy.

[00138] The step of maintaining a session cache for each user comprises’
caching query results and using them to answer subsequent queries;

increasing the edit-distance threshold & as a query string is getting longer in
successive queries; using pagination to show query resuils in different pages to
partially traverse the shortest list, until enough resuits have been obtained for a
first page, continuing traversing the shortest list to determine more query resulls
and caching them; or retrieving the top-k records according a ranking function,
for a predefined constant k, verifying each record accessed in the traversal by
probing the keyword range using the forward list of the record, caching records
that pass verification, then when answering a query incrementally, first verifying
each record in the cached result of the previous increment of the query by
probing the keyword range, if the results from the cache are insufficient to
compute the new top-k, resuming the fraversal on the list starting from the
stopping point of the previous query, until we have enough top-k results for the
new query.

[00139] The illustrated embodiment of the invention is a method where for a
keystroke that invokes query Q, the step of returning the top-f records in Rg for a
given valug f, ranked by their relevancy to the guery comprises matching
prefixes which includes the similarity between a query keyword and its best
matching prefix; predicted keywords where different predicted keywords for the
same prefix can have different weights, and record weights where different
records have different weights, where a query is Q = {p+, ps, . . .}, where p' is the
best matching prefix for p;, and where k; is the best predicted keyword for p',
where sim{p;, p4) i1s an edit similarity between p' and p; and where the score of a
record r for Q can be defined as:
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[00140] Score(r, Q) = Tlsim(ps, piy+a* || - |k])+ B * scorelr, k),

[00141] where ¢ and § are weights (0 < B <a < 1}, and score{r, k) is a
score of record r for keyword k.
[00142] The ilustrated embodiment of the invention is a method for fuzzy
type ahead search where R is a collection of records such as the tuples in a
relational table, where D is a data set of words in R, where a user inpuls a
keyword query letter by letter, comprising: finding on-the-fly records
with keywords similar to the query keywords by using edit distance to measure
the similanty between strings, where the edi distance between two strings sy and
sz, denoted by ed(s;, $3}, is the minimum number of single-character edit
operations, where Q is the keyword query the user has input which is a sequence
of keywords fwy, wo, 1. W [ treating the last keyword w,, as a patdial keyword
finding the keywords in the data set that are similar to query keywords, where 17
is a function that quantifies the similarily between a string s and a query keyword
w in D, including, but not limited to:

[00143] (s, w)=1-ed(s, w)/ jw|,
[00144] where | w] is the length of the keyword w; and normalizing the edit
distance based on the query-keyword length in order {o allow more errors for

longer query keywords, where d be a keyword in D, for each complete keyword

wi(i=1, 1.1, m- 1), defining the similarity of d o w; as:
J00145] Sim{d, wi} = m{d, wy),
{00146] since the last keyword wy, is freated as a prefix condition, defining

the similarty of d to w,, as the maximal similarity of d's prefixes using function 1,
namely Sim(d, wn, )} = max prefix p of d m{p, wy ), where 7is a similarity threshold,
where a keyword in D is similar fo a query keyword w if Sim(d, w) 2 1, where a
prefix p of a keyword in [ s similar fo the query keyword wy, Frr{p, wy ) 27,
where ©{wy) (f = 1, ;7 o, m) denotes the set of keywords in D similar o w;, and
where Plw., ) denotes the set of prefixes of keywords in D similar 1o wy, .

S
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[00147] The ilustrated embodiment of the invention further comprises:
ranking each record rin R based on its relevance to the query, where F{;}is a
ranking function that takes the query Q and a record r € R, determining a score
F{r, Q) as the relevance of the record rio the query Q, and given a positive
integer k, determining the k best records in K ranked by their relevance to Q
based on the score F{r, Q).

[00148] The step of determining a score F{r, () as the relevance of the
record r to the query Q comprises determining the relevance scaore F{r, Q) based
on the similarities of the keywords in r and those keywords in the query given that
a keyword d in the record could have different prefixes with different similarities
to the partial keyword wi, , by taking their maximal value as the overall similarity
between d and w,, , where a keyword in record r has a weight with respectio r,
such as the term frequency TF and inverse document frequency IDF of the
keyword in the record.

{00149] Where the dataset D comprises a trie for the data keywords in D,
where each trie node has a character label, where each keyword in D
correspands to a unigque path from the root to a leafl node on the trie, where a leaf
node has an inverted list of pairs [rid, weight]i, where rid is the 1D of a record
containing the leaf-node string, and weight is the weight of the keyword in the
record, the illustrated embodiment of the invention further comprises determining
the top-k answers o the query Q in two steps comprising: for each keyword w; in
the query, determining the similar keywords ®(w;) and similar prefixes P{w,, } on
the trie; and accessing the inverted lists of these similar data keywords {0
determine the k best answers o the query.

{00150} The step of accessing the inverted lists of these similar data
keywords to determine the k best answers to the query comprises randomiy
accessing the inverted list, in each random access, given an lD of a record 1,
retrieving information related {o the keywords in the query Q, to determine the
score F(r, Q) using a forward index in which each record has a forward list of the
IDs of its keywords and their corresponding weights, where each keyword has a

S
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unique 1D corresponding its leaf node on the trie, and the IDs of the keywords
follow their alphabetical order.
[00151] The step of randomly accessing the inveried list comprises:
maintaining for each trie node n, a keyword range {In, un}, where In and un are
the mirimal and maumat keyword 1Ds of its leaf nodes, respectively; verifying
whether record r containg a keyword with a prefix similar to w,, , where for g
prefix p on the tne similar to w,,, checking i there is a keyword 1D on the forward
fist of r in the keyword range [, v} of the trie node of p, since the forward list of r
sorted, this checking is performed a binary search using the lower bound /, on
the forward list of rto get the smallest ID ° no less than /, the record having a
keyword similar to w,, if y exists and is no greater than the upper bound up, t.e., ¥
< Uy,
{00152] The step of randomly accessing the inverted list comprises: for
gach prefix p similar to w,, , traversing the subtrie of p and Wentifying its leaf
nodes; for each leaf node d, for the query Q, this keyword d has a prefix similar
to wy 0 the guery, storing

[00153] Query 1D, partial keyword wi , sim{p, wm ).
[00154] in order to differentiate the query from other queries in case
multiple querias are answered concurrently; storing the simitarity between w,
and p, determining the score of this keyword in a candidate record, where in the
case of the leaf node having several prefixes simitar {0 wy, , storing their maximal
similarity o wy, | for each keyword w; in the query, storing the same information
for those trie nodes similar to w;, defining stored entries for the leaf node as ifs
collection of relevant query keywaords; using collection of relevant query
keywords to efficiently check i a record r contains a complete word with a prefix
similar to the partial keyword w,,, by scanning the forward list of r, for each of its
keyword 1Ds, locating the corresponding tleaf node on the trie, and testing
whether its collection of relevant query keywords includes this query and the
keyword wy, , and if so, using the stored string similarity to determine the score of
this keyword in the query.

S
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[00155] The step of determining the score F{r, Q) comprises: for each
keyword w in the query, determining a score of the keyword with respect {o the
record r and the query, denoted by Score{r, w, Q); and determining the score F{r,
Q) by applying a monotonic function on the Score{r, w, Q)'s for all the keywords
w in the query.

[00156] Where ¢ is a keyword in record r such that d is similar to the query
keyword w, d € O{w), where Score(r, w, J) denotes the relevance of this query
keyword w to the record keyword d, where the relevance value Score{r, w, Q) for
a query keyword w in the record is the maximal value of the Score{r, w, dYs for
all the keywords d in the record, where determining a score of the keyword with
respect to the record r and the query, denoted by Score(r, w, @), the illustrated
embodiment of the invention comprises finding the most relevant keyword in a
record to a gquery keyword when computing the relevance of the query keyword
to the record as an indicator of how important this record is to the user query.
{00157} The illustrated embodiment of the invention includes where F(r, Q)

5
m
[00158] Flr. Q)= Z i=1 Score(r, w, ¢)

[00159]  where

{00160} Score(r, wi, Q) = MAX record kaywors ¢ in r fOCOTE(r, w;, o)},
{2)
{00161] and
{00162} Score{r, w;, d) = Sim(d, wy) * Weight{d, n (3)
{00163} where Sim{d, w;) is the similarity between complste keyword w; and

record Keyword d, and Weight{d, 1) is the weight of d in record r.

{00164] The method of claim 31 comprising partitioning the inverted lists
into several groups based on their corresponding query keywords, where each
query keyword w has a group of inverted lists, producing a list of record 1Ds
sorted on their scores with respect to this keyword, and using & top-k algorithm 1o
find the k best records for the query.

S
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[00165] The step of using a top-k algorithm to find the & best records for the
query comprises for each group of inverted lists for the query keyword w,
retrieving the next most relevant record 1D for w by building a max heap on the
inverted lists comprising maintaining a cursor on each inverted list in the group,
where the heap is comprised of the record 1Ds pointed by the cursors so far,
sorted on the scores of the similar keywords in these records since each inverted
list is already sorted based on the weights of its keyword in the records and alt
the records on this list share the same similarity between this keyword and the
query keyword w the list is also sorted based on the scores of this keyword in
these records, retnieving the next best record from this group by popping the top
element from the heap, incrementing the cursor of the list of the popped element
by one, and pushing the new element of this list {0 the heap, ignoring other lists
that may produce this popped record, since their corresponding scores will no
langer affect the score of this record with respect to the query keyword w.
[00166] Where Ly, .., Lyare inverted lists with the similar keywords oy, ..
o, oy respectively, the illustrated embodiment of the invention further comprises
sorting these inverted lists based on the similarities of their keywords to w,
Sim{dy, w), oo, sim{dy, w), constructing the max heap using the lists with the
highest similarity values.

[00167] The ilustrated embodiment of the invention further comprises
improving sorted access by precomputing and storing the unions of some of the
inverted lists on the trie, where v is & trie node, and U{v) is the union of the
inverted lists of V's leaf nodes, sorted by their record weights, and if a record
appears more than once on these lists, selecting its maximal weight as its weight
on list U{v), where Lv) is defined as the union fist of node v.

{00168] Where v is a trie node the illustrated embodiment of the invention
comprises materializing union list U(v}), where in using U{v) to speed up sorted
access for the prefix keyword w,, is that U(v) is sorted based on its record
weights, where the value Scorelr, wi, . ¢ of a record r on the list of a keyword ¢
with respect to wy, is based on both Weight{di, r} and Sim{di, wy, ), where all the

g
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leaf nodes of v have the same similarity 1o wy, , where all the {eaf nodes of v are
similar to wy, , namely their similarity to w,, is no less than the threshold r so that
the sorting order of the union list L{v)} is alsa the order of the scores of the
records on the leaf-node lists with respect to w, .

{00169] Where B is a budget of storage space available to materialize union
lists comprising selecting trie nodes to materialize their union lists to maximize
the performance of gueries, where a node is defined as “materialized” if ifs union
fist has been matenialized, where for a query Q with a prefix keyword w, , some
of the trie nodes have their union lists materialized, where v is the highest trie
node that is usable for the max heap of w,, , and for which v} has not been
materialized, where for each nonleaf trie descendant ¢ of v, such that no node on
the path from v {0 ¢ {including ¢) has been materialized, the Hlustrated
embodiment of the invention comprises: performing a cost-based analysis to
quantify the benefit of materializing U{c) on the performance of operations on the
max heap of wy, based on reduction of traversal time, reduction of heap-
construction time and reduction of sorted-access time, the overall benefit By of

materializing v for the query keyword query wy, being:

[00170] By = B reduction of traversa time + B reduciion of heap-cunstruction time + A*B

reduction of soried-access ime,

[00171] where A, is the number of sorted accesses on Uy for each query,
then summing the benefits of materializing its union list to all the queries in the
query workioad or trie according o probabifity of occurrence of the query, and
recomputing By the benefit B, of materializing other affected nodes after the
benefit of each node is computed unti the given budget B of storage space is
realized.

{00172] "While the apparatus and method has or will be described for the
sake of grammatical fluidity with functional explanations, it is to be expressly
understood that the claims, unless expressly formulated under 35 USC 112, are

S
(¥ 41



WO 2010/003129 PCT/US2009/049633

not to be construed as necessarily limited in any way by the construction of

“means” or “steps” limitations, but are fo be accorded the full scope of the

meaning and equivalents of the definition provided by the claims under the

judicial doctrine of equivalents, and in the case where the claims are expressly

formutated under 35 USC 112 are to be accorded full statutory equivalents under

35 USC 112. The invention can be better visualized by turning now to the

following drawings wherein {ike slements are referenced by like numerals.
[00173] Brief Description of the Drawings

{00174] Figs. 1 and 2 are screenshots produced by the method of the

ilustrated embodiment.

[00175] Fig. 3 is the {rie on {op of the words in Table |

{00176] Figs. 4a — 4e {also referenced collectively as Fig. 4) is a sequence

of trie diagrams showing the execution of fuzzy search for processing prefix

queries of “nlis” {edit distance threshold & = 2).

[00177) Fig. 5 is a diagram depicting the computation of aclive node set

By,,,, from the active node set ¢, . We consider an active [n, {5} in @, .

{00178] Fig. 6 is a trie with inverted lists at the leaf nodes.

{00179] Fig. 7 is a diagram of prefix intersections using forward lists.

Numbers with underlines are keyword 1Ds and numbers without underscores are

record 1Ds.

{00180] Fig. 8 is a diagram which depicts computing the top k results using

cached answers and resuming unfinished traversal on a list.

{00181] Fig. 9 is an index structure, namely a trie with inverted lists on the

leaf nodes.

[00182] Fig. 10 is a diagram illustrating keywords similar to those in query Q

= [wy, Wa, ... Wml. Each query keyword wi has similar keywords on the leaf

nodes. The fast prefix keyword wm has similar prefixes, each of which has

several keywords on the leaf nodes.

[00183] Fig. 11 is a diagram illustrating the probing of forward lists.

[00184] Fig. 12 s a diagram iflustrating probing on leaf nodes.
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[00185] Fig. 13 is a diagram illustrating Max Heaps for the query keywords,
“jede” and . Each shaded list is merged from the underlying lists. Ht is “virtual’
since we do not need to compute the entire list. The lists in a rectangle are those
used to build a heap, which can prune other low score lists not in the rectangle.
{00186] Fig. 14 is a diagram in which the benefits of materializing the union
list U{v) for a trie node with respect to the last query wy, in the guery.

[00187] The invention and i{s various embodiments can now be better
understood by turning to the following detailed description of the preferred
embodiments which are presented as ilustrated examples of the invention
defined in the claims. It is expressly understood that the invention as defined by
the claims may be broader than the illustrated embodiments described below.

{00188} Detailed Description of the Preferred Embodiments
[00188] introduction — iSearch
{00190] The ilustrated embodiment of the invention is a computing
paradigm, called “iSearch”, that supports interactive, fuzzy search on structured
data. it has two unique features: (1) Interactive: The system searches for the
best answers "on the fly” as the user types in a keyword query; {(2) Fuzzy: When
searching for relevant records, the system also tries 1o find those records that
include words that are similar to the keywords in the query, even if they do not
match exactly.
{00191] We have developed several prototypes using this new paradigm.
The first one, available at hitp://psearch.ics uci.edu, is a system that can support
search on the UCH direclory. A screenshot is shown in Fig. 1. The second ong,
avaitable at http//dblp.ics.uci.edu, supports search on a DBLP dataset
{http//www.informatik uni-trier de/ sley/db/} with more than 1 million publication
records. A screenshot is shown in Fig. 2. As an example, in Fig. 1, the user has
typed in a query siring "professor smyt”. Even though the user has not typed in
the second keyword completely, the system can already find person records that
might be of interesis to the user. Notice that the two keywords in the query string

b
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{including a partial keyword “smyt”) can appear in different atiributes of the found
records. in particular, in the first record, the keyword “professor” appears in the
fitle” attribute, and the partial keyword “smyt” appears in the "name” attribute.
The matched prefixes are highlighted for the user. This feature makes this
paradigm different from many autocomplete systems, which mainly deal with
single-attribute data (such asg a set of popular queries) and treat a query as a
single-attribute string. In addition to finding records with words that match the
query keywords as prefixes, the system also finds records with words that are
similar to the query keywords, such as a person name “smith”.

{00192] The feature of supporting fuzzy search is especially important
when the user have limited knowledge about the underlying data or the entities
they are looking for. As the user types in more letters, the system interactively
searches on the data, and updales the list of relevant records. The system also
utilizes a-priori knowledge such as synonyms. For instance, given the fact that
“william” and “bill” are synonyms, the sysiem can find a person “Willlam Kropp”
when the user has typed in "bill crop®. This search prototype has been used
regularly by many people at UCIH, and received positive feedback due to the
friendly user interface and high efficiency.

[00193] We develop solutions {0 these problems. We present several
incremental-search algorthms for answering a query by using cached results of
earlier queries. In this way, the computation of the answers {0 a query can
spread across multiple keystrokes of the user, thus we can achieve a high speed.
{00194] Specifically, we make the following contributions. {1} We first
consider the case of queries with a single key- word, and present an incremental
atgorithm for computing keyword prefixes similar {o a prefix keyword in a query.
{2) For queries with muttiple keywords, we study various ways for computing the
intersection of the inverted lists of query keywords, and develop an algorithm for
computing the results efficiently. ts main idea is to use forward lists of keyword
I1Ds for checking whether a record matches guery keyword conditions (even
approximately). {3) We develop an on-demand caching technique for incremental
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search. lts idea is to cache only part of the results of a query. For subsequent
quertes, unfinished computation will be resumed if the previously cached results
are not sufficient. in this way, we can efficiently compute and cache a smatt
amount of results. (4) We consider various features in this paradigm, such as
how to rank results properly, how to highlight keywords in the results, and how to
utilize domain-specific information such as synonyms {o improve search. {5) In
addition to deploying several real prototypes, we conducted a thorough
experimental evaluation of the developed techniques on real data sets, and show
the practicality of this new computing paradigm. All experiments were done using
a single desktop maching, which can still achieve response times of milliseconds

on millions of records.

{00195] H. iSearch Of Multiple Keywords On Structured Data

{001986] We first give an example to show how iSearch works for queries
with muitiple keywords on structured data. Assume there is a structured {able
person(id; name; title, email) with information about people. The data resides on
a server. A user accesses and searches the data through a Web browser. Each
keysiroke that the user types invokes a guery, which includes the current string
the user has typed in. The browser sends the query to the server, which
computes and refurns {o the user the best answers ranked by their relevancy {o
the query. if the user clicks the “search” button on the interface, the browser
sends the guery to the server, which answers the guery in the same way as
traditional keyword-search methods. For example, suppose a user searches for
a professor called “smyth”, and types in a query "professor smyt” letter by letter,
as fHlustrated in Fig. 1. The string is {okenized fo keywords using delimiters such
as the space character. The keywaords (except the last one) such as “professor”,
have been typed in completely. The last keyword is a partial keyword, such as
“smyt’, as the user may have not finished typing the complete keyword.

[00197] For the partial keyword, we would like to know the possible word
the user intends to type. However, given the imited information, we can only
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identify a set of words in the data set with this pariial keyword as a prefix. This
set of keywords are called the predicted words of the partial keyword. For
instance, for the partial keyword “smyt’, its predicted words are “smyth”,
“smytha’, etc. We retrieve the records that contain all the complete keywords
and at least one of the predicted words of the partial keyword. We c¢all these
records the predicied records of the query. Fig. 1 shows four predicted records.
In this way, iSearch can save users time and efforts, since they can find the
answers even if they have not finished typing all the complete keywords. There
are two challenges in this context. The first one is how fo interactively and
incrementally identify the predicted words after each keystroke from the user.
The second one is how io efficiently compute the predicted records of a query
with muttiple keywords, especially when there are many such records.

[00198] Problem Formulation

{00199] We formalize the problem of interactive, fuzzy search on a
refational table, and our method can be adapted to textual documents, XML, and
databases with multiple tables. We first formalize the iSearch problem as
follows. Consider a structured data table T with m atiributes and n records. Let A

w; and wy, “w; < w) denotes that w; s a prefix string of w; . For example, consider
the publication table shown in Table | Hthas 10 records and 5 attributes. We
have “lu" < "juis”.

[00200] A query consists of a set of prefixes Q = {p4, po. . . ., p}. Foreach
prefix p;, we want {o find the set of prefixes from the data set that are similar fo
pi. Clearly the technique can be used to answer queries when only the last
keyword is treated as a partial prefix, and the other are treated as completed
words. in this work we use edit distance to measure the similarity between two
strings. The edit distance between two strings 8¢ and s;, denoted by ed(sy, 83), is

the minimum number of edit operations (i.e., insertion, deletion, and substifution)
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of single characters needed to transform the first one to the second. For

example, ed{smith, smyth) = 1.

{00201] Definition 1. {The iSearch Problem) Given a table 7 and a query Q
= (ke ko, 000 k) where ks the last parfial keyword, et predicted-word set be
Wy= {wl wis a member of Wand k£ wl. We want to compute the predicted-
record set Rg = {r | risa memberof R, foreveryi; 1 2i</-1, kyappearsinr,
and there exists a w included in Wy, w appears in ¢}, For the keystroke that
invokes query Q, we return the top-t records in Rg for a given value {, ranked by

their relevancy to the query.

{00202] We treat the data and query string as lower-case strings. We will
focus on how to find the predicted records, among which we can find the best
answers using a ranking function. A variety of ranking functions can be used, as
discussed below. We use a frie to index the words in the {able. Each word w in
the table corresponds {0 a unique path from the root of the tne {o a leaf node.
Each node on the path has a label of a character in w. For simplicity, we use a
node and #s corresponding string inferchangeably. For each leaf node, we store
an inverted list of 1Ds of records that contain the word of the leatf node. For
instance, for the publication table in Table |, its trie for the tokenized words is
shown in Fig. 3. The word "luis” has a node 1D of 16, and its inverted list
includes record 7, which contains the word,

{00203} Alternatively, problem formulation can begin with a definition for an

Interactive Fuzzy Search.

{00204] Definition 1 {Interactive Fuzzy Search). Given a set of records R,
let W be the set of words in R. Consider a query Q = {p¢, P2, . . ., pg and an edit-
distance threshold 6. Foreach p, letPibe {pii 3w e W, pliswand ed(p’, p) =
0}. Let the set of candidate records R be {fire Riv 1 =i 3pie P andw

appears in r, pi=w} The problem is to compute the best records in Rg ranked
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by their relevancy {o Q. These records are computed incrementally as the user

modifies the query, &.g., by typing in more letters.

{00205] Indexing:

{002086] We use a trie to index the words in the relational table. Each word
w in the table corresponds {o a unigue path from the root of the trie {0 a leaf
node. Each node on the path has a label of a character in w. For simplicity, a
node is mentioned interchangeably with iis corresponding siring in fater text.
Each leaf node has an inverted list of 1Ds of records that contain the
corresponding word, with additional information such as the attribute in which the
keyword appears and its position. For instance, Fig. 6 shows a partial index
structure for publication records. The word "vidb™ has a trie node 1D of 15, and its
inverted list includes record 1Ds 8, 7, and 8. For simplicity, the figure only shows
the record s, without showing the additional information about attributes and

positions.

[00207] B. Single Keyword

{00208] We first consider how to answer a query with a single keyword
using the trie. Each keystroke that a user types invokes a query of the current
keyword, and the client browser sends the query 1o the server.

[00208] Naive Method.
{00210} One naive way to process such a query on the server is to answer
the query from scraich as follows. We first find the trie node corresponding fo
this keyword by traversing the trie from the root. Then we locate the leaf
descendants of this node, and retrieve the corresponding predicted words and
the predicted records on the inverted lists. For example, suppose g user types in
query string “luis” letter by letter. When the user types in the character 1, the
client sends the query “I" to the server. The server finds the trie node
correspanding to this keyword, i.e., node 10. Then it locates the leaf

descendants of node 10, L.e., nodes 11, 12, 13, 14, and 16, and retrieves the
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corresponding predicted words, i.e., “Ii", "lin”, “hu”, “iu”, and “luis®, and the
predicted records, t.e., 1, 3, 4, 5, and 7. When the user types in the character
“u", the client sends a query string “lu” to the server. The server answers the
query from scratch as follows. it first finds node 14 for this string, then locates
the leaf descendants of node 14 (nodes 14 and 16). it refrieves the
corresponding predicted words ("lu” and “luis”), and computes the predicted
records {4 and 7). Other gueries invoked by keystrokes are processed in a
similar way. One main limitation of this method is that it involves a lot of

recomputation without using the resulis of earlier queries.

[00211} 2} Caching-Based Method:

{00212] We maintain a session for each user. Each session keeps the
keywords that the user has typed in the past and other information for each
keyword, including its corresponding trie node and the top-{ predicted records.
The goal of keeping the information is to use it answer subsequent gueries
incrementally as follows. Assume a user has typed in a query stiing ¢4 /77 ¢k
letter by letter. Let py= o462 7 7 ¢ be a prefix query (1 £/ = x). Suppose n; s the
trie node corresponding to p;. After the user types in a prefix query p, we store
node n; for p; and its top-t predicted records.

[00213] For example, suppose a user has typed in “lut”. After this query is
submitted, the server has stored node 10 and records 1, 3, 4, 5, and 7 (only top-
f) for the prefix query 1", node 14 and records 4 and 7 for the prefix query "y,
and node 15 and record 7 for “lui”. For each keystroke the user types, for
simplicity, we first assume that the user types in a new characier ¢ at the end
of the previous query string. To incrementally answer the new query, we first
check whether node ny that has been kept for p, has a child with a label of ¢y
If s0, we locate the leaf descendants of node n,.q, and retrieve the
corresponding predictad words and the predicted records. Otherwise, there is no
word that has a prefix of pe.y, and we can just relurn an empty answer. For

example, if the user types in "s”, we check whether node 15 kept for "lui” has a



WO 2010/003129 PCT/US2009/049633

child with label “s”. Here, we find node 16, and retrieve the predicted word “luis”
and the predicted record 7.

[00214] In general, the user may modify the previous query string
arbitranily, or copy and paste a completely different string. In this case, for the
new query string, among all the keywords typed by the user, we identify the
cached keyword that has the fongest prefix with the new query. Formally,
consider a query string ¢1¢z 7 7 . . Suppose we have cached prefix queries py;
Pzl . px. Suppose the user submits a new query p =16 oo 1 ¢, We
find p; that has a longest prefix with p". Then we use the node n;of pito
incrementally answer the new query p’, by inserting the characters after the
longest prefix of the new query ¢’ : ¢y one by one. In particular, if there exists
a cached keyword p; = p’, we use the cached top-f records of p; to directly
answer the query p’ H there is no such cached keyword, we answer the query
from scraich,

00215} C. Multiple Keywords
{00216] Now we consider how to do interactively search in the case of a
query with multiple keywords. For a keystroke that invokes a query, we first

k{1 =isf-1), since il is treated as a complete keyword, we consider only
predicted word {i.e., k), and one predicted-record list (1.e., the inverted list of the
trie node corresponding 1o ki, denoted as f;). For the partial keyword k;, there can
he multiple predicted words and multiple pradicted-record lists. Suppose there
are g predicted words for k;, and their corresponding predicted record lists are I

retrieved based on the cached nodes of the complete keywords. The predicted-

record lists of the partial keyword can be computed as discussed before. Now
our problem is to compute the predicted records as NIZHL N (Uff:i Iff.) i

Conceptually, we take the union of the lists of predicted keywords for the partial
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word, and do an intersection of this union list with the lists of the complete

keywords. We illustrate this operation using the following example.

[00217] Example 2:

{00218] Assume a user types in a query "databases vidb uis” letter by
letter. We use Table il {o Hlustrate how our method works. As the user types in
the keyword “databases”, for each keystroke, we incrementally answer the
query as discussed before. When the user types in a space, we assume that the
user has completely typed in the keyword “databases™ When the user types in
“v*, we find the trie node 17. We wdentify the predicted word “vidb” and the
predicted records 6, 7, and 8. We compute the intersection of the predicted
records of “databases” and those of *v°, and get the predicted records of the
current query {records 6, 7, and 8). Similarly, we can incrementally answer the
guery “databases vidb". When the user types in ancther space, we assume that
“vidb” has been fyped in completely, When the user types in "lu”, there are two
predicted words ("lu” and "huis™). We first compute the union of the record lists of
the two predicted words, and get an ordered predicted-record list {4, 7}. The
predicted-record list for “databases” is {3, 4, 5, 6,7, 8, 9, 10}; and that of “vidb” is
{6, 7, 8. We intersect the three lists and get the final predicted record (7).
{00219] in general, we first compute the union I, = U“’fﬂ I, of the predicted-

record lists of the partial keyword & to generate an ordered predicted list by
using a sort-merge algorithm. Then, we compute the intersection of several lists
Nl.,1;. i the sizes of these inverted lists are large, it is axpensive to compute the
predicted records. Various algorithms can be adopted here. Specifically we
consider two methods. One way is to use a merge-join algorithm to intersect the
lists, assuming these lists are pre-sorfed. Another way is to check whether each
record on the short lists appears in other fong lists by doing a binary search ora
hash-based lookup. The second method has been shown to achieve a high

performance.
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[00220] D. Treating Every Keyword as a Partial Keyword

[00221] In most cases, when a user types in a space character, the user
may not modify the keywords before the space. Thus we can freat them as
complete keywords. In some cases, the user may modify them to refine the
answer, or may input parial keywords due to their limited knowledge, such as
“pad smyt” for “padhraic smyth”. To address this issue, we can treat every input
keyword as a partial keyword. We can answer the query in a similar manner. We
identify the predicted words and predicted records for every partial keyword as

discussed above, and compute the predicted records of the query as discussed

the keyword k;, denotedas /; [ |, ;707 !fq, . We compute the predicted records

3:2 7
as 1., ({’}?11 fi_f)' We can easily extend the aigorithms discussed above to

compute this intersection.

[00222] E. Ranking Predicted Records
{00223) We want to return a smaller number of relevant records for reasons
such as limited interfaces on the client. A variety of ranking funclions can be
used to rank the predicted records. Here, we consider a specific ranking function
by utilizing the fact that every keyword can be treated as a partial keyword,
which s quite different from search interfaces that treat every input keyword as a
complete keyword.
{00224] Given an input query Q = fky, ky; 7 7, ki, for each predicted record
r, for each 1 57 %/ there exists al least one predicted word w; for ki in r. Since k;
must be a prefix of w;, we can guantify their similanity as:

[00225] sim{bow) = |kl wil o (1)
{00226] if there are multiple predicted words in rfor a partial keyword k;, we
select the predicted word w; with the maximal similanity to k. We also consider
the weight of a predicted word to capture the importance of a predicted word in
the data. For example, we can use the inverse document frequency of a
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keyword w; to quantify is weight, denoted as idf,, . In addifion, we take into
account the number of attributes that the | predicted words appear in, denoted as
.. Accordingly, by combining these three parameters, we propose a ranking

function to score rfor the query Q as follows:
[00227] SCORE{(r,Q} = a=x Zgziifif;‘,{ « sim{k, w4+ {1 — a)» % , {2y

Via

[00228] where ¢is & tuning parameter between 0 and 1.

{00229] Highlighting: When a user types in some keywords, as we {reat
avery keyword as a partial keyword, we want {0 highlight the predicted words of
each keyword. We highlight the prefix of the predicted word that the user has
typed. For example, for the input keyword “lu” and its predicted word “luis”, we
highlight it as "luis™. To efficiently highlight a predicted word, we need {o store the
information {on the inverted list) about in which altribute the word appears, and
the offset of the word in the attribute, in addition to the record ID. For example, in
Fig. 3, for node 16 with respect to the slring “luis”, on its inverted list, we need to
keep its record 1D (7}, attribute 1D (3}, and offset in the attribute (20). {For

simplicity, we only show record 1Ds in the figures.)

[00230] Synanyms:

[00231] We can ulilize a-priori knowledge about synonyms to find relevant
records. For example, “William = Bill” is 8 common synonym in the domain of
person names. Suppose in the underlying data, there is a person called “Bill
Gates”. If a user types in “William Gates”, we can aiso find this person. To this
end, on the trie, the node corresponding to “Bill” has a link to the node
corresponding to "William”, and vice versa. When a user types in “Bilt", in
addition to retrieving the predicted records for “BilY’, we also identify those of
"William” following the link. in this way, our method can be sasily extended to

utilize synonyms.

[00232] iSearch With Fuzzy Search
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[00233] Suppose a user wants to search for papers written by Christos
Faloutsos. The user does not know the exact spelling, and types in “chritos
felouts” as illustrated in Fig. 2. iSearch can still find relevant answers; we predict
“christos” for “chritos” and "faloutsos” for “flotsos”, and retrieve top-f relevant
records. iSearch with fuzzy search is appealing especially since even if the user
types in a query with minor errors due o limited knowledge, the system can still
find the answers that could be of interests to the user. A big challenge is how to
incrementally and efficiently identify the predicted words that are similar to the

input keywords. We develop an efficient algorithm to solve this problem.

00234} Froblem Formulation

{00235] We first extend the problem formulation above to support a fuzzy
search. We freat every input keyword in a given query as a partial keyword. For
each keyword, we identify its predicted words that have a prefix simifar to the
keyword within a given threshold, and refrieve the prediclted records that contain
a predicted word for every keyword. We use edit distance {o quantify the
similarity between two words w; and w; , dencted as ed(w,w; ). The edit distance
between two strings is the minimum number of edit operations (i.e., insertion,
deletion, and substiiution) of single characters needed {0 fransform the first one
to the second. For example, ed(chritos, christos) = 1 and ed{felouts, faloutsos) =
3.

{00238] Definition 2: (FUZZY SEARCH)

[00237] Given a table T, a query Q= fky, ko, 22 2, ki, and an edit-distance
threshold &, for 1 575/, let the predicted-word set W) for k; be {w 3w’ < w,

we W, edik,w) < 8} . Let the predicted-record set Robe {rlreRv1 s{3w; €
Wi w; appears inr} . We want to compute the top-f predicted records in Rg

ranked by their relevancy to Q.
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[00238] For simplicity, we assume we are given threshold & on the edit
distance between similar sirings. We can easily extend our solution by

dynamically increasing the threshold & for longer keywords.

[00239] B. Single Keyword

[00240] in the case of exact search, there exisis only one trie node
corresponding to a partial keyword k. We use this node to identify the predicted
words as discussed above. However, {0 support fuzzy search, we need to
predict the possible multiple words which have a prefix simifar to the partial
keyword. Thus, there may exist multiple trie nodes corresponding to these
words. We call these nodes the aclive nodes for the keyword k. We locate the
leaf descendants of the aclive nodes, and compute the predicted records
corresponding to these leaf nodes. For exampie, consider the trie in Fig. 4.
Suppose & = 2, and a user types in a parial keyword "nlis”. The words *I", “lin”,
i, and “luis”, are all similar to the input keyword, since their edit distances to
“nlis” is within & = 2. Thus nodes 11, 12, 13, and 18 are aclive nodes for the
partial keyword (Fig. 4 (g)). We find the leaf descendants of the active nodes as
the predicted words {'1{", “lin”, "liu”, and “luis™).

{00241] Now we consider how to incrementally compute active nodes for
query strings as the user types in letters. We develop a caching-based method
to achieve our goal. Given an input keyword &, different from exact search which
keeps only one trie node, we store the set of active nodes @y = { [n, &J )}, where
nis an active node for &, and ¢, = ed(k, n) £ 5. (Notice that for simplicity, we use
“i" {o represent both the trie node and its corresponding string.) We call ©, the
active node set for the keyword k {together with the edit-distance information for
gach actlive node). The idea behind our method is 1o use the prefix-filtering. That
is, when the user types in one more letter affer &, only the descendants of the
active nodes of k could be active nodes of the new query, and we need not
consider other {rie nodes. We use this property {o incrementally compute the

active-node set of a new query.
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[00242] For a new query, we will use the cached active-node sets {o
incrementally compute a new active-node set for the query as follows. Firstly, we
initialize an active-node set for the emply keyword ¢, e, O ={n & ] ] &=

[ n] <8} Thats, # includes all trie nodes n whose corresponding string has a
fength | n| within the edit-distance threshold &. These nodes are active nodes
for the empty string since their edit distances o ¢ are within &.

[00243] Assume a user has typed in a query string ¢16x 7. » ¢ letter by
letter. After the user types in a prefix query py= €10z - 7 7 ¢ {1 £ x), we keep an
active-node set @, for p. When the user types in a new character ¢ and
submils & new query fiy.1, we compute the active-node set @, for p.+ by using
‘3;}1 as follows. For each fn, & 1in fﬁp}: . we consider whether the descendants of
n are active nodes for py., as flustrated in Fig. 5. Forthe node n, f & + 1 < 9,
then n is an active node for p,.q, 80 we include fn; & + 1 into @, . This case
correspands to deleting the last character ¢, from the new query string Pre.
Notice that even if & + 1 = & is not true, this node n could still potentially
hecome an active node of the new query string, due o operations described
below on other active nodes in @, .

{00244] For each child 11, of node n, it has two possible cases.

[00245] The child node n, has a character different from ¢,.4. Fig. 5 shows
a node n, for such a child node, where 5" stands for “substitution,” the meaning
of which will become clear shortly. We have ed{ns; pwi) Sed{n pa+1=&+ 1L
If &+ 1=-8, then ns 18 an active node for the new string, so we put [N & + 1]
into 9, . This case corresponds to substituting the label of n; for the letter Ces.
2

{002486] The child node n¢ has a label ¢x.. Fig. 5 shows the node nyy, for
such a child node, where a7 stands for “matching,” the meaning of which will
become clear shortly. In this case, we have ed(n,, b1 S ed{m pd) = &G s

Thus, ny is an active node of the new stning, so we put [ny, & Jinto @, This

Prey”

case corresponds {o the match between the character ¢yt and the label of ny.

Py
o
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One subtlety here is that, if the distance for the node n,, is smaller than J, i.e., &
< §, we need to do the following: for each ny's descendant d that is at most & -
&, letters away from n,, we can safely add [d; &1 to the active-node set for the
new string pe1, where &= ¢, + | d}- | nm]. This operation corresponds to
insering several letlers after node n,,. For the node ng we need not consider ifs
descendants for insertions. Because if these descendanis are aclive nodes, they

must be in @,_, and we will consider them when processing such active nodes.

{00247} Notice that during the computation of set @, _, itis possible o add
two new pairs [v; &] and [v; &] for the same {rie node v. In this case, we always
keep the one with the smaller edit distance. That is, if & < &, we only keep the
former pair. The reason is that we only want to keep the edit distance between
the node v and the query string py.1, which means the minimum number of edit
operations to transform the string of v to the string pw1. The following lemma
shows the correctness of this algerithm, which can be proved by mathematical

induction. Here, we omit the proof.

[00248] Lemma 1:

[00249] For a query string px = €12 . 7 &y, I8t @, _be its active-node set.
Consider a new query striing Py = €182 77 1 6xCxe1. {1} Soundness: Each node
computed by the algorithm described above is an active node of the new query
string py+1. (2) Completeness: Every active node of the new guery string Py« will

be computed by the algonthm above.

[00250] Example 3:

{00251] Assume a user types in a query "nlis” letter by lefter. Suppose the
edit-distance threshold & is 2. Fig. 4 illustrates how our method works to process
the prefix queries invoked by keystrokes. Table 1l shows the details of how fo
compute the active-node sets incrementally. Firstly, we initialize @, = { 0,0},
0,1, [11,2], [14.2] } {Fig. 4a and Table lll {a)). When the user types in the first

P41
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character “n”, for the string § = “n”, we compute its active-node set @, based on
@, as follows. For [0; 0] € ®,, we put [0; 1] into @y, since we can delste the letter
. For node 10, which is a c¢hild of node 0 with a letter *I", we put [10; 1] into @,
as we can substitute “I” for "n". There are no match and insertion operations as
node 1 has no child with fabel “n”. In this way, we get @, (Fig. 4b and Table il
{b)). Similarly, we can answer the prefix queries of "nlis”.

[002582] For each active node, we predict the words corresponding to ifs
leaf descendants. Consider the active-node set for the prefix query “nf” as shown
in Fig. 4c. For [11; 2], we compute the predicted words of “li, "in”, and “liv”, and
the predicted records of 1, 3, 4, and &,

J00253] C. Multiple Keywords

[00254] iSearch

[00255] Now we consider how {o do fuzzy search in the case of a guery
with muitiple keywords first in the context of using 1Search. Second, we will
consider below a fuzzy search with multiple keywords using intersection of
muitiple lists of keywords and then cache-based incremental intersection.
{00256] For each keystroke, we first tokenize the query string into several
keywords. Then we identify the predicted words and predicted records of each
keyword as discussed before. Different from the case of exact search, in fuzzy
search, there could be multiple active nodes for each partial keyword, instead of
only one trie node in exact search. For example, in Fig. 44, suppose a user
types in a query “nili”. The active nodes are 10, 11, 12, 13, 14, and 15, The
predicted words are "li, “in”, "B, "W, and "’ There are multiple active nodes
for each keyword. We need to combine the predicied records for every active
node, and generate an ordered list for the keyword. Then we can use the
algorithms described above {0 compute the predicted records for the query.

fO0257] Discussions
[00258] Highlighting:

L
o
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[00259] We extend the highlighting method discussed above to support
fuzzy search. it is relatively easy to highlight the predicted word in exact search,
as the input keyword must be a prefix of the predicted word. However it is not
straightforward {o highlight predicted words in fuzzy search. This is because,
given an input keyword and one of is predicted words, the input keyword may
ot be g prefix of the predicted word. Instead, the input keyword may be similar
to some prefixes of the predicted word. Thus, there could be multiple ways o
highlight the predicted word. For example, suppose a user types in “lus”, and
there is a predicted word “luis”. Both prefixes "lui” and “luis” are similar to “lus’,
and there are several ways to highlight the predicted word, such as “luis” or
Huis”. To address this issue, we use the concept normalized edit distance (ned
for short).

{00260] Definition 3: {NORMALIZED EDIT DISTANCE)

{00261] Given two words w; and w; , their normalized edit distance is:
[00262] ned(w, w) = ed{wsw;) ¢ max{jwil; |w ]}, (3)

[00263] where | w;| denotes the length of w,. Given an input keyword and

one of ifs predicted words, we highlight the prefix of the predicted word with the
minimum ned to the keyword. We call such a prefix a best predicted prefix, and
call the corresponding normalized edit distance the “minimal normalized edit
distance,” denoted as "mned”. This prefix is considerad o be most similar to the
input keyword. For example, for the keyword “lug” and its predicted word "luis”,
we have ned(flus™, ") =2 3 | ned(tus”, W) =1 3, ned(tus”, "wi"y=1 3, and
ned{“lus”, “uis”) = 1 4 . Since mned("lus”, “luis™) = ned{"lus”, “luis™}, we highlight
“uis”.

[00264] 2} Ranking:
{002658] As before, a variety of ranking functions can be used to rank the
predicied records. Here, we consider a specific ranking function by utilizing the

fact that input keywords may be fuzzy. Consider an input keyword k; and one of

L
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its predicted words, wi. As & may not be a prefix of w;, but similar to a prefix of w;,
then | k;|/ | w;] may not accurately quantify the similarity between k; and w;. If k)
is a complete keyword, ned can guantify the simdarity; otherwise, if & is a partial
keyword, mned is a better function to quantify their similarity. We combine the
two functions to quantify their similarity as follows:

[00266] sk, wi) = v* (1 - ned(k; w)) + (1 -y) (1 - mned{k; w}); {(4)
[00287] where y Is a tuning parameter between 0 and 1. Accordingly, we
can exiend the ranking function Equation 2 using this similarity function to rank
records in fuzzy search.

{00268] In summary, we disclose a computing paradigm, called iSearch,
that supports interactive, fuzzy search on structured data. We have developed
several novel techniques 1o interactively and efficiently search the underlying
data on the- fly. We also considered how 10 support fuzzy search in the
framework, by using a prefix-filtering-based method to incrementally identify
related keywords. We have developed several prototypes on real applications.
The experimental results show that our methods can achieve a high search
efficiency and result quality.

{00269] Now consider a fuzzy search using multiple keywords more outside
the limited context of iSearch. The goal is fo efficiently and incrementally
compute the records with keywords whose prefixes are similar to those query
keywords. We focus on several challenges in this setling.

{00270) Intersection of muitiple lists of keywords:

[00271] Each query keyword (ireated as a prefix) has multiple predicted
complete keywords, and the union of the lists of these predicted keywords
includes potential answers. The union lists of mutltiple query keywords need to
be intersected in order fo compute the answers {o the query. These operations
can be computationally costly, especially when each query keyword can have
muitiple similar prefixes. We consider various algorithms for computing the

answers efficiently.
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[00272] {2} Cache based incremental intersectionm

{00273] In most cases, the user types the query letter by letter, and
subsequent queries append additional letters to previous ones. Based on this
observation, we consider how to use the cached results of earlier queries {o

answer a query incrementally

{00274] intersecting Union Lists of Prefixes

{002785] Faor simplicity, we first consider exact search, and then extend the
results to fuzzy search. Given a query Q= {p4, po, . .. . p4, suppose {k; k. . . }
is the set of keywords that share the prefix p. Let ij denote the inverted list of

;"(:gj, and Uy = U; by be the union of the lists for p. We study how to compute the

answer to the query, e, N U,.

[00276] Simple Methods:

[00277] One method is the following. For each prefix p,, we compute the
corresponding union list U, on the fly and intersect the union lists of different
keywords. The time complexity for computing the unions could be O(X;;L; ).

The shorter the keyword prefix is, the slower the query could be, as inverted lists
of more predicted keywords need to be traversed to generate the union list. This
approach only requires the inverted lists of trie leaf nodes, and the space
complexity of the inverted lists is O(n x L), where n is the number of records and
L. is the average number of distinct keywords of each record.

[00278] Alternatively, we can pre-compute and store the union list of each
prefix, and intersect the union lists of query keywords when a query comes. The
main issue of this approach is that the precomputed union lists require a large
amount of space, especially since each record occurrence on an inverted list
needs to be stored many times. The space complexity of all the union lists is O(n
x L. x w), where w is the average keyword length. Compression techniques can
be used to reduce the space requirement.

LY
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[00279] Efficient Prefix Intersection Using Forward Lists:

{00280] We develop a new solution based on the following ideas. Among
the union lists Uy, Uy, . . ., U, we identify the shortest union list. Each record ID
on the shortest list is verified by checking i it exists on all the other union lisis
{following the ascending order of their fengths). Notice that these union lists are
not materialized in the computation. The shortest union list can be fraversed by
accessing the {eaf nodes of the corresponding prefix. The length of each union
list can be pre-computed and stored in the trie, or estimated on-the-fly. To verify
record occurrences efficiently, a forward list can be maintained for each record r,
which is a sorted list of 1Ds of keywords inr, denoted as F,. A unique property of
the keyword {Ds is that they are encoded using their alphabetical order.
Therefore, each prefix pi has a range of keyword 1Ds [Minid;, Maxld], so that if p
is a prefix of ancther string s, then the 1D of s should be within this range.
{00281) An interesting observation is, for a record r on the shortest union
list, the problem of verifying whether r appears on (non-materialized) union list
Ui of a query prefix py, is equivalent to testing if px appears in the forward list F;
as a prefix. We can do a binary search for Minldg on the forward listF togeta
fower bound idy, and check if Idy 18 no farger than Maxid,. The probing
succeeds if the condition holds, and fails otherwise. The time complexity for
processing each single record r is O[{f ~ 1)log L], where { is the number of
keywords in the query, and L is the average number of distinct keywords in each
record. A good property of this approach is that the time complexity of each
probing does not depend on the lengths of inverted lists, but on the number of
unique keywords in a record {(logarithmically).

{00282] Fig. 7 shows an example when a user types in a query “vidb I,
The predicted keywords for “i" are "li", “in”", “line”, and "linux”. The keyword-iD
range of each query keyword is shown in brackets. For instance, the keyword-
1D range for prefix ‘" is [3, 3], which covers the ranges of “lin” and “iu”. To
intersect the union list of "vidb” with that of “It", we first identify “vidb” as the one
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with the shorter union list. The record IDs (6, 7, 8, . . ) on the list are probed one
by one. Take record 6 as an example. its forward list contains keyword 1Ds 2, 4,
8, .. .. We use the range of “li” to probe the forward list. By doing a binary
search for the keyword ID 3, we find keyword with 1D 4 on the forward list, which
is then verified {o be no larger than MaxID = 6. Therefore, record 6 is an answer
to the query, and the keyword with 1D 4 (which appears in record 8Y has ‘W as a

prefix.

[00283] Extension o Fuzzy Search:

{00284) The algorithm described above naturally extends to the case of
fuzzy search. Since each guery keyword has multiple active nodes of similar
prefixes, instead of considering the union of the leaf nodes of one prefix node,
now we need 1o consider the unions of the leaf nodes for all active nodes of a
prefix keyword. The lengths of these union lists can be estimated in order to find
a shortest one. For each record r on the shortest union list, for each of the other
query keywords, for each of its active nodes, we test if the corresponding similar

prefix can appear in the record r as a prefix using the forward list of r.

{00285] Cache-Based Intersection of Prefixes

[002886] Above we presented an algorithm for incrementally computing
similar prefixes for a query keyword, as the user types the keyword letter by
jetter. Now we show that prefix intersection can also be performed incrementally
using previously cached results.

[00287] We use an example to illustrate how to cache gquery results and
use them to answer subsequent queries. Suppose a user types in a keyword
query Qy = “cs co”. All the records in the answers to Q4 are computed and
cached. For a new query (3 = “cs conf”’ that appends two letters to the end of
Q4, we can use the cached results of Q4 1o answer Q, because the second
keyword “conf” in QQz is more restrictive than the corresponding keyword “co” in

Q4. Each record in the cached results of Q4 is verified to check if “conf” can
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appear in the record as a prefix. In this way, Q; does not need to be answered
from scratch. As in this example, in the following discussion, we use “Q4” to refer
to a query whose results have been cached, and “Q;” to refer fo a new query

whose results we want to compute using those of Q.

[00288] Cache Miss:

Often the more keywords the user types in, the more typos and
mismatches the query could have. Thus we may want 1o dynamically increase
the edit-distance threshold 3 as the query string is getling longer. Then itis
possible that the threshold for the new query Q; is strictly larger than that of the
original query Q. In this case, the active nodes of keywords in 3y might not
inciude all those of keywords in Q. As a consequence, we cannot use the
cached results of Q {active nodes and answers) fo compute those of Q. This

case is a cache miss, and we need to compute the answers of Q; from scratch.

[00289] Reducing Cached Resulls:

{00290] The cached resuits of query Q, could be large, which could require
a large amount of time fo compute and space to store. There are several cases
where we can reduce the size. The first case is when we want to use pagination,
i.e., we show the resuils in different pages. in this case, we can traverse the
shortest list partially, untd we have enough results for the first page. As the user
browses the results by clicking "Previous” and “Next” links, we can continue
traversing the shortest list to computle more results and cache them.

{00291] The second case s when the user is only interested in the best
results, say, the top-k records according a ranking function, for a predefined
constant k. Such a function could allow us to compute the answers to the query
Qy without traversing the entire shortest list, assuming we are sure that sgll the
remaining records on the list cannot be better than the results already computed.
In other words, the ranking function allows us 1o do early termination during the
traversal. When using the top-k results of Q4 to compute the top-k results of Q,

it is possible that the cached results are not enough, since Q; has a more
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restrictive keyword. In this case, we can continue the unfinished traversal on the
shortest list, assuming we have remembered the place where the traversal
stopped on the shortest list for query Q.

{00292] Fig. 8 shows an example of incrementally computing top-k answers
using cached resulls. A user types in a query “cs conf vanc” letter by lefter, and
the server receives queries “cs co”, "cs conf”, and “cs conf vanc” in order.
{Notice that it is possible that some of the prefix gqueries were not raceived by
the server due to the network overhead and the server delay.) The first query “cs
co” is answered from scratch. Assuming the union list of keyword "cs" is the
shorter one. The traversal stops at the first vertical bar. Each record accessed in
the traversal is verified by probing the keyword range of “co” using the forward
fist of the record. Records that pass the verification are cached. When we want
to answer the query “cs conf” incrementally, we first verify each record in the
cached result of the previous query by probing the keyword range of “conf”.
Some of these results will become results of the new query. if the resulis from
the cache is insufficient to compute the new top-k, we resume the traversal on
the list of “cs”, starting from the stopping point of the previous query, until we
have enough top-k results for the new query. The next query “cs confvanc™ is
answers similarly.

[00293] In the case of cache miss, i.e., earlier cached results cannot be
used {0 compute the answers of a new query, we may need to answaer the new
query from scratch. We may choose a different list as the shortest one to

traverse, and subsequent gueries can be computed incrementally similarly.

[00294] Ranking
[00295] in the context of the foregoing a ranking function considers various
factors to compute an overall relevance score of a record {o a query. The
following are several important factors.
a. Matching prefixes: We consider the similarity between a query
keyword and its best matching prefix. The more similar a record’s

L
N2



WO 2010/003129 PCT/US2009/049633

matching keywords are 1o the query keywords, the higher this
record should be ranked. The similarity is also related to keyword
tength. For example, when a user types in a keyword “circ”, the
word “circle” is closer to the query keyword than “circumstance”,
therefore records containing the word “circle” could be ranked
higher. In most cases exact matches on the query should have g
higher priority than fuzzy matches.

b. Predicted keywords: Different predicted keywords for the same
prefix can have different weights. One way to assign a score fo a
keyword is based on its inverted document frequency (1DF).

c. Record weights: Different records could have different weights, For
example, a publication record with many citations could be ranked
higher than a less cited publication.

{002986] As an example, the following is a scoring function that combines the
above factors. Suppose the query is Q ={p4, P2, . . .}, P is the best matching
prefix for p, and k; is the besi predicted keyword for p'. Let sim{p;, p) be an edit
similarity between p’ and pi. The score of a record 1 for QQ can be defined as:

[00297) Score(r, Q) = L lsim(p, py+a* {p] ~ ki) + B * scorelr, ki,

[00298] where o and B are weights (0 <« B <a < 1), and score{r, k) is a

score of record r for keyword k.

{00299] Highfighting Best Prefixes

{00300} Similarly, in the above context when displaying records {o the user,
the most similar prefixes for an input prefix should be highlighted. This
highlighting is straightforward for the exact-match case. For fuzzy search, a
query prefix could be similar to several prefixes of the same predicted keyword.
Thus, there could be multiple ways {o highlight the predicted keyword. For
example, suppose a user types in “lus”, and there is a predicted keyword “juis”.
Both prefixes “jui” and "luis” are similar to “lus”, and there are several ways to
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highlight them, such as “luis” or "luis”, To address this issue, we use the concept
of normalized edit distance. Formally, given two prefixes pi and pj, their
normalized edit distance is:

[00301]  ned(p; p) = ed(p, p)/max(pl. oy 1)

{00302] where |pi| denotes the fength of p. Given an input prefix and one of
its predicied keywords, the prefix of the predicted keyword with the minimum ned
to the query is highlighted. We call such a prefix a best maiched prefix, and call
the corresponding normalized edit distance the “minimal normahzed edit
distance,” denoted as "mned”. This prefix is considered {o be most similar to the
input. For example, for the keyword “lus” and its predicted word "luis”, we have
ned(tius”, "y =2 3, ned(flus”, "Wy =1 3, ned(*usg”, U™y = 1 3, and ned{flus”,
Huis™y = 1 4 . Since mned("lus”, “luis”) = ned(Mus”, "uis™), "luis” will be
highlighted.

{00303] Using Synonyms
[00304] in the above context we can utilize a-priori knowledge about

synonyms to find relevant records in the same manner as discussead above.

[00305] Many alterations and modifications may be made by those having
ordinary skill in the art without departing from the spirit and scope of the
invention. Therefore, it must be understood that the illustrated embodiment has
been set forth only for the purposes of example and that it should not be taken as
fimiting the invention as defined by the following invention and its various
embodiments.

[003086] Therefore, it must be understood that the illusirated embodiment
has been set forth only for the purposes of example and that it should not be
taken as limiting the invention as defined by the following claims. For example,
notwithstanding the fact that the elements of a claim are setforth below in a
certain combination, it must be expressly understood that the invention includes
other combinations of fewer, more or different elements, which are disclosed in
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above even when not inttially claimed in such combinations. A teaching that two
elements ara combined in a claimed combination is further fo be understood as
also allowing for a claimed combination in which the two elements are not
combined with each other, but may be used alone or combined in other
combinations. The excision of any disclosed element of the invention is explicitly
contemplated as within the scope of the invention.

[00307] The words used in this specification to describe the invention and
its various embodiments are 10 be understood not only in the sense of their
commonty defined meanings, but to include by special definition in this
specification structure, material or acts beyond the scope of the commonly
defined meanings. Thus if an element can be undersiood in the context of this
specification as including more than one meaning, then ifs use in a claim must be
understood as being generic to all possible meanings supported by the
specification and by the word itself.

{00308) The definitions of the words or elemeanis of the following claims are,
therefore, defined in this specification {o include not only the combination of
elements which are literally set forth, but all equivalent structure, material or acts
for performing substantially the same function in substantially the same way to
obtain substantially the same resull. In this sense it is therefore contemplated
that an equivalent substitution of two or more elements may be made for any one
of the elemaents in the claims below or that a single element may be substituied
for two or more elements in a claim. Although elements may be described above
as acting in certain combinations and even initially claimed as such, itis to be
expressly understood that one or more elements from a claimed combination can
in some cases be excised from the combination and that the claimed
combination may be directed to a subcombination or variation of a
subcombination.

{00309] Insubstantial changes from the claimed subject matter as viewed by
a person with ordinary skill in the art, now known or later devised, are expressly
contempiated as being equivalently within the scope of the claims. Therefore,
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obvious substitutions now or later known to one with ordinary skill in the art are
defined to be within the scope of the defined elements.

{060310] The claims are thus to be understood {o include what is specifically
iltustrated and described above, what is conceptionally equivalent, what can be
obviously substituted and also what essentially incorporates the essential idea of

the invention.
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We claim:

1. A method for efficient, interactive, and fuzzy search on text

data comprising:
using tree-based indexes to efficiently index the data;
using an algorithm 1o traverse the tree as the user types in a query;
adaptively maintaining the intermediate results for the query {o support
interactive, fuzzy search; and
sorting the candidate results using ranking algorithms.

2. The method of claim 1 further comprising performing query
relaxation, autocompletion, or spell checking.

3. The method of claim 1 where there is a single input search
box, which allows keyword queries on a plurality of data fields wherein the search is
interactive, allows minor errors in the keywords, supporis synonyms, and/or allows
multiple keywords.

4, The method of claim 1 used in an information system to
allow users to interactively search for text data even with minor errors.

5, A method for searching a structured data table T with m
attributes and n records, where A = {g4; a;; 1 . | | 8} denotes an attribute set, R = {ry; ry;

T, where given two words, wiand w;, "w; £ w;" denotes that w; is a prefix string of w;,
where a query consists of a set of prefixes Q = {p+, pa, . . ., o}, where a predicted-word
set is Wy, = {w|w is a member of W and k, £ w}, the method comprising for each prefix
p; finding the set of prefixes from the data set that are similar to p,, by:

determining the predicted-record set R = {r | ris a member of R, for
every i; 1 =i=i-1, pjappears inr, and there exists a w included in Wk_}, W appears in
1} and

for a keystroke that invokes query Q, retumning the top-t records in Rg for a

given value {, ranked by their relevancy to the guery.
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6. The method of claim 5 where retuming the top-i records in
Rg for a given value t, ranked by their relevancy 1o the query comprises finding a trie
node corresponding to a keyword in a trie with inverted lists on leal nodes by traversing
the trie from the root; locating leaf descendants of the trie node corresponding to the
keyword, and retrieving the corresponding predicted words and the predicted records
on inverted lists.

7. The method of claim & where retumning the top-i records in
Raq for a given value {, ranked by their relevancy 1o the query comprises maintaining a
session cache for each user where each session cache keeps keywords that the user
has input in the past and other information for each keyword, including its
corresponding trie node and the top- predicted records.

8. The method of claim 7 where maintaining a session cache
far each user comprises inputling In a query string ¢1C; & | | ¢y letter by letter, where p; =
CiCy 1 G I8 & prefix query {1 s % x) and where ny; is the irie node corresponding 1o pi.,
and after inpulting in the prefix query o, storing node n; for py and its top-t predicted
records, inputting a new character ¢, at the end of the previous query stiing ¢1¢z 2 12
¢y, determining whether node n, that has been kept for py has a child with a label of
Cx+1. if 80, locating leaf descendants of node ny,y, and refrieving corresponding
predicted words and the predicted records, otherwise, there is no word that has a prefix
of pyes, and then returming an emply answer.

9. The method of claim 7 further comprising modifying a
previous query string arbitranly, or copying and pasting a completely different siring for
a new query string, among all the keywords input by the user, identifying the cached
keyword that has the longest prefix with the new query.

10. The method of claim 7 further where prefix queries py; pa; 1
. ; pchave been cached, further comprising inputling a new query P =¢iCy 1 ¢¢ 100
Gy, finding p; that has a longest prefix with p', using node n; of p; to incrementally
answer the new query p’ by inserting the characters after the longest prefix of the new
query ¢ 1oy one by one, it there exists a cached keyword py = p', using the cached
top-t records of p: to directly answer the query p'; otherwise if there is no such cached
keyword, answering the query without use of any cache.
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11. The method of claim 6 where returming the top- records in
Rg for a given value t, ranked by their relevancy 1o the query comprises tokenizing a
query string into several keywords, kK« ko @ k; foreach keyword i {1 =isi- 1)
determining only a predicted word, k;, and ong predicted-record list of a trie node

corresponding o k, denoted as |, where g predicted words for k, and their

records by NZHLN (U?=1 i;j) namely taking the union of the lists of predicted keywords
for partial words, and intersecting the union of lists of predicted keywords for partial
words with lists of the complete keywords.

12. The method of claim 11 where determining the predicted
records by NZ1L N (U;‘: . hj) comprises determining the union I; = UL, I, of the
predicted-record lists of the partial keyword k; to generate an ordered predicted list by
using a sort-merge algorithm and then determining the intersection of several lisis
ﬂ§=1 I by using a merge-join aigorithm o intersect the lists, assuming these lists are
pre-sorted or determining whether each record on the short lists appears in other long
lists by doing a binary search or a hash-based lookup.

13. The method of claim 5 where returning the top-t records in

Rp for a given value {, ranked by their relevancy {o the query comprises freating every

predicted record r, for each 1 =i =, there exisis at least one predicted word w for ki in
r, since k; must be a prefix of wy, quantifying their similarity as:

sim{kowi) = [k} 7 | wi
if there are multiple predicted words in r for a partial keyword k;, selecting the predicted
word w; with the maximal similarity to k; and quantifying a weight of a predicted word {o
capture the importance of a predicted word, and {aking into account the number of
attributes that the | predicted words appear in, denoted as n,, to combine similarity,
weight and number of attributes to generate a ranking function o score r for the query
Q as follows:
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¢

1
SCORE(r, Q) = a * Zidfm «simk,wy) + (1 — o) » —,
st VG;:

where Q is a tuning parameter between 0 and 1.

14. The method of claim & for searching a structured data table
T with the query Q = {ky; kg: 11 1 ki, where an edit distance between {wo strings s and
s, denoted by ed(s4, sz}, is the minimum number of edit operations of single characters
needed to transform the first string s+ 10 the second string s, and an edit-distance
threshold 8, for 1 s i s 1, where a predicted-word set W, for ki is {w | 3w sw, we
W, ed{k,w') < 8}, where a predicted-record setRgis{rire Rv1 sL3w; €
Wi, w; appears in r} comprising determining the top-t predicted records in R ranked by
their relevancy to Q with the edit-distance threshold &.

15. The method of claim 5 where determining the predicted-
record set Rg comprises determining possible multiple words which have a prefix similar
to a partial keyword, including multiple trie nodes corresponding fo these words defined
as the active nodes for the keyword k, locating leaf descendants of the active nodes,
and determining the predicted records corresponding to these leaf nodes.

16. The method of claim 14 further comprising:
inputting a keyword k, storing a set of active nodes @ = { [n, {;]} . where nis an active
node for k, and &, = ed{k; n} £ 9,

inputting one more letter after k, and

finding only the descendants of the active nodes of k as active nodes of
the new query which comprises inttializing an active-node set for an empty keyword g,
e, @ ={in ] | Ep = | n| <6}, namely including all trie nodes n whose
corresponding string has a length | n| within the edit-distance threshold &, inputting a
query string CCz 1 [ Cy lefter by letter as follows: after inputting in a prefix query p; =
C1Cz 1 11 G (i £ X), storing an active-node set @, for p, when inputting a new character

Cy+y @nd submitting a new query py, iINcrementally determining the active-node set
@Px-i»l
descendants of n are aclive nodes for pe.s, forthe node n, if &, + 1 < 6, then nis an

for px+t by using @, as follows: for each [n; {n ] in @, , we consider whether the

active node for py., then storing [n; & + 1] indo @, for each child n; of node n, (1) the
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child node n has a character different from ¢, ed{ng pee) S ed{m p)+ 1 =8+ 1, f
¢y + 1 58, then ng is an active node for the new string, then storing [n,; §, + 1] into
Pi.r OF (2) the child node n, has a label ¢,.4 is denoted as a matching node ny, ed{ny,;
Prst) S 04N py) = &5 £ 8, s0 that ny, 18 an active node of the new string, then storing
[Pe: §n ] into @, , but if the distance for the node ny is smaller than §, L.e., {, < 3, then
for each ny's descendant d that is at most & - {, letters away from ny, adding {d; {s } o
the active-node set for the new string pyer, where &= & + | d]- [ nal.

17. The method of claim 16 where during storing set @, _, itis
possible to add two new pairs {v; £4] and [v; &;] for the same trie node v in which case
storing the one of the new pairs [v; &} and [v; &,] for the same trie node v with the
smaller edit distance.

18. The method of claim 14 where given two words wand w;,
their normalized edit distance is:

ned(w; w;) = ed{wywy) ~ max(fwil; [w |);

where lw;ﬁ denotes the length of wi, where given an input keyword and one of its
predicted words, the prefix of the predicted word with the minimum ned s defined as a
best predicted prefix, and the corresponding normalized edit distance is defined as the
“‘minimal normalized edit distance,” denoted as “mned” and where retumning the top-t
records in Rq for a given value {, ranked by their relevancy to the query comprises
determining § k; 1s a complete keyword, then using ned to quantify the similarity;
otherwise, If ki is a partial keyword, then using mned {0 quantify their similarity, namely
guantifying similarity of two words using:

sim(ks wi) = v* {1 - ned(k; wi)) + {1 -y) * (1 - mned(k; w))):
where y is a8 tuning paramster between D and 1.

19. The method of claim 6 where returning the top-1 records in
Rg for a given value t, ranked by their relevancy {o the query comprises among the
union Bists Uy, U,, . .., Uy, of the leaf nodes of each prefix node identifying the shortest
union list, verifying each record 1D on the shortest fist by checking if it exists on all the
other union lists by maintaining a forward list maintained for each record r, which is a

sorted list of 1Ds of keywords inr, dencted as F. so that each prefix p; has a range of
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keyword 1Ds [Minld;, Maxid], verifying whether r appears on a union list Uy of a query
prefix py for a record r on the shortest union list by testing if px appears in the forward
list Fr as a prefix by performing a binary search for Minld;, on the forward listF to get a
lower bound idy,, and check if Idy, 1s no {arger than Maxldy, where the probing succeeds
if the condition holds, and fails otherwise.

20. The method of claim 19 where each query keyword has
multiple active nodes of similar prefixes, instead of determining the union of the leaf
nodes of one prefix node, determining the unions of the leaf nodes for all active nodes
of a prefix keyword, estimating the lengths of these union lists to find a shortest one, for
each record r on the shortest union list, for each of the other query keywords, for each
of its aclive nodes, testing if the corresponding simitar prefix appears in the record r as
a prefix using the forward list of v, Fr.

21. The method of claim 7 where maintaining a session cache
for each user comprises:

caching query results and using them {o answer subsequent queries;

increasing the edit-distance threshold & as a gquery string is getting longer
in successive queries;

using pagination to show query results in different pages to partially
traverse the shortest list, until enough results have been obtained for a first page,
continuing traversing the shortest list to determine more query results and caching
them; or

retrieving the top-k records according a ranking function, for a predefined
constant k, verifying each record accessed in the traversal by probing the keyword
range using the forward list of the record, caching records that pass verification, then
when answering a query incrementally, first verifying each record in the cached result
of the previous increment of the query by probing the keyword range, if the resuits from
the cache are insufficient {0 compute the new fop-k, resuming the traversal on the list
starting from the stopping point of the previous query, until we have enough top-k
results for the new query.

22. The method of claim 8 for a keysiroke that invokes query Q,
returning the top-t records in Rq for a given value t, ranked by their relevancy to the
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query comprises matching prefixes which includes the similarity between a query
keyword and its best maiching prefix; predicted keywords where different pradicted
keywords for the same prefix can have different weights, and record weights where
different records have different weights, where a query is Q = {p¢, pa, . . .}, where p' is
the best matching prefix for p;, and where k; is the best predicted keyword for p';, where
sim(p;, pi) is an edi similarity between p' and p; and where the score of a record v for Q
can be defined as:

Score(r, Q) = Sifsim(p;, p{) +a* |p{| - |k]) + B~ score(r, k],
where a and B are weights (0 < B < a < 1), and scorel(r, k) is a score of record r for
keyword k;.

23. A method for fuzzy type ahead search where Ris a
collection of records such as the tuples in a relational table, where D is a data set of
words in R, whare a user inputs a keyword query letter by letter, compnsing:

finding on-the-fly records with keywords similar {o the query keywords by
using edit distance to measure the similarity between strings, where the edit distance
between two strings s and s, denoted by ed(s,, ), is the minimum number of single-
character edit operations, where Q is the keyword query the user has input which is a
sequence of keywords [wy, wa, 11, Wn |

treating the last keyword w,, as a partial keyword finding the keywords in
the data set that are similar {0 query keywaords, where 1 is a function that quantifies the
simiarity between a sinng s and a query keyword w in D, including, but not imited {o:

(s, w) = 1 - ed(s, w) / | w| ,
where | w] is the length of the keyword w; and

normalizing the edit distance based on the query-keyword length in order
to allow more errors for longer query keywords, where d be a keyword in D, for each
complete keyword w 1 =1, ., m - 1), defining the similarnity of d to w; as:

Sim{d, wi) = 11(d, wy),
since the last keyword wy, is treated as a prefix condition, defining the similarity of d to
Wn 85 the maximal similarity of d's prefixes using function 11, namely Sim{d, w,, ) = max
prefix p of d 11(p, wWn ), where 1 is a similarity threshold, where a keyword in D is similar

to a query keyword w if Sim{d, w) 2 1, where a prefix p of a keyword in D is similar to the
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query keyword wy, (P, Wi ) 2 1, where ©(w {i= 1, . 1 1, m) denotes the set of
keywords in D similar o w, and where P{w,, } denotes the set of prefixes of keywords in
D simifar to we .

24. The method of claim 23 further comprising:

ranking each record r in R based on its relevance {o the guery, where F(;}
is a ranking function that takes the query Q and a recordr € R;

determining a score F(r, Q) as the relevance of the record r to the query
Q, and

given a positive integer k, determining the K best records in R ranked by
their relevance to Q based on the score F(r, Q).

25. The method of claim 24 where determining a score F{r, Q)
as the relevance of the record r to the query Q comprises determining the relevance
score F{r, Q) based on the similarities of the keywords in r and those keywords in the
query given that a keyword d in the record couid have different prefixes with different
similarities 1o the partial keyword wy, , by taking their maximal value as the overall
similarity between d and wy , where a keyword in record r has a weight with respect tor,
such as the term frequency TF and inverse document frequency 1DF of the keyword in
the record,

26. The method of claim 23 where the dataset D comprises a
trie for the data keywords in D, where each trie node has a character label, where each
keyword in D corresponds {o a unique path from the root {6 a leaf node on the trie,
where a leaf node has an inverted list of pairs [rid, weight]i, where rid is the iD of a
record containing the leaf-node string, and weight is the weight of the keyword in the
record and further comprising determining the {op-k answers to the query Q in two steps
comprising:

for each keyword w; in the query, determining the similar keywords ®{(w;}
and similar prefixes Plwy ) on the trie; and

accessing the inverted lists of these similar data keywords to determine
the k best answers {o the query.

27. The method of claim 26 where accessing the inverted lists of

these similar data keywords to determine the k best answers to the query comprises
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randomly accessing the inverted list, in each random access, given an {D of a record r,
retrieving information related to the keywords in the query Q, to determine the score F(r,
Q) using a forward index in which each record has a forward list of the {Ds of its
keywords and their corresponding weights, where each keyword has a unique ID
corresponding s leaf node on the trie, and the iDs of the keywords follow their
alphabetical order.

28. The method of claim 27 where randomly accessing the
inverted list comprises:

maintaining for each trie node n, a keyword range {in, un], where in and
un are the minimal and maximal keyword 1Ds of its leaf nodes, respectively;

verifying whether record r contains a keyword with a prefix similar {0 wy, |
where for a prefix p on the trie similar {0 wy, checking if there is a keyword 1D on the
forward list of r in the keyword range [i,, up] of the trie node of p, since the forward list of
r sorted, this checking is performed a binary search using the lower bound |, on the
forward list of r to get the smallest D * no less than §, the record having a keyword
similar o wy, if y exists and is no greater than the upper bound up, {8,y € Uy

29. The method of claim 27 where randomly accessing the
inverted list comprises:

for each prefix p similar to wy, |, traversing the sublrie of p and identifying
its {eaf nodes;

for each leaf node d, for the query Q, this keyword d has a prefix simifar {o
Wy, in the guery, storing

[Query 1D, partial keyword wy, , sim(p, wm J].

in order to differentiate the query from other queries in case mulliple queries are
answered concurrently;

storing the similarity between w,, and p:

determining the score of this keyword in a candidate record, where in the
case of the leaf node having several prefixes similar {0 wy , storing thelr maximal
simiarity to wyy |
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for each keyword w; in the query, storing the same information for those
trie nodes similar to wy, defining stored entries for the leaf node as its collection of
refevant query keywords;

using collection of relevant query keywords to efficiently check if a record v
containg a complete word with a prefix similar {o the partial keyword wy by scanning
the forward list of r, for each of its keyword 1Ds, locating the corresponding leaf node on
the trie, and testing whether its collection of relevant query keywords includes this query
and the keyword wy, , and if so, using the stored string simitarity io determine the score
of this keyword in the query.

30. The method of claim 24 where determining the score F{r, Q)
comprises:

for each keyword w in the query, determining a score of the keyword with
respect o the record r and the query, denoted by Scorelr, w, Q); and

determining the score F{r, Q) by applying a monotonic function on the
Scorelr, w, Q)'s for all the keywords w in the query.

31. The method of claim 30 where d is a2 keyword in record r
such that d is similar to the query keyword w, d € ®&(w), where Score{r, w, d) denctes
the relevance of this query keyword w 1o the record keyword d, where the relevance
valug Score(r, w, Q) for a query keyword w in the record is the maximal value of the
Score(r, w, dY's for all the keywords d in the record, where defermining a score of the
keyword with respect to the record r and the query, denoted by Score(r, w, Q)
comprises finding the most relevant keyword in a record 10 a query keyword when
computing the relevance of the query keyword to the record as an indicator of how
important this record is to the user query.

32. The method of claim 31 where F(r, Q) is

Fir, Q)= Z?;l Score(r, w, Q)

where
Score(r, wi, Q) = MAX racors keyword ¢ in r {SCOTE(T, Wi, )},
and
Score(r, wi, d) = Sim{d, wy) ™ Weight(d, r)
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where Sim(d, w;} is the similarity between complete keyword w; and record
keyword d, and Weight(d, r)is the weight of d in record r.

33. The method of claim 31 comprising partitioning the inverted
lists into several groups based on their corresponding query keywords, where each
query keyword w has a group of inverted lists, producing a st of record 1Ds sorted on
their scores with respect to this keyword, and using a top-k algorithm to find the k best
records for the query.

34, The method of claim 33 where using a top-k algorithm to find
the k best records for the query comprises for each group of inverted lists for the query
keyword w, retrieving the next most relevant record 1D for w by building a max heap on
the inverted lists comprising maintaining a cursor on each inverted list in the group,
where the heap is comprised of the record 1Ds pointed by the cursors so far, sorfed on
the scores of the similar keywords in these records since sach inverted list is already
sorted based on the weights of its keyword in the records and all the records on this list
share the same similarity between this keyword and the gquery keyword w the list is also
sorted based on the scores of this keyword in these records, retrieving the next best
record from this group by popping the top element from the heap, incrementing the
cursor of the list of the popped element by one, and pushing the new element of this list
to the heap, ignoring other lists that may produce this popped record, since their
corresponding scores will no longer affect the score of this record with respect to the
query keyword w.

35. The method of claim 34 where Ly, ., L are inveried lists
with the similar keywords dy, :::, dy, respectively, and further comprising sorting these
inverted lists based on the similarilies of their keywords to w, Sim{(dy, w), ., sim{d,
w), constructing the max heap using the lists with the highest similarity values.

36. The method of claim 26 further comprising improving sorted
access by precomputing and storing the unions of some of the invered lists on the {ne,
where v is a trie node, and U(v) is the union of the inverted lists of v's leaf nodes, sorted
by their record weights, and If a record appears more than once on these lists, selecting
its maximal weight as its weight on list U{v), where U{v) is defined as the union list of
node v.
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37. The method of claim 36 where v is a {rie node comprising
materializing union list U{v), and using U{v) to speed up sorted access for the prefix
keyword wr, is that U{v) is sorted based on ifs record weights, where the value Score(r,
W , G;) of @ record r on the list of a keyword d; with respect to wy, is based on both
Weighi{di, v} and Sim{di, wy, ), where all the leal nodes of v have the same similarity to
W , where all the leaf nodes of v are similar to wy, , namely their similanty to w8 no
less than the threshold 1 so that the sorting order of the union list U{v) is also the order
of the scores of the records on the leaf-node lists with respect 10 wy, .

38. The method of claim 37 where B is a budget of storage
space available to materialize union lists comprising selecting trie nodes to materialize
their union lists to maximize the performance of queries, where a node is defined as
“‘materialized” if its union list has been materialized, where for a query Q with a prefix
keyword wy, , some of the trie nodes have their union lists materialized, where v is the
highest trie node that is usable for the max heap of w,, , and for which U{v} has not
been materialized, where for each nonleaf trie descendant ¢ of v, such that no node on
the path from v to ¢ (including ¢} has been materialized comprising:

performing a cost-based analysis to quantify the benefit of materializing
U{c) on the performance of operations on the max heap of w,, based on reduction of
traversal time, reduction of heap-construction time and reduction of sorted-access time,
the overall benefit By of materializing v for the query keyword query wy, being:

By = B reduction of raversat e + B reduction of heap-construction tme + By * B resuction of sarted-access time,
where A, is the number of sorted accesses on U{v} for each query and

then summing the benefits of materializing &s union list to all the queries in
the query workload or frie according to probability of occurrence of the query, and

recomputing B, the benefit B, of materializing other affected nodes after
the benefit of each node is computed until the given budget B of storage space is
realized.

39. The method of claim 5 where returning the top-i records in
Rg for a given value t, ranked by their relevancy to the query comprises for a given

query Q = {py, pa, . . ..o, where {k;, ki, . .. }is the set of keywords that share the

Iat

=t
(¥ 1
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prefix pi, where Ly is the inverted fist of k;, and U; = U]- Li} is the union of the fists for p;
for each prefix pi, determining the corresponding union list U; on the fiy and intersecting

the union lists of different keywords to find {}; Uj.

40. The method of claim 5 where returning the top-t records in
Rq for a given value {, ranked by their relevancy o the query comprises for a given
query Q = {ps, pz, .. ..o} where {(k; | k;,, . . . }is the set of keywords that share the

prefix p;, where Liiis the inverted list of k;, and U; = Uj Li; 15 the union of the lists for p,

for each prefix p,, predetermining and storing the union list U, of each prefix p;, and
intersecting the union fists {1; U; of query keywords when a query is initiated.

41, The method of claim 5 where returmning the top- records in
Rq for a given value t, ranked by their relevancy to the query comprises assigning to
each record a score on a list, and combining the scores of the records on different lists
using an aggregation function to determine an overall relevance of the record to the
query, where the aggregation function is monotonic, for each data keyword similar to a
keyward in the query providing an inverted list sorted based on the weight of the
keyword in a record, and accessing the sorted inverted lists.

42. The method of claim 38 where selecting tne nodes to
materialize their union lists to maximize the performance of queries comprises randomiy
select trie nodes, selecting nodes {op down from the trie root, or selecting nodes bottom
up from the leaf nodes.

43. The method of claim 5 where the data table T is structured
into a trie and further comprising finking each node on the trie corresponding to a word,
wi, 10 each node corresponding to the synonyms of the word, w,, in the trie and vise
versa to return both w; and its synonyms using the link when the word, w; is retrieved.

44. A software product including instructions stored on a {angible
medium for controlling a computer according to any one of the methods of claim 1 - 43.
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7114
Table IV
PUBLICATION RECORDS WITH SAMPLE KEYWORDS,
RID Record

fo | icde music. . .

Fy 1 tui music multi ., .

2 1 fiwicdt must . ..

F3 1 fin fui icdt music . . .

F4 | fin tiu icde music multi . . .

F5 | tin i icde music must mutex . , .
Fg 1 fin fiu icde must muti . . .

F7 | fin it must mutex muti . . .

Fg 1 fiu icdt mutex , . .

o uicde. ..

D

©

(]

(%
(DO

()3

e e e e
e’
e.

e“

S e

(e

A
|
v

O ———

rgf.@. 13, 8111, 8014, 217,815, 2 rzf.@. rg. 2 rff.a
r7, 8 3121.;,.2. 3,411, 8]irg, 2{Te, Z}|15, 8|17, 81117, 8
e dl|fe: 2 Fe 2]t 41irs, 41 g, 41| s, )i, 4
rSfi fg;ﬂ_ rgri r2f§ rl:l r‘?fi r4!i
Far 2)72,3 For 3 for 2l
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Forward Index

Record Forward list
Fi | <36>
f2 <23

F3 1 <1,9>;<3,4>,<54>
g | <1,2>1<2,7>1<4,9>
s | <1,3>;<2,8>;<4,8>

FiG. 11

Forward Index

Record Forward list
't | <36>
T2 <23

3 ] <1,9><3,4>;<54>
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TABLE {i
THE ACTIVE NODE SETS FOR PROCESSING PREFIX QUERIES OF "nlis"
(EDIT DISTANCE THRESHOLD =2}

(a) guery "n"
De

Deletion {0,1) | {10,2) - -
Substitution | (10,1) 11,2142 ] = 1=
Match — - (12,2) § =
nsertion - | - - -

@y (0,1); (10,1); {11,2); {12,2); {14,2)

(b} query "nl"

@y (0,1) (10,1) (11,21 (12,2) 1 {14,2)
[Deletion [(62)  T(062) 1= = f= 1
Substitution | = (11,2),{14,2) jo= - -
Match (10,1} —— — — —
Insertion  J(11,2); (14, 2)f - - -

Dy

{€) query "nli”
B

Deletion
Substitution

Match (11,1)  f= - (15,2)
Ingertion {12,2); (13,2) }= . —

D (11,1); (10,2); (12,2); (13,2); (14,2); (15,2)
(d) guery "nlis"

( 1 1! 1)
Deletion

Match - - e e - {16,2)

Insertion - - - - - -
(11,2); (12,2); (13,2); (16,2)
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